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Abstract 

This study examines the impact of Information Technology (IT) on technical inefficiency at the 
industry level. Specifically, we examine the impact of an industry’s own IT investment and the IT 
spillovers from its supplier and customer industries on its technical inefficiency in production. We 
employ the common Cobb-Douglas stochastic production frontier function and estimate the 
effects based on the dataset with 60 industries in the U.S. economy from 1998 to 2016. Our results 
provide industry-level evidence about the contribution of IT in reducing technical inefficiency. 
More importantly, this study is among the first to examine the impact of supply chain members’ IT 
spillovers on an industry’s technical inefficiency. In addition, our study sheds light on the 
transforming impact of recent IT initiatives on industries and the economy in terms of reducing 
technical inefficiency in production. 

Key words: IT Investment, IT Spillovers, Stochastic Production Frontier Function, Technical 
Inefficiency, Supply Chain 

1. Introduction
The pursuit of using information technology (IT) to boost organizational performance and
competitiveness has been observed through the past decades and shows renewed interest recently.
Companies have traditionally invested in IT areas around ERP (Enterprise Resource Planning,
SCM (Supply Chain Management), CRM (Customer Relationship Management), etc. Lately,
enterprises have reported major increase of spending on areas such as big data, artificial
intelligence (AI), Robotics automation, and cloud computing. This is especially shown in
companies’ digitalization interests and investment in IT service companies.

During the past decades, researchers in the information system field have examined the 
contribution of IT to organizational performance and competitiveness extensively. The economic 
measures of organizational performance included in research are around many, including 
profitability, productivity, costs, quality, operative efficiency, technical (productive) efficiency 
(Lin, 2009). Technical (productive) (in) efficiency was introduced by Lin and Shao (2000) in the 
IT literature and has become more frequently applied to the measurement of the impact of IT. 
Technical inefficiency is an important factor that determines productivity and closely related to 
effectiveness (Lin, 2009). The research on IT and technical efficiency have mostly used 
stochastic production frontier approach and examined the impact of IT on technical efficiency at 
the firm level (Lin & Shao, 2000, 2006, Shao & Lin, 2002), at the country-level (Lin, 2009), and 
for the U.S. Governments (Pang et al., 2014). The results about the effect of IT on technical 
efficiency at different contexts are mixed (Lin, 2009). This stream of literature is lack of 
industry-level evidence, and little work has been done to validate the firm-level results to see 
whether they are applicable across industries. It mostly uses the IT data in the relatively early 
time period, so calls for the analysis that incorporates the impact of current IT initiatives, such as 



cloud computing, big data analytics, and Internet of Things, in the economy. 

Research about the impact of IT spillovers mostly focuses on the relationship between IT 
spillovers and productivity and finds positive effects of IT spillovers on supply chain members’ 
productivity. From the supplier-driven IT spillovers perspective, IT spillovers reduce variable 
costs of downstream industries (Mun & Nadiri, 2002), contribute to downstream industries’ 
productivity (Cheng & Nault, 2007; Han et al. 2011), has a positive influence on the productivity 
of its import partner country (Park et al. 2007), and derive significant productivity growth 
through IT spillovers generated by the flow of IT workers among firms (Tambe and Hitt 2013). 
From the customer-driven IT spillovers perspective, IT spillovers reduce variable costs of 
upstream industries (Mun & Nadiri, 2002) and improve upstream industries’ productivity 
through information sharing and coordination (Cheng & Nault, 2012). However, it hasn’t 
explored the impact of IT spillovers on technical inefficiency. 

In order to bridge the gaps in the literature about IT, IT spillovers and technical inefficiency and 
also incorporate the impact of recent IT initiatives, this study is conducted to seek answers 
around two research questions at industry level: How does an industry’s IT affect its technical 
inefficiency? How does the IT spillovers from an industry’s supply chain members affect its 
technical inefficiency? We use a balanced panel dataset for 60 industries across 19 years from 
1998 to 2016, and apply simultaneous estimation method to estimate the time-varying stochastic 
frontier model for panel data. We find that an industry’s IT investment reduces its technical 
inefficiency and the IT spillovers from an industry’s supply chain members also contribute to the 
reduction in technical inefficiency. 

To the best of our knowledge, this study is among the first to examine the impact of supply chain 
members’ IT spillovers on an industry’s technical inefficiency. It suggests that an industry 
benefits from IT spillovers from upstream and downstream industries in reducing technical 
inefficiency. It makes the unique contribution by providing industry-level evidence about the 
impact of IT on technical inefficiency. Our study incorporates the impact of recent IT initiatives 
by employing latest IT data for industries. The findings of this study shed light on the 
transforming and disruptive impact of recent IT initiatives on industries and the economy in 
terms of reducing technical inefficiency in production across the supply chain. 

2. Analytical Framework
According to the theory of production, the production frontier defines the ideal or maximum
level of output given a certain combination of inputs (Coelli et al., 2005, p. 4). The technical
inefficiency can be measured as the ratio of the discrepancy between an industry’s potential
maximum output and the actual output to the maximum output. The stochastic production
frontier function consists of a production function and two error components: a random error
component, and a systematic error component that are not explained by the production function
but accounted for by technical inefficiency. When estimating stochastic production frontier
function parameters, the Cobb-Douglas function form is commonly used. Following this
tradition and for the purpose of this study, we specify the Cobb-Douglas type stochastic
production frontier function as the following:

𝑌!" = 𝛼!𝐾!"
!!𝐿!"

!!𝑍!"
!!𝑒!!"!!!!, (1) 

2



where inputs include non-IT capital (K), Labor (L), and IT capital (Z), and the output is value- 

added . The subscript i represents industries and t means years. is the traditional random 
error, 𝑣!"~𝑁 0,𝜎!! ,   and represents technical inefficiency, and it follows half-normal 
distribution, 𝑢!"~ 𝑁 0,𝜎!! . The corresponding natural logarithm equation will be: 

𝑌!" =   𝑎! + 𝛽!𝑙𝑛𝐾!" + 𝛽!𝑙𝑛𝐿!" + 𝛽!𝑙𝑛𝑍!" + 𝑣!" − 𝑢!". (2) 
An industry’s IT investment is related to the variations in technical inefficiency. Previous studies 
about IT and technical inefficiency have provided evidence that organizations’ IT investment are 
related to their technical (in) efficiency at the firm level and country level. We expect that the 
effect of IT on reducing technical inefficiency could be generalized at the industry level. In 
addition, supply chain members’ IT spillovers help reduce an industry’s technical inefficiency in 
production through better information sharing and coordination. Most related studies examined 
the relationship between IT spillovers and productivity. Different from previous studies, we 
focus on the impact of IT spillovers on technical inefficiency, which is an important factor 
determining productivity (Lin 2009). As an industry benefits from the IT spillovers from supplier 
and customer industries, we expect that IT spillovers from suppliers and customers may affect 
the technical inefficiency in the given industry.  

When modeling the determinants of technical inefficiency, there are two approaches: one is to 
specify the mean of the technical inefficiency distribution, u!", as a parametric function of 
firm/industry characteristic variables,   X , and the other is to specify the variance of the 
inefficiency distribution, 𝜎!!"

! ,  as a parametric function of X  (Belotti et al. 2013). In the 
presence of the heteroskedasticity in technical inefficiency, the second approach is the proper 
modeling of the determinants of inefficiency in order to avoid inconsistent estimators of 
production frontier and biased inefficiency measures (Belotti et al. 2013, Kumbhakar et al. 2018). 
Our research is based on industry-level panel data where heteroskedasticity is one of basic 
problems, and thus we use the second approach. 

IT spillovers from supplier and customers are the main components of X in this study. IT 
spillovers are the beneficial effects of IT investment on the productivity and innovative ability of 
other industries. An industry could benefit from IT investment made by its upstream supplier 
industries or downstream customer industries (Cheng & Nault, 2007; 2012; Han et al. 2011). As 
an industry’s suppliers could also be its customers in an economy, in order to avoid 
double-counting IT spillovers from supplier and customers when they are from the same 
industries, we separate the impact of IT spillovers from supplier and customers by using a 
supplier IT model and a customer IT model. Therefore, the specified supplier IT and customer IT 
models based on the technical inefficiency variance functions are as follows. 

𝜎!!"
! = exp  [𝛼! +   𝑏!ln  (𝑍!")+   𝑏!   ln  (𝐶𝐼𝑇!")],        (3) 
𝜎!!"
! = exp  [𝛼! +   𝑏!ln  (𝑍!")+   𝑏!  ln  (𝑆𝐼𝑇!")]. (4) 

Where 𝐶𝐼𝑇!" is the IT spillovers from customer industries, 𝑆𝐼𝑇!" is the IT spillovers from 
supplier industries, and 𝑍!"is the IT investment of the given industry i. We calculated the IT 
spillovers from suppliers, 𝑺𝑰𝑻𝒊, and the IT spillovers from customers, 𝑪𝑰𝑻𝒊, as a weighted 
average of IT investments of upstream industries and downstream industries, respectively. (3) is 
called the customer IT model and (4) is the supplier IT model. The similar variance function 
method has been used in Hadri (1999) and Kumbhakar et al. (2018) for analyzing the effect of 

Yit vit
uit
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exogenous determinants on inefficiency. The sign of the estimated coefficients in variance 
functions is the same as the sign of the marginal effect of corresponding IT variable when u!" 
follows a half-normal distribution. Thus, although the estimates of 𝑏!, 𝑏!, and 𝑏! tell us little 
about the magnitude of the marginal effects of IT on technical inefficiency, it does tell us the 
direction of effects on inefficiency.  

3. Data and Method
Our Dataset is based on the 3-digit 2007 North American Industry Classification Systems
(NAICS) codes. We matched data from the U.S. Bureau of Economic Analysis (BEA) about
output and labor and from the U.S. Bureau of Labor Statistics (BLS) about detailed capital,
information capital, and intellectual property capital measures. The IT spillovers from suppliers
and customers are calculated based on input-output (I-O) use tables obtained from the BEA and
the IT capital investment of each industry using the approach consistent with those in Mun and
Nadiri (2002) and Cheng and Nault (2007, 2012). We have a balanced panel dataset for 60
industries across 19 years from 1998 to 2016 after matching the data from the BEA and BLS.

Table 1. Summary Statistics 
Variable Mean Std. Dev. Min Max 
Value-added (in millions of 2009 dollars) 206584 273707.6 3228 2000000 
Non-IT Capital Stock (in millions of 2009 dollars) 300751.2 432575 5661 2589779 
Labor (Full-Time Equivalent Employees in Thousands) 1753.542 2435.178 3 13818 
IT Capital Stock (in millions of 2009 dollars) 32007.44 57661.59 23 525832 
Customer IT Spillovers index  52078.61 46482.17 4794.91 421115.6 
Supplier IT Spillovers index 53828.25 22493.46 10810.94 135621.2 

Table 2. Main Estimation Results 
DV: 
Log (ValueAdded) 

Customer IT 
Model 
(Col 1) 

Supplier IT 
Model 
(Col 2) 

Frontier Non-IT Capital (𝛽!) 0.179*** 
(0.0338) 

0.186*** 
(0.0329) 

Labor (𝛽!) 0.439*** 
(0.0249) 

0.447*** 
(0.0239) 

IT Capital (𝛽!) 0.098*** 
(0.0155) 

0.0927*** 
(0.0151) 

𝜎! IT Capital (bz) -0.180***
(0.0345)

-0.126***
(0.0351)

Customers’ IT spillovers 
 (bc) 

-0.177***
(0.0302)

Suppliers’ IT spillovers (bs) -0.225***
(0.0305)

Constant -6.457***
(0.218)

-6.529***
(0.227)

Observations 1114 1140 
Note: The number of observations for the customer IT model is less than that for the supplier IT model as 
some customer IT spillovers indexes are not available when the transaction volume between the given 
industry and its customers are rounded to be zeros. 

We use the one-step estimation approach to estimate the effect of IT and IT spillovers on 
technical inefficiency in order to avoid biased estimation occurred in the two-step approach 
(Belotti 2013, Kumbhakar et al. 2018). Specifically, we estimate (2) and (3) together in a single 
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step for the effect of customer IT spillovers and estimate (2) and (4) together in a single step for 
the effect of supplier IT spillovers. We apply Stata to estimate the time-varying stochastic 
frontier models with true fixed-effects (TFE) specification for panel data (Greene 2005).  

4. Estimation Results and Discussions
4.1 The Impact of an Industry’s Own IT Investment on Technical Inefficiency
Our main estimation results are shown in Table 2. The columns 1&2 show the estimation results
for the customer IT Model and the supplier IT model, respectively. The estimated coefficient for
IT investment, bz, is negative and significant at all levels of significance for both models. It
suggests that an industry’s own IT investment can reduce its technical inefficiency. This result is
consistent with previous findings regarding the impact of IT on technical inefficiency at the firm
level (Lin & Shao 2000, 2006, Shao & Lin, 2002) and the country level (Chen & Lin 2009, Lin
2009). In addition, it provides new evidence that IT investment that incorporates recent IT
initiatives, such as cloud computing, big data analytics, and Internet of Things, helps reduce
technical inefficiency at the industry level.

4.2 The Impact of IT Spillovers from Customer Industries on Technical Inefficiency 
As shown in Column 1 of Table 2 for the customer IT model, the estimated coefficient for 
customer IT spillovers, bc, is negative and significant at all levels of significance. It suggests that 
the IT spillovers from an industry’s customers can decrease its technical inefficiency, given an 
industry’s own IT investment and other inputs constant. This study is among the first to 
investigate the relationship between customers’ IT spillovers and technical inefficiency. 
Customers’ IT spillovers benefit upstream industries through information sharing and 
coordination. For example, collaborative planning, forecasting, and replenishment (CPFR), one 
of the most popular IT initiatives in supply chain coordination, can benefit upstream suppliers. 
At the industry level, customers’ IT spillovers help improve upstream industry’s output through 
IT-enabled information sharing and coordination (Cheng & Nault 2012). Therefore, customers’ 
IT spillovers can help upstream industries gain efficiency and productivity, resulting in lowered 
technical inefficiency in upstream industries.  
4.3 The Impact of IT Spillovers From Supplier Industries on Technical Inefficiency 
As shown in Column 2 of Table 2 for the supplier IT model, the estimated coefficient for 
supplier IT spillovers, bs, is negative and significant at all levels of significance. It suggests that 
the IT spillovers from upstream suppliers can decrease an industry’s technical inefficiency, given 
its own IT investment and other inputs constant. This study is among the first to investigate the 
relationship between suppliers’ IT spillovers and technical inefficiency. Suppliers’ IT spillovers 
benefit downstream industries through improved quality of products and services and 
information sharing and coordination (Cheng & Nault 2007). Nowadays, many suppliers invest 
in radio frequency identification (RFID) to identify and track goods and improve the visibility of 
materials flows in supply chains, together with suppliers’ investment in smart computing and 
other Internet-of-Things (IoT) devices, downstream customers are able to collect big data about 
the movement of materials and use machine learning to analyze data and thus optimize the 
utilization of those materials. Therefore, suppliers’ IT investment can increase downstream 
customers’ productivity and efficiency, leading to reduced technical inefficiency. 

5. Conclusion
This study examines the impact of IT on technical inefficiency at the industry level, which arises
when an industry’s actual output is below its optimal output given a certain level of inputs. Our
study makes three important contributions. First, this study is among the first to examine the
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impact of supply chain members’ IT spillovers on an industry’s technical inefficiency. Second, it 
provides industry-level evidence about the impact of IT on technical inefficiency. Third, we 
incorporate the impact of recent IT initiatives by employing latest IT data for industries. In 
today’s ever-increasing digitalized and networked economy, our findings suggest that IT 
investment will remain to be an important firm and industry policy focus and IT spillover will 
continue to be an important source of IT value.   
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Abstract

This research investigated the potential for improving social credit scoring systems, such as the 
ones being implemented across China, by using “private information” about communications and
travels of borrowers.  The projection of these private networks onto networks of mobile phone 
communication and geographical locations from mobile phone GPS provided us private 
information graph and location metrics which we used to predict loan profitability. Graph 
topology was found to be an important predictor of loan profitability, explaining over 5 ½% of 
variability.  Networks of borrower location information explain an additional 19% of the 
profitability.  Machine learning algorithms were applied to the data set previously analyzed  to 
develop the predictive model, and resulted in a 4% reduction in mean squared error.

KEYWORDS:   CREDIT SCORING,  PRIVACY,  NETWORK,  GRAFT TOPOLOGY,  MICRO LENDING,  
PEER-TO-PEER LENDING,  CREDIT RISK
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1. Introduction

Privacy regulations, e.g., which guarantee the ability of an individual or group to seclude 
information about themselves, insert opportunities for moral hazard an adverse selection  into the
social credit  lending business. (Böhme and Pötzsch 2010) asserted that the financial and social 
objectives of lending are inherently incompatible; (Grodzinsky and Tavani 2005)  in a case study
revealed exactly how those objectives might diverge; while (Dillon and Lending 2010) analyzed 
the reduced accuracy that accompanies improvements in privacy.   Developing economies have 
seen an explosion in innovation for social lending, credit scoring, risk analysis, customer vetting 
and collections, largely because regulation those countries allows the moderation of credit risk 
by giving lenders access to more private information from borrowers. 

Our current research seeks to advance  the tools available for credit risk analysis by asking the 
research question: 

“Can graph theoretic models of credit default risk with access to “private information” 
about  borrower communication and travel (1) increase loan interest revenues less default
costs from current “best practice”;  (2) prevent offering loans to people who have a high 
probability of defaulting (type I statistical decision risk);  and (3) identify individuals 
who wouldn’t normally get loans that could be given loans because they are a relatively 
low credit risk (type II statistical decision risk)?; 

The current research investigates causal factors in overall lending profitability by testing two 
hypotheses supporting investigation of the research question. 

H 1:  social credit  borrowers’ ego networks exhibit scale-free behavior driven by underlying 
preferential attachment mechanisms that connect borrowers in a fashion that potentially could be 
used to predict credit defaults.  Importance: Prior research has suggested that scale-free behavior 
is common in ego networks.  The scale-free property is significant because it allows us to 
analyze subgraphs,  or even individuals in a population and comfortably infer that the population 
has similar characteristics. 

H 2:  The company’s social credit  loan profitability business model is independent of the 
structure of the social network in which borrowers communicate with each other. Importance: we
provide a counterfactual test to eliminate confounding effects of higher costs arising from “best 
practices” credit scoring algorithms denying credit to otherwise good customers would repay 
their loans;  or higher revenues arising from providing credit to borrowers who will ultimately 
default on those loans.

2. Data and Graph Generation

The current research is conducted on a large dataset of mobile phone communications for a 
subset of 784 borrowers, obtained from a social credit  lending company which operates in 20 
different countries. The set of loans used in this research were extended in a country where 
privacy laws are relatively lax, and the social credit  lending company is allowed access to 
complete phone records of borrowers under contract.  The data set combines SMS (short 
message services) communications with voice communications for each handset.  SMS 
communications are by default given an average communications duration of one minute in this 
research, which was an estimate of the equivalent amount of information that would be 
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communicated by voice.  Call duration was interpreted as a surrogate for information conveyed 
in a communication, with more information indicating a “stronger” relationship between a caller 
and receiver.  19.39% of the 784 loans were in default, representing 21.73% of loaned value 
($2346040 / $10795722) in our dataset.  

Our raw data contained 4,142,474 individual SMS and voice communications.  We curated these
4,142,474 individual communications using a variety of our language data cleaning functions, 
removing informational or emergency calls; standardizing all caller identifiers into 11-digit 
telephone numbers used in the country; and eliminating error and nonsense identifiers. The 
resulting 3,577,912 caller identifiers were aggregated on caller-receiver dyads summing over the 
call durations to generate an edge-link list where each link is total quantity of exchange of 
‘information’ (call durations) between individuals.  

Hypotheses 1 and 2 were tested using the full dataset of 784⋉3 , 577 , 912¿ semi-joins of loans 
and communications.  The dataset was used to create directed graphs wherever n>2

communications occurred, edges were defined for the (n2)= n !
2 (n−2 )!

combinations of nodes.

Graph statistics for centralization, degree,  modularity, community structure, diameter, 
connectedness and other statistics were computed using SNAP (Leskovec and Sosič 2016).  The 
comprehensive graph was used to analyze the empirical graph structure and the influence of an 
individual borrower using whole graph metrics.  Default risks were analyzed using general linear
models of communication, location and loan contract variables using appropriate residual 
distributions and link functions.  

The scale-free property is significant because it allows us to analyze subgraphs, or even 
individuals in a population and comfortably infer that the population has similar characteristics.  
The scale free assumptions for the communications of borrowers provides a “structural model” 
for the exchange of information by borrowers in the empirical setting.  (Lucas 1976) championed
the idea of first creating a policy-invariant structural model of the underlying processes being 
investigated prior to model fitting.  He argued that empirical studies too often assumed 
simplified models – particularly linear models – that without assumptions about the structure of 
cause and effect, research would tend to over-fit data. 

Networks generated by preferential attachment typically place the high-degree vertices in the 
middle of the network, connecting them together to form a core, with progressively lower-degree
nodes making up the regions between the core and the periphery. The random removal of even a 
large fraction of vertices impacts the overall connectedness of the network very little.  Table 3 
provides verification that this is the case for our chronic asthma dataset.  Scale-free network 
degree distributions follow Pdeg (k )∝k−shape  where shape is called the degree exponent. Empirical
scale-free graphs have shape>1.  The first moment of the Pareto distribution does not exist for
shape<2 and the second moment does not exist for shape<3 which probably accounts for some 
of the bias in graphs that are empirically studied. The defining difference between a random and 
a scale-free network is a result of the tail of the degree distribution, representing the high-k 
region.  The larger a scale-free network, the larger is the degree of its biggest “hub.” 

9



We began our exploratory study of the grass structure of loans and borrowers’ communications 
by computing several statistics of the communications graph.  Modularity measures the strength 
of division of a network into communities, and lies in the range [−1/2,1].  Our research graph has
a relatively low modularity of 0.246; this is the fraction of the edges that fall within the given 
groups minus the expected fraction if edges were distributed at random.  Modularity is positive if
the number of edges within groups exceeds the number expected by chance. Networks with high 
modularity have dense connections between the nodes within modules but sparse connections 
between nodes in different modules.  Our research graph in contrast he is not quite random but it 
lacks strong community structure; this is confirmed by an analysis of spectral clustering on the 
graph Laplacian which shows sparse clustering.  Additionally, this communications graph is not 
connected; this can be seen in the diagram of communications in figure 1, where a substantial 
number of the communications lie in a disconnected halo distant from the main core of 
connected communications in the graph.  The diameter of this graph is 4 while modularity is 
only about 0.25.

We predicated the current research on the assumption that the loan performance in communities 
of  frequently interacting individuals,  where these interactions are observed in SMS and voice 
communications, can provide insight to the network structure of underlying causes of default and
low profitability.  These underlying causes can be mapped, even if they are not thoroughly 
understood at the psychological and social dynamic level, as communities with empirical 
frequencies of communications between individuals. 

Human loan officers and credit scoring agents can be particularly inaccurate in assessing 
statistical relations that are more complex than simple correlations or arithmetic means; yet such 
complexities are to be expected with complex graph structures and non-Gaussian distributions of
variables.  Figure 1 initiates the exploratory analysis are communications graph structure using a 
force-directed layouts (Fruchterman and Reingold 1991) that allow us to visualize actual 
relationships waited by the amount of information exchange in order to look at communications 
at different scales within the data set: the full set of 784 loans, a random sample of 70 loans from
within that 784, and a random sample of 7 loans.   Distance majors in figure 1 graphs are 
proportional to the inverse of the total duration of communication time between the two 
individuals on a dyad.  Defaulted borrowers are colored blue; good borrowers are colored red.     

Figure 1: Force-direct Graphs of  communications’  graph  structure for borrowers  for all 784 
loans (top);   for a random subset of 70 loans  (center);  and  for a random subset of 7 loans 
(bottom) using Fruchterman – Reingold layouts, where force is weighted by total call duration 
for a particular dyad;  Blue colored nodes represent a default

Figure 1’s middle and right graphs show an interesting clustering behavior at smaller scales on 
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the graph – defaulters appear mainly to talk with other defaulters, while borrowers who repay 
loans appear to talk with other borrowers who repay their loans.   Given the low modularity of 
the graph, and the fact that the majority of edges art directed from a borrower to somebody who 
is not a customer of the social credit  lending company, this behavior has to be interpreted with 
caution, because the recipients a voice or SMS communication inherit that status the borrower in 
our graph construction.    

Our findings support the assertion by H 1 that borrower communication networks exhibit scale-
free behavior driven by underlying preferential attachment mechanisms arising from credit 
scoring currently used by the social credit  company.  Underlying preferential attachment is 
likely also driven by geographical factors being study in relatively active research surrounding 
the geographical embedding of the Internet.  

3.  Predictors of Loan Profitability

In the current research, we did not have complete information to fully characterize the loans on 
the database.  For example, we did not have the term of the loan, or the collateral pledged to 
secure the loan, or information on collections after default.  We could construct a variable for the
amount of time that had passed since the loan contract was written and the last communication 
was registered in our data set; but this proved to be a very noisy and imprecise metric.  We 
therefore constructed the following surrogate to track loan profitability:

synthetic annual profitability={principal ×interest if good loan
0 if default

Our major parallels the methods used in practice by large credit service bureaus in credit scoring.
Interest rates and amount principle are connected to borrower default rates as well as interest 
rates and the profitability of the leading company.  Actual practice is not just focused on default 
but also on the overall profitability of performing loans.  Obviously, the best situation for the 
lender is to have many performing loans with very high interest rates and large principal 
amounts.   Conversely, high interest rates are associated with the risky borrowers, thus any credit
decision needs to consider default probability as well as interest charged and principal loaned.  
Our synthetic profitability contains all the information in principal, interest and defaults to 
provide the best decision metric for profitability using our predictors on the database.  Figure 4 
graphs the histogram of synthetic profitability for the 784 loans on the dataset.
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Figure 2:  Distribution of synthetic profitability with a Normal density curve fitted to that data

Our synthetic profitability metric is zero inflated with approximately 19.4% of loans having a 
value of zero.  This suggests that we should fit the data using the zero an inflated distribution.  
The most commonly used zero inflated distribution is the zero inflated Poisson which is used to 
analyze count data in the insurance industry.  The zero-inflated Poisson model employs two 
components that correspond to two zero generating processes. The first process is governed by a 
binary distribution that generates structural zeros. The second process is governed by a Poisson 
distribution that generates counts, some of which may be zero. 

Graph topology was found to be an important predictor of loan profitability, explaining over 5 ½
% of variability in our synthetic profitability measure, or $22,615.27 of the total profit 
(synthetic) of $411,186.80 for the 784 loans in our dataset.  Table 9 presents these results.   One 
problem in interpreting this data is that the scale of the graph metrics varies substantially 
between metrics; so it is important to analyze both the estimated value and the average value of 
the data item.  Table 9 indicates that the greater centrality of a particular borrower in the 
communication network is correlated strongly with loan profitability; while high numbers of 
outgoing edges (communications to others)  correlate strongly to losses and defaults.

Our location data is represented as count data; it is the number of businesses of a particular 
classification that are within 50 m of the borrower at a particular communication time.   
Although any observations are inherently subjective, we can surmise that a proximity of certain 
types of businesses reflects the borrowers’ particular lifestyle choices, and these lifestyle choices 
impact ability to repay loans on time.  Locations such as dentist offices, pharmacies, veterinary 
care facilities, libraries and so forth reflect lifestyles of borrowers who take responsibility for 
their homes and families pass and probably loans.   Locations such as nightclubs, bus stations, 
City Hall, airports and financial offices may reflect lifestyles of people who are more carefree, 
and perhaps more likely to get into financial trouble.  

Location information about types of businesses or institutions that where we been 50 m of the 
borrower at the time of communication explain an additional 19% of the synthetic profitability 
variance, or $77,632.07 of the total profit (synthetic) of $411,186.80 for the 784 loans in our 
dataset.  
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locations that increase
profit

net$ influence of 1
site

locations that decrease
profit

net$ influence of 1
sitedentist 13900 city hall -21200

car rental 10100 airport -13200
pharmacy 10000 church -11500

funeral home 9620 florist -9320
car wash 8080 bus station -7990

veterinary care 7820 night club -7610
art gallery 7700 neighborhood -5800

furniture store 6970 health -5680
post office 6920 car dealer -3270
embassy 5900 gas station -3200
library 5460 insurance agency -2300

museum 5060 general contractor -1790
pet store 4830 meal delivery -1580
doctor 4660 grocery or supermarket -1300

travel agency 4660 lodging -1200
natural feature 4620 finance -1040

local government office 4380 store -1040
spa 4150 school -1010

shoe store 4030
electronics store 3830

gym 3430
shopping mall 3060
movie theater 3050
jewelry store 2810

laundry 2510
hospital 2150

university 1140
cafe 1030

Table 1:   Location predictors: businesses that add or subtract more than $1000 from synthetic 
profitability if located within 50 m of borrower

Another way to determine the influence of location graph network related artifacts on 
profitability is to  analyze the Cook’s distance of each observation (Cook 1977, Cook 1979).  
Cook's distance commonly used to estimate the influence of a data point when performing a 
least-squares regression analysis and can be interpreted as the distance one's estimates move 
within the confidence ellipsoid that represents a region of plausible values for the parameters.   
In descending sequence, table 11 shows the predictors that should have the greatest influence on 
our model’s forecast of profitability.
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Table 2: Predictors with the greatest influence on Cook’s distance in our linear model

Predictor Estimate Pr(>|t|) Predictor Estimate Pr(>|t|)
mosque 0.025610 0.000000 florist 0.000104 0.000000
roofing 
contractor

0.004506 0.000000 transit station 0.000079 0.000000

airport 0.002418 0.000000 liquor store 0.000059 0.000000
taxi stand 0.002145 0.000000 shoe store 0.000057 0.000000
electrician 0.001384 0.000000 car rental 0.000044 0.000050
amusement 
park

0.001215 0.000000 parking 0.000031 0.000389

plumber 0.000853 0.000000 casino 0.000029 0.000001
Hindu temple 0.000850 0.000000 shopping mall 0.000025 0.000000
bowling alley 0.000413 0.000000 accounting 0.000025 0.000000
bicycle store 0.000399 0.000000 hardware store 0.000021 0.000000
cemetery 0.000393 0.000000 bar 0.000019 0.000000
locksmith 0.000372 0.000000 travel agency 0.000017 0.000000
storage 0.000328 0.000000 university 0.000016 0.000000
veterinary care 0.000302 0.000000 department 

store
0.000016 0.000001

local 
government 
office

0.000175 0.000000 clothing store 0.000015 0.000000

museum 0.000162 0.000000 hair care 0.000014 0.000034
police 0.000117 0.000000 home goods 

store
0.000011 0.000000

place of 
worship

0.000111 0.000000 car repair 0.000008 0.000000

fire station 0.000109 0.000000

4. Discussions and Conclusions 

This research investigated the potential for improving social credit  credit scoring by using the 
private information about communications at location visits of borrowers.  We initiated the 
research by looking at actual and potential structural models social credit  of borrower 
communications and travels.

H 1  investigated whether social credit  borrowers’ ego networks exhibit scale-free behavior 
driven by underlying preferential attachment mechanisms that connect borrowers in a fashion 
that potentially could be used to predict credit defaults.    Our analysis weeklies supported please 
feel free assumption with exponent ~3.  Perturbing the data sets by removing nodes from the 
dataset caused this exponent to vary somewhat between 2.5 and 6.  This was thought to be partly 
the byproduct of our data set having only 784 loans, and being somewhat disconnected.  We 

14



surmise that with larger data samples, scale free behavior will be more robust, and consequently 
graph metrics are expected to be more informative in assessing the profitability of a loan. 

Next, we analyzed the confounding effects of higher costs arising from “best practices” credit 
scoring algorithms denying credit to otherwise good customers would repay their loans; or 
higher revenues arising from providing credit to borrowers who will ultimately default on those 
loans.  H 2 found that a company’s social credit  loan profitability business model is independent 
of the structure of the social network in which borrowers communicate with each other and that’s
that statistics summarizing these communications can be used as an independent source of 
information for a credit risk analysis.

Graph topology was found to be an important predictor of loan profitability, explaining over 5 ½
% of variability in our synthetic profitability measure, or $22,615.27 of the total profit 
(synthetic) of $411,186.80 for the 784 loans in our dataset. Our tests of H3cindicates that the 
greater centrality of a particular borrower in the communication network is correlated strongly 
with loan profitability; while high numbers of outgoing edges (communications to others) 
correlate strongly to losses and defaults.

Borrower location data was similarly found to be an important predictor of loan.   Although any 
observations are inherently subjective, we can surmise that a proximity of certain types of 
businesses reflects the borrowers’ particular lifestyle choices, and these lifestyle choices impact 
ability to repay loans on time.  Locations such as dentist offices, pharmacies, veterinary care 
facilities, libraries and so forth reflect lifestyles of borrowers who take responsibility for their 
homes and families pass and probably loans.   Locations such as nightclubs, bus stations, City 
Hall, airports and financial offices may reflect lifestyles of people who are more carefree, and 
perhaps more likely to get into financial trouble.   Location information about types of businesses
or institutions that where we been 50 m of the borrower at the time of communication explain an 
additional 19% of the synthetic profitability variance, or $77,632.07 of the total profit (synthetic)
of $411,186.80 for the 784 loans in our dataset.  
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Abstract 

Opioid use disorder (OUD) refers to the physical and psychological reliance on opioids. OUD 
costs the US healthcare systems $504 billion annually and poses significant mortality risk for 
patients. Understanding and mitigating the barriers to OUD treatment is a nation-wide priority. 
Current OUD treatment studies rely on surveys. However, the response rate of these surveys is 
low because of social stigma. We explore social media as a new data source to study OUD 
treatments. We develop a SImilarity Network-based DEep Learning (SINDEL) approach to 
discover barriers to OUD treatment from the patient narratives and address the challenge of 
morphs. SINDEL significantly outperforms state-of-the-art baseline models, reaching an F1 score 
of 76.79%. This work contributes to healthcare practice with a deeper understanding of the opioid 
epidemic. We also contribute to IS literature with a novel deep-learning-based analytical 
approach that can be generalized to other social media analytics tasks.  

Keywords: deep learning, text mining, opioid addiction, data science, design science 

1. Introduction
The misuse of and addiction to opioids is a serious national crisis that affects not only public health
but also social and economic welfare in the United States. It was estimated that in 2016, 11.8
million Americans misused prescription opioids or used illicit opioids (SAMHSA 2017). Among
them, 2.1 million suffered from opioid addiction. This growing crisis devastates millions of
Americans with opioid use disorder (OUD). OUD causes serious medical and financial
consequences for patients and healthcare systems. In 2017, the number of overdose deaths
involving opioids was six times higher than that in 1999 (CDC 2018). The Council of Economic
Advisors at the White House estimated that in 2015, the cost of OUD was $504 billion, or 2.8
percent of the GDP that year (White House 2017).

In response to the growing burden of OUD, society needs to work together to improve the access 
to treatment. Although many medical studies show that OUD treatments are effective and could 
prevent further ramifications, only 17.5% of patients with OUD receive treatment (NIDA 2018). 
In 2018, the US Surgeon General stressed the urgency of understanding and removing the barriers 
to OUD treatment. Understanding these barriers forms the premise to decrease overdose mortality, 
reduce the transmission of infectious diseases, and lower healthcare expenditure. In this study, we 
aim to propose and evaluate an innovative computational approach to understand the barriers to 
OUD treatment.  

Existing studies employed surveys to understand the barriers to OUD treatment. These survey 
studies are challenged by the narrow patient population, as individuals struggling with OUD often 
are difficult to reach if they are not actively under treatment. Social media can bridge this gap. In 
drug forums, in particular, patients share their experiences of taking prescription and illicit opioids. 
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Due to the anonymous nature of these forums, patients are willing to elaborate on their real 
decision-making on OUD treatments. To our best knowledge, no social media analytical approach 
has been taken in OUD treatment research. 

Significant challenges still exist to understand patient perspectives in drug forums despite their 
enormous potential. Patients prefer to use a wide variety of morphs (fake alternative names) to 
describe drugs and treatment options in order to avoid censorship and surveillance, entertain 
readers, or use personal writing styles. The literal meanings of the morphs are distant from their 
contextual meanings. To understand OUD treatment barriers in drug forums and address the 
challenge of morphs, we propose a novel computational method: SImilarity Network-based DEep 
Learning (SINDEL). 

Our study makes the following contributions to information systems literature, data analytical 
methodology, and healthcare practice. First, we develop a deep learning framework (SINDEL) to 
extract OUD treatment barriers from drug forums. SINDEL can be generalized to extract 
information from many other text genres containing specialized morphs, such as hacker forums, 
health social media, and product reviews. Second, our study falls into the category of 
computational design science research that aims to design analytical solutions to problems with 
social impact (Rai 2017). Third, our empirical findings complement current behavioral health 
science research on OUD treatments with comprehensive patient experience data. We discover 13 
types of OUD treatment barriers. Many of the OUD treatment barriers that we discover have not 
been noted by prior survey studies. 

2. Literature Review
Surveys and interviews are commonly used to investigate the barriers to OUD treatment. The
barriers to OUD treatment identified in these studies can be categorized into three categories: 1)
System-related: the factors related to healthcare systems and regulations, such as government and
insurance policies and funding barriers (Knudsen et al. 2011); 2) Provider-related: the factors
related to health providers, such as lack of DEA waiver, lack of institutional support, and lack of
resources (Wolfe et al. 2010); 3) Patient-related: patient-specific factors, such as the fear of pain
and lack of information on treatments (Hassamal et al. 2017).

The surveys only capture a snapshot of barriers. In reality, many patient-level barriers are 
complicated by patient characteristics and policy changes, causing them to vary over time. 
Furthermore, patients are reluctant to disclose their issues with OUD treatments, especially illicit 
drug users. Innovative approaches are needed to understand barriers to OUD treatments, patient 
behaviors, and potential measures that can deliver the care to patients in need. Health big data from 
social media not only provide real-time and dynamic information but also cover an unprecedent 
scale of the patient population with heterogeneous characteristics. Yet, no social media analytical 
approach has been taken in OUD treatment studies. 

To understand OUD treatment barriers in health social media, significant challenges need to be 
addressed, because users invent new slang and idiomatic expressions to describe their experience. 
Related work in morphology addresses the challenges of understanding slang, synonyms, and other 
types of word variations in unstructured text. The main body of literature in morphology utilizes 
distributed representation and deep learning methods, such as word embedding and BLSTM, to 
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interpret the semantics of morphs. We, therefore, devise a deep learning-based method to extract 
OUD treatment barriers from drug forums while tackling the morphs. 

3. Research Method
We propose an OUD treatment barrier mining approach. This approach receives a sentence from
drug forums as the input. Two parallel representation models represent the sentence with two
vectors. Branch 1 utilizes word embedding to generate semantic vectors for each word. Branch 2
creates a similarity network of words and generates a network representation for each word. The
two representations are concatenated in the hidden layers which further recognize the OUD
treatment barriers in the sentence. A clustering model is utilized to cluster the extracted barriers
into meaningful categories of OUD treatment barriers. This approach is called SImilarity Network-
based DEep Learning (SINDEL).

The proposed similarity network-based representation contains two parallel representations. The 
first representation is a word embedding representation to capture the semantic meaning of words, 
so that morphs can be interpreted as their intended meaning. Let 𝑆 be a training sequence [𝑤$, 
𝑤&,…,𝑤']. Variable 𝑤) denotes word 𝑖 in the sequence. The training objective is to maximize 
the objective function in Equation 1. Parameter 𝑐 is the window size (the words that appear within 
a distance of 𝑐 words). Variables 𝑤,-. are the words surrounding 𝑤,. 

																																																										𝐿 =
1
𝑇
4 4 log 𝑝9𝑤,-.:𝑤,;

<=>.>=,.?@

'

,A$

.																																																								(1) 

The second representation aims to construct a network of words in order to capture the 
interconnected relationships among morphs. In this network 𝐺 = (𝑉, 𝐸), each node 𝑉 is a word, 
and the edge 𝐸 is the semantic similarity between words. As such, each word is linked to a set of 
words that are closely related. For instance, oxy will be linked with O.C. and Oxycet, because they 
are the most similar morphs. This word similarity network is capable of addressing the limitation 
of word embedding by considering the semantic relationships among entities of interests. Instead 
of using the representation of the focal word, we use similar words that are connected to the focal 
word as the second representation for the focal word. Figure 1 shows an example. 

Figure 1. An Example of a Word Similarity Network 

In the simple example in Figure 1, Oxycodone (𝑤($)) is linked to oxy, O.C., Oxycet, and Oxycontin, 
because they belong to the same drug class. We use 𝑤(&), 𝑤(H), 𝑤(I), and 𝑤(J) to represent 
𝑤($). Likewise, China white, H, and hero are linked to heroin. We use 𝑤(K), 𝑤(L), and 𝑤(M) to 
represent 𝑤(N). In our corpus, we construct a similarity network for all words and compute the 
similarity between each pair of words. We select a set of most similar words for each word and 
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link them together. Word similarity is computed using the cosine similarity of word embedding as 
shown in Equation 2.  

																																																																		𝑠𝑖𝑚). =
𝒙()) ∙ 𝒙(.)

∥ 𝒙()) ∥∥ 𝒙(.) ∥
.																																																																								(2) 

Variables 𝑥()) and 𝑥(.) are the word embedding of word 𝑤()) and 𝑤(.). Given word 𝑤, let 
𝑤($), 𝑤(&), … , 𝑤($@)  be the top ten words that are the most similar to word 𝑤 . Let 
𝑠𝑖𝑚($), 𝑠𝑖𝑚(&), … , 𝑠𝑖𝑚($@)  be the similarity between word 𝑤  and the other ten words. Let 
𝒙($), 𝒙(&), … , 𝒙($@)  be the word embedding for 𝑤($), 𝑤(&), … , 𝑤($@) . The similarity network 
representation of word 𝑤 is defined in Equation 3. 

																																																																									𝒙W =4𝑠𝑖𝑚())𝒙())
$@

)A$

.																																																																											(3) 

To effectively extract the barriers to OUD treatment, we utilize a bidirectional long short-term 
memory (BLSTM) architecture. We devise a multi-view BLSTM model that processes the word 
embedding representation and the similarity network representation in parallel. The multi-view 
BSLTM model contains two branches. Each branch has independent BLSTM layers that contain 
LSTM units. The computational process for branch two is shown in Equations 4-9. The 
computational process in the first branch is the same, except that the input at each time step is word 
embedding 𝒙(,) instead of similarity network representation 𝒙W

(,). 
Similarity network-based input gate: 𝒊W

(,) = 𝜎 [𝑾])𝒙W
(,) + 𝑼])𝒉W

(,<$) + 𝒃])b ;																											(4)	 

Similarity network-based forget gate: 𝒇W
(,) = 𝜎 [𝑾]f𝒙W

(,) + 𝑼]f𝒉W
(,<$) + 𝒃]fb ;																						(5) 

Similarity network-based output gate: 𝒐W
(,) = 𝜎 [𝑾]i𝒙W

(,) + 𝑼]i𝒉W
(,<$) + 𝒃]ib ;																					(6) 

Similarity network-based cell state: 𝒖W
(,) = 𝜎 [𝑾]l𝒙W

(,) + 𝑼]l𝒉W
(,<$) + 𝒃]lb ;																									(7) 

Similarity network-based memory cell: 𝒄W
(,) = 𝒊W

(,) ∘ 𝒖W
(,) + 𝒇W

(,) ∘ 𝒄W
(,<$); 																																			(8) 

Similarity network-based hidden state: 𝒉W
(,) = 𝒐W

(,) ∘ 𝑡𝑎𝑛h [𝒄W
(,)b.																																																	(9) 

Variable 𝒙W
(,) is the current input, and 𝒉W

(,<$) is the previous hidden state. Parameters 𝑾,	𝑼, 
and	𝒃 are weight parameters with values between 0 and 1. Each forward or backward hidden state 
has 128 dimensions. We condense useful information from the 300-dimensional 𝒙(,)  to 128 
dimensions in the LSTM cell. The learning rate in gradient descent is 0.1. The dropout rate is 0.2. 
 
Each branch obtains a hidden state in the last time step. The final hidden states of branch one and 
two are further concatenated as an integrated model. Finally, a Softmax layer (Equation 10) is 
stacked on the top to predict the word type (OUD treatment barrier or not). 

																																																										𝑝(𝑦 = 𝑗|𝒙) =
𝑒𝒙T𝒘{

∑ 𝑒𝒙T𝒘}~
�A$

.																																																																										(10) 

Variable 𝑦 is the predicted word type. Variable 𝒙 is the input to the Softmax layer. Parameter 
𝒘 is the weight parameter. In our model, the Softmax function takes the output of the merged 
BLSTM layers 𝒙 as the input and produces the probability of word type 𝑗 (OUD treatment 
barrier or not) given this input 𝒙 (𝑝(𝑦 = 𝑗|𝒙)). 
 
4. Empirical Analyses 
The research testbed comes from a leading health IT platform Drugs-Forum.com. We collected 
the posts from Drugs-Forum related to drug use from the start of Drugs-Forum to September 1, 
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2018. The raw dataset encompasses 27,154 posts. We randomly sampled 3,000 posts related to 
OUD treatment. Four expert annotators read the posts and annotated the OUD treatment barriers 
for model training purposes. The IOB labeling scheme is adapted to assign tags for each word in 
a sentence. To test inter-annotator reliability, we leverage Cohen’s Kappa. The Kappa value for 
the OUD treatment barrier annotation is 0.92, indicating excellent reliability. 
 
We evaluate our model on the annotated dataset, with 70% for training, 10% for validation, and 
20% for testing. We repeat the training procedure for each model 20 times and report the average 
performance in Table 1. Our SINDEL model outperforms all baseline models by a very large 
margin in F1 score and precision. 
 

Table 1. Evaluation of SINDEL against Baseline Methods 
Method Precision Recall F1 score 

SVM 58.10% 40.09% 47.40% 
LR 45.25% 61.15% 50.01% 
NB 22.54% 95.50% 36.47% 
CRF 78.46% 36.59% 49.90% 
RNN 75.19% 48.49% 58.80% 
LSTM 71.90% 54.48% 61.77% 
BLSTM 81.91% 62.65% 70.98% 
SINDEL (Ours) 85.31% 70.14% 76.97% 

 
The SINDEL model could extract the OUD treatment barriers from the research data. These 
barriers are the actual expressions that patients used in the drug forums. Many expressions may 
indicate the same type of treatment barrier. We, therefore, cluster the extracted treatment barriers 
to identify the general types. We use k-means as the clustering method. Thirteen clusters are 
identified. Table 2 shows the types of OUD treatment barriers. 
 

Table 2. Types of OUD Treatment Barriers 
Type Description Percentage 
Lack of motivation The patient does not have motivation to quit opioids 24.67% 
Lack of medical literacy The patient lacks knowledge of consequences of addiction 21.88% 
Concerns about social stigma and job 
opportunities 

The patient is concerned about social stigma or afraid of losing 
jobs 

12.67% 

Afraid of withdraw reactions The patient is afraid of the withdrawals after quitting 12.35% 
Side effects of treatment The patient is concerned about the side effects of treatment 9.13% 
Reliance because of chronic 
pain/fatigue 

The patient cannot stop opioids because of chronic pain 5.64% 

Concerns about 
buprenorphine/methadone addiction 

The patient is concerned about buprenorphine or methadone 
addiction 

3.85% 

High cost of treatment The patient cannot afford the treatment or insurance does not 
cover 

2.91% 

Poor patient-physician relationship The patient does not have good relationship with the providers 2.19% 
Enjoy euphoric feeling of drugs The patient enjoys the euphoric feeling of opioids and does not 

want to quit 
1.70% 

Depressed mental status The patient is depressed and does not want to receive treatment 1.57% 
Lack of accessibility Treatment is not accessible to patients 0.63% 
Others Others 0.82% 

 
The results shed valuable insights to understand patient’s decisions about receiving OUD treatment. 
Lack of motivation is the most common barrier to receiving OUD treatments (24.67%). To 
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motivate these patients, social support and family encouragement are essential to help them receive 
treatment. In addition to the barriers that confirm prior literature, we also identified new barriers 
that have not been noted in prior survey studies, such as side effects of treatment, concerns about 
buprenorphine or methadone addiction, poor patient-physician relationships, and depressed mental 
status. These barriers have not been identified by survey studies because these barriers are sensitive 
and involve personal behavior. The patients are willing to share these undisclosed opinions in drug 
forums because of the anonymity. 
 
5. Conclusion 
We designed a novel deep-learning-based approach to collect relevant patient discussions from 
drug forums, extract the OUD treatment barriers, and analyze the types of barriers. In line with the 
design science research methodology, we rigorously evaluated our model which outperforms all 
the baseline models, attributed to the similarity network-based component. The SINDEL model 
can be generalized in many other information retrieval tasks involving morphs. The OUD 
treatment barriers detected in this study allow stakeholders to gain rich insights from the patient 
perspective and understand the real barriers faced by the patients. Being aware of these barriers 
allows proactive intervention and early preventions to avoid harmful outcomes caused by OUD. 
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Abstract 
 
Medication nonadherence (MNA) refers to when patients do not take medications as prescribed. 
Adverse health outcomes of MNA cost the U.S. healthcare systems $290 billion annually. 
Understanding MNA and preventing harmful outcomes are of high-priority. Health social media 
is a cost-efficient and heterogeneous data source that can complement and deepen the 
understanding of MNA. Yet, such dataset is untapped in existing MNA studies. We present the first 
study to identify MNA reasons from health social media. We develop the Sentiment-Enriched 
DEep Learning (SEDEL) to address the challenges of varied patient vocabulary and sparse 
relevant information. We evaluate SEDEL on 53,180 reviews about 180 drugs and achieve an F1 
score of 90.18%. Nine categories of MNA reasons are identified. This study contributes to IS 
research by formulating the MNA reason mining problem and devising a novel deep-learning-
based approach. Our results provide direct implications for practitioners to design interventions. 
 
Keywords: Sentiment-enriched deep learning (SEDEL), text mining, health analytics, medication 
nonadherence, precision medicine 
 
1. Introduction 
Medication nonadherence (MNA) is defined as the extent to which patients do not follow the 
recommendations for prescribed treatments (Hugtenburg et al. 2013). Despite evidence that 
medical therapy prevents death and improve quality of life, numerous studies have shown that only 
50% of patients with chronic diseases adhere to medication regimens as prescribed (Traverso and 
Langer 2015). The adverse outcomes of MNA include increased dosage of medications, the risk 
of adverse effects, physician frustration, misdiagnoses, unnecessary treatment, and exacerbation 
of disease and fatality (Dunbar et al. 2008). The high morbidity and mortality caused by MNA 
lead to estimated deaths 125,000 per year and 33% to 69% of medication-related hospital 
admissions in the United States. MNA accounts for $290 billion in preventable annual costs in the 
United States and 19% of all drug-related emergency room visits (Traverso and Langer 2015).  
 
Understanding the reasons for MNA is the premise for formulating practical and effective 
strategies to improve medication adherence. In this study, we aim to propose and evaluate an 
innovative computational approach to understanding MNA reasons for given medications.  
 
Existing studies investigated MNA reasons via surveys. They focus on a single medication or a 
particular disease class. They are also provider-centered, as direct and timely communications 
from patients are difficult to obtain. This dominant provider perspective poses a significant barrier 
to translating these MNA reasons into real-world settings because providers have little control over 
the actual adoption of daily medication-taking behaviors. A recent survey shows that 61% of adults 
search online for health information, and 59% of them have participated in health social media 
platforms (Pew Internet Research 2009). Due to the anonymous nature of health social media 

22



discussions, patients are more willing to elaborate their reasons for adhering to or discontinuing 
medications. This large-scale patient self-reported information creates an unprecedented prospect 
for studying MNA reasons from patients’ decision-making standpoint. To our best knowledge, no 
social media approach has been taken in MNA studies. 
 
Researchers still face significant challenges to understanding MNA reasons via social media data 
despite its enormous potential. Patients usually describe diseases and symptoms with a wide range 
of consumer health vocabulary in social media. Irrelevant discussions in health social media are 
abundant, far outnumbering those about MNA. Motivated by the critical need for advanced social 
media analytics techniques to understand MNA reasons, we propose a novel computational method 
– Sentiment-Enriched DEep Learning (SEDEL) – that addresses patients’ varied health vocabulary, 
scarce MNA-related narratives, and feature sparsity issues.  
 
Our study makes the following contributions to information systems literature and methodology 
as well as healthcare practice. First, we formally define the MNA reason mining problem, which 
is generalizable to research questions that aim to detect underlying factors of decisions such as 
consumer retention, technology adoption, and crowdfunding project investment. Second, we 
design a Sentiment-Enriched DEep Learning (SEDEL) that could also be generalized to analyze 
any other opinionated text, such as product reviews, physician reviews, and commentary articles. 
Third, our empirical findings complement behavioral health science research in medication 
nonadherence with comprehensive patient experience data. Tailored preventive actions and 
interventions can be taken accordingly to improve disease management. 
 
2. Literature Review 
Prior studies used surveys to investigate reasons for medication nonadherence (MNA). The 
identified MNA reasons include low health literacy, poor communications between providers and 
patients, complex medication plan, forgetfulness, cost, severe mental illness, adverse events 
(Sørensen et al. 2012; Bosworth et al. 2011; Gellad et al. 2009). Investigations on MNA reasons 
are still limited for the following reasons. First, patients are reluctant to reveal their true adherence 
status in the surveys or cohorts, and it is time-consuming to obtain research subjects (Krousel-
Wood et al. 2009). Second, MNA interventions currently achieve a low success rate, mainly 
because the interventions are not tailored to address the adherence barriers of individual patients 
(Gellad et al. 2009). 
 
Health big data from social media platforms addresses the above limitations and makes innovative 
projects possible. These social media platforms efficiently gather a large volume of timely 
feedback and opinions from a diverse patient population. To harness the value from social media, 
we aim to develop advanced and scalable text analytical methods. 
 
Extracting information from health social media is a non-trivial task, as patients use colloquial and 
diverse expressions about similar medical terms. Deep learning methods have achieved remarkable 
success in various natural language processing problems. They have also dramatically improved 
the state-of-the-art in speech recognition (Graves et al. 2013), visual object recognition (LeCun et 
al. 2015), drug discovery (Chen et al. 2018), and many other domains. We, therefore, develop a 
deep learning-based method to extract MNA reasons from health social media and address the 
challenge of patient vocabulary. 
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3. Research Method  
The proposed MNA reason mining approach takes a sentence from social media as the input. The 
sentiment-enriched word embedding model converts the input sentence to a vector-based 
embedding sequence. The forward embedding sequence and backward embedding sequence are 
concatenated and passed to the SEDEL model to identify the MNA reason expressions. Sentiment-
enriched word embedding vectors of terms recognized as MNA reason expressions are extracted 
and analyzed in the reason clustering step. K-means is utilized to cluster those embedding vectors 
into the meaningful categories of MNA reasons.  
 
The sentiment-enriched word embedding represents each word’s sentiment along with the 
likelihood of co-occurrence of common words. Let 𝑆 be a training sequence [𝑤$, 𝑤&,…,𝑤']. 
Variable 𝑤) denotes word 𝑖 in the sequence. The training objective is to maximize the objective 
function 𝐿, in Equation 1. Parameter 𝑇 denotes the number of training words. Parameter 𝑐 is 
the window size (the words that appear within distance of 𝑐  words). Variables 𝑤/01  are the 
words surrounding 𝑤/ . Parameter 𝑠𝑒𝑛𝑡𝑖/  is the sentiment score of 𝑤/  ( 𝑠𝑒𝑛𝑡𝑖/ ∈ [−1,1] ). 
Negative score refers to negative sentiment, while positive score refers to positive sentiment. 

																																																				𝐿, =
1
𝑇
;

1
𝑒,<=/)>

'

/?$

; log 𝑝D𝑤/01E𝑤/F
GHI1IH,1JK

																																																	(1) 

Different from the standard word embedding, our objective function integrates the sentiment score 
of words, as contained in the decreasing function $

<NOP>Q>
. As MNA reasons are associated with 

negative sentiment, words with negative sentiment have a higher probability of indicating MNA 
reasons. The decreasing function $

<NOP>Q>
 could amplify the effect of negative words on the 

objective function. The new objective function 𝐿, computes the likelihood of the neighboring 
words that appear together while prioritizing the negative words. This new objective function 
effectively distinguishes MNA reasons from other words in similar contexts.  
 
To effectively extract sparse MNA-related information, we utilize a bidirectional-LSTM deep 
learning architecture. In our model, we devise an element-wise multiplier 𝜷  to modify the 
standard LSTM unit. This multiplier allows the weight on each dimension of the embedding vector 
to adjust according to its relevance to MNA reasons. The multiplier in the LSTM unit addresses 
the challenge to extract sparse MNA relevant terms by strengthening useful information and 
degrading irrelevant information in the learning process. The LSTM unit takes the sentiment-
enriched word embedding as the input. The computational process in the LSTM unit with the 
sentiment-enriched word embedding is summarized in Equations 2-7. 
    Sentiment-enriched word embedding: 𝜷⨀𝒙(/) = U𝛽$𝑥$

(/), 𝛽&𝑥&
(/),…… , 𝛽YKK𝑥YKK

(/) Z
'
;																		(2) 

    Sentiment-enriched input gate: 𝒊,
(/) = 𝑠𝑖𝑔𝑚`𝑾)𝜷⨀𝒙(/) + 𝑼)𝒉,

(/G$) + 𝒃)f ;																														(3) 

    Sentiment-enriched forget gate: 𝒇,
(/) = 𝑠𝑖𝑔𝑚`𝑾i𝜷⨀𝒙(/) + 𝑼i𝒉,

(/G$) + 𝒃if ;																										(4) 

    Sentiment-enriched output gate: 𝒐,
(/) = 𝑠𝑖𝑔𝑚`𝑾l𝜷⨀𝒙(/) + 𝑼l𝒉,

(/G$) + 𝒃lf ;																									(5) 

    Sentiment-enriched memory cell: 𝒄,
(/) = 𝑡𝑎𝑛ℎ `𝑾q𝜷⨀𝒙(/) + 𝑼q𝒉,

(/G$) + 𝒃qf ;																							(6) 

    Sentiment-enriched hidden state: 𝒉,
(/) = 𝒐,

(/)⨀𝑡𝑎𝑛ℎ `𝒊,
(/)⨀𝒄,

(/) + 𝒇,
(/)⨀𝒄,

(/G$)f.																							(7) 
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Variable 𝒙(/) is the current input, and 𝒉(/G$) is the previous hidden state. Parameters 𝑾,	𝑼, 
and	𝒃 are weight parameters with values between 0 and 1.  
 
The 𝜷 parameter is learned through the training process in the LSTM unit. The 𝜷 parameter 
assigns different weights to different dimensions in the input embedding vector according to its 
relevance to the learning objective. Parameters 𝑾,	𝑼, and	𝒃 assign different weights to different 
word embedding inputs. Such a difference is facilitated by using different computation: the 
computation between 𝜷  and 𝒙(/)  is element-wise multiplication ⨀ , thus allowing weight 
adjusting within the input embedding vector (𝑥$

(/), 𝑥&
(/), … , 𝑥YKK

(/) ). The computation between 𝑾 
and	𝜷⨀𝒙(/) is matrix multiplication, thus enabling weight adjusting on the word level (𝒙(/)). 
 
Since the bidirectional structure has two reversed LSTM layers, the output of this step is the 
concatenation of the forward hidden state 𝒉,

(/) and backward hidden state 𝒉,
(/)u. Each forward or 

backward hidden state has 128 dimensions. We condense useful information from the 300 
dimensional 𝒙(/) to 128 dimensions in the LSTM cell. The learning rate in the gradient descent 
is 0.1. The dropout rate is 0.2. Finally, a Softmax layer (Equation 8) is stacked on the top to predict 
the word type (MNA reason or not). 

																																																																				𝑝(𝑦 = 𝑗|𝒙) =
𝑒𝒙T𝒘z

∑ 𝑒𝒙T𝒘|}
~?$

.																																																																			(8) 

Variable 𝑦 is the predicted word type. Variable 𝒙 is the input to the Softmax layer or the output 
of the sentiment-enriched BLSTM layer. Parameter 𝒘 is the weight parameter. In our model, the 
Softmax function takes the output of the sentiment-enriched BLSTM 𝒙 as the input and produces 
the probability of word type 𝑗 (MNA reason or not) given this input 𝒙 (𝑝(𝑦 = 𝑗|𝒙)). 
 
3. Empirical Analyses 
Our research testbed comes from a leading health IT platform, WebMD. We collected all the drug 
reviews from the start of WebMD in January 2005 to October 2016. The dataset encompasses 
233,325 sentences from 53,180 reviews about 180 drugs. We randomly selected 4,500 reviews and 
annotated them for MNA reason extraction model training and evaluation. Five expert annotators 
with a bioinformatics background independently read the reviews and tagged MNA reasons in five 
batches. IOB labeling scheme is used to assign tags for each word in the sentence. We use Cohen’s 
kappa for this inter-annotator reliability measurement (Blackman and Koval 2000). The kappa 
value is 0.98 for the MNA reason annotation, indicating excellent reliability. 
 
We evaluate our models on the annotated dataset, with 4,500 sentences as the training set and 900 
sentences as the test set. We repeat the training procedure for each model 50 times and report the 
average performance in Table 1. 
 

Table 1. Evaluation of SEDEL 
Method Precision Recall F1 score 

SVM 29.30% 53.60% 37.90% 
CRF 94.00% 46.30% 62.04% 
RNN 77.71% 77.95% 77.69% 
LSTM 83.06% 79.06% 80.93% 
BLSTM 84.80% 82.36% 83.49% 
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SEDEL (Ours) 87.29% 93.27% 90.18% 
 
Our proposed SEDEL model achieves the highest recall (93.27%) and F1 score (90.18%). Our 
SEDEL model has the most salient advantage in the recall. 
 
The SEDEL model identifies 24,832 MNA reason expressions from the entire research data. These 
reason expressions are the actual phrases that patients used in health social media. We group 
similar reason expressions using k-means to interpret the reason expressions comprehensively. 
Table 2 shows the MNA reason types and their percentages in our results. 
 

Table 2. MNA Reason Type 
MNA Reason Type Description Percentage 

Adverse event The medication has adverse events or leads to complications. 56.76% 
Drug switching The patient switches to another medications by his/herself. 15.21% 

Complex medication plan The medication regimen is complicated. The patient does not like the complicated 
procedure or forget to take the medication. 13.98% 

Social influence The patient stops the medication because his/her 
peers/caregivers/friends/professionals encourage the patient to stop. 7.67% 

Cost prohibitive for patient The price of the drug is too high, or insurance does not cover. The patient cannot 
afford. 0.93% 

Medication ineffectiveness The medication is ineffective, so the patient stops it. 0.09% 
Low health literacy The patient discontinues the medication because of low health literacy. 0.04% 

Specific population The patient stops/reduces the medication because the patient is pregnant/is a child/has 
liver disease and more. 0.02% 

Others Others 5.30% 
 
The results shed valuable insights to understanding patients’ intentional medication nonadherence 
behavior. Adverse drug events are the most common type of reason for patients to discontinue 
medications. Not only have adverse drug events resulted in medical injuries among patients, they 
also significantly affect patients’ adherence decision and indirectly hamper disease management. 
Healthcare providers and pharmaceutical companies should be aware of the leading adverse drug 
events associated with nonadherence and provide alternatives timely. In addition, social influence 
and specific population have not been noted by prior survey studies. These additional findings may 
be attributed to the unique advantage of social media where social influence is a remarkable impact 
on patients. 
 
4. Conclusion 
Our research objective was to understand why patients do not adhere to their medications. We 
designed a patient and drug-specific analytical framework to collect relevant data from health 
social media, extract the medication nonadherence (MNA) reasons, and analyze the types of 
reasons. Consistent with design science research methodology, we performed a series of empirical 
analyses to test the components of our framework rigorously and to compare it with the state-of-
the-art methods. Evaluation results show that our SEDEL model outperforms all the baseline 
models in recognizing relevant MNA reasons. We design the sentiment-enriched deep learning 
approach for patient- and drug-specific MNA reason detection. We are among the first to analyze 
MNA reasons in a large-scale health social media data. Many of these reasons have not been noted 
by previous studies. The MNA reasons detected by our framework allow the stakeholders to gain 
insight from patients’ perspective and understand the patients’ thoughts about medications. 
Knowing the precise reasons for individual patients and drugs, proactive measures and early 
preventions can be applied to avoid harmful outcomes caused by MNA 
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Abstract 

The users’ knowledge contribution behaviors are critical for the online Q&A communities to 
make vigorous development. Different from the form of forum, the well-organized question 
threads in the online Q&A sites enable the users to read the existing answers and the community 
evaluations clearly before contributing new answers. However, little is known about how these 
former knowledge contribution behaviors affect subsequent behaviors. Based on social influence 
theory, we explain the social influence effect among the knowledge contributors and further 
consider four related moderating factors: question type, thread consistency, social learning and 
contributor social status. We use the data collected from Zhihu community which contains 
answers from 3569 questions and 1824873 historical answers from 14374 contributors. Our 
empirical results prove the presence of social influence effect in the knowledge contribution 
behaviors in online Q&A communities and offer implications on how to motivate informative 
contributions and build a sustainable contribution environment. 
 
Keywords: Online Q&A community, Knowledge contribution, Social influence 
 
1. Introduction 
The development of the internet has improved the way people use to acquire knowledge and 
solve daily problems. Comparing with the traditional method of looking through relevant books, 
searching or asking on the internet is more convenient and straightforward. Online Q&A 
communities such as Yahoo! Answers, Zhihu and Quora have become popular in recent years for 
its broad user base and high-quality answers (Khansa et al. 2015). Users on these online Q&A 
communities can take full advantage of the wisdom of the crowd in the society to solve their 
daily concerns regardless of temporal and geographic boundaries (Kankanhalli et al. 2005). The 
online Q&A communities allow users to codify their knowledge or experience into readable 
answers for the questions of interest, read and evaluate other user’s answers and subscribe 
interesting users or questions which can receive notice once new content related is produced. For 
these online Q&A communities, which is one type of the user-generated content (UGC) 
communities, excellent content is the core competence, that is, the comprehensive and 
informative answers contributed by users are an important cornerstone for these sites to thrive. 
 
Current studies of knowledge contribution in the online Q&A communities mainly focus on user 
motivations (Wasko and Faraj 2005) and contribution behaviors in both quality and quantity 
aspect (Beck et al. 2014; Kankanhalli et al. 2005). However, in these studies, the knowledge 
contribution behaviors are mainly considered to be individual. Though some social factors are 
considered, such as social status or social relationship with other contributors (Goes et al. 2014), 
they are still personal characteristics and the impact of contribution environment is failed to be 
taken into account. Unlike some online knowledge communities such as Apple Support 
Community and Java Programming Forums which are in the form of forum in which users can 
reply to the existing posts by adding a new post in the main thread to make further discussion, 
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answers in the online Q&A communities are more well organized and all the discussion relating 
to the specific answer are restricted to the specific sub-thread called "comment" and all the 
answers contributed and their vote number is clearly displayed in the main question thread. 
Therefore, when a user decides to contribute knowledge to a particular question, he/she can read 
the existing answers and see the existing community appraisal for each answer. According to the 
social influence theory (Cialdini and Goldstein 2004), a person’s behavior may conform to 
others for the informative and normative motivation in order to behave correctly and gain others’ 
social approval. Though the knowledge contributed to online Q&A sites may not bring direct 
economic benefits to the contributors, the contribution behaviors are still motivated by the 
intrinsic motivations such as knowledge self-efficacy and extrinsic motivation such as gaining 
peer recognition (Wasko and Faraj 2005). Consequently, the user’s knowledge contribution 
behavior in the online Q&A communities may not be totally individual and could be influenced 
by the former contributors’ behaviors in the same answer thread for the sake of providing better 
answers and being more recognized by other users. As far as we know, there has been little 
research concerning about the social influence of contribution environment on the knowledge 
contribution behavior.  
 
In this research, we mainly use social influence theory and social learning theory to investigate 
the social influence effect of knowledge contribution behavior in the online Q&A community 
from the angle of knowledge codification effort (Kankanhalli et al. 2005). The contributions of 
our research are as follows. First, we study the influence of knowledge contributing environment, 
that is, the existing answers and their appraisal, on the subsequent knowledge contribution 
behavior and the relative moderation effects from three dimension: question level, thread level, 
and contributor level. Second, we analyze the knowledge contribution behavior from the sight of 
knowledge codification effort. Third, we study the social influence effect on non-binary choice 
like knowledge contribution in the online communities.  
 
2. Literature Review 
Current research in online Q&A communities has concerned much about the individual 
motivational issue in knowledge contribution which contains altruism, knowledge self-efficacy 
and reputation reward (Chang and Chuang 2011). In terms of users’ knowledge contribution 
behavior in the online Q&A communities, current research focuses on the quality and quantity 
aspect (Beck et al. 2014). The answer number in a certain period were usually used to estimate 
the quantity of knowledge contribution behavior, and the quality was measured by the judgment 
of the asker (Shah 2011), the number of voters the answer get (Bian et al. 2008) or the human 
coding process (Beck et al. 2014). Among them, little attention has been drawn from how the 
previous knowledge contribution behaviors influence the subsequent contribution behaviors in 
the question thread level. 
 
In the field of information systems and marketing, social influence theory has widely been used 
to study the individual behavioral similarity with others (Susarla, et al. 2016). It can be divided 
into informational and normative social influence according to the purpose of performing an 
appropriate decision or being identified by others (Kuan et al. 2014). Previous studies mainly 
focus on the personal decision related to the binary choice such as retweets or purchase decision, 
but little knowledge is related to the social influence on non-binary choice like knowledge 
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contribution. Our research expands the application of social influence theory and provides a 
more comprehensive understanding of user behaviors in the online Q&A community. 
 
3. Hypotheses Development 
We first study the main effect of how the codification efforts of former knowledge contributors 
in the same question thread influence the subsequent contributor’s behavior (H1). After that, the 
moderating effects are considered from three levels: question type (H2), thread characteristics 
(H3, H4) and contributor personal feature (H5). This model provides a comprehensive view of 
how social influence works in the knowledge contribution behavior in the online Q&A 
communities. Fig. 1 shows the conceptual framework. 

 
Fig. 1 Conceptual framework 

  
Social influence theory believes that people in the communities are susceptible to others’ 
behaviors for the purpose of making an appropriate decision or comply with the expectation of 
others (Kuan et al. 2014). In the face of different choices, the behaviors selected by the majority 
are more influential than the behaviors of the minority (Nowak et al. 1990). This phenomenon of 
conformity may also exist the online Q&A community when the users decide to contribute their 
knowledge as they hope to make the proper decision and be recognized by other users. We 
consider the knowledge contribution behavior in the sight of codification effort, which is 
measured by the answer length, and further divide these existing answers in the question thread 
into the long and short category according to the subsequent contributor's history behavior. The 
hypothesis is issued as follows: 
H1： The more the codification effort in the former knowledge contribution behaviors in the 
question thread, the more effort the subsequent knowledge contributor devotes.  
 
In the online Q&A communities, there exist several types of questions such as informational 
questions and opinion questions (Harper et al. 2010) and the user may treat them differently. For 
example, the user may be more casual when answering the questions asking their opinions than 
the questions asking for the specific answer to factual issues. This situation represents the 
distinct context of uncertainty and greater uncertainty encourages people to think more about 
others’ behaviors when making a decision (Melamed and Savage 2016). As a result, we consider 
the context of uncertainty and propose the following hypothesis: 
H2: The former knowledge contribution behaviors exert a greater effect on the subsequent 
knowledge contribution behavior in the opinion question than in the informational question. 
 

30



According to the social influence literature, the strength of the conformity will be weakened if 
the level of behavior consensus is jeopardized (Melamed and Savage 2016). In the online Q&A 
communities, the knowledge contribution behaviors in the different questions may present 
different feature of distribution. Therefore, we take the current answer number into consideration 
and propose the hypothesis relating to the thread behavioral consistency.     
H3: The former knowledge contribution behaviors exert a greater effect on the subsequent 
knowledge contribution behavior when the former behaviors are at a higher level of consistency. 

Each behavior in the online Q&A community is viewed and appraised by the other users in the 
community. According to the theory of social learning (Bandura, and Walters 1977), users can 
infer the community preferences through the evaluation revealed on existing answers and 
understand which behavior is more affected. Therefore, when the community evaluation is 
consistent with the majority behavior, this will enhance the effect of conformity and vice versa. 
H4: The former knowledge contribution behaviors exert a greater effect on the subsequent 
knowledge contribution behavior when the community evaluation is consistent with the majority 
choice. 

We look at the personal characteristics of the contributors from the perspective of user social 
status. Research in social influence shows that individuals with higher social status are prone to 
be confident and feel little social pressure due to their security in social positions (Iyengar et al. 
2015). As a result, we propose the following hypothesis: 
H5: The former knowledge contribution behaviors exert less effect on the subsequent knowledge 
contribution behavior when the subsequent knowledge contributor is at a higher level of social 
status.  

4. Data and Empirical Analysis
4.1 Data and Measures
To validate our hypothesis, we select the data from Zhihu, one of the biggest online Q&A
communities in China, and collect all the thread data in the topic of “English learning” and the
complete history answers of every knowledge contributor in this topic. We choose this topic
because the growth trend of this topic has not changed much with time and it is also less
influenced by other topics which will not cause unexpected temporal endogeneity problem. In
order to depict the social influence effect clearly, we select our research sample to the questions
that get 4 to 50 answers and exclude the first answer in every question selected and the first
answer in the contributors’ answer history. The final data set contains 20152 answers from 3569
questions and 1824873 historical answers from 14374 contributors.

Our dependent variable is the subsequent knowledge codification effort measured by the growth 
rate of answer length based on the personal historical average for the sake of controlling the 
personal contribution habit. To consider the former contribution behaviors in both dimension of 
answer length and answer number, we use the difference between the number of long answers 
and short answers to measure the former contribution behaviors in a single variable and further 
study the moderating effects. To control the difference in personal length judgments, we 
compare the length of every former answer with the subsequent contributor’s personal historical 
average length to decide whether a former answer is long or short in the eyes of the subsequent 
contributor. All the variables are listed and summarized in Table 1. 
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Table 1 Variable list, descriptive statistics, and measurement 
N Min Max Mean SD Measurement 

Subsequent knowledge 
contribution behavior 

20152 -1 601 1.00 10.22 The growth rate of answer length based on the 
personal historical average length 

Former knowledge 
contribution behaviors 

20152 -42 38 -1.29 6.07 Difference between long answers No. and short 
answers No. 

Question type 20152 0 1 .35 .48 Whether is "how" type question 

Question length 20152 5 98 23.01 11.37 Words No. in question length 

Question label 20152 1 12 3.82 1.32 Label No. in the question 

Avg answer length 20152 1 24391 295.27 471.37 Absolute avg length of former answers in the thread 

Rank 20152 2 50 9.46 8.70 Answer rank No.ranked by time 

Social status 20152 0.00 13.25 3.20 2.81 Log form of weighted follower No. 

Social learning effect 20152 -17 17 .55 1.896 Difference between high vote long answers No. and 
high vote short answer No. 

4.2 Results 
To test our hypothesis, we first use the ordinary least squares regression model with the pool data 
(model 1). We adopt robust standard errors clustered within question thread to account for 
possible answer heteroskedasticity within same question thread in our analysis (model 2). To 
further control the unobserved question features, we also rearrange the data into panel data based 
on question id and answer chronological rank and conduct the fixed-effect model (model 3) and 
random effect model (model 4). The VIF result not shown indicates no obvious multicollinearity. 

Table 2 Model results 
Model1 OLS Model 2 Cluster Model 3 Fixed Model 4 Random 

(Intercept) 2.061*** 2.062*** - 2.211*** 

Question length -0.010+ -0.010+ - -0.009 

Question label -0.078 -0.078 - -0.090 

Question type 0.468** 0.468** - 0.466** 

Avg answer length 0.0004** 0.0004** -0.004*** 0.0002. 

Rank -0.006 -0.006 ~ ~ 

Social status -0.231*** -0.231*** -0.240*** -0.232*** 

Former knowledge contribution behaviors 0.330*** 0.330*** 0.284*** 0.332*** 

Former knowledge contribution behaviors*Question type 0.068** 0.068 0.060* 0.065** 

Former knowledge contribution behaviors *Rank -0.005*** -0.005** -0.004** -0.005*** 

Former knowledge contribution behaviors*Social learning 0.020*** 0.020** 0.018*** 0.0193*** 

Former knowledge contribution behaviors*Social status -0.030*** -0.030*** -0.028*** -0.031*** 

AIC 150391.6 150391.6 150088.8 145862.9 

BIC 150494.4 150494.4 150563.4 146305.9 

N 20152 20152 20152 20152 

+p < 0.1, * p<0.05, ** p<0.01, *** p<0.001;
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As shown in Table 2, hypotheses H1, H3, H4, H5 are supported in all four models which 
indicate the robust result, and the coefficients of the variables belonging to H1, H4 and H5 are 
even significant in 0.001 level. Though the result of H2 is not as robust as other hypotheses, 
three models support its significant effect and the coefficients are consistent with the hypothesis. 
We also conduct the Heckman two-stage model, which is not shown here, to control the 
self-selection problem and the results are also robust. There exists significant social influence 
effect between former knowledge contribution behaviors and the subsequent. This effect is more 
intense when in the context of opinion questions, consistent thread behaviors, consistent social 
learning and for contributors with lower social status. 

5. Discussion and Conclusions
Different from the other research viewing the knowledge contribution behavior as totally
personal behavior, our findings prove that the users’ knowledge contribution behaviors may not
be individual and can be influenced by other contributors. If former knowledge contributors
devote more effort in the question, the subsequent contributors will also contribute more. This
effect is more obvious for opinion questions and contributors with lower social status. However,
when the former contribution behaviors in the question thread are less consistent and receive
distinct evaluations, the subsequent contributors will conform less to the behavior of the majority.
This study also expands the application of the social influence theory which shows that the social
influence effect not only exists in the binary choice such as new product adoption and video
watching but also exists in the non-binary choice such as knowledge contribution behaviors.

Our research provides a more comprehensive understanding of the knowledge contribution 
behaviors in the online Q&A communities. If the community managers wish to encourage users 
to provide more informative answers, they need to pay the overall attention to the knowledge 
contribution environment and not restrict the motivation mechanism to the personal contribution 
level. The answer recommendation system could also take this into account to stimulate users to 
provide high-quality contents. 
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Product-Driven Entrepreneurs and Online Crowdfunding
Campaign

Abstract

Advancements in information technology is known for enabling new business models and
new market mechanisms. Online crowdfunding is one such new mechanism through which
entrepreneurs can advertise their potential products and attract investors from the mass. In this
study, we advance the existing theory on online crowdfunding markets by recognizing that
online crowdfunding provides not only a venue of fundraising to entrepreneurs but also a venue
for them to obtain demand information before production and to signal their intention. We
formulate a spatial competition model between profit-driven entrepreneurs and product-driven
entrepreneurs. We find that, while, on average, profit-driven entrepreneurs earn higher profits
than product-driven ones, their advantage is constrained by the mechanism of the crowdfunding
campaign, and product-driven entrepreneurs earn a significant fraction of the market. We also
discuss model implications on consumer satisfaction and crowdfunding platform design.

Keywords: Crowdfunding; Conscientious Entrepreneurs; Spatial Competition; Signaling

1 Introduction
Recent revolutionary development of information technology creates a plethora of newopportunities
for entrepreneurs and has fundamentally changed the business ecosystem. The emergence of new
business models, funding avenues and marketing strategies facilitates the rising of heterogeneously
motivated entrepreneurs especially those with conscientious motivations (Steininger (2019)).

One such example is the crowdfunding platform. The business model of crowdfunding, on the
one hand, makes it possible for entrepreneurs to access funds from “the crowd” through websites,
social media and mobile apps etc. On the other hand, it provides a platform for entrepreneurs to
tell background stories that convey their ideas and devotions about their products. This capability
enables the thriving of non-pecuniary entrepreneurs.

A vast literature on entrepreneurship suggests that entrepreneurs have non-pecuniary motiva-
tions and conscientiousness is an essential personal trait to entrepreneurs. (See Kerr, Kerr and Xu
(2018) and references therein.) They value their preference on products and devote to improving
the quality of their ideal products (Rose-Ackerman (1996)). For instance, Elon Musk describes
his motivation of being an entrepreneur: “My motivation for all my companies has been to be
involved in something that I thought would have a significant impact on the world (Marcovici
(2014)).” As addressed by the entrepreneurship literature, entrepreneurs value both profit and other
non-pecuniary factors such as their own preferences on products. But they differ in the extent that
they value profits over products.

Online crowdfunding helps heterogeneous entrepreneurs especially those conscientious ones
grow a successful business. For instance, the crowdfunding campaign of PAKT One–a travel bag
designed for the minimalism travelers–on Indiegogo helps the founder build a brand that matched
their own taste and standard of quality (Engle (2017)).

This paper investigates howonline crowdfunding facilitates competition among heterogeneously
motivated entrepreneurs. To address this question, we build a spatial competition model where
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heterogeneously motivated entrepreneurs compete for a fund in a crowdfunding campaign, while
consumers with heterogeneous preferences on product designs locate on a line. We suppose that
entrepreneurs can be conscientious and have preferences on their ideal products—they care their
ideal designs of the product and have a quality pursue. They vary in how much they value their
ideal products over funding or profit, and thus we call entrepreneurs are of either product-driven or
profit-driven type. Entrepreneurs’ types are private information and drawn from a publicly known
distribution. The model allows us to understand the effect of competition of heterogeneously
motivated entrepreneurs on their product choices, and in turn, consumers and the crowdfunding
platform.

Our model has several novel features. The first is about competition, which plays a vital role
in the new ear of the internet. Though entrepreneur’s strategy in crowdfunding campaign and
its influence on the consumer has been studied in the existing literature such as Hu, Li and Shi
(2015), Strausz (2017) and Roma, Gal-Or and Chen (2018), there is hardly any study addresses the
role of competition in crowdfunding platform, and ours fills this gap. Moreover, our paper allows
for different motivations of entrepreneurs including non-pecuniary ones by adopting the concept
of product-driven entrepreneurs in entrepreneurship literature, whereas most spatial competition
literature on firms and entrepreneurs following Hotelling (1929) models entrepreneurs as purely
profit-motivated (e.g., Anderson Jr, Parker and Tan (2013) and Janssen and Teteryatnikova (2016)).
Finally, we exploit the properties of spatial competition model and use players’ location choices
as signals of their hidden characteristics. All these features together paint a holistic picture of
heterogeneously motivated entrepreneurs’ interactions in the crowdfunding market.

Our approach is inspired by two observations of (reward-based) crowdfunding campaign: (i)
Funding matters but not all that matters to (conscientious) entrepreneurs and (ii) Quality is only
finalized after the crowdfunding campaign. A key feature of the reward-based crowdfunding cam-
paign is that entrepreneurs can contract with future consumers before investing in production.
Through the campaign, entrepreneurs can contract with consumers on attributes such as designs
and materials but not on intangible attributes such as effort paid to improve product quality. To
capture this richness, we model products determined by both the choice of design and quality
where entrepreneurs can commit to designs through crowdfunding campaign but not the quality,
which will be implemented afterward. Thus, entrepreneurs first choose designs as locations, then
consumers make investment decisions, and finally, entrepreneurs deliver products.

In this richer environment, campaign promises play dual roles: as a commitment to product de-
signs and as signals about how an entrepreneur value the quality of the product. This duality induces
a signaling game, and what drives the game is the simple fact that product-driven entrepreneurs
care more about ideal products and, in turn, exert more effort to improve product quality after
getting funded. Thus, ceteris paribus, consumers prefer to invest in a product-driven entrepreneur
rather than a profit-driven one. The endogenous preference of consumers creates an incentive for
entrepreneurs to separate and mimic: Product-driven entrepreneurs wish to separate from profit-
driven entrepreneurs and signal their types to consumers, whereas profit-driven entrepreneurs seek
to mimic product-driven entrepreneurs and hide their types from consumers. This strategic interac-
tion iterates continuously such that the equilibrium behavior differs significantly from that when
motivations are homogenous.

More specifically, our baseline model focuses on competitive product market, so that the
entrepreneurs are price-takers. We find that, in equilibrium, heterogenous entrepreneurs tend to
choose (moderately) diversified designs of products. This is in contrast to the predictions in the
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traditional markets where price-taking entrepreneurs choose the same products catering towards the
median consumer (Tirole (1988)). Moreover, on average, profit-driven entrepreneurs earn higher
profits than product-driven ones but their advantage is limited by themechanismof the crowdfunding
campaign, and product-driven entrepreneurs earn a significant fraction of the market.

To address the effect of entrepreneurs’ equilibrium behavior on consumers and the crowd-
funding platform, we investigate how consumer satisfaction vary with model primitives such as
entrepreneurs’ ideal designs and type distribution in equilibrium and discuss the selection of
funding scheme. We evaluate consumer satisfaction by aggregating consumers’ preferences and
equilibrium decisions and consider the measures of overall quality, design popularity, and con-
sumer welfare. Moreover, we compare the level of consumer satisfaction under different schemes.
Our baseline model implicitly assumes that the platform adopts the Keep-it-all funding scheme, i.e.,
entrepreneurs keep the raised fund unconditionally. We further study an alternative funding scheme,
All-or-nothing, which allows entrepreneurs to keep the raised fund only if the funding goal has been
reached. We compare whether this alternative funding scheme improves consumer satisfaction.

In the extension, we allow entrepreneurs to set product price. In general, the insights are
consistent with those of the baseline model. In particular, we solve a special case where the
crowdfunding market consists of entrepreneurs of either purely product-driven or profit-driven
type. We find that when entrepreneurs’ ideal products are not very close to the median design, the
predictions are basically the same as in the baseline model.

2 Model
Consider a crowdfunding campaign with two entrepreneurs and a unit mass of consumers. En-
trepreneurs produce the same kind of products but with heterogeneous features. They post their
products on a crowdfunding platform to attract investors. Here, we focus on the competitive prod-
uct market such as the market of video games.For instance, most of the video games launched on
Kickstarter or Indiegogo are base price around $ 25 to $30. The commonly adopted price for the
traditional video game industry is around $ 30 (Wilde (2017)). Thus, entrepreneurs on a crowd-
funding platform do not have the market power to set product price, and so take the market price as
given.

Entrepreneurs. Entrepreneur e ∈ {A,B} cares funding size, product design and quality. En-
trepreneur e has an ideal design de. The ideal design could be broadly explained. In practice, some
crowdfunding entrepreneurs initially generate their ideas when they are consumers on the market
and then launched a crowdfunding campaign with their favorite design. Besides, entrepreneurs may
have a specialty in producing products with certain designs. Then the ideal design could be viewed
as the one incurs the lowest adjustment (design) cost.

Moreover, each entrepreneur e has a random type te ∈ {0,T} (T > 0), which measures how she
values her ideal product over profit. We call an entrepreneur profit-driven if te = 0 and product-
driven if te = T . The type is private information and the prior probability of te = 0 is λ ∈ [0,1]. The
utility of the entrepreneurs e is

ue(x,q; de, te) = −te
[
(de − xe)

2 + (1 − qe)
2] + pse(x) − γq2

e, (1)
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where xe ∈ [−1,1] is e’s product design, and x = (xA, xB); te is e’s type; se ∈ [0,1] is e’s share of
fund. The quality of entrepreneur e’s product is represented by qe ∈ [0,1], and q = (qA,qB). Thus
(1 − qe)

2 represents entrepreneur e’s disutility from producing low-quality products.
The marginal development cost of improving product quality is γ, and the cost of delivering

qe quality product is γq2
e . The marginal development cost does not vary with the number of

products but does increase with the product quality. In reality, we can think about it as the cost of
adopting new production technology or the cost of improving managerial practice to conduct better
quality control. To simplify the analysis, we assume that the two entrepreneurs’ ideal designs are
symmetric. That is, −dA = dB = d ≥ 0, and henceforth we drop the subscript e. Throughout, we
assume xA ≤ 0 ≤ xB without loss of generality.

Consumers. Consumers care both the design and quality of the product, and each consumer c
decides to invest one unit of investment in Entrepreneur A or B. By slightly abusing notation, we
write consumer c’s ideal design as c, which is uniformly distributed in [−1,1]. Suppose consumer
c invest in the product, whose realized characteristics are represented by (x̂, q̂), then the utility of
the consumer is

uc(x̂, q̂; c) = −
[
(c − x̂)2 + (1 − q̂)2

]
− p.

The timeline of the crowdfunding campaign is as follows.

1. Nature randomly chooses each entrepreneur’s type te, and entrepreneurs observe their types.

2. Each entrepreneur announce her product design x on the crowdfunding platform.

3. Consumers observe the designs and decide whether to invest.

4. Each entrepreneur gets funded and pays the cost γq2
e to develop the product; otherwise, they

exit the market.

5. Products are delivered to consumers (investors), and quality q is realized.

The game we have described is essentially a signaling game, which has two senders (en-
trepreneurs) and multiple receivers (consumers). The solution concept here is Perfect Bayesian
Equilibrium, where the entrepreneurs and consumers optimize their utilities at every history given
the beliefs. Beliefs are derived by Bayes’ rule whenever possible. For analytical simplicity, we
restrict attention to symmetric equilibria.

Consumer’s Problem Consumers do not observe entrepreneurs’ types and so product quality
when they make purchasing decisions. However, the information carried by the description of the
product design can help them to draw inferences about the type (and in turn the product quality).
That is, the announced design can serve as a signal of product quality.

The consumers’ posterior belief that the entrepreneur e is profit-driven, i.e. te = 0, given
observing design x, is µe(x). Write µ = (µA(xA), µB(xB)). Besides, we assume consumers do not
use weakly dominated strategies, and they only invest for the entrepreneur that maximize their
expected utility. Taking entrepreneurs’ equilibrium design announcement x∗ as given, the expected
utility of consumer c investing in e’s product is

Ete
[
uc(x∗e ; c)|µe(x∗e)

]
= −

{
(c − x)2 + Ete

[
(1 − q̂)2 |µe(x∗e)

]}
− p.
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Each consumer c forms a posterior belief and makes a binary decision of investing in A or investing
in B by comparing the associated expected utilities. In equilibrium, all consumers’ decision can be
summarized by the market share of entrepreneur B, s(x∗). The market share of entrepreneur A is
simply 1 − s(x∗).

Entrepreneur’s Problem Entrepreneur e’s strategy can be written as re = (xet,qet)∀t∈{0,T}, and
we denote ret = (xet,qet) for t ∈ {0,T}. Taking all consumers’ strategies, and the opponent
entrepreneur −e’s announced design x∗−e(t−e) as given, entrepreneur e’s strategy ret = (xet,qet)

maximizes his expected utility at each information set:

Et−e
[
ue(xet, x∗−e,qet ; d, t)

]
= −t

[
(d − xet)

2 + (1 − qet)
2] + pEt−e[se(xet, x∗−e)] − γq2

et .

3 Main Results
In the first case, when the entrepreneurs’ ideal design is close to themedian design 0, themedian con-
sumer may prefer to buy a high-quality product which locates at entrepreneur’s ideal design rather
than a low-quality product which locates at the median. In this case, a profit-driven entrepreneur
would have an incentive to mimic the product-driven type to hide his type from consumers. Mean-
while, a product-driven entrepreneur cannot separate the profit-driven type even if she sticks to her
own ideal design. Theorem 1 characterizes the equilibrium for this case.

Theorem 1. There is a unique symmetric pooling equilibrium (−d,−d,q∗; d, d,q∗) if d ∈ [0, d1],
where d1 =

√
(1 − λ)[1 − (1 − q∗T )

2]. Moreover, there does not exists a pooling equilibrium if
d ∈ [d1,1].

In the second case, when the ideal design is far from 0, so that median consumer would rather
choose the product with median design and low quality than the product with relatively extreme
design and high quality. Since profit-type cares only about market share, she would no longer mimic
the product-driven type; instead, she would pick the design at the median 0 which gives him the
highest market share. In this case, product-driven entrepreneur separates from the profit-driven by
caring for designs. Theorem 2 characterizes this separating equilibrium.

Theorem 2. There exists a symmetric separating equilibrium if and only if d ∈ [d2,1], where
d2 =

√
1 − (1 − q∗T )

2. In any separating equilibrium, −x∗A0 = x∗B0 = 0, and −x∗AT = x∗BT ∈ [d2, d).

The equilibrium is unique if T <
λd2

2
4d3 or T > 1

4d2
. In particular, −x∗AT = x∗BT = d2 if T <

λd2
2

4d3 and;
−x∗AT = x∗BT > d2 if d > d2 +

1−λ
8T .

In the third case, when the ideal design is in between (d1, d2), the median consumer may be
indifferent between the product with median design and low quality, and the product with relatively
extreme design and high quality. In this case, product-driven type chooses design at her ideal design,
while profit-driven type is mixing between mimicking the product-driven type and deviating to the
median design. Theorem 3 characterizes this hybrid equilibrium.

Theorem 3. Given λ ∈ (0,1), then for any d ∈ (d1, d2), there exists a unique hybrid equilibrium:
product-driven entrepreneurs choose their ideal design and profit-driven entrepreneurs mix over
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their ideal design and the ideal design of the median consumers, 0. In particular, profit-motivated
entrepreneur B choose design 0 with probability σ∗ and choose design d with probability 1 − σ∗,
and

σ∗ =
1
λ

[
1 −

d2
1

d2

]
.
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Abstract 
Platforms horizontal mergers have become common in recent years, but they vary in operations. 

Some platforms choose to unite their two-side user bases and make all users interoperable 

immediately upon the merger, while others stay separated based on their original user bases 

after the merger. In this paper, we consider two different platforms merger modes: Platforms 

Nominal Merger (PNM) and Platforms Consummated Merger (PCM). With platforms nominal 

merger mode, the merging platforms just make a joint pricing decision without sharing with each 

other user bases. In contrast, the merging platforms not only make a joint pricing decision but 

also share their user bases with platforms consummated merger mode. We provide a theoretical 

analysis of impacts of both PNM and PCM on usage prices, platforms profits, user surplus as 

well as social welfare. Based on this, the endogenous decision of platforms choosing different 

merger mode is analyzed. We then extend the model to examine how both asymmetric indirect 

network effects and users multi-homing affect platform merger mode selection.  

Keywords: Platform merger, Two-sided markets, Platform competition, Indirect network effect 

1. Introduction

Horizontal platform merger has been an intriguing research topic in two-sided markets theory

(Evans, 2003). An increasing number of platforms mergers in recent years, particularly in China

Internet industry (see Table1), keep this issue under the spotlight. When the platforms merger

was considered, whether the traditional merger analysis still applies to platforms with two-sided

nature drew much attention of scholars (Evans and Noel, 2008). Some scholars focused on the

price effect of platforms merger in order to explore when the efficiency defense is necessary in

merger control (Baranes et al., 2016). Others examined the ultimate effect of platforms merger

on consumers—either harms them or benefits them (Correia-da Silva et al., 2019). Taken as a

whole, this work—whether from the viewpoint of antitrust authority or consumers surplus—has

generated significant insights into evaluating the effect of platforms merger.
Table1 Platforms Horizontal Merger Cases in China Internet Industry 

Field Merging platforms Year 

Online video Youku & Tudou 2012 

O2O (Online-to-Offline) Meituan & Dianping 2015 

Classifieds 58 & Ganji 2015 

Online dating Jiayuan & Baihe 2015 

Car-hailing Didi & Uber China 2016 

However, many of these insights were just from the comparison of the situations between 

pre- and post-merger, neglecting the merging operation of platforms. In fact, how to complete 

merger is not the same for platforms in practice. As the merger examples mentioned in Table1, 

some platforms chose to unite their two-side user bases and made all users interoperable right 

after the merger, although platforms mergers did not end up with disappearance of any merging 

platforms—both platforms kept their brands and ran their business separately after the merger. 

Others chose to keep their user bases still divided as they did before the merger, letting both 
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platforms run in parallel without interoperable users. For instance, Youku and Tudou merged in 

March of 2012. On one hand, the two platforms shared and united their user accounts in April, as 

a result, users of each platform could log in another platform by using the same user account. On 

the other hand, the merging platforms unified their advertisement serving systems in September, 

therefore, advertisers could advertise on dual platforms using the same management system. In 

contrast, the merger of 58 and Ganji was not performed in a consummated way. The two 

platforms still stayed independently based on their original user bases and even competed with 

each other for both users and advertisers after the merger, although they are all owned by 58 

group. The different merger operations beg the question: why platforms choose different merger 

mode? To the best of our knowledge, there is limited information available in literature about 

this issue. 

The purpose of this study is to present a theoretical analysis examining what drives 

platforms to choose different merger mode. We aim to highlight the endogenous decision of 

platforms when they complete the merger, which has drawn limited attention of prior work. We 

demonstrate in this paper that the strength and the asymmetry degree of indirect network effects, 

the single/multi-homing users play crucial roles in platforms merger mode selection. Specifically, 

if users are single-homing, merged entity tends to let users interoperable on merging platforms 

when the indirect network effect of merging platforms is comparatively high. Otherwise, 

preserving the status quo as before the merger is a better option. Furthermore, platforms nominal 

merger equilibrium with only one side multi-homing users does not exist, and platforms 

consummated merger equilibrium with both sides users multi-homing does not exist either. 

2. Literature Review

Despite the existence of many merger cases involving competing two-sided platforms, the

literature on such mergers remains scarce. In fact, platforms merger has been discussed since the

early stage of two-sided markets theory. Comparing to merger in single-sided market which was

usually believed to enhance market power and result in higher price and thus lower consumer

welfare (Weinberg, 2008), Evans (2003) however points out this may not be true in two-sided

markets. For one thing, the merger of two platforms affects their price levels and price structures

on two sides, price falling on one side can occur due to the two-sided nature of platform; for

another, consumer welfare may increase even though prices increase on one side or in total as

mergers that increase the customer base on one side increase the value on the other side.

Since the study of Evans (2003), platforms merger effect on price as well as welfare has 

been the research focus of increasing empirical analyses. But till now, the picture is still not clear 

enough. Relying on a spate of mergers in newspaper industry which is a typical two-sided 

markets, Chandra and Collard-Wexler (2009) confirm mergers in two-sided markets may not 

necessarily lead to higher prices for either side of the market, and consumer welfare may 

increase or decrease after a merger, whereas advertiser welfare is unchanged. In a similar vein, 

Filistrucchi et al. (2012) and Van Cayseele and Vanormelingen (2018) find merger effects on the 

subscription price and readers’ welfare are both limited in Dutch and Belgian newspaper industry, 

while Fan (2013) reports the upward subscription prices and negative welfare impacts on readers, 

advertisers and publishers caused by newspapers merger in the US. In other two-sided markets, 

such as the radio industry, Jeziorski (2014) concludes a low listener welfare increase while a 

high advertiser welfare decrease caused by radio stations merger in the US. Sweeting (2010) 

indicates that mergers in the commercial music radio industry lead to important changes in 
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product positioning, and radio stations tend to be more differentiated leaving price effects not 

important. 

In terms of theoretical analysis, Leonello (2010) considers the situation of platforms 

merging to be monopoly based on a Hotelling model. She found that merging firms may have 

incentives to lower their prices on at least one side of the market if indirect network externalities 

are strong enough. Taking into account the efficiency gain generated by merger, Baranes et al. 

(2016) build a Salop model with four platforms to examine the effect of two different merger 

types which are adjacent platforms merger and distant platforms merger. They discovered that 

post-merger price decreases when the indirect network effect is strong in the case of adjacent 

platforms merger. However, post-merger prices fall anyway as long as indirect network effect 

exists in distant platforms merger case, and the falling price is irrelevant to the efficiency gain. 

Therefore, both the merger type and extent of indirect network effect play an important role in 

platforms merger analysis. By incorporating both within-side and cross-side externalities into a 

discrete choice model of random consumer utility maximization, Tan and Zhou (2017) conclude 

that merging platforms have strict incentive to raise price on every side of the markets. 

Correia-da Silva et al. (2019) argues that the Cournot model can be a useful addition to the 

toolkit for merger analysis in multisided markets, proposing the quantity competition between 

platforms instead of the canonical price competition. 

In particular, an implicit assumption—merger would extend user bases of merging 

platforms—has mostly been made by prior work when merger effect is analyzed. However, it 

should be noticed that this assumption only holds when merging platforms decide to share their 

user bases. Whether merging platforms have to do so is still questionable, the endogenous 

decision of how platforms merge together needs to be further explored. 

 

3. Model  
Three platforms are equidistantly on a Salop circle with total length of 1, locating at point 0, 1/3, 

2/3 separately (see Figure1). Platforms compete for users on two sides, and charge both sides 

users usage fees to create revenue. Here we use i  to denote platform, 1,2,3i  , and j  denote 

the user side ,j a b . Users on a, b sides are uniformly distributed along the circle, and denote 

by x  the location of each user, t  the transportation cost of users.  

Figure1: Three Platforms Salop Model 

 
Suppose users on both sides are single-homing, and which platform they choose to join 

depends on the utility they obtain. For the sake of simplicity, assume the indirect network effects 

between two sides of platforms are identical, denoted by . Later we will extend the model to 

the case of asymmetric indirect network effect and multi-homing users. 
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Suppose platform 1 and 2 choose to merge. Ownership pattern in the industry is thus 

changed after platforms merger, suppose however platforms merger does not have any impact on 

their locations. This means that platform1 and 2 still stay where they were (kept their brands) and 

run businesses even after the merger. Consider two platforms merger modes: platforms nominal 

merger (PNM) and platforms consummated merger (PCM). With platforms nominal merger, 

two platforms merge to be one without sharing their user bases, the merged entity just makes a 

joint pricing decision to maximize the aggregation of profits obtained by merging platforms; 

with platforms consummated merger, two platforms merge to be one by making users 

interoperable across merging platforms and optimize the joint prices to maximize their total 

profit. In particular, the difference between PNM and PCM lies in whether users on one side of 

the merged entity can reach users on the other side across merging platforms or not. 

4. Analysis

We then present the equilibria of pre-merger, PNM and PCM case as follows
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4.1 Pre-merger vs. Post-merger 

Theorem 1 With single-homing users, comparing to the pre-merger case, 

(i) platforms merger, regardless of nominal merger or consummated merger, mitigates usage

price competition, always leading to a higher usage price on both sides.

(ii) platforms merger, regardless of nominal merger or consummated merger, always improves

merging platforms profit;

(iii) platforms consummated merger makes users better off if
2

1 1

1

( 61 121) 4

144 9

t t 




 
  ;however, 

platforms nominal merger always leaves users worse off.

(iv) platforms consummated merger makes the social welfare better off if
2
2 2

2

( 13 33) 4

36 9

t t 




 
  , 

while platforms nominal merger makes the social welfare better off if 
2

3 3

t t
  . 

4.2 PNM vs. PCM 

Theorem 2 With single-homing users, comparing to the platforms nominal merger case, 

platforms consummated merger 
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(i) makes the merging platforms enjoy higher profit only if 
5 4

12 9

t t
  ; 

(ii) makes both user surplus and social welfare improved. 

 

5. Platforms Merger Mode & Asymmetric Indirect Network Effects 

Assume the indirect network effect on a side is  , and the indirect network effect on b side is  , 

and k  . Here [0,1]k  denotes the asymmetry degree of indirect network effects.  

Theorem 3 When the asymmetry degree of indirect network effects is low, i.e. 1k k  , platform 

consummated merger makes the merging platforms benefit more only if 1 2    . Otherwise, 

when the asymmetry degree of indirect network effects is sufficiently high, i.e. 0 k k  , platform 

nominal merger makes the merging platforms benefit more. (see Figure 2) 

Figure 2: Merged Entity Profit Difference Between PCM and PNM with Asymmetric Indirect Network Effects 

 

6. Platforms Merger Mode & Multi-homing Users 

We then examine how multi-homing users affect the merger mode selection of platforms. 

 

6.1 One-side multi-homing 

Theorem 4 Equilibrium of platforms nominal merger with one side multi-homing users does not 

exist. Equilibrium of platforms consummated merger with one side multi-homing users exists 

only if 
5 (25 85)

12 36

t t



  . 

This means platforms nominal merger is never optimal with one-side multi-homing users. 

 

6.2 Two-side multi-homing 

Theorem 5 Equilibrium of platforms nominal merger with two- side multi-homing users exists 

only if 1

3

3

N t
   . Equilibrium of platforms consummated merger with two-side multi-homing 

users does not exist. 

This means platform consummated merger is never optimal with two-side multi-homing users. 

 

7. Concluding Remarks 

One conclusion needs to be stressed is that platforms merger can make users better off only by 

PCM mode even though this leads to higher usage prices. This is because users of merging 

platforms are mixed together by PCM mode, which makes each user benefit from contacting 

more users on the opposite side. However, PCM mode does not always make merging platforms 

benefit more than PNM mode does. Which one is better for merging platforms depends on the 
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strength of indirect network effect. Specifically, if the indirect network effect is high enough, 

PCM mode is better; otherwise, PNM is better. 

Considering asymmetric indirect network effects between two sides, we found when the 

asymmetry degree of indirect network effects is too high, platforms can never benefit more from 

PCM mode, no matter what the strength of the higher indirect network effect is. Otherwise, when 

the asymmetry degree of indirect network effects is not too high, the result is quite similar to the 

symmetric indirect network effect case---that is PCM mode makes the merging platforms benefit 

more than PNM mode only if the higher indirect network effect is sufficiently high. 

Merging platforms can combine the merger modes with whether allowing users to be 

multi-homing or not in order to benefit more. Keeping users single-homing after PNM is the 

optimized combination for merging platforms if the indirect network effect is either sufficiently 

low or sufficiently high; while keeping users single-homing after PCM is the optimized 

combination for merging platforms if the indirect network effect is medial. There exists an 

interval of indirect network effect that makes the merging platforms benefit more by allowing 

only one side users to be multi-homing after PCM. However, allowing both sides users to be 

multi-homing is never the optimized choice for merging platforms. 
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Abstract 
 

This paper explores how competing Software-as-a-Service (SaaS) vendors make decisions on 

compatibility in the context of Behavior-based price discrimination (BBPD). We find that both 

SaaS vendors tend to reward switchers under BBPD, but the less efficient firm may adopt 

nondiscriminatory pricing or reward its repeat consumers when unilateral compatibility prevails 

and switching cost is high. Further, when both firms embrace BBPD, both firms will mostly be 

compatible when switching cost is high but incompatible when switching cost is low. Besides, the 

less efficient firm will be unilaterally compatible with its competitor in most scenarios. However, 

the more efficient firm may be unilaterally compatible with the less efficient firm under certain 

conditions, besides, firms’ respective interests and social planner’s interest can be aligned. 

Finally, consumer surplus reaches the largest when firms are incompatible, while social welfare 

and industry profits reach the peak when firms are compatible or unilaterally compatible. 

 

Keywords: Behavior-based price discrimination, Compatibility Decision, Switching cost, SaaS 

 

1. Introduction 
With the rapid development of information technology, it is feasible for sellers to condition their 

price offers on consumers’ prior purchase history (Acquisti and Varian 2005; Yuxin and Iyer 

2002). Behavior-based price discrimination (BBPD), referring to the fact that firms charge 

different prices to the past consumers and the new consumers based on their purchase history 

(Fudenberg and Tirole 2000; Fudenberg and Villas-Boas 2007), is being widely adopted in 

software services industries with the prevalence of SaaS. In the competitive setting, the SaaS 

providers always offer financial discounts to customers to shift from a rival. For instance, New 

Atlanta (the producer of BlueDragon) adopts Competitive Liscense Subscription Transfer 

Program to attract consumers to trade-in their existing ColdFusion (which is a competitor of 

BlueDragon) license with valid subscription to BlueDragon license with discounts of up to 72% of 

current BlueDragon subscription rates1. Other software services such as Microsoft CRM2 and 

Microsoft OneDrive3 also adopt such a strategy. Unlike on-premises software with perpetual 

licensing which is a kind of durable goods, SaaS adopts subscription pattern which makes it a kind 

of perishable goods. Namely, consumers have to reconsider whether to renew the services after 

each period under SaaS model, which will provide more convenience for SaaS providers to adopt 

BBPD to poach their rivals’ consumers. Thus in SaaS era, when SaaS vendors design their 

products and set prices for their products, BBPD becomes a more and more important factor for 

                                                 
1 https://www.newatlanta.com/corporate/news/bluedragon_competitive_upgrades.jsp 
2 https://www.infoworld.com/article/2822852/microsoft-looks-to-poach-salesforcecom-customers-with-aggressive-pricing.html?n

sdr=true 
3 https://www.microsoft.com/en-us/microsoft-365/blog/2018/02/06/make-the-switch-to-onedrive-for-improved-productivity-and-c

ost-savings/ 
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them to consider. Besides, when consumers subscribe SaaS, they should also take firms’ BBPD 

into consideration. 

Switching cost (or lock-in) is a major barrier for consumers (or vendors) when they are deciding 

whether to replace their existing products with a new one, which is often observed in software 

industry (Zhu et al. 2006). For instance, a ColdFusion user will consider whether files generated by 

ColdFusion could be manipulated by BlueDragon; a CRM user will consider whether those files 

generated by the previous CRM software can be imported into the new one; an Office software 

user will consider whether the new Office software can open and edit the files created by the old 

one, and so forth. If the answer is no, consumers will be unwilling to switch to the new software 

services. For software products, compatibility is a main factor reducing the switching cost between 

products. Software vendors could improve their products’ compatibility with the rival to reduce 

switchers’ switching cost. For example, BlueDragon 7.0 was designed to be compatible with 

Adobe ColdFusion MX 7.0.2, in this way, Atlanta BlueDragon could poach Adobe ColdFusion’s 

users more easily by reducing the switchers’ switching cost. 

For two competing software services, there are four types of compatibility scenarios: 

compatibility (both products are compatible with each other), unilateral compatibility (one is 

compatible with the other, but the latter is not compatible with the former, and the opposite is 

another case) and incompatibility (both products are incompatible with each other). Different 

compatibility scenario will have different effect on the implementation of BBPD, and taking the 

BBPD into account when choosing compatibility strategy in product design stage is also an 

imperative for SaaS providers. In this paper, we want to address the following questions: (i) When 

two firms’ product qualities are vertically differentiated, how will firms implement BBPD 

strategies under different compatibility scenarios between both products? (2) How to make the 

optimal choices on compatibility between both firms’ products under BBPD? 

2. Literature Review
The first stream of literature related to our study is on behavior-based price discrimination. The

study closest to ours was conducted by Jing (2016) who examined how behavior-based price

discrimination (BPD) affects the firms’ endogenous quality differentiation and profits in a

two-period vertical duopoly. However, we focus on the compatibility decisions between both

firms’ products which can affect the switching cost, while Jing (2016) do not consider switching

cost or compatibility choices. Secondly, we consider marginal service cost rather than marginal

production cost, which is constrained as increasing, convex in product quality by Jing (2016).

Finally, we provide far richer results than Jing (2016). For example, we find that the sufficiently

less efficient firm may adopt nondiscriminatory pricing or charge a lower price to repeat

consumers rather than to switchers when unilateral compatibility prevails and switching cost is

high, which differ from Jing (2016) where firms always charge a lower price to switchers than to

repeat consumers under BBPD.

  Our work also aligns with studies on competition in the context of BBPD and switching costs. 

The work closest to our paper in this stream is Mehra et al. (2012), who examined the competitive 

behavior-based price discrimination for software upgrades considering switching costs. However, 

they consider on-promises software which is a kind of durable goods, while we consider SaaS 

which belongs to nondurable goods. Besides, they consider an incumbent-entrant problem where 

only the entrant could poach the incumbent’s customers but the opposite is not the case, while we 

consider that two firms can simultaneously adopt BBPD so that both can poach the competitor’s 

consumers mutually.  
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  Finally, our study is also related to compatibility choices between the competing firms in digital 

market. The most relevant work to our paper in this stream was conducted by Li and Chen (2012), 

who investigated how the IT manager’s commit to exclusive purchase from one single seller affect 

the competing firms’ compatibility and when the manager will make such a commit. However, 

they just considered one-period price decision and did not consider firms’ BBPD in the succeeding 

period, which will be our focus. Secondly, they just allowed for mutual compatibility or mutual 

incompatibility, while we additionally consider unilateral compatibility between two firms, 

enriching the market setting. Thirdly, they regarded the behavior of consumers (whether to commit 

to exclusive purchase from one single seller) as the driving factor affecting firms’ compatibility 

decisions, while in our paper firms’ future BBPD consideration, firms’ relative service efficiency 

and switching cost will be the driving factors affecting their compatibility decisions. 

 

3. Model  
Following Jing (2016), we assume that a consumer of 𝜃  gains surplus 𝑣0 + 𝜃𝑞 − 𝑝  when 

purchasing a product of quality 𝑞 ∈ [𝑞, +∞] at price p, where 𝑣0 is a constant. Any product 

meeting the minimum quality standard 𝑞 delivers some basic utility 𝑣0 to all consumers. We 

assume that 𝑣0 is large enough so that all consumers purchase in each period. Consumer type 𝜃 is 

uniformly distributed over [0,1]. Two firms, Firm H and Firm L, operate the market and face 

marginal cost 𝑐𝑖  (𝑖 = 𝐻, 𝐿). In our software service setting, this cost refers to the marginal 

expenses in service and support. To avoid the familiar Bertrand outcome, two firms will choose 

different qualities 𝑞𝐻 and 𝑞𝐿, namely 𝑞𝐻 > 𝑞𝐿. Consistent with Jing (2016), we use 𝑑 ≡
𝑐𝐻−𝑐𝐿

𝑞𝐻−𝑞𝐿
 

to stand for the relative efficiency of two firms. Namely, if 𝑑 > 1/2, the low-quality firm is 

more efficient, otherwise the high-quality firm is more efficient. 

The timing of the BBPD scenario is as follows. In period 0, each firm chooses and commits to 

product qualities 𝑞𝑖 simultaneously. After observing each other’s decision on qualities, the firms 

choose and commit to whether its product will be compatible with the rival’s product. In period 1, 

observing each other’s choices on quality and compatibility, each firm sets a single price 𝑎𝑖 due to 

the lack of purchase history. In period 2, observing each firm’s consumers purchase history, firm i 

sets price 𝑏𝑖
𝑅 for its repeated consumers and 𝑏𝑖

𝑆 for switchers.  

If consumers of firm i switch to the rival’s product, they will incur a switching cost 𝑠 if the 

rival’s product is incompatible with their own product; otherwise they will incur no switching cost. 

We use 𝑍𝑖  to denote the compatibility status of firm i with the other, namely, if firm i is 

compatible with the rival, then 𝑍𝑖 = 1 , otherwise 𝑍𝑖 = 0 . There will be four market 

configurations according to both firms’ compatibility choices: CC (both are compatible with each 

other); CI or IC (One is unilaterally compatible with the other) and II (both are incompatible with 

each other). 

Then both periods’ market segmentations are presented in Figure 1. In period 1, consumers 

located in [𝜃𝐷, 1] will purchase product from Firm H and consumers located in [0, 𝜃𝐷] will buy 

product from Firm L. In period 2, consumers located in [0, 𝜃𝐿 ] and [𝜃𝐻, 1] will repeatedly 

purchase product from Firm L and Firm H respectively, and consumers located in [𝜃𝐿 , 𝜃𝐷] and 

[𝜃𝐷, 𝜃𝐻] will switch to buy the product from Firm H and Firm L respectively. We categorize 

consumers into four types: Type LL, buying product L in both periods; Type LH, buying product L 

in period 1 and switching to product H in period 2; Type HL, buying product H in period 1 and 

switching to product L in period 2; Type HH, buying product H in both periods.  
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Figure 1. Two Periods’ Market Segmentations under BBPD 

Consumer utilities in period 2 are as follows: 𝑢2
𝐻𝐻 = 𝑣0 + 𝜃𝑞𝐻 − 𝑏𝐻

𝑅, 𝑢2
𝐻𝐿 = 𝑣0 + 𝜃𝑞𝐿 − (1 −

𝑍𝐿)𝑠 − 𝑏𝐿
𝑆 , 𝑢2

𝐿𝐻 = 𝑣0 + 𝜃𝑞𝐻 − (1 − 𝑍𝐻)𝑠 − 𝑏𝐻
𝑆 , 𝑢2

𝐿𝐿 = 𝑣0 + 𝜃𝑞𝐿 − 𝑏𝐿
𝑅 . By equating 𝑢2

𝐻𝐻  and 

𝑢2
𝐻𝐿, we could calculate 𝜃𝐻. By equating 𝑢2

𝐿𝐻 and 𝑢2
𝐿𝐿, we could calculate 𝜃𝐿. The profits of 

Firm H and Firm L in the second period are: Π𝐻2 = (1 − 𝜃𝐻)(𝑏𝐻
𝑅 − 𝑐𝐻) + (𝜃𝐷 − 𝜃𝐿)(𝑏𝐻

𝑆 − 𝑐𝐻)   
and Π𝐿2 = (𝜃𝐻 − 𝜃𝐷)(𝑏𝐿

𝑆 − 𝑐𝐿) + 𝜃𝐿(𝑏𝐿
𝑅 − 𝑐𝐿). The optimal second-period prices 𝑏𝐻

𝑅 , 𝑏𝐻
𝑆 , 𝑏𝐿

𝑅 

and 𝑏𝐿
𝑆 could be obtained by optimizing each firm’s second-period profits.  

In period 1, the total expected surplus of 𝜃𝐷  buying H in period 1 becomes 𝑢1
𝐻 = (𝑣0 +

𝜃𝐷𝑞𝐻 − 𝑎𝐻) + (𝑣0 + 𝜃𝐷𝑞𝐿 − 𝑏𝐿
𝑆 − (1 − 𝑍𝐿)𝑠) and that of 𝜃𝐷  buying L in period 1 becomes 

𝑢1
𝐿 = (𝑣0 + 𝜃𝐷𝑞𝐿 − 𝑎𝐿) + (𝑣0 + 𝜃𝐷𝑞𝐻 − 𝑏𝐻

𝑆 − (1 − 𝑍𝐻)𝑠). Indifference to H and L leads to 𝜃𝐷, 

and the firms’ period 1 objective functions are: Π𝐻 = (1 − 𝜃𝐷)(𝑎𝐻 − 𝑐𝐻) + Π𝐻2  and  Π𝐿 =
𝜃𝐷(𝑎𝐿 − 𝑐𝐿) + Π𝐿2. We could obtain the optimal first-period prices 𝑎𝐻 and 𝑎𝐿 by optimizing 

each firm’s total profits. Then the optimal prices, market shares and profits under BBPD in 

different cases of compatibility strategy could be obtained (Due to space limitation, we omit the 

detailed outcomes).  

 

4. Pricing Pattern 
In this section, we compare firms’ prices charged to switchers and repeat consumers under 

different compatibility scenarios (In the rest of paper, d with a numerical subscript is a linear 

function of s ∆𝑞⁄ . Due to page limitation, we omit the detailed information about them). 

Proposition 1. (The Impacts of Different Compatibility Choices on Poaching) 

(i) In case CC and case II, 𝑏𝑖
𝑅 > 𝑏𝑖

𝑆; 

(ii) In case CI, for Firm H, 𝑏𝐻
𝑅 > 𝑏𝐻

𝑆  when 𝑑4 < 𝑑 < 𝑚𝑖𝑛{𝑑6, 𝑑11} and 0 < 𝑠/∆𝑞 < 1/2; 

but 𝑏𝐻
𝑅 ≤ 𝑏𝐻

𝑆  when 𝑚𝑎𝑥{𝑑4, 𝑑11} ≤ 𝑑 < 𝑑9 and 1/4 < 𝑠/∆𝑞 < 7/10. As for Firm L, 

𝑏𝐿
𝑅 > 𝑏𝐿

𝑆 in any condition. 

(iii) In case IC, for Firm H,  𝑏𝐻
𝑅 > 𝑏𝐻

𝑆  in any condition of case IC, and 𝑏𝐿
𝑅 > 𝑏𝐿

𝑆 when 

𝑚𝑎𝑥{𝑑1, 𝑑12} < 𝑑 < 𝑑8  and 0 < 𝑠/∆𝑞 < 1/2 ; but 𝑏𝐿
𝑅 ≤ 𝑏𝐿

𝑆  when 𝑑10 < 𝑑 ≤
𝑚𝑖𝑛{𝑑8, 𝑑12} and 1/4 < 𝑠/∆𝑞 < 7/10.  

  
Case CI Case IC 

Figure 2. Comparisons between Prices for Repeat Consumers and Switchers in Case CI and Case IC 
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As presented in Figure 2, when both firms’ compatibility decisions are identical, both will 

reward (by charging a lower price to) switchers. But when both firms’ compatibility decisions are 

different, the firm compatible with the rival has an advantage in luring the rival’s consumers in 

period 2. Further, as switching cost increases and production efficiency decreases, this type of 

advantage will become more salient. As a result, the advantaged firm may adopt 

nondiscriminatory pricing or reward its repeat consumers, while the rival firm will have to 

continue to reward its switchers more aggressively. 

 

5. Equilibrium Analysis 
Through the equilibrium analysis, we can get the proposition 2.  

Proposition 2. (The Market Equilibrium under Different Sets of Market Configurations) 

(i) When 0 < 𝑠/∆𝑞 < 1/4 and 𝑚𝑎𝑥{𝑑4, 𝑑23} < 𝑑 < 𝑚𝑖𝑛{𝑑8, 𝑑24}, or when 0 < 𝑠/∆𝑞 <
1/3 and 𝑑3 < 𝑑 < 𝑚𝑖𝑛{𝑑4, 𝑑8}, or when 0 < 𝑠/∆𝑞 < 1/3 and 𝑚𝑎𝑥 {𝑑4, 𝑑8} < 𝑑 < 𝑑5, 

the equilibrium is II; 

(ii) When 0 < 𝑠/∆𝑞 < 1/11 and 𝑑2 < 𝑑 < 𝑚𝑖𝑛{𝑑3, 𝑑22}, or when 0 < 𝑠/∆𝑞 < 1/11 and 

𝑚𝑎𝑥 {𝑑5, 𝑑21} < 𝑑 < 𝑑7, or when 1/3 < 𝑠𝑞 < 1 and 𝑚𝑎𝑥 {1/2, 𝑑5} < 𝑑 < 𝑚𝑖𝑛{𝑑4, 𝑑7}, 

or 1/3 < 𝑠𝑞 < 1 and 𝑚𝑎𝑥 {𝑑2, 𝑑8} < 𝑑 < 𝑚𝑖𝑛{𝑑3, 1/2}, the equilibrium is CC; 

(iii) When 0 < 𝑠/∆𝑞 < 1/9  and 𝑑4 < 𝑑 < 𝑑23 , or when 1/17 < 𝑠/∆𝑞 < 1/2  and 

𝑚𝑎𝑥 {𝑑4, 𝑑5} < 𝑑 < 𝑚𝑖𝑛{𝑑7, 𝑑21}, or when 0 < 𝑠/∆𝑞 < 7/10 and 𝑚𝑎𝑥 {𝑑4, 𝑑7} < 𝑑 <
𝑚𝑖𝑛{𝑑6, 𝑑9}, the equilibrium is CI; 

(iv) When 0 < 𝑠/∆𝑞 < 1/9  and 𝑑24 < 𝑑 < 𝑑8 , or when 1/17 < 𝑠/∆𝑞 < 1/2  and 

𝑚𝑎𝑥 {𝑑2, 𝑑22} < 𝑑 < 𝑚𝑖𝑛{𝑑3, 𝑑8} , or when 0 < 𝑠/∆𝑞 < 7/10  and 𝑚𝑎𝑥 {𝑑1, 𝑑10}8 <
𝑑 < 𝑚𝑖𝑛{𝑑2, 𝑑8}, the equilibrium is IC; 

(v) When 1/4 < 𝑠/∆𝑞 < 1/2  and 𝑚𝑎𝑥 {𝑑3, 𝑑8} < 𝑑 < 𝑚𝑖𝑛 {𝑑4, 𝑑5} , there exists two 

equilibrium: II and CC. 

 

  
(i) Total Profits (ii) Social Welfare 

Figure 3. Market Equilibrium in 

{𝒅, 𝒔𝒒} Space when ∆𝒒 = 𝟏 

Figure 4. The Optimal Total Profits and Social Welfare under 

BBPD in {𝒅, 𝒔} Space when ∆𝒒 = 𝟏 

We present the equilibrium in Figure 3. We find that in most conditions when switching cost is 

high enough, both firms will be compatible with each other in equilibrium; when switching cost is 

modest, the less efficient firm will be compatible with the more efficient one; when switching cost 

is small, both firms are more likely to be incompatible with each other in equilibrium. But when 

switching cost is very small, there will be some counterintuitive equilibrium. For instance, the 

more efficient firm may be unilaterally compatible with the less efficient one, or both firms may be 

compatible. By analyzing consumer surplus and social welfare, we can obtain the Proposition 3. 

Proposition 3. (Consumer Surplus, Total Profits and Social Welfare)  
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(i) 𝐶𝑆𝐶𝐶 < 𝐶𝑆𝐶𝐼 = 𝐶𝑆𝐼𝐶 < 𝐶𝑆𝐼𝐼, namely, consumer surplus is the largest in case II and the 

smallest in case CC under any condition. 

(ii) When 𝑑33 < 𝑑 < 𝑑34 and 0 < 𝑠/∆𝑞 <
4

11
, total profit is the largest under case CC; 

when 𝑑 > 𝑚𝑎𝑥{1/2, 𝑑34} , total profits are the largest under case IC; when 𝑑 <
𝑚𝑖𝑛{1/2, 𝑑33}, total profits are the largest under case CI,. 

(iii) When 𝑑37 < 𝑑 < 𝑑38 and 0 < 𝑠/∆𝑞 <
4

23
, social welfare is the largest in case CC; 

when 𝑑 > 𝑚𝑎𝑥{𝑑38, 1/2}, social welfare is the largest in case IC; when 𝑑 < 𝑚𝑖𝑛{𝑑37, 1/
2}, social welfare is the largest in case CI. 

Consumer surplus is the largest when both firms are incompatible while is the smallest when 

both firms are compatible in any condition. As for total profits (social welfare), as presented in 

Figure 4, when switching cost is small and the difference of both firms’ production efficiency is 

not very large (the threshold of the total profits is larger than that of the social welfare), total profits 

(social welfare) will be the largest when both firms are compatible. Otherwise, total profits (social 

welfare) will be the largest when the less efficient firm is unilaterally compatible with the more 

efficient firm. By comparing Figure 3 and Figure 4(ii), we could find that under certain conditions 

(the unusual unilateral compatibility equilibrium prevails when one firm’s service efficiency is 

high and switching cost is low), firms’ optimal compatibility choices can also ensure the largest 

social welfare. Namely, firms’ respective interests and the social planner’s interest can be aligned. 

 

6. Conclusions 
In this paper, we examine how competing SaaS vendors will implement BBPD under different 

compatibility scenarios and how they make the optimal compatibility choices in the context of 

BBPD. We find that when both firms’ compatibility choices are the same, both firms will reward 

switchers by charging a lower price for switchers than repeat consumers. But when both firms’ 

compatibility decisions are different and switching cost is high, the less efficient firm may adopt 

nondiscriminatory pricing or reward its repeat consumers by charging a lower price for repeat 

consumers than switchers. When both firms embrace BBPD, both firms will mostly be compatible 

(incompatible) in equilibrium when switching cost is high (low); when switching cost is moderate, 

the less efficient firm will be compatible with the more efficient one in equilibrium. But when 

switching cost is very small, the more efficient firm may be unilaterally compatible with the less 

efficient firm, besides, firms’ respect interests and the social planner’s interest can be aligned in 

this case. Finally, consumer surplus reaches the largest when firms are incompatible, while social 

welfare and industry profits reach the peak when firms are compatible or unilaterally compatible. 

Social welfare and total profits can reach the peak simultaneously in most cases, except when 

switching cost is small and the difference of two firms’ production efficiency is moderate.  
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Regulating Institutionalized Players in Peer-to-Peer Markets: 
Evidence from Airbnb 

Abstract 

The influx of “institutionalized players”—large companies or powerful individuals—in peer-to-
peer (P2P) platforms has been widely documented. Yet the impacts of these institutionalized 
players and whether platforms should regulate their participation are largely unanswered. 
Utilizing a unique policy change on Airbnb, we evaluate the role of institutionalized players on 
market structure and transaction efficiency in peer-to-peer markets. We find that restricting the 
participation of institutionalized players, the goal of the policy change, leads to, first, mitigation 
in market concentration. Consequently, it increases consumer welfare by lowering the equilibrium 
price and improving service quality. On the other hand, hosts suffer a reduction in revenue after 
the policy change. We also document heterogeneity in the treatment effects across markets with 
different characteristics. Our results offer important policy and managerial implications. 

Keywords: P2P markets, Platform economy, Market structure, Heterogeneous treatment effects 

1. Motivation and Research Questions

The benefits of peer-to-peer (P2P) platforms such as Airbnb, Lending Club, and Uber are clear 
enough—underutilized resources are put to use for extra earning, and consumer choice is expanded 
(Horton and Zeckhauser 2016). In the early years, the suppliers on these platforms were 
dominantly individuals possessing limited resources. But this picture has changed drastically over 
the last few years, with a new class of “institutionalized players” (e.g., large companies and 
powerful individuals) rising to eradicate the peer-to-peer nature (Say, 2014). For example, hosts 
who operate multiple properties account for relatively large market shares of peer-to-peer home 
sharing. 1  Institutional investors on Lending Club dominate peer-to-peer lending and equity 
crowdfunding. 2  The very institutions that P2P platforms aimed to disrupt seem now their 
dominating figures.  

What are the impacts of institutionalized players in P2P markets? Should P2P platforms regulate 
the participation of institutionalized players? These are largely unanswered questions in the 
literature, yet centric to the value proposition and viability of P2P platforms. In this research, we 
offer new evidence to the debate by investigating the role of institutionalized hosts—those who 
operate multiple properties on Airbnb—and their impacts on the home-sharing marketplace. As of 
2018, Airbnb provides access to over 5 million properties in more than 81,000 cities and 191 
countries. It is widely regarded as the unicorn of P2P home sharing. Our research questions are: 
(1) How do institutionalized hosts impact the market structure and competitive environment?
(2) How do they affect market equilibrium outcomes such as price and transaction volume?
(3) What is their impact on the entry and exit of smaller hosts in the market?
(4) Do they increase or decrease the overall service quality of the market?
(5) Should Airbnb regulate the participation of institutionalized hosts?

1 Source: https://consumerist.com/2017/06/09/some-airbnb-mega-hosts-are-renting-out-more-than-1000-properties-at-once/ 
2 Source: https://www.forbes.com/sites/groupthink/2014/10/14/the-disappearance-of-peer-to-peer-lending/#48f2ea34c1d0 
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We seek answers to these questions by utilizing a quasi-experimental opportunity when Airbnb 
announced and implemented a policy that caps the participation of institutionalized hosts in several 
major U.S. cities. We collect data on Airbnb and deploy a plethora of estimations involving 
difference-in-differences and synthetic controls using this policy shock to identify the impact of 
institutionalized hosts. Our estimation reveals how market structure, competitive environment, 
equilibrium outcomes (price and transaction volume), and service quality changed after the policy 
in zip codes of the treated cities compared with those in the unaffected cities. 

 
Our analysis gleans a number of insights. First, the policy restricts institutionalized hosts, and 
market concentration is mitigated. The supply, however, has increased due to an influx of smaller 
hosts. Consumers have benefited from decreased price and increased service quality, even though 
the revenue of the hosts have decreased. Second, we find that regulating institutionalized hosts 
drives supply, hosts revenue, as well as service quality in high-penetration zip codes, but hit the 
price and hosts revenue in low-penetration regions. The findings provide timely and managerially 
relevant recommendations on supplier management that is centric to any P2P platforms. 

 
2. Literature and Contributions  

 
Our research is related to the literature on the peer-to-peer economy, multisided markets, and 
platform-based markets. First, existing research on the peer-to-peer economy has primarily 
investigated the competition between P2P markets and incumbent firms (Li and Srinivasan, 2018; 
Zervas, Proserpio, and Byers, 2017) and the externality of peer-to-peer economy to local markets 
(Chen, Wei, and Xie, 2018; Filippas and Horton, 2017). Our work shifts the focus toward 
institutionalized players within the peer-to-peer economy and pinpoints their impacts.    

 
Second, our work contributes to the growing literature on multisided markets, as Airbnb 
exemplifies a two-sided platform. Much of this literature has modeled the behavior of firms and 
individuals in two-sided markets, including cross externality and multi-homing (Rochet and Tirole 
2003; Armstrong 2006). However, the governance rules of two-sided platforms, especially 
platforms as regulators, are underexplored (Boudreau and Hagiu 2009). Our work responds to the 
call by empirically studying a setting in which a P2P platform purposefully regulates 
institutionalized suppliers and the market performance implications of such a regulation.   

 
Lastly, our research expands the literature on platforms-based markets. This literature has viewed 
platforms as lowering the cost of suppliers to bring their products and services to the markets 
(Athey and Gans, 2010; Seamans and Zhu, 2014). Platforms such as Airbnb provides sufficiently 
low costs for hosts to profitably list remnant inventory online (Zervast et al. 2017). Our work 
investigates the consequences of a platform lowering the barrier to competing for small suppliers. 
It expands the research of platform-based markets by demonstrating how the platform can 
incentivize suppliers' entry and performance.   
 
3. Methods and Results  
 
Since 2016, Airbnb has rolled out a policy across U.S. cities—with New York City, San Francisco, 
and Portland being first impacted—to cap the participation of hosts with multiple properties. The 
policy allows explicitly a host to only post listings at a single address on its platform—the so-
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called "One Host, One Home" policy. Figure 1 depicts the timeline of the staggered rollout of the 
policy in these three cities.  
 

Figure 1. The Timeline of the “One Host, One Home” Policy 

 
 
3.1 Impacts of Institutionalized Hosts  
 
Instead of utilizing the entry of a platform in local areas (Zervas, Proserpio, and Byers 2017), we 
study a policy that removed existing listings from hosts with multiple homes and simultaneously 
precluded potential entrants. We utilize the rollout of the policy and employ a quasi-experimental 
design through difference-in-differences and synthetic control approaches to identify the impact 
of capped institutionalized hosts. The zip codes in cities that have experienced the policy shock 
are the treatment group, and other zip codes in cities that have not experienced the policy shock 
are the control group. The resulting model is as follows:  

 𝑌𝑖𝑡 = 𝛽11(Announcement) 𝑖𝑡+𝛽21(Implementation) 𝑖𝑡+𝛾'𝑍𝑖𝑡 +µ𝑡 +v𝑖 +𝜀𝑖𝑡, (1) 

where the indicator 1(Announcement)it equals 1 if the policy was announced in zip code i by time 
t; 1(Implementation)it equals 1 if the policy was implemented in zip code i by month t; 𝑍𝑖𝑡 is a 
vector of covariates including zip code demographics and city-specific trends; µ𝑡 denotes year-
month fixed effects; vi denotes zip code fixed effects; and 𝜀𝑖𝑡 is the idiosyncratic error term. We 
separate the announcement from the implementation because announcing the policy may change 
the hosts’ expectations and their property allocation.  
 
For the dependent variable Yit, we use six variables in three categories to estimate the impact of the 
policy on different aspects of the P2P market. First, the policy may change the composition of 
suppliers and therefore the market concentration, which is measured with the Herfindahl-
Hirschman Index (HHI). We use the reservations of each host to calculate the market share in the 
month. The value of HHI is between 0 and 1. Second, we examine the responses of the hosts by 
examining the total supply within the zip code (Bookable Days) and the weighted average daily 
rate (Weighted ADR). Third, we investigate how these changes lead to the market equilibrium 
outcomes such as total reservations (Reserved Days), revenue (Revenue), and service quality 
(Rating) of hosts in a zip code. Except for HHI, we transform all the dependent variables using 
natural logarithm so that the interpretation of the coefficients is by percentage change. 
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Table 1. Impact of the Policy Announcement and Implementation 
 (1) (2) (3) (4) (5) (6) 
DV: HHI Bookable 

Days 
Weighted 

ADR 
Reserved 

Days 
Revenue Rating 

Panel (a): Full Sample 
1(Announcement) -0.0270*** 0.0348** -0.0500 0.0092 0.0046 0.0009 
 (0.0088) (0.0140) (0.0345) (0.0249) (0.0575) (0.0074) 
1(Implementation) -0.0194*** 0.0734*** -0.0639** -0.0268 -0.1025** 0.0166*** 
 (0.0067) (0.0120) (0.0249) (0.0211) (0.0437) (0.0064) 
Observations 15,758 15,758 15,758 15,758 15,758 15,288 
R-squared 0.6495 0.9745 0.5478 0.9522 0.8706 0.1943 
Panel (b): High-Penetration Subsample 
1(Announcement) 0.0002 0.0639*** 0.0239 0.0859*** 0.1112*** 0.0042** 
 (0.0042) (0.0145) (0.0166) (0.0232) (0.0329) (0.0017) 
1(Implementation) -0.0158*** 0.1426*** -0.0056 0.0174 0.0144 0.0011 
 (0.0038) (0.0118) (0.0144) (0.0196) (0.0278) (0.0011) 
Observations 8,048 8,048 8,048 8,048 8,048 7,811 
R-squared 0.7224 0.9756 0.7376 0.9578 0.9323 0.1623 
Panel (c): Low-Penetration Subsample 
1(Announcement) -0.0543*** 0.0090 -0.1160* 0.0193 -0.0899 -0.0023 
 (0.0172) (0.0229) (0.0677) (0.0580) (0.1103) (0.0150) 
1(Implementation) -0.0270** 0.0188 -0.1120** -0.0779* -0.1870** 0.0339** 
 (0.0125) (0.0185) (0.0477) (0.0452) (0.0810) (0.0134) 
Observations 7,710 7,710 7,710 7,710 7,710 7,477 
R-squared 0.5631 0.9535 0.4574 0.8721 0.7769 0.1964 
*** p<0.01, ** p<0.05, * p<0.1. 
Note. Robust standard errors clustered at the zip code level are shown in parentheses. All specifications include 
ACS controls, zip code fixed effects, year-month fixed effects, and a city-specific time trend.  

 
Panel (a) in Table 1 reports the estimated impact of the policy announcement and implementation 
with the full sample. Column (1) shows that after the policy announcement, the HHI, on average, 
decreased by 0.027 and another 0.019 after the implementation in treatment cities. In total, the 
HHI decreased by 0.046 in treatment cities because of the policy. Hence, the policy indeed seems 
to have restricted the institutionalized hosts and decreased market concentration. Column (2) 
reveals that after the policy announcement and implementation, the total supply within the treated 
zip codes has increased by 6.39% and 14.26%, correspondingly. In total, the bookable days have 
increased by 20.65%. It seems that even though the policy has restricted institutionalized hosts, it 
may have encouraged hosts who have only one listing to enter the market. Column (3) shows that 
the average price of listings in the market has decreased after the policy, mainly after policy 
implementation. This may be due to the increased supply as shown in Column (2), or because the 
newly entered smaller hosts are less sophisticated in setting the price (Li, Moreno, and Zhang 
2016). 
 
Column (4) shows how the equilibrium demand change after the policy. Both coefficients are not 
statistically significant. Hence, the demand does not seem to change much. Consequently, we find 
that the total revenue of hosts in the treated zip codes has decreased after the policy implementation 
in Column (5) because the price has dropped and the demand does not change much. Lastly, as 
shown in Column (6), the average rating increases by 1.66% after the policy implementation. This 
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suggests that the overall service quality may have increased due to the change of the market 
concentration and composition of suppliers. In summary, even though the policy restricts 
institutionalized hosts, the supply has increased probably due to the entry of smaller hosts. And 
the consumers may have benefited from decreased price and increased service quality, even though 
the revenue of the hosts and the platform may have decreased.  
 
To mitigate the concern that the donor zip codes in the control cities are not ideal counterfactuals, 
we also apply a synthetic control approach (Abadie, Diamond, and Hainmueller 2010). By 
comparing the market concentration, equilibrium, and service quality aggregated in a treated zip 
code to its synthetic controls, we estimate and verify the impact of the policy. Additionally, our 
estimations of the relative time model confirm the parallel trend assumption between the treated 
and control cities (Angrist and Pischke 2008).  

 
3.2 Heterogeneous Treatment Effects across Markets   
 
We next employ subsample analysis to investigate the treatment heterogeneity. The goal is to see 
how the impacts of the policy differ in markets with different Airbnb penetrations. The results can 
provide insights on where Airbnb should enforce such policies to restrict institutionalized hosts. 
We first calculate the Airbnb penetration ratio by dividing the Airbnb listing numbers by the total 
number of housing units in each zip code. We then classify the zip codes in a city as high-
penetration or low-penetration according to the median penetration ratio in the city, and divide the 
sample into high- and low-penetration subsamples. This process allows the high-penetration zip 
codes in the treatment group to be compared with those in the control group. We then re-run 
regression as in Equation (1) on these two subsamples.  
 
The subsample results are presented in Panels (b) and (c) in Table 1, which reveal several nuanced 
insights in terms of the treatment heterogeneity. First, even though the market concentration 
decreases in both high- and low-penetration areas, the magnitude of the decrease is much larger in 
low-penetration zip codes, as shown in Column (1). Second, Columns (2) and (3) reveal that the 
supply increase mainly happens in high-penetration zip codes, while the price decrease seems to 
be mainly driven by low-penetration zip codes.  Third, the reservation and revenue have increased 
in high-penetration zip codes while decreased in low-penetration zip codes, as evidenced in 
Columns (4) and (5). Finally, Column (6) shows that the rating increases in both subsamples, 
though the increase is larger in the low-penetration subsample. These results suggest that the 
regulation of institutionalized hosts may have different consequences in markets with different 
penetrations. In high-penetration zip codes, regulating institutionalized hosts may increase supply, 
hosts revenue, as well as service quality. Meanwhile, the price and hosts revenue may decrease in 
low-penetration regions. Therefore, it seems the platform should regulate institutionalized hosts in 
high-penetration areas, and be cautious in low-penetration markets.  
 
4. Concluding Remarks 
 
As peer-to-peer economy proliferates, it stands to reason that platforms need to be responsive to 
changes—starting from understanding the internal environment in which institutionalized players 
rise to challenge the P2P business model. Our research is geared precisely towards this perspective 
and is managerially relevant to platforms that are interested in aligning business models to new 
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environments for viability. Our findings imply that regulating institutionalized players may 
encourage the entry of smaller players, thus increasing the supply and benefit consumers with 
lower price and higher service quality. Moreover, the effect seems to be heterogeneous across 
markets with different penetration rate. When the penetration is low, the regulation may hurt the 
revenue of suppliers. However, when the penetration is high, the hosts may benefit from the 
regulation. The findings provide managerially relevant insights into supplier management for P2P 
platforms. Our research also makes the first attempt to explore the role of institutionalized players 
in P2P platforms and their impacts across different markets. Our method integrates causal 
inference and heterogeneous effects to generate relevant business and policy recommendations 
across markets. 
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Smuggling Activity Detection in Smart Cities: A Perspective from Internet of 
Things 

 
 

Abstract 
 
Smuggling poses great threats to the state’s economic prosperity and the order of its market 
economy. Since intercepting the vehicles used to transport contraband in transit is one of the most 
feasible way to stop smuggling activities, it has become a crucial point to assist the border guards 
to identify suspicious vehicles efficiently by applying information technologies. The main 
contribution of our work is incorporating internet of things features, which derived from data 
collected using different information and communications technologies, into the smuggling vehicle 
detection approach. We conduct a comparative experiment to validate the efficiency of our 
proposed approach on real-world datasets. 
 
Keywords: smuggling detection, internet of things, multi-aspect characteristics, suspicious 
vehicle detection, smart city 
 

1. Introduction 
Smuggling is one of the criminal activities that cause serious harm to the state’s tax revenue and 
the order of the market economy. Smugglers usually illegally transport objects, such as drugs and 
cigarettes, across an international border, in breach of the applicable laws. Although most countries 
impose severe penalties for smuggling, the high returns from the tax gap for smuggling still prompt 
many people to take risks (Norton 1988). Considering the negative influences that smuggling may 
cause on the national economic prosperity, efforts should be made to increase the chances of 
catching smugglers with contraband, which helps avoid smugglers from escaping civil and 
criminal penalties. Since smugglers and their illegal goods must appear together in transit, routine 
check is one of the best ways to stop smuggling.  
 
However, the existing check pattern that border guards select suspicious vehicles to inspect based 
on their experiences is lack of effectiveness because judgements are made through insufficient 
information. Without thorough analysis about the owner, driving routes and other related 
information which cannot be obtained by police guards at the moment when the vehicle passes, 
smugglers are provided with loopholes to evade detections. Therefore, the smuggling detection 
system requires an unprecedented level of technology to automatically identify suspicious vehicles 
based on as comprehensive information as possible. Automatic detection technology can also 
benefit smuggling fighting by mitigating the threat of corruption, considering that suspicious 
vehicles are no longer artificially judged by the border guards which can be bribed (Fisman 2009). 
 
In this study, we extract useful features from multiple aspects and propose an innovative approach 
to automatically detect smuggling activities from an internet of things (IoT) perspective. Our 
approach is based on feature sets including itinerary features, vehicle features, owner features, and 
internet of things features. We evaluate the performance of our multi-characteristic approach using 
large real-world data for a border city in China. We validate the effectiveness of our approach by 
conducting a comparative analysis between traditional rule-based detection methods and our 
proposed IoT-based methods.  
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2. Literature Review
Suspicious vehicle detection plays an important role in combating money laundering and
protecting border security. To date, social network analysis, anomaly analysis, pattern analysis and
other analysis methods have been applied to the identification of suspected vehicles. Social
network analysis is often used to explore the smuggling activity networks from the networks
constructed based on the information of both individuals and vehicles (Kaza 2009). Anomaly
analysis for smuggling detection believes that the smuggling vehicles usually behave differently
and regards the suspicious vehicles as outliers (Hodge and Austin 2004; Shen et al. 2015).
Smuggling pattern analysis is a method combining domain knowledge with information
technology. Kaza et al. (2007) observed the phenomenon that the smuggling vehicles often pass
through the same ports in a short time to evade detection and applied mutual information analysis
to find the suspicious vehicle groups.

In the dawning age of the "Internet of things", researchers began to utilize data collected from a 
wide variety of gadgets and devices, such as infrared sensor, weight sensors and other sensing 
elements (Stankovic 2014). Features derived from sensor data are proved as useful in predictive 
analysis, but how to apply these technologies in the detection of smuggling vehicles remains to be 
explored. 

3. The Proposed Smuggling Detection Approach
In order to establish a high hit rate smuggling detection mechanism in smuggled goods
transportation process, we propose the smuggling detection approach which incorporates the
information from multiple data sources as shown in Figure 1. Feature engineering step is taken to
capture the prominent features of suspected vehicles after the integration of related data. These
valuable features are further applied in the classification models which label each passing vehicle
as normal or suspicious. Classical machine learning methods are used in our detection approach
as classification models to verify the wide applicability of our constructed features. Finally, the
border guards check those vehicles labeled suspicious to ensure that no smuggled goods enter the
country.

Figure 1. The multi-aspect characteristic smuggling detection approach 
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As the volume of data increases and the demand for sharing data rises, data integration has become 
more and more significant in the many fields. Data integration for smuggling detection requires 
consolidating different sources of vehicle-related data into a uniform view for data analysis. We 
implement the License Plate Recognition System (LPR) to obtain the license plate number as a 
unique identification for each vehicle. All recorded data relating to the vehicle is collected from 
the systems of the relevant government departments retrieved via its license plate number.  

Feature engineering is an essential process that uses domain knowledge to create high-value 
features which makes the proposed smuggling detection approach work (Saar-Tsechansky 2009). 
We apply feature construction to improve the efficiency and classification accuracy of our method 
by transforming training data into a form which algorithm can learn from at a higher speed 
(Piramuthu 1998). According to the suggestions of experts in the field, we construct features from 
four aspects including itinerary feature, vehicle feature, owner feature and IoT feature.  

3.1 Itinerary Feature 
Itinerary features display how the vehicle get from point to point and when the vehicle is at each 
point. To evade the smuggling detection in transit, the smugglers will carefully choose the 
checkpoints and the times they pass them (Kaza et al. 2007). Experts in the field have summed up 
the road sections and times that smugglers tend to choose, and defined them as sensitive sections 
and times. We construct itinerary-based features based on the knowledge of experts and summarize 
them in Table 1.  

Table 1. Definitions of Itinerary Features 
Type Feature Definition 

Itinerary 
Feature 

Whether the vehicle passes 
through sensitive sections 

A Boolean variable whose value is 1 when the vehicle 
passes a road segment marked as sensitive, and 0 
otherwise. 

Average of check ratios Check ratio represents total number of vehicles subjected 
to thorough check divided by total number of vehicles 
pass through the checkpoint. Average is taken of the 
check ratio of all the checkpoints the vehicle passes 
through. 

Tollbooth charging method A Boolean variable whose value is 1 when the vehicle 
passes more tollbooths with electronic toll collection 
(ETC) than tollbooths with manual toll collection (MTC), 
and 0 otherwise. 

Whether the vehicle arrives 
the checkpoint at sensitive 
time 

A Boolean variable whose value is 1 when the vehicle 
arrives the checkpoint within the time interval marked as 
sensitive, and 0 otherwise. 

Total times that the vehicle 
arrives the checkpoint at 
sensitive time 

An Int variable whose value is the total times that the 
vehicle arrives the checkpoint within the time interval 
marked as sensitive. 

3.2 Vehicle Feature 
Vehicle features are the variables set to reveal the camouflage patterns of smugglers (Thursby et 
al. 1991). Studies show that using fake licenses to prevent the border guards from tracking them 
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down is one of the common ways for smugglers. We also consider the types and brands of the 
vehicles since these characteristics of the vehicles transporting smuggled goods usually tend to be 
specific and similar. Table 2 demonstrates the definitions of the vehicle-related features. 

Table 2. Definitions of Vehicle Features 
Type Feature Definition 

Vehicle 
Feature 

Type of the vehicle A discrete variable which represents common vehicle 
types by type name and uncommon types by “others”. 
Common types include passenger cars and freight cars. 

Color of the license plates A discrete variable which represents common license 
plates colors by color name and uncommon types by 
“others”. Common colors include blue, yellow, black, 
white, yellow and green, blue and white gradient and 
gradient green. 

Whether the recognized type 
of the vehicle is same with 
the registered type 

A Boolean variable whose value is 1 when the recognized 
type of the vehicle is same with the registered type 
obtained by the license plate number, and 0 otherwise. 

Whether the recognized color 
of the license plates is same 
with the registered color 

A Boolean variable whose value is 1 when the recognized 
color of the license plates is same with the registered 
color obtained by the license plate number, and 0 
otherwise. 

3.3 Owner Feature 
The use of a vehicle is essentially determined by its owner. We add the information of the owners 
to the feature set to help identify suspicious vehicles. Previous studies suggest that smuggling 
operations are usually carried out by criminal organizations because the diverse social 
relationships of smugglers in organizations enable them to pool their resources to transport 
contrabands around the world (Chestnut 2007; Zhang and Chin 2002). Social network analysis has 
been utilized to known about the structure of criminal organizations for facilitating the 
development of criminal activity detection strategies (Xu and Chen 2005). We build the vehicle 
owners’ social network via their phone bills and combine the social network information with 
blacklists to construct the smuggling detection feature. Table 3 summarizes the definitions of the 
features related to vehicle owners. 

Table 3. Definitions of Owner Features 
Type Feature Definition 

Owner 
Feature 

Whether the owner of the 
vehicle is in the blacklist 

A Boolean variable whose value is 1 when the owner of 
the vehicle is in the blacklist, and 0 otherwise. The 
blacklist is a collection of people with relevant criminal 
records. 

Whether any relative of the 
vehicle owner is in the 
blacklist 

A Boolean variable whose value is 1 when any relative of 
the vehicle owner is in the blacklist, and 0 otherwise. 

3.4 IoT Feature 
IoT feature refers to those variables derived based on data collected from Internet of things 
equipment. The large-scale deployment of IoT devices enables IoT-based applications to collect 
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rich information and offer efficient solutions. Several studies highlight the significant role IoT 
features play in predictive analysis (Ruan and Shi 2016; Thibaud et al. 2018). Connected devices, 
such as radio frequency identification (RFID) readers, wireless cameras, and sensors, are typical 
"things" that are embedded in public infrastructure (such as roads and street lights) (Lal Das et al. 
2017). IoT features proposed for smuggling activity detection are based on sensor networks which 
are widely used in traffic field: strain gauge sensor-based load cells obtaining vehicle weight data 
and radar sensor-based velocimeters obtaining travel speed data. Details of the definitions of the 
features related to vehicle owners are shown in Table 4. 

Table 4. Definitions of IoT Features 
Type Feature Definition 

IoT 
Feature 

Rate of loading A continuous variable represents the actual weight of the 
vehicle divided by the limit weight of it.  

 Travel speed A continuous variable, representing the average speed of 
the vehicle throughout the itinerary, is obtained by 
dividing the travel distance by the travel time. 

 Speed Change A continuous variable, whose value is variance of the 
speed measured by velocimeters on different road 
sections, represents the change range of vehicle speed 
throughout the itinerary. 

 

4. Experiments 
In order to validate the effectiveness of our feature construction, we applied our proposed approach 
based on several classical machine learning algorithms including logistic regression (LR), support 
vector machine (SVM), random forest (RF) and artificial neural networks (ANN). We introduced 
two metrics to evaluate the approach performance, namely precision and recall. Performance of 
the traditional rule-based classifier and performance of multi-characteristic classifier without and 
with IoT feature are compared to reveal whether multi-aspect analysis bring improvements to the 
detection performance. 
 
We collected 902,958 records for expressway tolls and 221 records for people in blacklists from a 
border city in China. The experiment was performed with 10-folds cross-validations and the 
evaluation results are listed in Table 5. From the figures shown in Table 5, we find that for each 
algorithm our proposed features achieved better results and the average improvements range from 
3.8% to 7.6%. The above results validate the benefits of constructing and incorporating features 
from multiple perspectives. 

Table 5. Experiments results using multi-characteristic detection approach 

Algorithm 
Rule-based Multi-characteristic 

(without IoT feature) 
Multi-characteristic  
(with IoT feature) 

precision recall precision recall precision recall 
LR 72.6% 74.9% 74.3% 75.2% 76.6% 77.9% 
SVM 69.5% 66.7% 71.9% 67.4% 74.8% 69.3% 
RF 78.9% 76.2% 79.3% 77.5% 82.4% 79.1% 
ANN 68.3% 69.1% 70.8% 70.7% 73.2% 72.5% 
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4. Conclusions 
In this paper, we conducted an exploratory study of the effects multi-aspect characteristics can 
make on the detection for smuggling activities. Using the large-scale real-world data from a border 
city in China, our study can verify that feature sets constructed from the following four aspects 
including itineraries, vehicles, owners and the Internet of Things play a positive role in predicting 
performance. Future work will explore more IoT-based features with the development of vehicular 
networking technology. 
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Abstract 

 

Considering the product fit uncertainty as well as the product differentiation, this paper examines 

the choice of revenue models in a duopoly app market, where the two app developers selling 

substitutable products decide to offer a free basic app with the in-app purchases or to offer a paid 

app. We develop an analytical model to analyze how the consumers’ uncertainty about the fit of 

apps as well as the difference in the intrinsic values of the apps and the intensity of consumer 

preference affect the profits and decisions of the app developers in equilibrium. We find that, the 

app developer may suffer from a reduction of the product fit uncertainty. As the intrinsic value of 

the app developer’s whole app increases, he is less likely to offer a free basic app with the in-app 

purchases when offering the free trial can significantly reduce the product fit uncertainty.  

 

Keywords: Product fit uncertainty, Free strategy, In-app Purchases, Product differentiation, 

Duopoly 

 

1. Introduction 
Smartphone applications are now integrated in our daily lives. According to App Annie, over 

178.1 billion global app downloads generate a consumer spend of $81.7 billion in 2017. Faced 

with such a striking consumer spend, the app market is attractive but also competitive for app 

developers. In 2017, there were more than 2 million apps available on the Apple’s App Store, but 

the average monthly apps used on iPhones is only 37 in United States. Therefore, the market calls 

for careful and thorough analyses of the app developers’ revenue model choices, especially when 

it is becoming more and more competitive. 

Offering a paid app and offering a free basic app with the in-app purchases are two popular 

and profitable revenue models. When the app developer offers a paid app, the users pay to 

download an app and use all of the functionalities. When the app developer offers a free basic app 

with the in-app purchases, the users pay nothing to download the basic app and they are offered 

with the in-app purchases for the premium features or additional content.  

Compared with offering a paid app, offering a free basic app with the in-app purchases may 

lead to a shrinking size of paying consumers, because some users may find it sufficient to have the 

basic app only and choose not to buy the in-app purchases. In spite of the cannibalization effect, 

offering the free basic app can reduce the consumers’ uncertainty about the fit of apps. Product fit 

uncertainty, which reflects the consumers’ difficulty in assessing whether a product’s attributes 

match their own preferences, is especially salient for experience goods (Hong and Pavlou 2014). 

The free basic app is regarded as a tool to build trust and reduce the product fit uncertainty.  

In the app store, the products in the same category are differentiated on the quality dimension 

and the fit dimension. Without regard to the prices, consumers always prefer the app with higher 

quality to the app with lower quality. The apps’ differentiation on the design styles cater to the 

tastes of various consumers.  

Taking the product fit uncertainty and product differentiation into account, we study the app 
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developers’ choices of revenue models in a duopoly setting. The two app developers choose 

between offering a paid app or offering a free basic app with the in-app purchases. Specifically, 

we address the following research questions: (1) Under what conditions will the app developer 

chooses to offer a free basic app with the in-app purchases rather than to offer a paid app (or vice 

versa)? (2) How does the product fit uncertainty affect the app developer’s profit in equilibrium? 

(3) How does the apps’ differentiation on the quality dimension (the difference in the intrinsic 

values) and the fit dimension (the intensity of consumer preference) affect the equilibrium results? 

To answer these research questions, we develop a game-theoretic model with two competitive 

app developers and a continuum of app users. This paper takes the initiative to analytically model 

and compare the most commonly adopted revenue models in a duopoly app market, aiming to 

examine the equilibrium of how app developers choose revenue models in the presence of product 

fit uncertainty and product differentiation.  

 

2. Literature Review 
Our study is related to the literature regarding the free strategies. Niculescu and Wu (2014) 

compared feature-limited freemium with uniform seeding and charge for everything considering 

the experience-based learning. Cheng et al. (2015) compare feature-limited freemium, time-limited 

freemium and the hybrid. However, the above studies focused on the monopoly setting. Zhang et 

al. (2016) studied feature-limited freemium strategy in a duopoly setting, but they omitted the 

consumer learning and derived conclusions by strictly assuming that the quality of the full version 

is identical among two firms. Ma and Kauffman (2014) investigated competition between 

software-as-a-service vendors by considering the time-limited freemium strategy. In their model, 

the clients learn the exact utilities after using the sample for a period of time. However, when the 

app developers offer a free basic app with the in-app purchases, the users cannot derive the exact 

utilities of the app with full functionalities after using only the free basic app with limited 

functionalities.  

The second stream of related literature examined the consumer uncertainty and consumer 

learning of information products. In Niculescu and Wu (2014), the product would either be the 

underestimated product or the overestimated product, where all the consumers in the market 

underestimate the utilities or overestimate the utilities derived from the product. In our study, we 

consider a market where some consumers overestimate and others underestimate the utilities 

derived from the app. All the consumers get closer to their actual utilities with free trials. Dey and 

Lahiri (2016) analyzed the impact of consumer learning on vertical differentiation of the product 

in a horizontal market. These studies focused on versioning strategy and consumer learning in a 

monopoly setting. In this study, we extend the previous studies and examine consumer learning in 

a duopoly setting.  

 

3. Model  
We consider a market with two competing app developers, the app developer 1 and the app 

developer 2. Each developer offers one app to consumers, which consists of the basic 

functionalities and the premium features. The app developer chooses one of the two revenue 

models: (1) P model, offering a paid app, under which the app users pay to enjoy the whole app 

(including the basic functionalities as well as the premium features); (2) F model, offering a free 

basic app with the in-app purchases, under which the basic functionalities are offered for free and 

the premium features are sold as in-app purchases. Given the two optional strategies for both app 

developers, here are four possible market configurations: PP, PF, FP and FF.   
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The two apps are differentiated in both the quality attribute (vertical differentiation) and the 

fit attribute (horizontal differentiation). The quality attribute affects the intrinsic value of the app, 

and the fit attribute describes the misfit cost of using the app that differs from the consumer’s ideal 

app. A consumer’s utility toward the app is equal to the intrinsic value net her misfit cost. We 

assume that the consumers’ preferences are uniformly distributed on a line, where the app 

developer 1 is located at 0 and the app developer 2 is located at 1, and a consumer’s location 

represents her ideal app. The misfit cost of using the app 𝑖 (𝑖 ∈ {1,2}) is equal to the unit misfit 

cost multiplying the degree of misfit, where the degree of misfit means the distance between the 

consumer’s ideal app and the app 𝑖. 
Consumers know the quality of the good or the intrinsic values that they can derive from the 

apps, but they are uncertain about the degree of misfit of apps, which are the private information 

of an experience good. Based on the descriptions of the apps and their own experiences of using 

free basic functionalities, the consumers get a signal of misfit 𝑠 : In Case 𝑘  ( 𝑘 ∈
{𝑃𝑃, 𝐹𝑃, 𝑃𝐹, 𝐹𝐹}), with probability 𝛼𝑘, the signal is uninformative and follows the distribution of 

consumers’ actual degree of misfit, and with probability (1 − 𝛼𝑘), the signal is equal to the 

consumer’s actual degree of misfit. That is, 𝑃𝑟(𝑠 ≠ 𝑥|𝑦 = 𝑥) = 𝛼𝑘  and 𝑃𝑟(𝑠 = 𝑥|𝑦 = 𝑥) =
1 − 𝛼𝑘, where 𝑥 ∈ [0,1] is the degree of misfit toward app 1 indicated by misfit signal, and 𝑦 is 

the consumer’s actual degree of misfit of the app 1 (Kwark et al. 2014). Therefore, based on 

Bayesian updating, a consumer’s expected perceived misfit of the app 1 is 

 𝑥𝑘 = 𝐸(𝑦|𝑠 = 𝑥) = (1 − 𝛼𝑘)𝑥 +
𝛼𝑘

2
, (1) 

and that of the app 2 is 1 − �̂�𝑘. Since trying either free basic app enables the consumers to better 

estimate the degree of misfit, i.e., the free trial reduces the product fit uncertainty, we assume that 

1 ≥ 𝛼𝑃𝑃 ≥ 𝑚𝑖𝑛(𝛼𝐹𝑃, 𝛼𝑃𝐹) ≥ 𝑚𝑎𝑥(𝛼𝐹𝑃, 𝛼𝑃𝐹) ≥ 𝛼𝐹𝐹 > 0. 𝛼𝑘 indicates product fit uncertainty in 

Case 𝑘. 

Let 𝑣𝑖  and 𝑣𝑖𝑏  represent the intrinsic value of the whole app 𝑖  and the basic app 𝑖 , 

respectively, where 𝑣𝑖 > 𝑣𝑖𝑏. Let 𝑡 and 𝑡𝑏 stand for the unit misfit cost of the whole apps and 

the basic apps, respectively, where 𝑡 > 𝑡𝑏. Let 𝑝𝑖
𝑘 denote the price of the in-app purchases 𝑖 or 

the price of the paid app 𝑖 in Case 𝑘. Let 𝑑𝑖
𝑘 denote the demand of the in-app purchases 𝑖 or the 

demand of the paid app 𝑖 in Case 𝑘. After trying the basic apps if they are offered for free in Case 

𝑘, the expected net perceived utilities of the consumer with �̂�𝑘 are as follows: 

E(𝑉1
𝑘|𝑥) = 𝑣1 − 𝑡𝑥𝑘 − 𝑝1

𝑘,E(𝑉2
𝑘|𝑥) = 𝑣2 − 𝑡(1 − 𝑥𝑘) − 𝑝2

𝑘, 

E(𝑉1𝑏
𝑘 |𝑥) = 𝑣1𝑏 − 𝑡𝑏𝑥𝑘,E(𝑉2𝑏

𝑘 |𝑥) = 𝑣2𝑏 − 𝑡𝑏(1 − 𝑥𝑘), 
(2) 

where 𝑉1
𝑘 and 𝑉2

𝑘 are her net perceived utilities derived from the whole app 1 and whole app 2 

respectively, and 𝑉1𝑏
𝑘  and 𝑉2𝑏

𝑘  are her net perceived utilities derived from the basic app 1 and 

basic app 2 respectively. Each consumer purchases at most one unit of the app, which brings her 

the highest net utility. Specifically, the consumer may choose a free basic app, a paid whole app, 

or a free basic app with in-app purchases when the app developers adopt corresponding strategies.  

The total number of the app users is scaled to 1. In Case PP, consumers either buy the whole 

app 1 or the whole app 2. Each consumer chooses the app that maximizes her utility. Therefore, 

the market is divided into two segments: the consumers located between 0 to 𝑥12
𝑃𝑃 buy the app 1, 

and the consumers located between 𝑥12
𝑃𝑃 to 1 buy the app 2. By setting E(𝑉1

𝑃𝑃) = E(𝑉2
𝑃𝑃), we 

have the market division point as 𝑥12
𝑃𝑃 =

𝑡(1−𝛼𝑃𝑃)+𝑣1−𝑣2−𝑝1+𝑝2

2𝑡(1−𝛼𝑃𝑃)
. The profit functions of the app 

developer 1 and the app developer 2 in Case PP are  

𝜋1
𝑃𝑃 = 𝑝1

𝑃𝑃𝑥12
𝑃𝑃, 𝜋2

𝑃𝑃 = 𝑝2
𝑃𝑃(1 − 𝑥12

𝑃𝑃), 

s.t. 0 < 𝑥12
𝑃𝑃 < 1, E(𝑉1

𝑃𝑃|𝑥12
𝑃𝑃) > 0. 

(3) 
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The market division points and profit functions of the app developers in the other three cases can 

be derived in a similar way. 

The timeline of the game is as follows. In stage 1, the app developers simultaneously decide 

their strategies to adopt. In stage 2, after observing the opponent’s choice made in stage 1, the app 

developers announce the prices of the apps or the prices of the in-app purchases. In stage 3, each 

consumer tries the basic apps when they are offered for free, and then makes the purchase decision 

based on her updated belief about the misfit.  

 

4. Equilibrium Analyses  
4.1 Market Equilibrium 

Proposition 1. (Market Equilibrium) 

(i) Case PP is an equilibrium in which both developers offer the paid apps if 𝑣1𝑏 > 𝑍1 and 

𝑣2𝑏 > 𝑍2.  

(ii) Case PF is an equilibrium in which the developer 1 offers the paid app whereas the 

developer 2 offers the basic app and the in-app purchases if 𝑣1𝑏 > 𝑋1𝑣2𝑏 + 𝑌1 and 𝑣2𝑏 < 𝑍2. 

(iii) Case FP is an equilibrium in which the developer 1 offers the basic app and the in-app 

purchases whereas the developer 2 offers the paid app if 𝑣1𝑏 < 𝑍1 and 𝑣2𝑏 > 𝑋2𝑣1𝑏 + 𝑌2. 

(iv) Case FF is an equilibrium in which both developers offer the basic apps and the in-app 

purchases if 𝑣1𝑏 < 𝑋1𝑣2𝑏 + 𝑌1 and 𝑣2𝑏 < 𝑋2𝑣1𝑏 + 𝑌2. 

Where 𝑍1 = 𝑣1 −
𝛼𝐹𝑃(𝑡−𝑡𝑏)

2
−

(3𝑡(1−𝛼𝑃𝑃)+𝑣1−𝑣2)√2𝑡(1−𝛼𝑃𝑃)(1−𝛼𝐹𝑃)(𝑡−𝑡𝑏)

3𝑡(1−𝛼𝑃𝑃)
, 𝑍2 = 𝑣2 −

𝛼𝑃𝐹(𝑡−𝑡𝑏)

2
−

(3𝑡(1−𝛼𝑃𝑃)+𝑣2−𝑣1)√2𝑡(1−𝛼𝑃𝑃)(1−𝛼𝑃𝐹)(𝑡−𝑡𝑏)

3𝑡(1−𝛼𝑃𝑃)
, 𝑋1 =

√(1−𝛼𝐹𝐹)(1−𝛼𝑃𝐹)(𝑡+𝑡𝑏)(𝑡−𝑡𝑏)

(1−𝛼𝑃𝐹)(𝑡+𝑡𝑏)
, 𝑌1 = 𝑣1 −

𝛼𝐹𝐹(𝑡−𝑡𝑏)

2
−

((𝑡+𝑡𝑏)(1−𝛼𝑃𝐹)−𝑡+𝑡𝑏+2𝑣1)√(1−𝛼𝐹𝐹)(1−𝛼𝑃𝐹)(𝑡+𝑡𝑏)(𝑡−𝑡𝑏)

2(1−𝛼𝑃𝐹)(𝑡+𝑡𝑏)
, 𝑋2 =

√(1−𝛼𝐹𝐹)(1−𝛼𝐹𝑃)(𝑡+𝑡𝑏)(𝑡−𝑡𝑏)

(1−𝛼𝐹𝑃)(𝑡+𝑡𝑏)
, 𝑌2 = 𝑣2 −

𝛼𝐹𝐹(𝑡−𝑡𝑏)

2
−

((𝑡+𝑡𝑏)(1−𝛼𝐹𝑃)−𝑡+𝑡𝑏+2𝑣2)√(1−𝛼𝐹𝐹)(1−𝛼𝐹𝑃)(𝑡+𝑡𝑏)(𝑡−𝑡𝑏)

2(1−𝛼𝐹𝑃)(𝑡+𝑡𝑏)
. 

 
(a) 𝛼𝐹𝐹 >

𝑡−𝑡𝑏−(𝑡+𝑡𝑏)(1−𝛼𝑃𝐹)

𝑡−𝑡𝑏
 (b) 𝛼𝐹𝐹 <

𝑡−𝑡𝑏−(𝑡+𝑡𝑏)(1−𝛼𝑃𝐹)

𝑡−𝑡𝑏
 

Figure 1. The market equilibrium in the 𝒗𝟏𝒃-𝒗𝟐𝒃 space 

When the intrinsic values of two basic apps are high, where the conditions of Proposition 1(i) 

hold, both app developers offer the paid apps in equilibrium. When the intrinsic values of the two 

basic apps are lower than certain thresholds, both of the two app developers offer free basic apps 

with the in-app purchases in equilibrium. When the intrinsic value of the basic app 𝑖 is higher 

than a threshold but the intrinsic value of the basic app 𝑗 is lower than a threshold, where the 

conditions of Proposition 1(ii) or 1(iii) hold, the app developer 𝑖 offers a paid app whereas the 

app developer 𝑗 provides a free basic app with the in-app purchases in equilibrium. The app 

developer balances the increase of the perceived utilities of consumers received signal of low misfit 

against the presence of the cannibalization effect to decide whether to offer the free trial or not.  
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1 1 2 1b bv X v Y 
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2 2bv Z 2 2bv Z
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4.2 Product Fit Uncertainty and App Developers’ Decisions 

Proposition 2. (Product fit uncertainty and profits) 

(i) In Case PP, as 𝛼𝑃𝑃 decreases, the two app developers’ profits increase.

(ii) In Case PF, as 𝛼𝑃𝐹  decreases: the app developer 1’s profit decreases if 𝛼𝑃𝐹 >
2(𝑡−𝑣1+𝑣2𝑏)

𝑡+𝑡𝑏
, otherwise it increases; the app developer 2’s profit decreases if 𝛼𝑃𝐹 >

2(𝑡−𝑡𝑏−𝑣2+𝑣2𝑏)

𝑡−𝑡𝑏
,

otherwise it increases. 

(iii) In Case FP, as 𝛼𝐹𝑃  decreases: the app developer 1’s profit decreases if 𝛼𝐹𝑃 >
2(𝑡−𝑡𝑏−𝑣1+𝑣1𝑏)

𝑡−𝑡𝑏
, otherwise it increases; the app developer 2’s profit decreases if 𝛼𝐹𝑃 >

2(𝑡−𝑣2+𝑣1𝑏)

𝑡+𝑡𝑏
, 

otherwise it increases. 

(iv) In Case FF, as 𝛼𝐹𝐹  decreases, the app developer 𝑖 ’s profit decreases if 𝛼𝐹𝐹 >
2(𝑡−𝑡𝑏−𝑣𝑖+𝑣𝑖𝑏)

𝑡−𝑡𝑏
, otherwise it increases. 

When either app developer offers a free basic app with the in-app purchases, the app 

developers may suffer from a reduction of the product fit uncertainty. The intuition is as follows. 

With a large product fit uncertainty, the consumers’ perceived utility differences between the 

whole app 1 and the basic app 2 are homogenous, resulting in a high degree of substitution and 

intensified competition between the whole app 1 and the basic app 2, and leading to a low price of 

the whole app 1 in equilibrium. Considering the low price or the large difference in the quality of 

the whole app 1 and the basic app 2 or the low misfit cost of the premium features, many consumers 

buy the whole app 1, even including consumers received signal of misfit higher than 1 2⁄ , whose 

ideal apps are far away from the whole app 1.  

With a reduction of product fit uncertainty, the consumers received signal of high misfit derive 

lower perceived utilities from the whole app 1 but higher perceived utilities from the basic app 2, 

thus their expected differences in the perceived utilities derived from the whole app 1 and the basic 

app 2 shrink. In consequence, the whole app and the basic app becomes more substitutable and the 

competition effect intensifies, leading to a decrease in the market share of the whole app 1 and a 

reduction of the app developer 1’s profit. 

4.3 Quality Dimension and App Developers’ Decisions 

Proposition 3. (Intrinsic values of whole apps and choices of revenue models)  

As 𝑣1 increases, 

(i) when the app developer 2 offers a paid app, the app developer 1 is more likely to offer a

free basic app with the in-app purchases if 𝛼𝐹𝑃 >
9𝑡𝛼𝑃𝑃−7𝑡−2𝑡𝑏

2(𝑡−𝑡𝑏)
, otherwise he is less likely to offer 

a free basic app with the in-app purchases. 

(ii) when the app developer 2 offers a free basic app with the in-app purchases, the app

developer 1 is more likely to offer a free basic app with the in-app purchases if 𝛼𝐹𝐹 >
𝛼𝑃𝐹(𝑡+𝑡𝑏)−2𝑡𝑏

𝑡−𝑡𝑏
, otherwise he is less likely to offer a free basic app with the in-app purchases. 

(iii) when the app developer 1 offers a paid app, the app developer 2 is more likely to offer a

free basic app with the in-app purchases. 

Proposition 3(i) and (ii) indicate that as the intrinsic value of the whole app increases, the 

corresponding app developer is more likely to offer a free basic app with the in-app purchases 

when offering the free trial can slightly reduce the product fit uncertainty, but he is less likely to 

offer a free basic app with the in-app purchases when offering the free trial can significantly reduce 

the product fit uncertainty. 

4.4 Fit Dimension and App Developers’ Decisions 
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Proposition 4. (Intensity of consumer preference for the whole app and choices of revenue models) 

As 𝑡  increases, (i) when the app developer 𝑗  offers a free basic app with the in-app 

purchases, the app developer 𝑖 is less likely to offer a free basic app with the in-app purchases if 

γ𝑖 < 0, otherwise he is more likely to offer a free basic app with the in-app purchases. (ii) when 

the app developer 𝑗 offers a paid app, the app developer 𝑖 is more likely to offer a paid app. 

Where  𝜕γ1 𝜕𝛼𝑃𝐹⁄ > 0, 𝜕γ2 𝜕𝛼𝐹𝑃⁄ > 0, 𝜕γ𝑖 𝜕𝛼𝐹𝐹⁄ < 0 and 𝑖 ∈ {1,2}. 

When γ𝑖 < 0, 𝛼𝑃𝐹 or 𝛼𝐹𝑃 is relatively small and 𝛼𝐹𝐹 is relatively large, where offering 

the free trials can only slightly reduce the product fit uncertainty, the app developer is less likely 

to offer a free basic app as the intensity of consumer preference increases. When γ𝑖 > 0, 𝛼𝑃𝐹 or 

𝛼𝐹𝑃 is relatively large and 𝛼𝐹𝐹 is relatively small, where offering the free trials can significantly 

reduce the product fit uncertainty, the app developer is more likely to offer the free basic app as 

the intensity of consumer preference increases. 

 

5. Conclusion 
We examine how the product fit uncertainty as well as the product differentiation affect the 

app developers’ decisions and profits in a competitive market. We find that when any free app is 

offered in the market, a reduction of the product fit uncertainty may hurt the app developer’s profit. 

When the intrinsic value of the app developer’s own product increases, the app developer is more 

likely to offer a free basic app with the in-app purchases if the free trial leads to a slight reduction 

of the product fit uncertainty, but he is less likely to offer a free basic app with the in-app purchases 

if the free trial leads to a significant reduction of the product fit uncertainty. Facing a stronger 

consumer preference, the app developer’s offering decisions depends on his competitor’s strategy. 

The app developer is more likely to offer a paid app to response the competitor’s strategy of 

offering a paid app, but his offering decisions to response the competitor’s strategy of offering a 

free basic app with the in-app purchases depend on situations. 
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Abstract 

 
Group recommendation systems, aiming at delivering items to satisfy a group of people, have 
received extensive attention both in academia and industry. Traditional methods fail to make full 
use of the heterogeneous social relations among entities in social network, and they tend to assign 
an equal weight to each group member when aggregating their preferences or recommendations, 
which is unreasonable in practice. Therefore, in this paper, a Probabilistic matrix factorization 
and Evidential reasoning rule-based Group Recommendation (PEGR) method is proposed to 
tackle these issues. Specifically, to take full advantage of heterogeneous relationships in social 
network, heterogeneous network analysis is employed to conduct similarity and weight calculation. 
Besides, the Evidential Reasoning rule (ER) is introduced in the aggregation module to take group 
members’ different impacts on group’s decision into account. Experiments have been conducted 
on the real world CiteULike dataset and the experimental results demonstrate the superiority of 
the proposed method. 
 
Keywords: Group Recommendation, Heterogeneous Network Analysis, Probabilistic Matrix 
Factorization, Evidential Reasoning Rule, Social Network 
 

1. Introduction 
Social network brings great convenience to people’s communication and information sharing, 
hence it plays an increasingly important role in people’s daily life. With the rapid growth in the 
number of network users, the amount of user-generated content on social network becomes 
extremely huge, which leads to the information overload problem. The recommender system, an 
essential technology for information filtering, has been proven to be an effective tool to solve this 
problem (Ricci et al. 2011). Traditional recommendation methods are intended for individuals, 
while in many circumstances, users are inclined to engage in activities in a group manner due to 
the gregarious nature of human. Examples include reading groups in Douban and research groups 
in CiteULike. Consequently, the traditional individual-oriented methods have lost their 
effectiveness, and how to design a method to generate recommendations that can satisfy a group 
of people becomes particularly imperative. 
 
Traditional group recommendation methods can be divided into two categories: Preference 
Aggregation (PA) methods and Recommendation Aggregation (RA) methods (Masthoff 2011). 
The PA methods first construct a group profile by aggregating each group member’s profiles, then 
treat the group as a pseudo-user and traditional individual recommendation methods can be utilized 
to generate group recommendations. However, the PA methods may generate a biased group 
profile which cannot appropriately represent the diverse preferences of group members. Therefore, 
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many scholars turn to the RA methods which first generate predictions for each group member, 
and then merge those predictions as final group recommendations. According to whether the 
predictions for group member is rating or ranking, the RA methods can also be classified into 
Prediction Rating Aggregation (PRA) methods and Rank List Aggregation (RLA) methods. 
Because the predicted rating includes richer information than the rank list, this paper adopts the 
PRA methods for group recommendation in social network.  
 
Essentially, social network is usually a Heterogeneous Network (HN) with multiple types of 
entities and relations. Taking Flickr network as an example, it comprises four types of entities: 
user, group, image, and tag. Links between different-typed entities denote different semantic 
meanings, e.g., links between users and images denote the upload and uploaded-by relations, while 
links between images and groups denote the contain and contained-in relations. However, most of 
existing researches fail to make full use of these heterogeneous social relations in social network. 
In addition, these methods tend to assign an equal weight to each group member when aggregating 
their ratings into group’s rating, which is unreasonable in practice. Considering the aforementioned 
problems, in this paper, a Probabilistic matrix factorization and Evidential reasoning rule-based 
Group Recommendation (PEGR) method is proposed to recommend items to groups in social 
network. Firstly, to take the various relationships in social network into consideration, HN is 
employed to derive more accurate user-user similarity, item-item similarity, and each group 
member’s weight. Secondly, in addition to the original user-item rating matrix, the calculated 
similarity information is embedded into PMF to predict each group member’s rating. Finally, based 
on the weight computed before, the ER rule is applied to aggregate the predicted rating of each 
group member into the group rating and generate group recommendations accordingly. 
Experiments have been conducted on the real world CiteULike dataset. The experimental results 
indicate that compared with the baselines, the proposed method achieves the best performance in 
terms of all evaluation metrics, hence demonstrate the effectiveness of the proposed method. 
 
Our contributions can be summarized as follows. (1) An enhanced framework of item 
recommendation for groups in heterogeneous social network is proposed to better meet the needs 
of a group of people. (2) HN is applied to conduct similarity and weight calculation to take the 
various relationships among entities in heterogeneous social network into account. (3) Given that 
each group member has different impact on group’s decision making, the ER rule is introduced in 
the aggregation module to characterize the group preference more precisely. (4) Experiments have 
been conducted on the real world CiteULike dataset and the experimental results demonstrate the 
superiority of the proposed PEGR method. 
 

2. Methodology 
Group recommendation in heterogeneous social network is of great importance, which can offer 
items to satisfy a group of people. However, extant group recommendation methods have not taken 
full advantage of heterogeneous relations among entities in social network. Moreover, they simply 
take the maximum, minimum or average of group members’ rating as group’s rating, without 
considering their different impacts on group’s final decision. Therefore, we propose the PEGR 
method to recommend items to groups in heterogeneous social network. Figure 1 shows the 
overview of the proposed method. It contains 3 primary steps: heterogeneous network analysis, 
individual PMF prediction, and group aggregation. We will discuss these 3 steps in details later, 
and to make it clearer, all notations used are shown in Figure 2. 
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2.1 Heterogeneous Network-based Similarity and Weight Calculation 
In this section, we first introduce the definitions of HN and meta path. Subsequently, the details of 
similarity and weight calculation based on HN are presented. 

An information network is defined as a directed graph � = (�, �) with an entity type mapping 
function �: �(�)��, ��� and a link type mapping function �: �(�)�ℛ, ���. The network is called 
HN when |�| > 1 or |ℛ| > 1. A meta path � is a path from entity type �� to entity type ���� 

defined on the network schema: ��

��
→ ��

��
→ ⋯

��
→ ����. It is denoted as � = ��°��° ⋯ °��   where ° is 

the composition operator on connections. 

In this study, we employ the HeteSim method to calculate user-user and item-item similarity. 
HeteSim is a path-based method proposed to measure the similarity of entities in HN (Shi et al. 
2014). It calculates the probability that two entities encounter each other at the same node as they 
walk randomly in opposite directions. As for the calculation of weight for entities, we draw lessons 
from the PageRank algorithm, which is put forward to measure the importance of websites on the 
internet. Due to the space constrains, the overall computing process is presented in Figure 3. 

Heterogeneous Network Analysis

Group recommendation list

Group Recommendation

Target group

Individual Prediction Group Aggregation

Heterogeneous social 
network construction

User-user and item-item 
similarity

Improtance of each group 
member

PMF

User-specific and item-specific
feature matrix

Individual rating prediction

Reliability

Group rating generation

ER rule 

Weight

Figure 1. Overview of the PEGR Method Figure 2. Notations Used in the Article 

2.2 Similarity-fused PMF for Individual Prediction 
In this section, we introduce the improved PMF prediction model with user-user and item-item 
similarity incorporated, to predict each group member’s rating more accurately. 

As shown in Figure 4, the PMF model decomposes � into the inner product of � and � to 
predict the absent values in � and then generate recommendations. Under the probabilistic view, 
�  is subject to ��

���  mean Gaussian priors. To avoid over-fitting, �  and �  are assumed to 
subject to zero-mean spherical Gaussian priors. In addition, we assume that �� and �� are also 
affected by their corresponding similar users’/items’ feature vectors at the same time. Therefore, 
the overall posterior to be optimized is 
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To maximize the posterior is equivalent to minimize the following objective functions: 
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where �� = ��
� ��

�⁄ , �� = ��
� ��

�⁄ , ��� = ��
� ���

�⁄ , ��� = ��
� ���

�⁄  reflects the influence of each matrix 
on the objective function. 
 
Afterwards, the Stochastic Gradient Descent (SGD) method is used to learn �� and ��. Finally, 
the rating of �� on �� is predicted as the value ��

���. 
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Figure 3. Similarity and Weight Calculation      Figure 4. Improved PMF Model 

 
2.3 Group Aggregation with ER Rule 
In this section, we introduce ER rule to merge individual ratings into group rating. We first give 
the definition of weight and reliability of each group member, then present the aggregation details. 
The relevant notations are also shown in Figure 2. 
 
Supposing ��(0 ≤ �� ≤ 1)  and ��(0 ≤ �� ≤ 1)  represent the weight and reliability of the i-th 
member, which indicate to what extent that member is important and reliable, respectively. If a 
certain user has a high status or prestige in group, and has a great influence on group’s decision-
making, he/she should have higher weight than others. Similarly, a user should be paid a lower 
reliability than others if he/she frequently has inconsistent behaviours. 
 
The weight of each group member is the normalization of the weight calculated in Section 2.1. 
While the reliability is defined as the recommendation precision of each member. Given that 
unreliable user’s rating will lead to inaccurate personal recommendations, and further result in 
inaccurate group recommendations, hence the precision of group members can be used to represent 
their reliabilities: 

i

Number of the i-th member's correctly recommended items 
r

Total number of the items in the i-th member's recommendation list
                (5) 

 
After the weight and reliability are defined, the hybrid weight combining them two is denoted as 
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Providing there are only two members in a group, then the aggregation can be profiled by 
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where ��,�(�)  means the group’s rating on �  after aggregating the two members’ rating, and 

�(2) = �(�, ��,�(�)�, ∀��Θ, ∑ ��,�(�) = 1∀��� }. When there are more than two members in a group, the 
aggregation process is conducted recursively to yield the final rating. 

3. Experiments Setup
Experiments have been conducted to evaluate the performance of the proposed PEGR method.
The dataset is collected from CiteULike (http://www.citeulike.org/), a leading social network
which is commonly used in the research area. Users in CiteULike can build their own libraries of
scholar papers, establish friendships, and communicate with each other by creating new groups or
join in the existed ones. Therefore, the CiteULike dataset fits our experiment requirements
appropriately. The original data of users’ participating in groups, users’ collecting papers, and
users’ friendships are obtained by crawler. To ensure the reliability of the experimental results,
some insufficient data are eliminated from the original dataset. For instance, researchers
participating in only one group or collecting less than 15 papers, and groups with less than 3
members are removed. Finally, the pre-processed dataset comprises 3024 researchers, 987 groups,
and 120821 papers. Four commonly used metrics are adopted to measure the recommendation
quality, including the precision, recall, Mean Average Precision (MAP), and Mean Reciprocal
Rank (MRR) (Shi et al. 2012; Symeonidis et al. 2010; Torkestani 2012). The cleaned dataset was
randomly divided into test set and training set in 2：8 ratio, and all results reported are averaged
over 10 rounds. We set parameters �� = �� = 0.05, ��� = ��� = 0.01, the learning rate � = 0.6, and
the number of iteration ���� = 1000 in the experiments. We select the recommendation number
K=10 because we try different number of K from 10 to 50 and find that the best performance was
achieved when K=10. We also select the latent feature dimension D=15 using the same method.

4. Results
In this section, we investigate the performance of the proposed PEGR method by comparing with
the baselines including HNP-AVG, HNP-MP, HNP-LM, PER, PCPER, CBPER, and HoNPER.
The HNP-AVG, HNP-MP, and HNP-LM methods are similar to the proposed method. Difference
lies in they employ the Average (AVG), Most Pleasure (MP), and Least Misery (LM) strategy to
aggregate group members’ ratings, respectively. The PER method utilize PMF for individual rating
prediction and apply ER to conduct individual rating aggregation. The PCPER and CBPER method
do the same thing as the PER method except for they integrate similarity information calculated
by Pearson Correlation (PC) and Content-based (CB) methods with PMF. The HoNPER method
is similar to the proposed method except for its calculation is based on the homogeneous network.

Table 1 shows the overall performances of different methods. Apparently, the proposed PEGR 
method achieves the best performance among all compared approaches in terms of all evaluation 
metrics, which demonstrates the superiority of the proposed method. In addition, table 1 also reveal 
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some interesting observations. On one hand, by comparing the last five methods in table 1, we can 
observe that the HN-based method achieves the best performance, which indicates that various 
connections among entities in social network do make a difference and should be considered in 
recommendation for groups. On the other hand, by comparing the HNP-AVG, HNP-MP, and 
HNP-LM methods with the proposed PEGR method, we can find that the ER aggregation strategy 
achieve a performance improvement against other heuristic aggregation strategies, which 
demonstrates the necessity of taking group member’s different impacts into account. 
 

Table 1. The Experimental Results 
Methods Precision (%) Recall (%) MAP (%) MRR (%) 

HNP-AVG 5.67 6.91 11.12 12.33 

HNP-MP 4.95 6.18 10.74 11.55 

HNP-LM 3.31 4.28 8.72 9.23 

PER 5.93 7.02 11.24 12.46 

PCPER 6.74 7.78 12.53 13.69 

CBPER 6.18 7.24 11.75 12.87 

HoNPER 7.05 8.14 13.06 13.94 

PEGR 7.43 8.28 13.73 14.35 

 

5. Conclusions and Future Work 
In this paper, the PEGR method is proposed to recommend items to groups in social network. HN 
is employed to conduct similarity and weight calculation. Afterwards, the similarity information 
is embedded into PMF to enhance its performance. Whereas the weight information is used in ER 
when aggregating prediction ratings of group members into group rating, which takes their 
different impacts on group’s decision into account. Experiments have been conducted on the real 
world CiteULike dataset and the experimental results demonstrate the superiority of the proposed 
PEGR method. One limitation of this study is that after calculating the similarity based on different 
meta paths, we just take their average as the final similarity. Whereas some users may prefer the 
recommendations generated by certain paths. Therefore, it is necessary to explore users’ 
preferences on semantics of meta paths, to better understand their demands. Moreover, in the future, 
extensive experiments on other HN is needed to verify the universality of the proposed method. 
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Abstract 
 

With the rapid advances of artificial intelligence (AI), increasingly more job tasks are automated 

by AI. Despite the hype of AI in news media, we know little about the extent to which AI may 

benefit or hurt the career of business professionals. Thus, we develop a novel method to estimate 

the AI automation scores for core and supplemental work activities of all major occupations. 

Then we analyze whether employees’ work experience characteristics may lead to different 

results, benefit or hurt by the advances of AI. This study identified several impactful human 

capital characteristics. Particularly, skills accumulated from prior work experiences and 

excellent educational background can reduce the risks of being replaced by AI. In addition, our 

results show that professionals with major in computing, law, and medicine are more likely to be 

augmented by AI since only their supplemental work activities may be automated. 

 

Keywords: Artificial intelligence, Intelligence augmentation, Job automation, Skill demand, 

Human Capital   

 

1. Introduction 
The last two decades have witnessed the rapid advances in artificial intelligence (AI), machine 

learning (ML), and mobile robotics. According to Garner, the world's leading research and 

advisory company, the global business value derived from AI is projected to total $1.2 trillion, an 

increase of 70 percent from 2017. Therefore, there has been a keen interest among academics 

and practitioners in understanding the impact of AI on all aspects of our society and life, 

especially on the labor markets. This may due to the fact that AI increasingly shifts the frontier 

between the job tasks performed by humans and those performed by machines and algorithms; 

thus, labor markets are undergoing dramatic transformations. On one hand, the recent declines in 

wage and employment in the United States (US) and the decrease of middle-skill occupations are 

typical evidence for the claims that advanced digital technologies, robotics and AI will make 

labor redundant (Acemoglu and Restrepo 2018; Brynjolfsson and McAfee 2014; David and Dorn 

2013). On the other hand, AI can serve as a platform to create new tasks and new employment 

opportunities, which provides a powerful countervailing force that increase the labor demand 

(Acemoglu and Restrepo 2018). Notwithstanding these concerns and expectations, we are far 

from a comprehensive understanding of the extent to which specific work activities are affected 

by AI automation and the key individual antecedents of the job automation risk. 

 

In this paper, we build on Frey and Osborne (2017) and Brynjolfsson et al. (2018) to develop a 

more nuanced understanding of how automation in AI impact the detailed work activities (WA) 

that belong to different job positions in different occupations. Further, motivated by gaps in 

extant literature on jobs augmented by AI, we aim at identifying jobs that may be augmented by 
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AI, defined as jobs with only supplementary work activities being automated by AI. This is 

because augmentation intelligence enables people to accomplish core job tasks more efficiently 

and accurately and substitute for some trivial and routine tasks using advanced computer 

algorithms (Chui and Francisco 2017). In addition, this study also plans to investigate how 

individual characteristics may affect the susceptibility to AI automation risk by utilizing both 

Occupation Information Network (O*NET) data and LinkedIn profile data. Using O*NET 

dataset, we start with a novel method for constructing AI automation score at the WA level and 

the occupational level, respectively. A critical difference of our method is that we do not directly 

hand-label the AI automation scores at the occupation level (Frey and Osborne 2017). Instead, 

we estimate the AI automation risk from more fine-grained skillset elements like abilities, skills, 

interests and work context. Next, we estimate the AI automation scores at the WA-level. 

Furthermore, we highlight two types of work activities: core and supplemental WA defined by 

O*Net, which can be further used for estimating two AI automation scores, separately. This is 

because AI cannot fully automate most of the occupations and it usually substitutes for specific 

tasks (Brynjolfsson et al. 2018). If a job’s core WAs are replaced by AI, then that job may be 

completely destroyed by AI whereas if only supplementary WAs are replaced by AI, the 

employee can become more productive in core WAs. In addition, drawing upon human capital 

theory, we construct several key individual characteristics from our rich datasets, which may 

determine whether the person will be replaced by or benefit from AI. In particular, we analyzed 

the effects of individuals’ demographic information such as gender and race, skills accumulated 

from the prior work experiences and education background. The overarching predictor of these 

factors is the social skill accumulated by prior work experience that proven difficult to be 

automated in the near future (David 2015; Deming 2017; Frey and Osborne 2017). Our 

preliminary results suggest that even if a person’s core WAs are at high risk of automation, the 

social and analytical skill accumulated from prior wok experience, and the excellent educational 

background such as a bachelor or master degree and the good ranking of the university can 

alleviate their concerns that they may become unemployed due to AI advances. Moreover, 

professionals from the major related to law, medicine, and computer science are more likely to 

benefit from AI due to the high probability of AI automation for supplemental work activities. 

 

2. Data and measures 
In this paper, we employ two sources of data: O*NET and LinkedIn.com. Following the recent 

literature (Arntz et al. 2017; Deming 2017), we gather data available from O*NET version 23.1, 

which is a survey administered by the U.S. Department of Labor. O*NET documented a 

comprehensive list of characteristics like the abilities, skills, interests, work styles, work contexts, 

and work activities required in all major occupations. At the same time, we collected millions of 

resumes of United States workers from LinkedIn.com. After we process the raw profile data, the 

useful information includes employment experience (such as the employer of each job, job title, 

starting and ending year, industry, total work experience, tenure, etc.), education background 

(such as university, degree, major, and start/end year of each degree), as well as connections to 

other members of the network. In total, we obtained a database of resumes of employees in U.S., 

which already consists of around 56 million unique users and 140 million working experiences 

by the end of 2013. Next, we match LinkedIn self-reported job titles with those in O*NET based 

on job title similarity by employing word embedding techniques based on Google Word2Vec 

(Mikolov et al. 2013) and GloVe pre-trained model (Pennington et al. 2014). In this way, we can 

merge LinkedIn work experience with O*NET to construct variables based on the current and 
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prior work experiences. Finally, we select a sample of workers whose prior job titles can be 

mapped to O*NET, and compile the pooled cross-sectional dataset which comprises around 

400,000 users in 2013. In the next section, we will elaborate on the measures of our main 

variables. 

Dependent variables. We construct three AI automation scores to capture whether a particular 

occupation is at high risk of AI automation at the occupation level (AI_all), the core WA level 

(AI_core), and the supplemental WAs (AI_noncore) level, separately. Specifically, we firstly 

evaluate the AI automation scores on different skillset elements (e.g. abilities, skills, interests, 

and work styles) of the occupation on a 5-point scale from “very likely to be replaced by AI 

given the current technology” to “can never been replaced by AI in the next decade” following 

the guidelines in the literature (Autor et al. 2003; Brynjolfsson and Mitchell 2017; Brynjolfsson 

et al. 2018; Deming and Kahn 2018; Frey and Osborne 2017). For each coding task, two 

researchers participate in coding separately and if the results are inconsistent, then the third 

researcher will join in the coding. Finally, we take the average of these rating scores.. At the 

same time, we employ a neural network method to learn a weight matrix between detailed 

skillset elements and WA. This is because WA-level weights for abilities or skills are not 

available in the original O*NET dataset while weights are given only at the occupation level. 

Given the estimated WA-level weights for the detailed elements such as abilities, skills, interest, 

work context, and work style, we multiply by the hand-labelled AI automation scores at the 

detailed elements level, and thus obtaining the WA-level AI automation score. The WA-level AI 

automation scores are normalized to 0 to 1. Next, given the importance and level score of each 

WA on occupations disclosed in O*NET data, we can compute an AI automation score for each 

occupation (denoted by AI_all) by aggregating the WA-level AI scores. In addition, O*NET also 

classifies the tasks into the core and supplemental tasks within an occupation and job tasks can 

be directly linked to WAs. Consequently, we are able to classify the WAs into core and 

supplemental types and construct the AI automation scores at the core WA level (AI_core) and 

the supplemental WAs (AI_noncore) level, respectively.  

Independent variables. Drawing on human capital theory, we construct our independent 

variables based on individual’s demographics characteristics (gender and race), education 

background (degree, major, and the university ranking), and the skills they accumulated from 

their prior work experiences. Specifically, we calculated the social skill intensity and nonroutine 

analytical (math) skill intensity of an occupation following Deming (2017), and then we measure 

the individual’s accumulated social skill (Social) and nonroutine analytical skill (Analytical) as 

the average years of social skill intensity and nonroutine analytical skill intensity accumulated 

from their prior career path. Additionally, we construct a variable “Erraticism” to investigate 

how the order of job histories affect worker’s AI automation risk based on Leung (2014).  

Control variables. At the individual level, we control for the connections of individual 

(Connection), the total years of prior work experiences (Work_exp), the total years of IT working 

experience (IT_exp), and the average turnover rates (Turnover). Also, we control for the 

company size measured by the total number of employees (Firm_size), company form 

(Public_firm) and industry dummies (Industry), which are reported by LinkedIn profiles. To be 

more specific, we use a dummy Public_firm to capture whether the firm is a public firm or not. 
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3. Empirical Model and Results 
To investigate the effects of individual characteristics on the AI automation risk, we specify 

standard cross-sectional linear models of the following forms: 
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           （1） 

 

where Yi are the AI automation scores at different levels (AI_alli, AI_corei, AI_noncorei). Sociali 

and Analyticali capture the accumulated social skill and nonroutine analytical skill obtained from 

prior occupations. In terms of race, we include the Caucasian, the African American, the 

Hispanic, and Asian, and other races. Bachelori and Masteri are dummy variables to denote 

whether a person has a bachelor or master degree. We use QS_100i to capture whether the rank 

of university is within top 100 in a QS World University Rankings. For the major types, we 

mainly analyze individuals from faculty of science (Science), engineering (Engineer), computing 

(CS_IS), business (Business), arts and design (Arts), law (Law), medicine (Medicine), and 

education (Education). Table 1 presents the standard OLS regression results of equation (1). Five 

models are reported in this table. Dependent variable in the Model 1 is the AI automation score 

at the occupational level (AI_all). In Model 2, the dependent variable (AI_core) captures the 

susceptibility of AI automation at the core WA level, which is our main model. The dependent 

variable (AI_noncore) in Model 3 and 4 is AI automation score at the supplemental WA level. 

The difference between Model 3 and 4 is that we only keep the professionals whose AI_core falls 

within the 25% percentile in Model 4. In other words, the sample in Model 4 only include the 

individuals whose core WA are less likely to be automated by AI advances. This is because we 

aim to examine the characteristics of employees with only supplementary WA have high 

probability of being replaced by AI. As can be seen from Table 1, most of the results are 

consistent in different models. The results suggest that individuals with high social skill and 

nonroutine analytical skills are less likely to be displaced by AI at the occupational level, core 

WA level, and supplemental WA level. Compared with male workers, the female is correlated 

with higher AI automation risk. If professionals have more social connections, they are less 

likely to be displaced by AI technology. In addition, Model 2 and Model 3 show that the African 

American has a higher probability of being replaced by AI, compared to other races. From 

Model 1 and 2, we can infer that when individuals move erratically between very different job 

titles, they have higher probability of being replaced by AI automation at the occupational level 

and core WA level. This is consistent with the findings in Leung (2014) arguing that employers 

prefer workers who move incrementally between similar jobs over those with highly erratic job 

histories. Differently, as shown in Model 3 and 4, employees who move erratically between 

different job titles are less likely to be replaced by AI in terms of their supplemental WAs.  

 

As for the education background, all of the models reveal that having a bachelor or master 

degree are significantly associated with less risk exposure to AI automation. Besides, if the 

professionals come from the university that ranks at top of QS 100, then they have lower 

probability of being replaced. The findings above suggest that social and analytical skill 

accumulated from prior wok experience, the excellent educational background such as a bachelor 

or master degree and the good ranking of the university can alleviate their concerns that they 

may become unemployed due to AI advances. More interestingly, Model 2 suggests that 

compared with the arts and design major, professionals come from the school of science, 

computing, law, education, and medicine are correlated with a low AI automation risk for their 

core WAs. For the supplemental WAs (Model 3), we can find that professionals who specialize 
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in business major are less likely to be replaced by AI with regard to their supplemental WAs 

compared with the major of arts and design. One of the possible reason is that professionals who 

major in business have more job tasks related to coordinating and communicating with 

co-workers and clients, which are hard to be automated. In particular, Model 4 presents that 

when the core WAs of the employees are hard to be automated, employees who major in 

computer science, law, education, and medicine are more likely to be augmented by AI since 

their supplemental WAs have higher probability of being replaced. These findings are consistent 

with the fact that advanced AI algorithms are used in legal document preprocessing and cancer 

diagnosis and treatment (Brynjolfsson and McAfee 2014; Frey and Osborne 2017). Besides, we 

can conclude that people with IT work experiences are also more likely to benefit from AI if 

their core WAs are hard to be automated.  

 

Table 1 Empirical Results 
Variables  Model 1 

AI_all 

Model 2 

AI_core 

Model 3 

AI_noncore 

Model 4 

AI_noncore 

Social  -0.083***  -0.056***  -0.155***  -0.146*** 

 (0.001) (0.001) (0.002) (0.004) 

Analytical  -0.085***  -0.084***  -0.092***  -0.051*** 

 (0.001) (0.001) (0.003) (0.003) 

Erraticism  0.003***  0.015***  -0.022***  -0.043*** 

 (0.001) (0.001) (0.001) (0.002) 

Female  0.006***  0.006***  0.005*** 0.001 

 (0.000) (0.000) (0.000) (0.000) 

Caucasian 0.001 0.003  -0.021***  -0.037*** 

 (0.003) (0.003) (0.005) (0.010) 

African American 0.005  0.008**   0.021***  -0.034*** 

 (0.003) (0.003) (0.006) (0.011) 

Asian 0.001 0.002   0.019***  -0.030*** 

 (0.003) (0.003) (0.006) (0.011) 

Hispanic 0.003 0.005   0.022***  -0.035*** 

 (0.003) (0.003) (0.005) (0.011) 

Bachelor  -0.018***   -0.018***   -0.012***  -0.010*** 

 (0.000) (0.000) (0.001) (0.001) 

Master  -0.031***  -0.030***  -0.021***  -0.005*** 

 (0.000) (0.000) (0.001) (0.002) 

QS_100  -0.005***  -0.004***  -0.002***  -0.002*** 

 (0.000) (0.000) (0.001) (0.008) 

Science  -0.006***  -0.005***  -0.008***  -0.011*** 

 (0.000) (0.000) (0.001) (0.001) 

Engineer  0.001***  0.001***  0.002***  0.011*** 

 (0.000) (0.000) (0.001) (0.001) 

CS_IS  -0.002***   -0.003***  0.006***  0.030*** 

 (0.000) (0.000) (0.001) (0.001) 

Law  -0.005***  -0.004***  0.002***  0.033*** 

 (0.000) (0.000) (0.001) (0.001) 

Business  -0.001***  0.005***  -0.013***  -0.020*** 

 (0.000) (0.000) (0.000) (0.001) 

Education  0.008*** -0.0003  0.007***  0.004** 

 (0.000) (0.000) (0.001) (0.002) 

Medicine 0.001  -0.005***  0.010***  0.017*** 

 (0.000) (0.000) (0.001) (0.001) 

lnconnections  -0.006***  -0.005***  -0.005***  -0.006*** 

 (0.000) (0.000) (0.000) (0.000) 
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Work_exp  -0.001***  -0.001***   -0.0003***   -0.0004*** 

 (0.000) (0.000) (0.00) (0.00) 

IT_exp  -0.0003***  -0.001***  0.001***  0.002*** 

 (0.000) (0.000) (0.000) (0.000) 

Turnover  0.003***  0.003***  -0.002***  -0.010*** 

 (0.001) (0.001) (0.001) (0.002) 

Public_firm  0.005***  0.004***  0.003** -0.002** 

 (0.000) (0.000) (0.001) (0.001) 

Firm_size Yes Yes Yes Yes 

Industry Yes Yes Yes Yes 

Observations 399711 399711 109059 109059 

4. Discussions 
In this paper, we re-estimate the AI automation risk at the core and supplemental WA level by 

employing a novel method. More importantly, we examine the important factors which may 

affect the individual’s AI automation risk drawing upon human capital theory. We find that the 

valuable human capital characteristics and accumulated social and nonroutine analytical skills 

can alleviate the concerns that those workers may become unemployed. This study also identifies 

the characteristics of workers who may benefit from AI if only their supplemental WAs can be 

automated by AI. 
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Abstract 

To use the on-demand services, consumers need to disclose themselves to some extent, which 

inevitably raises their privacy concerns. This study employs the stimulus–organism–response 

framework to investigate how communication tools (environmental stimuli) influence consumers’ 

perceived control, structural assurance, as well as their service platform- and provider-related 

privacy concerns (organisms), which subsequently impact new consumers’ intention and regular 

consumers’ continuance intention to use the on-demand services (behavior responses). The 

models will be tested based on survey data collected from on-demand service consumers. The 

potential theoretical contributions and practical implications are discussed. 

Keywords:  Stimulus–organism–response model, communication tools, platform-related privacy 

concern, provider-related privacy concern 

1. Introduction
As a prevalent economic paradigm nowadays, on-demand services convene different people

owning idle resources to facilitate the provision of resources via online platforms, such as ride-

sharing service (e.g. Uber, Lyft, etc.) and food-delivery service (e.g. Postmates, Doordash, etc.).

To fulfill the targeted on-demand services, both service consumers and providers need to

disclose their personal information to some extent. However, they may hold uncertainty about

the security of personal data disclosed, which inevitably raises consumers’ privacy concern.

A handful studies have investigated how to reduce privacy concern (Li 2014; Dinev et al. 2015; 

Bansal et al. 2016; Gu et al. 2017). For instance, Xu et al. (2012) sought to study the effects of 

personal control enhancing mechanism and proxy control enhancing mechanism on concerns for 

information privacy; the results supported that perceived control over personal information plays 

a key role. Mousavizadeh et al. (2016) proposed two information security assurance mechanisms 

(i.e., assurance statements and third-party assurance seals services) to see how these security 

assurance mechanisms influence privacy concern. Although most online platforms have offered 

privacy assurance mechanisms, it has also been found that privacy assurance measures are too 

complicated and thus are rarely read by consumers (Tsai et al. 2011). There is still a lack of 

research leveraging communication tools provided in the on-demand services to build trust and 

then alleviate privacy concern.  

Meanwhile, previous research about privacy concern has largely been centered on consumers’ 

cognitive responses, such as perceived privacy benefits or risks (Dinev et al. 2015). Although the 
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role of affective responses, such as emotions, in explaining privacy paradox has also received 

some attention (Li et al. 2017), there is still a lack of studies considering both cognitive and 

affective reactions to understand privacy concern, and seeking for alternative representatives for 

cognitive and affective reactions besides the frequent use of privacy risks and emotions (Li et al. 

2011; Li et al. 2017). In this study, we employ the stimulus–organism–response (S-O-R) model 

(Bitner 1992) and answer the following research questions: a) how the effectiveness of 

communication tools affect consumers' cognitive and affective reactions? b) how consumers' 

cognitive and affective reactions influence their service platform- and provider-related privacy 

concern? c) whether new consumers and regular consumers react differently to the service 

platform- and provider-related privacy concern, in terms of their intention/continuance intention 

to use the on-demand services?  

 

2. Theoretical Foundation 
Stimulus–organism–response (S–O–R) model in the environmental psychology was adopted as 

the overarching theory to understand consumers’ affective and cognitive reactions and their 

impacts on privacy behaviors (Bitner 1992). The S-O-R model posits that various environmental 

cues act as stimuli that affect consumers’ cognitive and/or affective reactions (organisms), which 

in turn affect their behavior (responses) (Mehrabian and Russell 1974). The stimuli are 

contextual cues external to consumers that attract their attention. The organism reflects the 

cognitive and affective reactions intervening between the stimuli and user response. The 

response can range from conscious/unconscious to internal/external forms, such as perceptions 

and/or behavioral intentions (Janiszewski et al. 2013).  

 

2.1 Effectiveness of Communication Tools as Environmental Stimuli (S) 

Four representative communication tools are found in the context of on-demand services: 

Chatbot, instant messaging/phonecall, notice board, and comment/rating system. With a Chatbot, 

consumers’ inquiries can be integrated into a one-to-one communication, which offers 

consumers an interactive channel to enable the exchange of service-related information. With 

instant messaging/phonecall, consumers could contact the service providers directly and get 

latest information. Notice board offers consumers an opportunity to obtain information from the 

platform serving as a retrospective notice board. Comment/rating system enables consumers to 

examine past services by reviewing the feedback profile, where consumers can disseminate 

positive or negative comments on the system according to their service experiences.  

 

2.2 Cognitive Reaction, Affective Reaction and Privacy Concern as Organisms (O) 

The organism reflects the cognitive and affective reactions intervening between the stimuli and 

the response (Xiao and Benbasat 2011), where the cognitive reaction is an information-

processing view of consumers’ psychological functions and the affective reaction captures 

consumers’ experience of feeling or emotion (Benlian 2015). Usually, cognitive reactions consist 

of thoughts, or knowledge structures about IT products or e-commerce websites, formed either 

through direct interaction or through the processing of secondary source information. Affective 

reactions refer to beliefs, emotions, or feelings, activated by the stimuli in the online 

environment (Lee and Chen 2011).  

 

2.2.1 Perceived Control as Cognitive Reaction (O) 
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Privacy control was considered a critical cognitive appraisal to justify information exchange 

between two parties (Li et al. 2017). It has also been seen as a representative of cognitive 

reaction in the context of online impulse buying (Chan et al. 2017). In this study, perceived 

privacy control represents cognitive reaction in the S-O-R model, and refers to the perceived 

level of control over the disclosure and subsequent use of personal information (Li et al. 2017). 

 

2.2.2 Structural Assurance as Affective Reaction (O) 

Structural assurances is defined as the belief that success is likely because such contextual 

conditions as promises, contracts, regulations, and guarantees are in place (McKnight et al. 1998). 

Structural assurance belief leads to trusting since it enables people to feel assured. In our 

research context, structural assurance is defined as the feeling that on-demand service platforms 

are in place to promote successful services.  

 

2.2.3 Service Platform- and Provider-related Privacy Concern (O) 

Privacy concerns are worries about opportunistic use of personal information disclosed, which 

reflects consumers’ reaction to the disclosure of personal information as a privacy loss 

(Karwatzki et al. 2017). Comparing with more common adaptation of one-layer S-O-R model, 

this two-layers model reflects not only consumers’ direct, immediate reactions to environmental 

stimuli but also their potential reactions closely related to future behaviors. In this regard, 

privacy concern could be seen as organism in the S-O-R model.  

 

2.3 Intention/Continuance Intention to Use as Responses (R) 

Online consumers are commonly exposed to various technological features or functions, which 

trigger their behavior intention in usage. Therefore, we adopt intention/continuance intention to 

use on-demand services as the response in the research model.  

 

3. Theoretical Model and Hypotheses 
3.1 Research Model 

We propose that the effectiveness of Chatbot, instant messaging/phonecall, notice board, and 

comment/rating system affects consumers’ intention/continuance intention to use on-demand 

services, through consumers’ perceived control over personal information and structural 

assurance of the platform, as well as service platform- and provider-related privacy concern.  

 
Figure 1. Research Model 
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3.2 Hypotheses 

In a computer-mediated-communication context, consumers’ control over communication would 

be enhanced since the communication technologies transmit and present the message to the 

receivers more effectively (Lowry et al. 2009). Well-connected IT design components could 

render better comprehension between consumers and the platform, providing greater perceived 

control (Lee and Chen 2011). Meanwhile, consumers usually perceive more control when they 

find it is easy to search, navigate or interact through the platform in the online environment 

(Jiang et al 2010). Therefore, we posit that: 

 

Hypothesis 1a: The effectiveness of Chatbot is positively associated with consumers’ perceived 

control over personal information. 

Hypothesis 2a: The effectiveness of instant messaging/phone call is positively associated with 

consumers’ perceived control over personal information. 

Hypothesis 3a: The effectiveness of notice board is positively associated with consumers’ 

perceived control over personal information. 

Hypothesis 4a: The effectiveness of comment/rating system is positively associated with 

consumers’ perceived control over personal information. 

 

Structural assurances are defined as consumers’ belief of likely success. Chatbot provides an 

open channel for communication between consumers and service platform, giving a sense of 

social presence, which may contribute to the service success. Similarly, the use of instant 

messaging/phone call could also give consumers a sense of social presence during the service. 

The notice board provides a medium that allows consumers to receive information from the 

service platform timely, leading to better communication. The comment/rating system allows 

consumers to conduct a retrospective review of prior comments and ratings and provides a form 

of memory that can help consumers understand past services, thus increasing the likely of 

success for services. Therefore, we posit that: 

 

Hypothesis 1b: The effectiveness of Chatbot is positively associated with consumers’ structural 

assurance of service platform. 

Hypothesis 2b: The effectiveness of instant messaging/phone call is positively associated with 

consumers’ structural assurance of service platform. 

Hypothesis 3b: The effectiveness of notice board is positively associated with consumers’ 

structural assurance of service platform. 

Hypothesis 4b: The effectiveness of comment/rating system is positively associated with 

consumers’ structural assurance of service platform. 

 

Due to the uncertainty involved in the self-disclosure in the online settings, consumers could 

protect their privacy by deciding to what extent to disclose their personal information and what 

kind of personal information to be disclosed. Privacy invasion normally occurs when people lose 

control over interactional boundaries or lose control over the use of information by others (Li et 

al. 2017). Consumers who have experienced a higher level of perceived control tend to believe 

the service platform as reliable, and the service providers as trustworthy, thus is associated with 

less privacy concern (Lee and Chen 2011). Therefore, we posit that: 
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Hypothesis 5a: Consumers’ perceived control over personal information is negatively associated 

with their service platform-related privacy concern. 

Hypothesis 5b: Consumers’ perceived control over personal information is negatively associated 

with their service provider-related privacy concern. 

 

Structural assurance appears to display a salient positive effect on the consumers’ trust in the 

online platform (Chau et al. 2007), which may show a negative effect on their privacy concerns. 

Structural assurance provides information about the efficacy of existing structures such as 

guarantees, regulations, promises, and operational procedures (Srivastava and Chandra 2018). In 

the context of on-demand services, when consumers find these assurances to be relatively 

protective, platform-related privacy concern is reduced. Meanwhile, service provider-related 

privacy concern, whose actions are under the supervision of the platform as contracted 

employees, would also be reduced. Therefore, we posit that: 

 

Hypothesis 6a: Consumers’ structural assurance of service platform is negatively associated 

with their service platform-related privacy concern. 

Hypothesis 6b: Consumers’ structural assurance of service platform is negatively associated 

with their service provider-related privacy concern. 

 

Privacy concern has been elaborated in the literature that negatively affects consumers’ 

intention/continuance intention to use the technology or the service (Lowry et al. 2011; Miltgen 

et al. 2013; Ku et al. 2013; Li 2014; Gu et al. 2017). No matter which type of privacy concern, 

worries either from the service platform or service providers may decrease consumers’ intention 

or continuance intention to use the on-demand services. Therefore, we posit that: 

 

Hypothesis 7: (a) Consumer’s service platform-related privacy concern is negatively associated 

with a new consumer’s intention to use the on-demand services, (b) as well as regular 

consumer’s continuance intention to use the on-demand services. 

Hypothesis 8: (a) Consumer’s service provider-related privacy concern is negatively associated 

with a new consumer’s intention to use the on-demand services, (b) as well as regular 

consumer’s continuance intention to use the on-demand services. 

 

We define new consumers as those consumers who have limited prior experience in using on-

demand services, which distinguishes them from regular consumers who have some prior 

experience. In the absence of certain information, new consumers are more likely to rely on the 

information sources they have, and interpret the interactions as signaling something positive 

(Foulk and Long 2016). Thus, we suggest that comparing with regular consumers, the impact of 

platform-related privacy concern will be stronger for new consumers; meanwhile, the impact of 

provider-related privacy concern will be weaker for them. When people require information, they 

are more motivated to evaluate the other party as warm and trustworthy (Cuddy et al. 2011). 

Here, we also believe that the level of new consumers’ platform privacy concern will be lower 

than the level of regular consumers’ platform privacy concern. Since as the familiarity with the 

service platform increases, regular consumers’ privacy concern will decrease accordingly (Li 

2014). Therefore, we posit that: 
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Hypothesis 9a: The impact of service platform-related privacy concern will be stronger for new 

consumers than regular consumers.  

Hypothesis 9b: The impact of service provider-related privacy concern will be weaker for new 

consumers than regular consumers. 

 

4. Proposed Methodology 
Survey methodology will be adopted to test our research model, which a commonly adopted 

methodology to capture respondents’ perceptions and each a large sample set. We are targeting 

at both new and regular on-demand service consumers. They will be recruited to report their 

perceptions about their use of computer-mediated communication tools and privacy concerns. 

Demographic statistics will also be collected serving as control variables.  

 

5. Contribution and Implications 
This research is expected to contribute to the existing literature in several aspects. First, we 

explore new mechanisms to reduce consumers’ privacy concern by leveraging communication 

tools rather than relying on privacy assurance mechanisms. Since communication tools 

effectively build trust by enhancing the interactivity and social presence, we believe it could also 

help reduce privacy concern. Second, we extend previous literature about privacy concern by 

differentiating two types of consumers’ privacy concerns: platform- and provider-related privacy 

concerns contextualized in the context of on-demand services. Third, our study extends the 

stimulus–organism–response model by enriching the layers of organisms. Comparing with more 

common adaptation of one-layer S-O-R model, this two-layers model reflects not only 

consumers’ direct, immediate reactions to environmental stimuli but also their potential reactions 

closely related to future behaviors. Finally, our study could help developers better understand 

privacy concerns in the context of on-demand services and improve individualized services. For 

instance, they may refine the design of communication tools to enhance user experiences.  
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The More Similar the Better? Examining the Roles of Textual and Visual 

Features and their Similarities in Increasing Review Usefulness   

 
 

Abstract 
 

In our era of information overload, users of online restaurant reviews (ORR) may rely on textual 

and visual features themselves as well as the similarities between them to determine the 

usefulness of a review. Drawing on dual coding theory, this study aims to identify the textual (i.e., 

textual description elaborateness and textual narrative readability) and visual features (i.e., 

visual feature complexity and visual semantic complexity) of ORRs that influence review 

usefulness. This study also investigates the moderating role of similarity between these features 

in increasing review usefulness. Textual and visual features are measured employing the Latent 

Dirichlet Allocation (LDA) method and Google Vision API, respectively, while similarities 

between textual and visual features are calculated using cosine similarity scores. This study 

would contribute to the body of knowledge on image/text mining on ORRs and provide practical 

implications for managers and users in the hospitality and tourism industry.      

 

Keywords: Online Restaurant Review, Review Usefulness, Image Mining, Text Mining, 

Similarity between Textual and Visual Features 

 

 

1. Introduction  
The rapid growth of user generated content (UGC) has allowed for the success of online reviews, 

which have become an essential source of information for the evaluation of products and services 

(Racherla and Friske, 2012). An online review posted on review websites usually includes three 

main components: (1) a review rating, (2) review content, and (3) a usefulness vote (Korfiatis et 

al., 2012). Although review ratings (usually in the form of 5-star ratings) and textual features of 

review content (e.g., emotions and readability) have been proven to be influencing factors on 

review usefulness by previous research, visual features of review content have been relatively 

ignored despite their greater or at least equal importance; facilitated by image mining techniques, 

only a few attempts to combine both textual and visual features have been made in the context of 

online restaurant reviews (ORRs). We argue that a mere combination of both features is not 

sufficient; we further propose that a similar relationship between textual and visual features, 

referred to as similarity between textual and visual features, has a significant impact on review 

usefulness.  

 

When online review users browse a particular review among hundreds of thousands, they may 

tend to scan the review first and then begin reading if they find both textual and visual contents 

interesting and consistent with each other. This pattern of information processing indicates the 

importance of similarity between textual and visual features. This similarity, however, has been 

largely neglected by previous studies. The purpose of this study is thus to examine not only the 

roles of textual and visual features themselves but also the impact of the similarity between them 

on review usefulness. This study is one of the first attempts to employ the Latent Dirichlet 

Allocation (LDA) method and Google Vision API simultaneously to measure textual and visual 

features, as both methods have rarely been used in a scalable and robust way in an ORR setting 

90



for further analysis of similarity between textual and visual features. We believe that this study 

could provide significant implications on information comprehension in the context of ORRs, 

draw consumer interest, and provide suggestions for restaurant managers interested in properly 

tuning levels of review usefulness.      

 

2. Literature Review  
2.1 Textual and Visual Features in Online Restaurant Reviews  

Textual features of ORRs play the fundamental function of helping users gather related 

information about restaurant experiences from other customers (Jeong and Jang, 2011). 

Specifically, the elaborateness of reviews and the linguistic style of textual contents (Zhao et al., 

2019) have been found to influence review usefulness. As for visual features, we believe that 

they are as persuasive as textual features. For example, Kusumasondjaja and Tjiptono (2019) 

proved that visual complexity increases favorable responses. This study therefore focuses on 

both textual and visual features of ORRs as influencing factors on review usefulness.   

 

2.2 Dual Coding Theory 

Dual coding theory (DCT) posits that memory encodes and stores by the complementarity of two 

distinct yet interconnected code systems: verbal and nonverbal code systems (Paivio, 1990). 

Verbal code represents language, while nonverbal code denotes imagery or visual content that is 

nonlinguistic. We therefore argue that both textual and visual features should be examined. 

However, prior studies have focused merely on the simple co-examination of textual and visual 

features, leaving the need for a further study that reveals the role of a similar relationship 

between both features (i.e., similarity between textual and visual features) in increasing review 

usefulness, especially in the context of ORRs.  

 

2.3 Similarity between Textual and Visual Features 

Korfiatis et al. (2012) found a consistency and similarity between textual features and review 

ratings, and Shin et al., (2016) studied text/tags, images, and the similarity between textual and 

visual contents on Tumblr. However, similarity between textual and visual features has not yet 

been examined in an ORR setting.  

 

2.4 Topic Modeling and Latent Dirichlet Allocation  

Nikolenko et al. (2017) stated that topic modeling is a vital tool in investigating user opinions, 

identifying topic trends, and following them over time. Latent Dirichlet Allocation (LDA) is a 

highly popular topic modeling method, and it has been used to examine word items and topics in 

online tourist reviews (Dickinger et al., 2017). However, it has rarely been employed in the 

context of ORRs.  

 

3. Research Model and Research Hypotheses 
As shown in Figure 1, four hypotheses are developed to investigate the relationships between 

textual/visual features and review usefulness, and similarity between textual and visual features 

is added as a moderator influencing the relationship between textual/visual features and review 

usefulness.   
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Figure 1. Research Model 

3.1 Relationships between Textual Features and Review Usefulness 

Elaborateness of reviews has been found to be an important feature of online reviews in terms of 

review usefulness (e.g., Liu and Park, 2015). Review readability has also been proven to have an 

impact on review usefulness (e.g., Korfiatis et al., 2012). Therefore, we hypothesize:  

H1: Textual description elaborateness is positively associated with review usefulness. 

H2: Textual narrative readability is positively associated with review usefulness. 

3.2 Relationships between Visual Features and Review Usefulness 

Visual stimuli such as images include various elements, and images with more variations in pixel 

values are believed to be more complex than those with less brightness and fewer colors, thus 

attracting more attention (Machado et al., 2015). As for visual sematic complexity, we argue that 

in the era of information overload, semantically concise images are preferable due to limitations 

in cognitive capacity (Shin et al., 2016). We thus propose that images with more than average 

number of labels are considered to bring about information overload, while those with less tags 

are considered concise and helpful. Hence, we hypothesize:  

H3: Visual feature complexity is positively associated with review usefulness. 

H4: Visual semantic complexity is negatively associated with review usefulness. 

3.3 Moderating Role of Similarity between Textual and Visual Features 

It has been proven by Edell and Staelin (1983) that differences between textual and visual 

features negatively impact cognition and attitude regarding brand and advertisements, and we 

believe that these results can be extrapolated to the context of ORRs as they share the goal of 

attracting consumers. We therefore propose that the similarity between textual and visual 

features would have a moderating effect on the relationships between textual/visual features and 

review usefulness. We thus hypothesize: 
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H5a: Similarity between textual and visual features positively moderates the relationship 

between textual description elaborateness and review usefulness. 

H5b: Similarity between textual and visual features positively moderates the relationship 

between textual narrative readability and review usefulness. 

H6a: Similarity between textual and visual features positively moderates the relationship 

between visual feature complexity and review usefulness. 

H6b: Similarity between textual and visual features positively moderates the relationship 

between visual semantic complexity and review usefulness. 

 

 
Figure 2. The Illustration of Variables in an ORR 

 

4. Research Methodology 
Our data were collected from all the 2018 ORRs on Yelp.com for New York City in the United 

States. The variables in an ORR posted on Yelp.com – including textual features, visual features, 

similarity between textual and visual features, review usefulness (dependent variable), and 

control variables – are illustrated in Figure 2. The operational definitions and measurements of 

the variables are shown in Table 1. 

 

To measure similarity between textual and visual features, we followed three steps. In the first 

step, we used unsupervised learning (LDA topic modeling) to collect keywords from review 

texts. LDA topic modeling is a generative probabilistic model to collect discrete text data, and it 

is used to discover topics through posterior inference (Blei et al., 2003). In the second step, we 

collected predicted labels in the images using powerful machine learning models provided by 

Google Vision API. Lastly, we calculated cosine similarity scores between the extracted 

keywords and the predicted image labels.  

 

In order to avoid the endogenous problems caused by the restaurant’s own characteristics, such 

as restaurant decoration, cuisine, traffic, and location, which will affect visual features, we intend 

to add the restaurant fixed effect. In addition, an important endogenous influence that affects 

model identification is the ranking of reviews, as top reviews may have more chances to get 
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usefulness. Therefore, the robustness check will be further conducted to prove that the ranking’s 

effect on the dependent variable is random. In order to double-check the results, various methods, 

such as text extraction, image recognition, similarity calculation, and identification strategy will 

be conducted in this study as well.  

 

5. Expected Contributions 
Theoretically, this paper builds one more layer on the literature on image mining, text mining, 

and topic modeling. We further identify and examine the moderating role of similarity between 

textual and visual features in increasing review usefulness in the context of ORRs. Practically, 

these findings will suggest a way to make a more useful ORR for general users and provide 

managerial implications for managers in the hospitality and tourism industry, especially those 

who work with ORRs.    

 

Table 1. Operational definitions and measurements of variables 

Category Variable Operational Definition Measurement Reference 

Textual 

Features 

Textual 

Description 

Elaborateness 

The extent of how many details are 

provided in the text corpus 
The number of total words in 

each review 

Racherla and 

Friske (2012) 

Textual 

Narrative 

Readability 

The extent of how much a review is 

understood by readers 

The Dale-Chall readability 

score calculated in each 

review 

Korfiatis et al. 

(2012) 

Visual 

Features 

Visual Feature 

Complexity 

The degree of how many variations in 

pixel values (e.g., brightness and 

colors) are embedded in review 

image(s) in a review 

 

 

Machado et al. 

(2015) 

Visual Semantic 

Complexity 

The degree of how complicated the 

semantic content of image(s) in a 

review is 

Google Vision API predicted 

image labels   

Takanob et al. 

(2018) 

Moderating 

Variable 

Similarity 

Between 

Textual and 

Visual Features 

The extent of how consistent and 

similar the textual and visual contents 

are to each other  

Cosine similarity score 

between Google Vision API 

predicted image labels and 

topic words extracted from 

the review texts using LDA 

topic modeling  

Shin et al. 

(2016) 

Dependent 

Variable  

Review 

Usefulness 

The degree of how beneficial a 

review is perceived to be  

The number of total useful 

votes in each review 

Ghose and 

Ipeirotis 

(2011) 

Control 

Variables 

Reviewer 

Reputation 

The extent of how much a reviewer 

has been socially identified and 

validated on Yelp.com 

The number of friends a 

reviewer has 

Racherla and 

Friske (2012) 

Reviewer 

Expertise 

The extent of competence and 

knowledge that a reviewer holds 

regarding restaurants  

The total number of reviews, 

photos, and Elite award a 

reviewer has 

Racherla and 

Friske (2012) 

Reviewer 

Location of 

Residence 

The extent of how close a reviewer 

lives to the city where the restaurant 

is located  

0: local 

1: non-local 

Liu and Park 

(2015) 

Review Star 

Rating 

The degree to which a review is 

evaluated numerically by a reviewer 

The star rating (1-5) given by 

a reviewer for each review  

Mudambi and 

Schuff (2010) 

Review Date 
The degree of the day of the month 

and year when a review is written  

The date associated with each 

review  

Gu and Ye 

(2014) 

Number of 

Check-ins 

The degree of how often a reviewer 

has visited the restaurant that he/she 

reviews  

The number of check-ins 

provided by a reviewer for 

each review  

Banerjee et al. 

(2017) 
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Abstract 
 

A rapidly growing number of online healthcare platforms is changing the way we access 

healthcare information and gain health-related knowledge. Given that physicians can share their 

professional knowledge with patients through these platforms (e.g., via online consultations or 

posting articles), physician-generated content is the cornerstone of these platforms. Considering 

physicians’ professional stature, work demands, and legal responsibilities, the question of how 

these platforms can promote physicians’ contributions is an important question for both theory 

and practice. To address this question, we theorize the role of similarities and feedback 

mechanisms as antecedents of physicians’ participation in these platforms—i.e., active and 

passive contributions. Analyzing data from a leading online healthcare platform in China, we 

find that gender similarity dominates over affiliation similarity for physicians’ both online 

contributions. Furthermore, we find that experiential similarity dominates over specialization 

similarity for physicians’ both online contributions. Finally, we find that for passive 

contributions, online rewards dominate over online reviews, while for active contributions, 

online reviews have stronger effects than online rewards. Theoretical and practical implications 

are discussed. 

 

Keywords: Online Healthcare Platform, Passive Contributions, Active Contributions, Surface 

Level Similarity, Deep Level Similarity, Feedback 

 

1. Introduction 
A rapidly growing number of online healthcare platforms is changing the way patients and other 

individuals can access healthcare information and develop health-related knowledge. Physicians 

on these platforms can share their professional knowledge with patients (e.g., through online 

consultations or by posting articles). Such physician-generated content is the keystone of these 

platforms. Member contribution has long been identified as a pivotal factor affecting the 

long-term viability and prosperity of online communities (Tsai and Bagozzi 2014). In prior 

studies on online communities, member contribution is classified into active and passive 

contributions (Phang et al. 2015; Schlosser 2005). In general, active contribution refers to a 

situation in which participants initiate a contributing activity on an online platform without an 

explicit stimuli and/or trigger (i.e., publicly viewable incentives and/or influences) from the 

platform and/or other users (e.g., by participants posting a status or an article), whereas passive 

contribution refers to a situation in which participants engage in activities on an online platform 

in response to a communication explicitly initiated by the platform and/or other users (e.g., a 

targeted message or a post by a participant).  

 

A similar distinction of contribution behavior for physicians can be observed on online 

healthcare platforms—passive contributions are related to physicians’ responses to patients’ 

queries, whereas active contributions refer to physicians’ posting of health-related articles on an 
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online platform proactively. The difference is that the former is initiated by patients (i.e., 

physicians’ passive contributions) and the latter is initiated by physicians (i.e., physicians’ active 

contributions). Both contributions are important in making a platform viable, useful, and 

prosperous. Encouraging participation and building thriving communities are frequently cited as 

central challenges for online platforms. However, despite an increasing number of registered 

physicians, a small number of them do make contributions to online healthcare platforms (Ma 

2016). Considering physicians’ professional stature, work demands, and legal responsibilities, 

the question of how to promote physicians’ passive and active contributions in online healthcare 

platforms is important for both theory and practice. 

 

In this study, we seek to understand what motivates physicians to contribute to online healthcare 

platforms. We focus on two theoretical mechanisms to explain physicians’ online contribution 

behaviors—similarity and feedback mechanisms. Prior research in social psychology, 

organizational behavior, and information systems has suggested the effects of various forms of 

similarity (e.g., similarities in interest, demographics, opinion, location, status, and expertise) on 

interpersonal interactions in online communities (Hwang et al. 2015; Lauw et al. 2010; Ludford 

et al. 2004). However, it is not distinct how the similarity of individual characteristics would play 

a role in a highly specialized professional environment that has significant legal, ethical, and 

compliance considerations. Furthermore, there are structural differences between online 

healthcare platforms and online communities. In online healthcare platforms, knowledge flow is 

mainly directional from physicians to patients. Often there is only one provider and one receiver, 

in contrast to other online communities, for each patient-physician interaction episode on these 

platforms. Therefore, how the similarity of individual characteristics affects physicians’ 

contributions to these platforms remains an interesting question. Understanding the role of the 

similarity of individual characteristics on the healthcare platforms is of great importance because 

it might assist researchers and practitioners in developing insights on how to promote physicians’ 

contributions to these platforms. However, it still remains indistinct what effects the similarity of 

individual characteristics would have on physicians’ contributions on online healthcare 

platforms. 

 

Existing research has suggested that the feedback mechanisms (e.g., rewards or reviews) could 

affect users’ contribution levels in online communities (Huang et al. 2018; Manchanda et al. 

2015; Roberts et al. 2006). Considering the varied professional and social statures of physicians, 

feedback may affect physicians’ passive and active contributions differently in online healthcare 

platforms. Moreover, physician-generated content in online healthcare platforms is considered as 

“credence goods” which is highly individual-specific. The unique traits could generate unique 

patterns of passive and active contributions. Thus, the impacts of feedback mechanisms on 

physicians’ passive and active contributions may not be entirely consistent with the findings of 

prior studies.  

 

We collected data from a leading eHealth platform that facilitates physician-patient consultations. 

We focused on how the similarity of physicians’ characteristics (surface level and deep level) 

and feedback mechanisms (online reviews and online rewards) affected their passive and active 

contributions. Using the Hausman-Taylor method to estimate our proposed model, we find that 

similarity and feedback mechanisms have different effects on physicians’ passive and active 

contributions. Our findings have significant theoretical and practical implications.  
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2. Research Model 
Our research is drawn from the literature on online contributions, regarding similarity effects and 

feedback effects.Based on the prior literature(Harrison et al. 1998; Harrison et al. 2002), surface 

level similarity refers to similarities among individuals in terms of overt demographic 

characteristics (i.e., gender similarity and affiliation similarity) while deep level similarity refers 

to the similarities among individuals in terms ofconstrual and mutable features (i.e., experiential 

similarity and specialization similarity). We hypothesize that gender similarity has a stronger 

effect than affiliation similarity for online contributions. First, gender is primarily a social 

construction and a major organizing principle of social identity (Freud 1994). Second, gender is 

intuitive and subconscious in leading individuals to behave. Gender stereotypes are highly 

prescriptive. The qualities they ascribe to women and men tend also to be those that are required 

of women and men. A person's gender-role orientation describes that person’s beliefs about 

normative gendered behaviors (such as the division of labor) and rules of social interaction or 

gendered clothing. In the healthcare context, a physician’s behavior is also driven by tionhis/her 

gender role beliefs. A physician’s gender role belief, for example, may also subconsciously and 

intuitively influence his/her participation in on online healthcare platforms. Therefore, a 

physician’s innate behavioral orientation which is driven by gender similarity will play a 

dominating role in the online healthcare context. In combination, we argue that gender similarity 

dominates affiliation similarity in online physician-patient healthcare communities. 

In the same vein, we hypothesize that experiential similarity has a stronger effect than 

specialization similarity for both online contributions. First, experiential knowledge is the 

accumulation of practical knowledge and experience. Compared to specialization, experiential 

knowledge is more likely to indicate an individual’s quantity of knowledge in his/her field of 

knowledge . In the healthcare setting, the accumulation of knowledge and experience is 

important for physicians in enhancing their efforts to help their patients. For physicians, 

knowledge and experience may play a major role in providing healthcare services. Second, for 

both contributions, physicians need to provide their professional knowledge to help patients 

online. As a result, the amount of professional knowledge and experience may play a greater role 

in both passive contribution and active contribution. Physicians are more likely to be affected by 

others who have similar experiential knowledge.  

 

We also classified feedback mechanisms into online reviews and online rewards on the basis of 

prior literature on marketing and information systems (Chen and Xie 2008; Huang et al. 2018). 

For physicians, providing professional services is their responsibility and obligation rather than 

their self-driven or naturally occurring roles. The reward is a direct incentive. It will work when 

the behavior is not self-driven or naturally occurring. As a result, compared to online reviews, 

online rewards may be a stronger external motive that can drive physicians’ passive 

contributions. In addition, online reviews could result in online reputation, and internalized 

extrinsic motivation (Roberts et al. 2006), thereby promoting physicians’ contributions to online 

healthcare platforms. Similarly, online rewards could be external incentives that could have a 

direct impact on physicians’ contributions to online healthcare platforms. In combinatiom, we 

hypothesize that for passive contributions, the rewards have stronger effects than reviews while 

for active contributions, reviews have stronger effects than rewards. Our research model is 

presented in Figure 1. 
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Figure 1 Research Model 

3. Research Context  
The platform in our study is a leading online healthcare platform in China, established in 2006 

and having engaged more than 170,000 registered doctors by 2017. We collected the data of 

physicians who had registered in 2016, including demographic data, online consultations, online 

articles, online reviews and virtual gifts on the platform. There were 30,598 registered physicians 

in 2016, however there were only 10,578 physicians who contributed during our observation 

period (i.e., 52 weeks for each physician). Table 1 provides the definitions of the variables that 

we constructed. The descriptive statistics for all variables are reported in Table 2.  

Table 1 Definition of the Variables 
Variable Definition 

For Passive Contribution 

Passive Contribution The total number of online consultations for each focal physician in a given period. 

Gender Similarity The total number of other physicians’ online consultations from the same gender in a given 

period. 

Affiliation Similarity The total number of other physicians’ online consultations from the same hospital level in 

a given period. 

Specialization 

Similarity 

The total number of other physicians’ online consultations from the same specialty in a 

given period. 

Experiential Similarity The total number of other physicians’ online consultations from the same professional title 

in a given period. 

For Active Contributions 

Active Contribution The total number of online articles posted by each focal physician in a given period. 

Gender Similarity The total number of other physicians’ posting articles from the same gender in a given 

period. 

Affiliation Similarity The total number of other physicians’ posting articles from the same hospital level in a 

given period. 

Specialization 

Similarity 

The total number of other physicians’ posting articles from the same specialty in a given 

period. 

Experiential Similarity The total number of other physicians’ posting articles from the same professional title in a 

given period. 

Reward The total number of virtual gifts for each physician in a given period. 

Review The total number of online reviews for each physician in a given period. 

Table 2 Descriptive Statistics  
Variable Mean Std. Dev. Min Max 

For Passive Contribution 

Passive Contribution 1.39 6.74 0 152 

Gender Similarity 4879.54 1993.09 0 9152 

Affiliation Similarity  4146.51 2738.36 0 8890 

Specialization Similarity 2140.73 1062.54 0 4405 

Experiential Similarity  2835.17 1617.63 0 7095 

For Active Contributions 

Active Contribution 0.03 0.42 0 20 
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Gender Similarity 102.05 64.81 0 397 

Affiliation Similarity  102.91 84.78 0 444 

Specialization Similarity 46.02 34.95 0 235 

Experiential Similarity  55.73 41.88 0 287 

Reward 0.14 0.91 0 114 

Review 0.09 0.46 0 22 

4. Method and Results 
Our model is defined as: 

0 1 -1 2 -1 3 -1 4 -1

5 -1 6 -1
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it
Cont refers to physicians’ passive and active contributions. 

-1it
GdrSim refers to gender similarity. 

-1it
AffSim refers to affiliation similarity. 

-1
S

it
Simpec refers to specialization similarity. 

-1it
ExpeSim is 

experiential similarity. 
-1it

Review and 
-1it

Re ward are reviews and rewards, 

respectively.
it

Control defines control variables including gender, hospital level, professional title, 

specialty, and telephone consultation.  

 

Because we wanted to obtain a consistent estimation of the effects of time-fixed variables while 

controlling for unobserved fixed factors to estimate our empirical model, we implemented the 

Hausman and Taylor (1981) method. Table 3 presents the estimation results for both passive 

contributions and active contributions. First, as shown in Table 3 (Model 1), we find that surface 

level similarity significantly affects physicians’ online contributions. In particular, the magnitude 

of gender similarity is larger than that of affiliation similarity (p < 0.0001 in the Wald Test for 

comparing coefficients). These results indicate that gender similarity has stronger effects than 

affiliation similarity on physicians’ both contributions. This finding suggests that gender does 

have an impact on physicians in online healthcare platforms.  

Table 3 Impacts of Similarity and Feedback on Contributions 

 
1 2 3 4 

For Passive Contribution 

Gender Similarity 0.0651*** 
  

-0.0205*** 

Affiliation Similarity 0.0204*** 
  

-0.0013  

Specialization Similarity 
 

0.0467*** 
 

0.0597*** 

Experiential Similarity 
 

0.0615*** 
 

0.0686*** 

Rewards 
  

0.0535*** 0.0509*** 

Reviews 
  

0.0624*** 0.0499*** 

Control Variables YES YES YES YES 

For Active Contribution 

Gender Similarity 0.0062*** 
  

0.0051*** 

Affiliation Similarity 0.0027*** 
  

0.0018*** 

Specialization Similarity 
 

0.0028*** 
 

-0.0005 

Experiential Similarity 
 

0.0054*** 
 

0.0021*** 

Rewards 
  

0.0054*** 0.0052*** 

Reviews 
  

0.0091*** 0.0080*** 

Control Variables YES YES YES YES 

Second, as shown in Table 3 (Model 2) we find that deep level similarity significantly affects 

physicians’ online contributions. In particular, the magnitude of experiential similarity is larger 

than that of specialization similarity (p < 0.0001 in the Wald Test for comparing coefficients). 

These results indicate that experiential similarity has a stronger effect than specialization on both 
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contributions. This finding reveals that professional knowledge and experience are more 

important than the the specialties of physicians in online healthcare platforms. Third, in Table 3 

(Model 3), for passive contribution, the magnitude of rewards is larger than that of reviews (p < 

0.001 in the Wald Test for comparing coefficients). However, regarding active contributions, the 

magnitude of reviews is larger than that of rewards (p < 0 .001 in the Wald Test for comparing 

coefficients). These results indicate that for passive contribution, rewards have a stronger effect 

than reviews; however, for active contributions, reviews have a stronger effect than rewards. 

These findings suggest that direct motivations, such as rewards and reviews could influence 

physicians’ behavior in online healthcare platforms. 

5 Conclusion and Implications 
In this study, we explore physicians’ passive and active contributions based on similarities and 

feedback mechanisms. We collected data from a leading online healthcare platform in China. We 

used the Hausman-Taylor Method to estimate our model. We have several key findings. First, we 

find that gender similarity is stronger than affiliation similarity for both passive and active 

contributions. Second, we also find that experiential similarity has a stronger effect than 

specialization similarity for both online contributions. Third, we find that regarding passive 

contributions, rewards have stronger effects than reviews, while for active contributions reviews 

have stronger effects than rewards. 

There are several theoretical contributions. First, this study contributes to the literature on online 

contributions from the perspectives of passive and active contributions. By exploring the 

differential effects of similarities and feedback on physicians’ passive and active contributions, 

we expand the understanding of online contributions. Second, this study also contributes to the 

literature on similarities by exploring how surface level similarity and deep level similarity 

differently affect physicians’ online contributions. We classify similarity at the surface and deep 

levels. Accordingly, we investigate the roles of surface and deep level similarities in online 

contributions. In addition, we also compare different similarities for both contributions. These 

results provide a new perspective for researchers to further understand the similarity effects. 

Furthermore, prior studies on similarity have mainly focused on the relationship between similar 

individuals. In this study, we explore the similarities in physicians’ behaviors. These results 

extend the literature on similarity.  

Moreover, we derive important practical implications. This study explored the different effects of 

similarity and feedback on physicians’ contributions. These findings provide some insights for 

practitioners to promote physicians’ online contributions in the following ways. First, this study 

suggested that gender similarity and experiential similarity are stronger than affiliation similarity 

for both contributions. Thus, practitioners should devote more attention to gender and 

experiential similarities to motivate physicians’ online contributions. Second, this study found 

that regarding passive contributions, rewards play a more dominant role over reviews; however 

regarding active contributions, the effects of reviews are stronger than those of rewards. Thus, 

practitioners are advised to improve the mechanisms of rewards to promote passive contributions. 

By contrast, practitioners need to focus on the mechanisms of online reviews to promote active 

contributions.  

References omitted and is available upon request. 
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Disentangling the effect of Reciprocity on Online Knowledge  

Sharing Communities 

 

Abstract 
 

Researchers have studied reciprocity as a motivation for users to share knowledge online. In this 

study, we focus on two different types of reciprocity as drivers of online contribution: ex post and 

ex ante reciprocity. Ex post reciprocity refers to users who receive help from others in the past, 

paying back by helping others. Using a quasi-experiment performed via the instrumental variable 

method as the identification strategy, we test whether users who receive more answers last week 

answer more questions in the current week on StackOverflow.com. We find a significant positive 

relationship between ex post reciprocity and knowledge contribution, and such a reciprocal 

motivation diminishes with time. Ex ante reciprocity refers to people helping others in expectation 

of future help from others. Using data from StackOverflow.com, we take advantage of a natural 

experiment with a difference-in-differences analysis and find evidence supporting the existence of 

ex ante reciprocity. This study offers a new taxonomy for reciprocity and new insights on how 

reciprocity drives online knowledge sharing. 

 

Keywords: Ex post, Ex ante, Reciprocity, Knowledge Sharing, Q&A Website 

 

1. Introduction 

User-generated content is the lifeblood of online communities, especially for question-and-

answer (Q&A) websites, where high-quality answers determine whether users will continue to use 

the website. For StackOverflow.com, a Q&A website specializing in technical programming 

problems, answering questions usually requires time, energy and commitment on the part of users. 

Therefore, engaging users and ensuring high-quality contributions in the form of answers to 

questions is critical for such websites.  

Researchers have studied reciprocity as a motivation for users to share knowledge online. 

However, inconsistent results exist about the impact of reciprocity on knowledge contribution on 

online communities. For example, both Wang and Lai (2006) and Ye et al. (2006) find that 

reciprocity has no significant impact on knowledge contribution. However, Bock et al. (2005) find 

positive impact of reciprocity on knowledge sharing. To explain such inconsistency in prior studies, 

we therefore suggest a new taxonomy, which classifies reciprocity along a temporal dimension: ex 

ante and ex post reciprocity: 

Definition 1 (Investment): People experience ex ante reciprocity when they help others in 

anticipation of others’ help later.   

A person’s efforts to help others under ex ante reciprocity, in anticipation of future help, can 

be viewed as an investment, which could pay off in the future with varying degrees of likelihood.  

Definition 2 (Indebtedness): People experience ex post reciprocity when they help others 

after they have received help from others before.  

After a person receives help from others, he/she will feel indebted, thus helping others in the 

future to reciprocate the help received. 

Intuitively, it could be argued that ex post reciprocity will encourage contribution, whereas if 

the ex ante expectation of reciprocity is not realized, that could generate resentment and could 

harm users’ contribution on the platform. Specifically, ex ante reciprocity motivates users to 
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answer questions, in a way that these contributors expect a return from others. However, due to 

the existence of free riders, the contributors may fail to get what they expect, which may cause 

them to reduce future contributions. In this case, the existence of expectations arising from ex ante 

reciprocity coupled with free-riding can result in reduced user-contributions in an online 

community. On the contrary, the existence of ex post reciprocity may have a positive impact on 

users’ contribution, because it is a norm leading people to offer help after they receive help from 

others. In summary, the effect of one type of reciprocity could cancel out the effect of the other, 

leading to divergent findings in the literature. 

While much of prior work has explored ex ante and ex post reciprocity separately, there is a 

need to develop a unified view of both kinds of reciprocity as distinct mechanisms with potentially 

different outcomes. Table 1 lists some constructs related to reciprocity from prior literature. Under 

the column “Construct Description/Example”, we provide some quotes illustrating the relevant 

reciprocity construct. We then categorize these constructs into ex ante and ex post reciprocity 

according to our taxonomy. From Table 1, we observe that prior researchers have been studying 

reciprocity without making the distinction between ex ante and ex post reciprocity, sometimes 

leading to divergent results. 

Table 1. Prior Empirical Studies on Reciprocity and Knowledge Contribution 

Construct Construct Description/Example Reciprocity Type References 

Reciprocity 
“If I gain some knowledge I feel it only right to 

give back and help someone else.” 
Ex post 

Wasko and Faraj 

2000, P.165 

Anticipated 

reciprocal 

relationships 

“My knowledge sharing would create strong 

relationships with members who have common 

interests in the organization.” 

Ex ante 
Bock et al. 

2005, P. 108 

Perceived 

efficacy 

incentives 

“Seeking future exchange from whom I 

provide help” 
Ex ante 

Wang and 

Fesenmaier 

2003, P.716 

The norm of 

reciprocity (NR) 

“I know that other members in the BlueShop virtual 

community will help me, so it’s only fair to help 

other members.” 

Ex ante 
Chiu et al. 2006, 

P.1879 

Reciprocity 

“Previous behavior of answering questions and 

helping others in online Q&A communities have 

influenced the contributor in receiving answers and 

helping in the future” 

Ex post 
Jin et al. 2009, 

P.680 

Peer recognition 

“Theories of reciprocity suggests that feedback 

from other users will have an impact on users’ 

future participation behaviors.” 

Ex post 
Jin et al. 2015, 

P.843  

We focus on two groups of research questions: First, how does ex post reciprocity 

quantitatively influence users’ contribution to online communities? Will this impact become 

stronger or weaker as time goes? Second, is there any evidence for the existence of ex ante 

reciprocity in online communities? Moreover, will the violation of ex ante reciprocity negatively 

influence users’ motivation? 

2. Study 1: Ex post Reciprocity 

With respect to ex post reciprocity, we test whether high-reputation users who receive more 

answers will answer more questions on StackOverflow.com. We choose users’ weekly number of 

answers given (AnsGiv) as the dependent variable. We use the total number of answers received 

(AnsRec) from others during a week, for questions asked by the focal user (the questions of the 
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answers may be posted in that week or previous weeks) as the focal independent variable. To 

control for other potential factors that may have an impact on users' knowledge contribution, such 

as self-learning, peer influence, and users’ activities, we introduce several control variables into 

our model. Specifically, the users’ tenure can control for time-variant demographic changes. We 

also use the number of badges received and the number of edits given to control for the external 

rewards and users’ activities. We use a two-way fixed effects model with instruments as the 

identification strategy. The user fixed effects can control for users’ characteristics such as self-

learning and behavior pattern, which remain relatively constant as time goes by. The time fixed 

effects can control for the potential temporal shocks, such as peer influence. The model is as 

follows: 

𝑙𝑜𝑔(𝐴𝑛𝑠𝐺𝑖𝑣)𝑖𝑡 = 𝛽0 + 𝛽1 𝑙𝑜𝑔(𝐴𝑛𝑠𝑅𝑒𝑐)𝑖,𝑡−1 + 𝛽2 𝑙𝑜𝑔(𝐴𝑛𝑠𝑅𝑒𝑐)𝑖,𝑡−2 + 𝛽3 𝑙𝑜𝑔(𝐴𝑛𝑠𝑅𝑒𝑐)𝑖,𝑡−3 

+ ⋯ + 𝛽4 𝑙𝑜𝑔(𝐴𝑛𝑠𝑅𝑒𝑐)𝑖,𝑡−4 + ⋯ + 𝛿𝑖 + 𝜃𝑡 + 𝜖𝑖𝑡                                                   (1) 

where i and t index user and week, respectively. The control variables are omitted for clarity. 

𝜃𝑡 and 𝛿𝑖 represent the fixed effects for week 𝑡 and user 𝑖, respectively. 휀𝑖𝑡 is the error term.   

The focal independent variable, i.e., the number of answers received, could be correlated with 

the error term. For example, if a user is simply learning a lot on the site and also engaging heavily 

with other members on the site, he may post questions and also answers actively. We use 

instrumental variables to solve the potential endogeneity problems.  

The answers are naturally dependent on questions. Specifically, Liu et al. (2017) suggest that 

answers are dependent on the quality of questions. A good question may induce more answers. 

However, the quality of questions should not have any direct impact on the dependent variable, 

the number of answers given. For example, some top-notch programmers rarely ask questions, but 

oblige to give many answers. Meanwhile, the quality of questions is more random than the number 

of questions. People can always ask questions, but it is difficult to control the question quality. For 

example, if their questions have already been asked on StackOverflow, the mediators will tag those 

questions as “repeated”. A potential issue is that the users that post high quality questions are 

potentially also those that answer more questions as well. In this case, the instrument (question 

quality) and the number of answers given are both correlated with users’ characteristics (e.g., users’ 

reputation and ability). However, the user fixed effects can capture this causal path, which can rule 

out this issue. Therefore, the changes in the quality of questions are associated with the changes in 

the number of answers received, but do not lead to changes in the number of answers given, aside 

from the indirect impact; the instrument is correlated with the endogenous variable but not with 

the error term. We use the number of questions’ upvotes received in a week (QueUpv) as a proxy 

for the quality of questions because higher quality questions tend to be upvoted more by the 

community. We also use an alternative proxy, i.e., the number of questions’ comments received in 

a week (QueCom), giving us multiple measures of question quality. One issue about these two 

proxies is that they may represent how popular or trendy the related topic is during a period. Since 

we already control for the time fixed effects that can capture the temporal shocks or popularity 

trend, this issue can be disentangled.  

Table 2 shows the results of the two-stage least square (2SLS) regression for testing 

reciprocity. Model (1) and (2) represent the impact of the immediate ex post reciprocity, while 

Model (3) and (4) test the diminishing impact of ex post reciprocity from previous periods. 

Model (1) and (3) use the question quality, measured by the number of question upvotes, as the 

instrumental variable. Model (2) and (4) use the question quality, measured by the number of 

question upvotes as well as the number of question comments, as instrumental variables. 
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Compared with Model (1) and (3), Model (2) and (4) use multiple instruments, allowing us to do 

the overidentification test (Hansen 1989). The p-values of underidentification test show that all 

instruments are correlated with the endogenous variable. The p-values of overidentification test 

in both Model (2) and (4) are not statistically significant, indicating that we cannot reject the null 

hypotheses that all instruments are valid. The results show that users will reciprocate after they 

receive help from others and that the strength of the impact of the ex post reciprocity weakens 

with time. We also use other IVs to test the robustness of our results and we use GMM estimator 

(Arellano and Bond 1991) to account for the dynamic panel bias, with all the results being 

consistent. One potential issue is that a user who is travelling or very busy during some months 

would post no questions, get no answers from others, and does not answers any questions, 

leading to zero answers given in a rather long time. We use a count data model, i.e., zero-inflated 

negative binomial regression, to account for this issue. The results in this model are also 

consistent with our findings in Table 2. 
Table 2. 2SLS Regression Results 

 (1) (2) (3) (4) 

log(AnsRec)i,t-1 0.276*** 0.273*** 0.207*** 0.196*** 
 (0.017) (0.015) (0.016) (0.012) 

log(AnsRec)i,t-2   0.098*** 0.100*** 
   (0.008) (0.008) 

log(AnsRec)i,t-3   0.080*** 0.081*** 
   (0.008) (0.008) 

log(AnsRec)i,t-4   0.079*** 0.080*** 
   (0.007) (0.007) 

Control Variables Yes Yes Yes Yes 

User Fixed Effects Yes Yes Yes Yes 

Time Fixed Effects Yes Yes Yes Yes 

Instruments log(QueUpv)i,t-1 
log(QueUpv)i,t-1 

log(QueCom)i,t-1 
log(QueUpv)i,t-1 

log(QueUpv)i,t-1 

log(QueCom)i,t-1 

Underidentification p-value 0.000 0.000 0.000 0.000 

Overidentification p-value - 0.742 - 0.259 

Observations 100,528 100,528 97,600 97,600 

Number of Users 976 976 976 976 

Notes: The endogenous variable is log(AnsRec)i,t-1. Robust standard errors clustered by users are reported in 

parentheses. Significance code: p<0.01 (***), p<0.05 (**), and p<0.1 (*). 

3. Study 2: Ex ante Reciprocity 

With respect to ex ante reciprocity, using data from StackOverflow.com, we take advantage 

of a policy change resulting in a natural experiment. We use a difference-in-differences (DID) 

analysis and find evidence supporting the existence of ex ante reciprocity. On 9/23/2011, 

StackOverflow.com put forward a new policy that unregistered users could not ask questions 

anymore. Before the feature change, all users could ask questions including “visitors”, i.e., 

unregistered users. Such a situation generates a natural experiment, in which this policy is a 

treatment only acting on the unregistered users, but having no impact on registered users. More 

specifically, the policy change eliminated the driver of ex ante reciprocity for unregistered users 

(treated users) to contribute on this platform, because unregistered users can only answer questions 

but cannot ask questions anymore after the policy change. We collect one-year data on 

StackOverflow from 3/23/2011 to 3/23/2012 with 188,657 registered users and 39,864 
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unregistered users, who created their accounts before 3/23/2011 and whose “last access date” was 

later than 3/23/2012, thus guaranteeing that all the users are active during the whole year, and there 

is no shift between these two groups. We use DID analysis with two-way fixed effects as the 

identification strategy:  
𝑙𝑜𝑔(𝐴𝑛𝑠𝐺𝑖𝑣)𝑖𝑡 = 𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 × 𝐴𝑓𝑡𝑒𝑟𝑡 + δi + 𝜃𝑡 + 휀𝑖𝑡 

where 𝑙𝑜𝑔(𝐴𝑛𝑠𝐺𝑖𝑣)𝑖𝑡 represents the outcome variable; 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 indicates whether user i is 

in the treatment group (i.e., whether user i is unregistered); 𝐴𝑓𝑡𝑒𝑟𝑡  indicates whether 

StackOverflow has taken the policy change by month t; δi and 𝜃𝑡 represent user and month level 

fixed effects, respectively, controlling for the unobservable users’ time-invariant features and 

temporal shocks.  

We show the DID results in Table 3. Model (1) is the user-level random effects model, 

enabling the identification of the variable Treatedi, while Model (2) is the user-level fixed effects 

model. Both models introduce monthly time fixed effects to control for the time-variant shocks 

and use robust standard errors clustered by users to account for potential serial correlations 

(Bertrand et al. 2004). From Model (1), the coefficient of Treatedi is significantly negative, 

indicating the average number of answers given by unregistered users is less than that by 

registered users on average. Finally, we can see a consistent result of significantly negative 

coefficient of the interaction term in both models: the difference between the unregistered and 

registered users’ contribution becomes larger after the policy change. Since both types of 

reciprocity may influence users’ knowledge contribution simultaneously, we now model ex ante 

and ex post reciprocity in a unified model. In the ex ante part, we include the number of answers 

received last period, i.e., the proxy of ex post reciprocity, in the DID analysis. The results of the 

regression including both ex ante and ex post reciprocity are shown in Model (3), using 

log(QueUpv)i,t-1 as the instrument of the number of answers received, as we did in Study 1. The 

result shows a negative impact from ex ante reciprocity and a positive impact from ex post 

reciprocity, which supports our previous findings. 

Table 3. Results of DID Analysis 

 (1) RE (2) FE (3) 2SLS 

Treatedi -0.124***   
 (0.001)   

Treatedi × Aftert -0.035*** -0.035*** -0.042*** 
 (0.001) (0.001) (0.001) 

log(AnsRec)i,t-1   0.262*** 

   (0.004) 

User Fixed Effects Yes Yes Yes 

Time Fixed Effects Yes Yes Yes 

Observations 2,687,400 2,687,400 2,463,450 

R-squared 0.003 0.003 - 

Number of Users 223,950 223,950 223,950 

Notes: Robust standard errors clustered by users are in parentheses. Significance code: p<0.01 (***), p<0.05 

(**), and p<0.1 (*). 

To check the robustness of the DID analysis, we test the “parallel trend” assumption (Abadie 

2005; Angrist and Pischke 2008), implying that without the treatment, the change of the outcome 

variable (number of answers given) should be parallel in the treated and untreated groups. One 

common method to this assumption is to interact the Treatment dummy with the leads and lags of 

the Time dummy (Autor 2003; Lu et al. 2018). If the parallel trend assumption is valid, the 
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interaction with the leads should be insignificant, indicating the differences of the outcome 

variable between treated and control group do not significantly change as time goes by before the 

policy entry. We find the coefficients of these interaction terms are statistically insignificant 

before the policy change, which is consistent with the parallel trend assumption. 

In conclusion, we have three main findings from this study. First, we find consistent results 

for ex post reciprocity on StackOverflow for high-reputation users. For these high-reputation 

users, the more answers they receive last week, the more answers they will contribute in the 

current week. Second, ex post reciprocity will fade as time passes. Answers received more 

recently will have a stronger impact on users’ contribution. Third, we find some evidence for ex 

ante reciprocity, i.e. users will contribute less once they have no access to get help from others. 

This study offers a new taxonomy for reciprocity and new insights on how reciprocity drives 

online knowledge sharing. 
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Abstract 

 
As crowdsourcing gains popularity in many business units, cross-cultural virtual teams have 

been increasingly used to leverage global talents. As a result of cultural differences, cross-

cultural virtual teams face many challenges in developing teamwork mental model (TMMM). 

Research has shown that individuals’ cultural intelligence (CQ) can help mitigate 

misunderstandings in teams. A pilot study shows that cross-cultural teams collaboration 

quality benefits from members having high CQ. This paper theoretically explores the role of 

cultural intelligence on cross-cultural virtual teams’ teamwork mental model development and 

report on plan of our future work. 
 

Keywords: Crowdsourcing, Teamwork Mental Models, Cross-cultural Virtual Teams 

Collaboration, Cultural Intelligence 
 

1. Introduction 
Crowdsourcing refers to a type of participative online activity in which an individual, an 

institution, a non-profit organization, or company proposes the needs to a group of 

online/offline individuals of varying backgrounds (Estellés-Arolas and González-Ladrón-de-

Guevara, 2012). Recently, more organizations apply crowdsourcing as a result of technological 

advancements (Bayus, 2013), which results in the explosion of the adoption of cross-cultural 

virtual teams. Cross-cultural virtual teams are creative and can improve the overall 

organizational effectiveness (Stahl, Maznevski et al., 2009; Hong, 2010).. However, research 

on teams’ capabilities for intercultural effectiveness is sparse and unsystematic, leaving an 

important gap in our understanding of why some cross-cultural virtual teams are more effective 

than others in culturally diverse situations. 

 

To address this gap, we borrowed one construct developed originally by Cannon-Bowers and 

her colleagues (1994)-teamwork mental models (TMMM)-which refers to team members’ 

shared knowledge about their teammates’ skills, roles, preferences over communication means 

and interaction characteristics (Badke-Schaub, Neumann et al., 2007). TMMM is one of the 

two dimensions of a higher-level construct-shared mental models (SMM)-which has been 

applied successfully to account for the mechanism of team effectiveness. Compared with the 

other dimension of SMM, taskwork mental model, we posit that TMMM are more promising 

in uncovering the black-box of cross-cultural virtual teams’ success. This is because, a sizable 

research has found many teamwork related factors contributing to those intercultural encounter , 

such as communication, coordination, and trust development (Stahl, Maznevski et al., 2009; 

Cheng, Fu et al., 2016; Liu, Chua et al., 2010) 

 

Research has shown that with quality teamwork mental models, team members are more likely 
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to enjoy a smooth and efficient team collaboration process. To take full advantage of cross-

cultural teams, such as creativity and synergies, it is needed to examine the process of cross-

cultural teams’ TMMM development.  

 

Previous studies have found the development of teamwork mental models are related to team 

members’ stress, workload, work environment, and team interventions (Ellis,2006; 

Mohammed, Ferzandi et al., 2010; Tesler, Mohammed et al., 2017). However, there is a lack 

of research on examining the development of teamwork mental models in the cross-cultural 

virtual team setting. Cultural intelligence (CQ) refers to a person’s capability to function and 

manage effectively in culturally diverse settings (Earley and Ang, 2003). It is a well-established 

psychological construct to account for individual variations in addressing collaboration 

difficulties with members from different cultures.  

 

In this paper, our research question is:  

1） What is the relationship between teamwork mental models and cross-cultural virtual teams’ 

satisfaction?  

2） How does individual cultural intelligence influence the development of cross-cultural 

virtual teams’ teamwork mental models? 

 

2. Conceptual Foundation 
 

2.1   Teamwork Mental Model 

Teamwork mental model (TMMM) origins from the construct shared mental model (SMM). 

SMM was defined as the team members’ shared, organized understanding and mental 

representation of knowledge about key elements of the team’s relevant environment(Klimoski 

and Mohammed, 1994). TMMM focuses more on interpersonal interaction requirements and 

it pays more attention to work goals and performance requirements. 

 

According to the theory of shared teamwork mental model, team members developed their 

team level mental models after they established their individual mental models through 

communication, and collaboration (Badke-Schaub, Neumann et al., 2007). Many researchers 

have found methods to foster the development of TMMMs, such as storytelling and other types 

of interventions (Tesler, Mohammed et al., 2017). Research has shown that proper 

communication mechanism is the key for narrowing the gaps between individuals’ knowledge, 

beliefs, and for reducing misunderstandings among team members.  

 

Evidence on the impacts of teamwork mental model on team performance is mixed. Some 

research found TMMM has significant positive influence on team members 

performance(Mohammed, Ferzandi et al., 2010;Lim and Klein, 2006) while other research did 

not reveal a significant relationship between TMMM and team performance (Mathieu, Heffner 

et al., 2005). However, prior research also revealed that the relationship between TMMM and 

team performance is determined by both the type of task and the team member composition as 

well. Given that cross-cultural communication often involves misunderstandings and conflicts 

resulting from misperceptions on their teammates (Stahl, Maznevski et al., 2009; Liu, Chua et 

al., 2010),low quality communication can lead to negative impacts on both TMMM. Therefore, 

we propose that  
 

Hypothesis 1: The higher the quality of TMMM, the higher the level of cross-cultural virtual 

team’s satisfaction will be.  
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2.2   Cultural Intelligence 

Culture consists of a commonly held body of beliefs and values that define the “shoulds” and 

the “oughts” of life (Stahl, Maznevski et al., 2009; Hofstede, 1980). Earley and Ang (2003) 

defined cultural intelligence (CQ) as “an individual’s capability to function and manage 

effectively in culturally diverse settings”, which is partially on the basis of psychology 

literatures.  

 

Some researchers demonstrate that cultural diversity has a negative influence on teams’ 

satisfaction, while some believe that multicultural teams obtain a higher level of satisfaction 

(Stahl et al., 2009). We employ CQ to further explore these inconsistent findings.  

 

Hypothesis 2: The higher the individuals’ cultural intelligence is, the higher the level of cross-

cultural virtual team’s satisfaction will be. 

 

Cultural intelligence comprises metacognitive, cognitive, motivational and behavioral 

dimensions. All four dimensions potentially exert influence on interaction, communication or 

cooperation in cross-cultural teams.  

Many scholars have studied metacognitive and cognitive dimensions of CQ in intercultural 

interaction or collaboration and have concluded that they are crucial to understand effective 

team interaction. A recent study has found that cultural metacognition is positively related to 

collaborating quality in intercultural cooperation (Mor, Morris et al., 2013). According to Ang, 

Van Dyne et al. (2007), people with high metacognitive CQ and cognitive CQ score high on 

quality of decision making and problem solving.  

 

Motivational CQ and behavioral CQ seems to receive less attention. However, some 

researchers do find that these two dimensions contribute to communication quality in specific 

settings. Imai and Gelfand (2010) examined these dimensions in intercultural negotiation 

setting. They found that motivational CQ predicted integrative behaviors and behavioral 

dimension predicted sequences of cooperative strategies. Additionally, they illustrated that 

overall CQ could improve intercultural negotiation processes, in which communication is vital. 

Hence CQ potentially plays a key role in culturally diverse communication. 

As previous review has examined, an effective communication would possibly facilitate the 

development of a team level mental models. Thus, cultural intelligence can influence the 

development of TMMM.  

 

Hypothesis 3: The higher the individuals’ cultural intelligence is, the higher the level of TMMM 

quality cross-cultural virtual team will develop.  

 

As TMMM has a positive effect on team’s satisfaction, the relationship between CQ and 

satisfaction can be mediated by TMMM.  

 

Hypothesis 4: The relationship between cultural intelligence and cross-cultural virtual team’s 

satisfaction is mediated by TMMM. 

 

 

3. Future Research 
A pilot test has already been conducted. All questions and scales in the test were adapted from 

previous literature. The scales for TKMM and TMMM were from Lim and Klein (2006). 

Questionnaires and interviews will be developed to further explore the research question. We 
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plan to use the scale from Ang, Van Dyne et al (2007) to measure CQ. 

Participants were international and local students from two universities in a metropolitan city 

in China. They took a required class that were taught by the same instructor, one of the authors 

of this paper. Students were formed randomly into virtual teams. The primary mean of 

communication was WeChat, i.e. a popular social communication tool in China. Through 

interviews and observations, we found that these cross-cultural virtual teams indeed suffer 

communication challenges due to lack of teamwork mental models, i.e. the shared 

understanding on each other’s roles and preferences. In addition, individuals with potential 

high cultural intelligence in general were more open to team meeting time set ups and team 

roles changes. They were more willing to take positive attitude when something unexpected 

happened in team processes. Our future study plan is to systematically explore the relationship 

between individual cultural intelligence and TMMM in cross-cultural teams. 

The steps are as follows: 

(1) Recruit study participants in a class whose students are primarily international students.

Assign them randomly into groups of four and then let them collaborative virtually through

a chosen collaboration software. The group task will be complex enough so that they should

collaboratively solve the problem and deliver a solution. During the teamwork process,

questionnaires with both close-end and open-end type questions will be administrated to

students’ multiple times.

(2) Students answers to questionnaires, interviews, and researchers’ observations and notes

taken will be used to trace the development of TMMM of each team. The relationship

between TMMM and individuals’ cultural intelligence will be examined. In particular,

Pathfinder will be used to assess the level of TMMM for each team.

(3) When all teams finish their tasks, instructors will evaluate team performance objectively.

Then the relationship between TMMM and team performance will be analyzed.
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Online Review Manipulation—Evidence from Benford’s Law 
 
 

Abstract 
 
The power of user-generated contents lies in authentic and natural expressions from users. There 
is growing concern that online reviews could be used for other purposes, and its content can be 
manipulated and biased. In this article, we report a study about the aggregate level authenticity 
of online reviews using Benford’s law as a means to detect anomalies in supposedly naturally 
occurring data. Based on data collected from major e-commerce platforms in the U.S. and in 
China, we find that, in general, word counts of online reviews don’t obey Benford’s law; word 
counts of positive, extreme and reviews without helpful votes exhibit more deviation from 
Benford’s law.  
  
Keywords: Review length, Benfords’ law, Deviation degree, Review manipulation 
 
 
1. Introduction  
Online reviews have a significant impact on consumer decision making with the proliferation of 
mobile Internet (Chevalier and Mayzlin 2006; Forman et al. 2008; Wang et al. 2018). The value 
of online reviews from e-commerce, and more broadly, social media lies in that consumers can 
write reviews voluntarily and freely to express authentic opinions about products and services. 
However, prior research suggests there are manipulations. One such study suggests that 
15%-30% of online reviews are manipulated reviews (Luca and Zervas 2016). Manipulated 
reviews make consumers take suboptimal choices and mistrust reviews as a viable information 
source (Mayzlin et al. 2014).  
Extant studies mostly focus on the identification of content manipulation at review level with a 
variety of data-mining and econometric techniques. For example, Jindal and Liu (2008) use 
supervised learning to identify review centric features and detect manipulation. Hu et al. (2012) 
examine the randomness of review ratings, readability, and sentiments to detect online review 
manipulation. These studies provide valuable insight regarding the existence and specificities of 
online review content manipulation. However, there lacks evidence regarding the aggregate level 
significance of review manipulation and cross-site comparisons.  
In this article, we propose an alternative approach to reveal signals of potential content 
manipulation using Benford’s law as a benchmark. Benford’s law states that the distribution of 
numerical values in naturally occurring data has certain regularities. Deviation from the expected 
distribution is considered as a sign of manipulation (unnatural intervention). Following this logic, 
we explore whether the distribution of word counts of online reviews follows Benford’s law. We 
extend the analysis to different categories of reviews and compare between two review contexts. 
We find that word counts of online reviews don’t obey Benford’s law, providing the evidence for 
review manipulation; word counts of positive, extreme and reviews without helpful votes exhibit 
more deviation from Benford’s law. Reviews on Meituan deviate more than Amazon.  
The rest of the paper is structured as follows. We first introduce the existed research of Benford’s 
law on manipulation and then put forward our research hypotheses in section 2. In section 3, we 
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present our research methodology. Then, in section 4 we report the results. We conduct robust 
checks in section 5 and conclude this paper in section 6. 
 
2. Theoretical Background and Hypotheses Development 
2.1 Benford’s law 
Newcomb (1881) proposes the “first digit phenomenon”, that is, numbers more frequently start 
with smaller digits than with greater digits. Benford (1938) first formally testes the phenomenon 
through observation of different types of data in practice. The expected distribution of first digits 
in naturally occurring numbers is later referred to as Benford’s Law. Hill (1995) extends Benford’s 
law to include more digits. The formula is as follows: Let D1(x), D2(x), …, be the first, second, …, 
digit of positive real number x. Specifically, the marginal probability function of the first digit and 
the second digit, D1(x) and D2(x) correspondingly are expressed by the following formulas:  

P 𝐷# X = 𝑑# = 𝑙𝑜𝑔#*(1 +
#
./
)	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	  (1) 

P 𝐷1 X = 𝑑1 = 𝑙𝑜𝑔#*2
./3# (1 + #

#*./4.5
)                          (2) 

where 𝑑# ∈ 1, … ,9 	𝑎𝑛𝑑	𝑑1 ∈ 0, … ,9 .	 	
Table 1. Excepted Frequency Occurrences for Each Digit in the First and Second Digits 

Digit 0 1 2 3 4 5 6 7 8 9 
First	(%) - 30.103 17.609 12.494 9.691 7.918 6.695 5.799 5.115 4.576 

Second	(%) 11.968 11.389 10.882 10.433 10.031 9.668 9.337 9.035 8.757 8.500 
 
2.2 Benford’s Law and Data Manipulation 
Prior studies prove that Benford’s distribution can be applied to detect anomalies in numbers and 
thus recognize data manipulation for further detection. Based on Benford’s law, Judge and 
Schechter (2009) compare the quality of commonly used survey datasets from developing 
countries and the US. Lin et al. (2018) investigate the earning management manipulation of Fat 
Cats (companies that directors form the core of corporate governance) using Benford’s law and 
compare the compliance with Benford’s law between Fat Cats and Non-Fat Cats.   
 
2.3 Hypotheses Development 
2.3.1 Main Hypothesis 
In an ideal environment, the content of consumer sharing results from naturally produced 
languages. Reviewers do not pay much attention to the review length. We can consider the 
counts of words (and characters) in each review as naturally occurring data since writing reviews 
is not effectively constrained or guided1. Accordingly, we should expect Benford’s law also can 
be applied in the context of online reviews where millions of voluntary reviews actively engage 
themselves in producing review contents.  
However, more and more companies try to get benefit from manipulating online reviews to boost 
sales. The evidence is accumulating regarding the potential manipulated and fraudulent review 
content in social media. For example, Luca and Zervas (2016) find a restaurant is more likely to 
commit review fraud when its reputation is weak or competition is intense. Given the presence of 

																																								 																				 	
1 Although Meituan has 500 and Amazon has 5000 as the ceiling of review word counts. Only 0.02% of Meituan reviews have 
more than 350-word counts and 0.05% of Amazon reviews have more than 1000-word counts. So the regulation is not a strict 
numerical restriction but performs a system protective function. 
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business agenda and manipulation in open social media platform, the length of online reviews 
could deviate from the naturally occurring pattern, namely Benford’s law. 
Hypothesis 1: Word counts of online reviews don’t obey Benford’s law. 

2.3.2 Contingencies 
Manipulation does not occur evenly across all types of online reviews. It is more convenient and 
feasible for companies to leave positive expressions about their products than leave negative 
reviews to all their competitors (Lappas et al. 2016).  
Hypothesis 2: Word counts of positive reviews exhibit more deviation from Benford’s law 
compared to negative reviews.  
Meanwhile, when consumers consult reviews to make their purchase decisions, they need to be 
selective in reading. Prior studies suggest that extreme reviews are more influential (Ghose and 
Ipeirotis 2011). Hence, it is more effective for companies to manipulate extreme reviews. 
Hypothesis 3: Word counts of extreme reviews exhibit more deviation from Benford’s law 
compared to moderate reviews. 
Because of information asymmetry, consumers are often concerned about the quality of products 
or services during online transactions (Cao et al. 2018). Reviews with helpful votes are agreed 
with among more people, these reviews are thus more likely to be credible and authentic.  
Hypothesis 4: Word counts of reviews without helpful votes exhibit more deviation from Benford’s 
law compared to reviews with helpful votes. 

3. Research Methodology
3.1 Data
We collect data from two sources. First, customer review data are collected from Amazon, the
leading e-commerce platform in the US. The total dataset includes more than 130 million
reviews posted between 1995 and 2015. Second, we collect customer review data from Meituan
food delivery platform. Meituan is the leading mobile food delivery platform in mainland China.
These data include reviews from 21st July 2016 to 20th September 2016. There are 60,942
reviews in total. The two datasets complement with each other. First, Amazon reviews concerns
mostly with products, we specifically focus on the wireless category with 101,614 reviews.
However, Meituan reviews mostly concern services and experience goods. Second, Amazon is a
representative of the online platform while Meituan is a mobile platform. Third, Amazon is a US
platform and Meituan is a Chinese platform.

3.2 Statistical Tests for Violation  
There are several tests to identify whether the distribution of data obeys Benford’s law. Table 2 
summarizes the tests we considered in this paper. 

Table 2. Statistical Tests for Violation of the Benford’s Law 
Test Formula Note 

Chi-square test 
𝜒1 = 𝑁

𝐸A − 𝐵A 1

𝐵A

2

A3#
Ei is the real probability of digit, and Bi is the Benford’s 
theoretical probability. N is the number of observations. The 
10%, 5%, and 1% critical values for chi-square are, respectively, 
13.36, 15.51, and 20.09. 

Chi-square test is 
commonly used, but it is 
vulnerable to sample size. 
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Kolmogorov 
-Smirnov (KS) 

 statistic 

KS = max (𝐴𝐷A − 𝐸𝐷A)
J

A3#

, 𝑖 ∈ 0, … ,9 ,	 

𝑅. 𝑅 = 𝐾𝑆 ≥ 𝐾𝑆Q 1,R 	
ADi is the actual distribution of frequency of the number; Edi is 
the theoretical frequency calculated by Benford’s distribution. 
The test value is computed by 1.36 𝑁 at 5% level. 

Kolmogorov-Smirnov 
(KS) statistic can improve 
the vulnerability to 
sample size (Judge and 
Schechter 2009). 

Kuiper’s  
Modified 
KS  
statistic (VN*) 

𝑉R = 𝑚𝑎𝑥X 𝐹Z 𝑥 − 𝐹[ 𝑥 + 𝑚𝑎𝑥X 𝐹[ 𝑥 − 𝐹Z 𝑥 , 
𝑉𝑁∗ = 𝑉R 𝑁# 1 + 0.155 + 0.24𝑁`# 1 	

Fe(x) is the empirical cumulated density distribution of the first 
and second significant digit distribution, and Fb(x) is the 
Benford’s cumulated density distribution. Monte Carlo exercises 
suggest 10%, 5%, 1% critical values are 1.21, 1.34, and 1.61 
(Judge and Schechter 2009).   

Giles (2007) proposes this 
test. It is less sensitive to 
sample size and can 
recognize the circularity 
of the data (Judge and 
Schechter 2009). 

Z-statistic 𝑍 = ( 𝑃* − 𝑃Z −
1
2𝑁

) 𝑃* 1 − 𝑃* 𝑁 
Po is the observed proportion, and Pe is the expected proportion 
based on Benford’s law. #

1R
 is the continuity correction factor. 

10%, 5%, 1% critical values are 1.64, 1.96, and 2.57. 

Z-statistic is used for 
detecting specific digit 
distribution conformity 
(Lin et al. 2018). 

 
4. Results 
4.1 Descriptive Analysis 
Table 3 reports the descriptive analysis of ratings and review length on Amazon and Meituan. 
The mean of Amazon ratings is 3.957, which is higher than the mean of Meituan rating 3.405. In 
both sites, we find reviews are skewed towards positive ratings similar to prior studies (Chevalier 
and Mayzlin 2006). Ratings on Amazon has a smaller standard deviation, this may indicate there 
are more concentrated ratings on Amazon. The word counts of reviews on Amazon are larger 
than reviews on Meituan (35.53 and 24.69, respectively). The standard deviation of review 
length is 376.993 on Amazon and 90.092 on Meituan. So Amazon review contents are elaborated 
but the length is variant.  

Table 3. Descriptive Statistics of Amazon and Meituan Key Variable 
Dataset 

Variable   
Amazon Meituan 

Observation# Mean S.D. Observation# Mean S.D. 
Star rating 101,614 3.957 1.467 60,942 3.405 1.556 

Review length 101,614 35.53 376.993 60,942 24.69 90.092 
 
4.2 Results 
Figure 1 and Figure 2 display the distributions of first digits and second digits of review word 
counts at the two sites. The following histograms represent Benford’s laws’ predictions, while 
the line chart represents the distribution in our data. On Amazon, the distribution of first digits 
1,4,5,6 follows Benford’s law at the 10% significance level. On Meituan, the frequency of first 
digits 1,8,9 is significantly higher than the expected frequency at the 1% significance level. As 
for the other digits, they violate Benford’s law with a lower probability at the 1% significance 
level. The distribution of second digits on Amazon and Meituan review word counts presents the 
“more zeros and fewer nines” phenomenon. The figures give an intuitive description that review 
word counts on Meituan have a larger deviation compared with Amazon reviews. The 
Chi-square, Kolmogorov-Smirnov (KS) and modified KS goodness-of-fit statistical tests of both 
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the first and second digits are significant at the 1% significance level at the two sites. Consistent 
results are thus obtained: review word counts on Amazon and Meituan don’t obey Benford’s law, 
which implies the existence of unnaturally generated reviews, yielding support for H1. 

 
Figure 1.  First and Second Digit Distribution of Amazon Review Length 

 
Figure 2.  First and Second Digit Distribution of Meituan Review Length 

We report the contingency results in Table 4. For positive and negative reviews, the distribution 
of overall digits in both first and second digits significantly deviates from Benford’s distribution. 
As 	𝜒1 , KS  and 𝑉𝑁∗  measures the deviation or distance between the actual and expected 
distribution, we find that positive reviews have a higher deviation degree, supporting H2. Our 
result also supports that positive reviews are more common than negative reviews in fake 
reviews (Lappas et al. 2016). For extreme and moderate reviews, according to 𝜒1, KS and 𝑉𝑁∗, 
the distribution of the first and second digits is more likely to significantly deviate for extreme 
reviews, supporting H3. Luca and Zervas (2016) also confirm that manipulated reviews tend to 
be more extreme than other reviews. For H4, the results present that reviews with helpful votes 
don’t disobey Benford’s law at the 1% significance level (first digit 𝜒1=13.858, Pr=0.086; 
second digit 𝜒1=8.841, Pr=0.452). Results show reviews without helpful votes don’t fit well 
with Benford’s law (first digits: 𝜒1=653.819, Pr=0.000; second digits: 𝜒1=239.805, Pr=0.000), 
supporting H4. Compared to Amazon, word counts of reviews exhibit more deviation on Meituan. 
It may be a result of factors such as platform regulation differences, cultural custom discrepancy.  
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Table 4. The Contingency Results 
          Dataset 
Type  Digit 

Amazon Meituan 
No.2 𝜒1 KS 𝑉𝑁∗ No.  𝜒1 KS 𝑉𝑁∗ 

Positive 
reviews3 

First  3 653.319*** 0.030*** 9.125*** 0 11272.84*** 0.201*** 48.49*** 
Second  3 200.268*** 0.029*** 6.140*** 1 1166.113*** 0.093*** 14.720*** 

Negative 
reviews 

First  7 25.032*** 0.010*** 1.694*** 0 3529.184*** 0.120*** 23.718*** 
Second  7 35.516*** 0.015*** 2.275*** 1 250.902*** 0.042*** 6.926*** 

Extreme 
reviews4 

First  0 498.814*** 0.027*** 7.806*** 0 9348.327*** 0.167*** 43.314*** 
Second  5 186.518*** 0.028*** 5.857*** 3 935.958*** 0.075*** 13.124*** 

Moderate 
reviews 

First  2 111.582*** 0.016*** 3.572*** 1 4262.247*** 0.142*** 28.297*** 
Second  10 37.220*** 0.018*** 2.672*** 2 330.213*** 0.056*** 8.027*** 

Helpful 
reviews 

First  8 13.858* 0.009 1.147  

Second  10 8.841 0.011 0.846 
Unhelpful 
reviews 

First  2 653.819*** 0.029*** 9.048*** 
Second  3 239.805*** 0.029*** 4.695*** 

Notes: *,  **, *** denotes significance at the 10%，5%，1% level, respectively (two-tailed test) 
 

5. Robustness Check 
We also examine the robustness of our results using review character counts of online reviews 
instead of word counts. We apply a different standard to classify positive and negative reviews, 
and we regard reviews without five stars as dissatisfying. The findings are mostly consistent.  
 
6. Conclusion 
This paper examines the authenticity of online reviews at the site level using Benford’s law as a 
benchmark. We find that reviews on Meituan exhibit more deviation from Benford’s law, and 
positive, extreme and reviews without helpful votes exhibit more deviation from Benford’s law.  
Our study enriches the extant research on online review manipulation. We present a simple 
approach to detect signals of potential content manipulation using Benford’s law. It provides 
complementary evidence supporting the existence of review manipulation. Then our findings add 
to the literature on social media, provide evidence from a statistical perspective that 
manipulations of content exist in online reviews. We also confirm hypotheses that positive, 
extreme, without helpful votes types of reviews are more likely to suffer from manipulation.  
 
References 
1. Benford, F. “The Law of Anomalous Numbers,”	Proceedings of the American Philosophical 
Society (78:4), 1938, pp. 551-572. 
2. Cao, Z., Hui, K.-L., and Xu, H. “When Discounts Hurt Sales: The Case of Daily-Deal 
Markets,” Information Systems Research (29:3), 2018, pp. 567-591. 
3. Chevalier, J. A., and Mayzlin, D. “The Effect of Word of Mouth on Sales: Online Book 
Reviews,” Journal of Marketing Research (43:3), 2006, pp. 345-354. 

																																								 																				 	
2 We report the number of obeying digit of Amazon and Meituan at the 5% significance level. 
3 We consider four or five-star ratings as positivity, and the other stars as negativity in our study.  
4 We regard reviews with one-star and five-star ratings as extreme reviews in our study. 

118



4. Forman, C., Ghose, A., and Wiesenfeld, B. “Examining the Relationship between Reviews 
and Sales: The Role of Reviewer Identity Disclosure in Electronic Markets,” Information Systems 
Research (19:3), 2008，pp. 291-313. 
5. Ghose, A., and Ipeirotis, P. G. “Estimating the Helpfulness and Economic Impact of Product 
Reviews: Mining Text and Reviewer Characteristics,” IEEE Transactions on Knowledge and 
Data Engineering (23:10), 2011, pp. 1498-1512. 
6. Giles, D. E. “Benford's Law and Naturally Occurring Prices in Certain Ebay Auctions,” 
Applied Economics Letters (14:3), 2007, pp. 157-161. 
7. Hill, T. P. “A Statistical Derivation of the Significant-Digit Law,” Statistical Science (10:4), 
1995, pp. 354-363. 
8. Hu, N., Bose, I., Koh, N. S., and Liu, L. “Manipulation of Online Reviews: An Analysis of 
Ratings, Readability, and Sentiments,” Decision Support Systems (52:3), 2012, pp. 674-684. 
9. Jindal, N., and Liu, B. “Opinion Spam and Analysis,” Proceedings of the International 
Conference on Web Search and Data Mining,	Palo Alto (ed.), California, 2008, pp. 219-230. 
10. Judge, G., and Schechter, L. “Detecting Problems in Survey Data Using Benford’s Law,” 
Journal of Human Resources (44:1), 2009, pp. 1-24. 
11. Lappas, T., Sabnis, G., and Valkanas, G. “The Impact of Fake Reviews on Online Visibility: 
A Vulnerability Assessment of the Hotel Industry,” Information Systems Research (27:4), 2016, 
pp. 940-961. 
12. Lin, F., Lin, L.-J., Yeh, C.-C., and Wang, T.-S. “Does the Board of Directors as Fat Cats Exert 
More Earnings Management? Evidence from Benford’s Law,” The Quarterly Review of 
Economics and Finance (68), 2018, pp. 158-170. 
13. Luca, M., and Zervas, G. “Fake It Till You Make It: Reputation, Competition, and Yelp 
Review Fraud,” Management Science (62:12), 2016, pp. 3412-3427. 
14. Mayzlin, D., Dover, Y., and Chevalier, J. “Promotional Reviews: An Empirical Investigation 
of Online Review Manipulation,” American Economic Review (104:8), 2014, pp. 2421-2455. 
15. Newcomb, S. “Note on the Frequency of Use of the Different Digits in Natural Numbers,” 
American Journal of Mathematics (4:1), 1881, pp. 39-40. 
16. Wang, C., Zhang, X., and Hann, I.-H. “Socially Nudged: A Quasi-Experimental Study of 
Friends’ Social Influence in Online Product Ratings,” Information Systems Research (29:3), 2018, 
pp. 641-655. 
 

119



Does Target Platform’s Reverse Resource Transfer Always Mean Lose for 

Itself? A Perspective of User Generated Content Volume 
 

Zhijun Yan                                   Han Yang 
Beijing Institute of Technology            Beijing Institute of Technology 

     

Lin Jia1                               Yong Tan 
Beijing Institute of Technology               University of Washington 

 

Abstract 
 

We have witnessed an increasing number of M&As between platform firms. However, past 

literature concentrates on competition strategies while neglecting cooperation strategies in the 

context of platform M&A. This study concentrates on reverse resource transfer, a type of 

information integration policy during post M&A integration, and explores its impact on 

user-generated content (UGC) volume. We emphasize four aspects of UGC volume, which are 

number of total reviews, review from repeat customers, review with pictures, and interactions 

within reviews. Using data obtained from target platform of the M&A event, we performed 

Regression Discontinuity Design to analyze the causal effect of the policy change on four 

dimensions of UGC volume of merchants in target platform. The results indicate that the policy 

change leads to a positive effect on number of reviews with pictures and interactions within 

reviews. This study deepens our understanding of platform collaboration from the perspective of 

target firm. 

 

Keywords: Reverse Resource Transfer, Volume of User-generated Content, Platform Firm, 

Merger and Acquisition, Regression Discontinuity Design 

 

1. Introduction 
In past several years, our world experienced a prosperous of two-sided markets, which are 

intermediary markets connecting different groups of users by applying information technology to 

facilitate transactions and value creation (Fang et al. 2015). The “winner-take-all” principle of 

platforms leads to fierce competition and increases the probability of merger and acquisition 

(M&A) between platform firms. M&A has also become a popular approach for firms to acquire 

heterogeneous, specialized, and immobile resources embedded within a target firm (Mishra and 

Slotegraaf 2013). This transfer of target firm’s valuable resources to acquiring firm is named 

reverse resource transfer in the M&A context (Junni et al. 2018). 

 

Past literature on two-sided markets concentrates on competition strategies and has studied 

impacts of different policies on competitiveness status of a platform (Lee et al. 2018; Song et al. 

2018). However, there is a lack of research on platform cooperation, especially cooperation in 

the context of post M&A integration. M&A between platforms is more complicated compared 

with M&A between traditional firms because the macro-strategy adjustment of platform firms 

will not only affect itself but also cause spinning effects between different sides of the platform 

                                                
1 Corresponding author at jialin87@bit.edu.cn 
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(Lee et al. 2018). More studies should explore the cooperation of platforms especially in the 

context of M&As. 

 

Recently, IS researchers started to pay attention to platform collaboration. Li and Agarwal (2017) 

explore the impact of integration between Facebook and Instagram on consumer demand for 

first-party and third party applications on the Facebook platform. Huang et al. (2017) discuss the 

impact of integration of social media services (e.g., Facebook) in online review platforms on 

generation of user-generated content (UGC). Both articles study the integration of a platform 

with complementary functions, resources or platforms. It is easy for two parties to cooperate in 

integration of complementary resources or platforms (Bengtsson and Kock 1999). However, it is 

not clear what will happen in integration of two former competitive platforms. This study tries to 

bridge the gap mentioned above by exploring the impact of reverse resource transfer policy 

during the post M&A integration of two former competitive transaction platforms on the 

generation of UGC in the target platform. 

 

2. Literature Review 
2.1 User-generated content 

Our objective is to explore the impact of target platform’s reverse resource transfer on UGC 

volume of its merchants. User-generated content refers to information that consumers generated 

in online platforms to actively and regularly share their experience (Tirunillai and Tellis 2012). 

These user-generated contents can influence consumers’ attitude and reshape their behavior by 

reducing information asymmetry (Goes et al. 2014). Prior studies just measure UGC volume 

using a simple number of total reviews while not considering the structure of this number. We 

include three additional measures of UGC volume. First, considering that contribution of repeat 

customers matters for a platform’s sustainable development because they will purchase more 

times and contribute more reviews if they hope to write reviews, we use number of reviews from 

repeat customers as a dimension of UGC volume. Second, in consideration of individuals prefer 

to read reviews with pictures, we include the number of reviews with pictures as another 

dimension of UGC volume. Third, we include the number of interactions within reviews as 

another dimension of UGC volume, because interaction between two or more users in a 

two-sided market creates value and facilitates the development of platform firms. 

 

2.2 Platforms operating in Two-sided markets and their strategies 

Our paper deals with post M&A integration between two platform firms operating in two-sided 

market, which include at least two distinct groups of users and at least one group who are 

interested in getting access to other groups. These platforms should apply different strategies to 

enhance platform operation and differentiate itself with other platforms. In the era of big data, 

information becomes an important type of intangible assets and plays an important role in 

facilitating economic transactions in online market (Ye et al. 2018). Information integration 

policy becomes a promising strategy that may boost the development of platform firms.  

Given “winner-take-all” as the Bible in two-sided markets, past literature emphasizes how to 

achieve vantage in the context of competition. Few articles discuss cooperation not to say M&A 

between platforms. We have mentioned that there are more and more M&As between 

competitive platform firms. However, there is a lack of study explore what will happen in 

integration of two competitive platforms, and our understanding of appropriate platform strategy 

in the context of collaboration is still limited (Tan et al. 2015). 
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2.3 Function Mechanisms of Reverse Resource Transfer and the Principle of Give and Take 

In the M&A event of this study, the acquiring platform adopts a strategy of reverse resource 

transfer, which refers to integration of information resources of target platform in the acquiring 

platform. This strategy affects consumers’ contribution behaviors in the target platform in 

several approaches: mere exposure effect, need for information effect, and attention-chasing 

effect. When going deep into the principle behind the mechanisms mentioned above, we realized 

that all three mechanisms involve the process of social exchange (Yan et al. 2016). 

The common rule inherent in social exchange is give-and-take (Overall 2016), which is 

characterized by giving benefits “with the expectation of receiving a comparable benefit in return 

or as repayment for a benefit received previously” (Matook et al. 2015). Sharing of information 

between different parties can be explained by the principles of social exchange. Back to our 

research context, two sides of the exchange should derive mutual benefits from the exchange to 

facilitate their collaboration in post M&A integration. 

 

3. Methodology 
3.1 Research Context and Data 

This study focuses on a policy in post M&A integration of Meituan and Dianping, two 

group-buying transaction platforms in China. Meituan announced the M&A with Dianping in 

October 8, 2015. Dianping, the target firm, accumulates a large volume of review comments to 

attract consumers and facilitate transactions. After years of accumulation, Dianping has collected 

a large volume of helpful review comments, including those of restaurant patrons, based on 

which the platform provides a list of “recommended dishes” for each restaurant. This 

information has become a core asset of Dianping. There were no significant changes to Meituan 

and Dianping until March 31, 2016, after which Meituan integrated the “recommendation 

dishes” list of Dianping into its own platform. However, Dianping does not integrate review 

comments from Meituan, and thus this is a reverse resource transfer from Dianping to Meituan. 

Since the policy change was purely exogenous to their users and merchants, it provides a natural 

experiment setting to study the impact of reverse resource transfer on UGC volume of merchants 

on Dianping. We use the experimental design of “Regression Discontinuity Design” to compare 

changes in UGC volume before and after the policy change. The time window for our study is 

from October 1, 2015 (Week 1) to September 30, 2016 (Week 52), and the policy change occurs 

on March 31, 2016 (Week 26). The dataset collected from Dianping contains information of all 

restaurants in Beijing area and their customer reviews, including variables such as name of the 

merchants, online rating, number of total reviews, number of reviews with pictures, and number 

of interactions in reviews. We excluded merchants that quitted the platform before experiment 

start, entered the platform after experiment start, and had no review during the experiment, 

resulting a sample of 15028 merchants and 781456 reviews. 

 
Figure1. Experimental Timeline 
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3.2 Measures 

This study explores the impact of target platform’s reverse resource transfer on UGC volume of 

its merchants. We use the increment of number of reviews with pictures, number of interactions 

within reviews, number of total reviews, and number of reviews from repeat customers in each 

week to measure UGC volume. Environmental rating, service rating, taste rating, and total rating 

serve as control variables.  

 

4. Results 
Before proceeding to test our hypotheses, we first plot the time trend plots of each outcome 

variables to see trends and fluctuations in merchants’ UGC volume (Figure 2). This gives us a 

visual assessment of the treatment effect of policy change. 

 
Figure 2. Regression Discontinuity Plots 

4.1 Main Results of RDD 

This study aims to quantify the impact of policy change on UGC volume of merchants on 

Dianping. We start our RDD analysis with an estimation of a polynomial model that utilizes all 

observations using a short window around the policy, six weeks before and after the integration.  

We use the following model to estimate the standard parametric RDD: 

       (1) 

 
where  is the adjusted outcome variable for merchant i in week t, and it refers 

to , and . We use the natural logarithms of our 

dependent variables.  is a dummy variable, which equals 1 if merchant i is after the 

policy change. The cubic term of the assigning variable is added to the model to better fit the 

data.  is a time dummy for each calendar month from January to December. 

 indicates which week of week t is in the month. represents control factors that 

may affect UGC volume of merchants. In addition, we add the lagging term of the dependent 

variable ( ) to fit our model. According to results in Table 1, the parameters β for 

Interactionit and Pic_reviewsit are positive and significant. These results provide strong evidence 

of the causal impact of policy change on these variables. However, the parameters β of the 

number of total reviews and reviews from repeat customers are not significant. We anticipate 

that the policy change may have an indirect impact on the number of total reviews and reviews 

from repeat customers through the other two measures of UGC volume. To test this assumption, 
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we build the panel model and run it using short- and long-term data. The results demonstrate that 

the number of interactions in reviews and the number of reviews with pictures each has a 

positive impact on the number of reviews from repeat customers and the number of total reviews. 

Table 1. Results of RDD (orders of week = 3) 

Pic_reviewsit Interactionit Lasterit Total_reviewsit 

afterpolicyit 0.0199*** 0.0117*** 0.000899 0.0212 

(6.75) (5.47) (1.51) (6.36) 

weekt
(i=1,2,3) Yes Yes Yes Yes 

weekt
(i=1,2,3) 

* 

afterpolicyit 
Yes Yes Yes Yes 

Cons 
0.499*** 0.326*** 0.0184*** 0.827*** 

(22.47) (24.78) (4.54) (40.72) 

Controls Yes Yes Yes Yes 

Shop Effect Yes Yes Yes Yes 

N 766019 766019 766019 766019 

4.2 Short-term and Long-term Effects 

In this section, we seek to answer the following question: dose reverse resource transfer have 

short-term and long-term impacts on UGC volume of merchants in target platform? We use short 

window (6 weeks before and after policy change) and long window (all 52 weeks) to run the 

model in Equation (2), separately: 

According to results in Table 2, on average, the policy increases the increment of number of 

interactions by 0.886% in short run and 6.48% in long run; the policy increases the increment of 

number of review with pictures by 0.9% in short run and 7.13% in long run. The coefficient of 

afteroplicyit for short run in column (4) is positive and significant, indicating that although the 

increment of total reviews not jumps at the cutoff point, the increment of total reviews increases 

in the short run by 1.18% on average. However, this effect is insignificant in the end. Moreover, 

the policy does not directly affect the increment of number of reviews from repeat customers. 

Table 2. Panel-Level Analyses in the Short Run and Long Run 

Pic_reviewsit Interactionit Lasterit Total_reviewsit 

(Short Run) 

afterpolicyit 

0.00900* 0.00886*** 0.00127 0.0118** 

(2.56) (3.40) (1.66) (2.76) 

(Long Run) 

afterpolicyit 
0.0713*** 0.0648*** -0.000248 0.0170 

(3.47) (4.04) (-0.06) (0.77) 

Controls Yes Yes Yes Yes 

Shop effect Yes Yes Yes Yes 

Time effect Yes Yes Yes Yes 

N (Short Run) 180240 180240 180240 180240 

N (Long Run) 766019 766019 766019 766019 

5. Conclusion
This study has some interesting findings. First, the policy change leads to a positive discontinuity

jump for increment of number of review with pictures and interactions within interviews around

the cutoff point. Second, the policy change, on average, improves increment of review with
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pictures and the number of interactions in both short run and long run. In addition, we also 

carried out robustness analysis on possible endogenous problems. However, due to space 

constraints, we do not present the detail in this paper. This study contributes to literature on post 

M&A integration and literature on platforms. First, our study calls for more research on M&A 

from the perspective of target firm. Our results indicate that target firm, or more accurately 

merchants on target platform, will benefit from reverse resource transfer in UGC volume. It 

challenges the traditional view that M&As will cause negative impact on target firm and 

provides evidence to persuade target firm to share its intangible resources. Second, this study 

focuses on a deep level of collaboration between platforms, or to say M&A between platforms, 

and explores the consequence of reverse resource transfer, a type of information integration 

policy, on UGC volume of merchants on the target platform.  
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Abstract 
 

We study how Artificial Intelligence (AI) can influence the drug discovery and development 

process in the global pharmaceutical industry. Despite an enormous amount of time and 

financial resources invested in developing drugs, pharmaceutical firms continue to experience 

declines in producing novel drugs. As AI is becoming an important general purpose technology 

(GPT), it could be used to address some known challenges in the drug discovery process. We 

approximate firms’ AI capabilities using AI-related patents in firms and measure drug novelty 

using a similarity-based metric based on the chemical structure of the drug. By differentiating 

multiple stages in the drug development process, we find AI to be most effective in facilitating 

drug discovery at the earliest stage when tasks are heavily dependent on automatic data 

processing and reasoning. However, it is limited in facilitating the more expensive and risky 

clinical trial stages that require substantial human engagements and interventions. Additionally, 

AI is more effective in developing drugs in the medium range of chemical novelty but is not 

helpful for developing drugs at the extreme ends of the spectrum—either entirely novel or 

incremental me-too drugs. These results suggest the importance of allocating valuable AI 

resources in areas that AI can provide the most benefits—in early stages of drug discovery of 

medium novelty drugs—and avoiding the mismanagement of AI resources in areas that AI 

provides limited benefits. 

 

Keywords: Artificial Intelligence, Drug Development, Innovation, Pharmaceutical Industry 

 

 

1. Introduction 
Artificial Intelligence (AI) is playing an increasingly important role in the global 

economy and has already transformed innovations and business practices in many industries.1 

Advances in AI including its subfield of machine learning have improved and empowered a 

wider variety of innovative business applications through the use of supervised and 

reinforcement learning. AI has currently surpassed human doctors in detecting certain cancers, 

enabled the first self-driving cars, and beaten the best human players in the game of Go and 

Starcraft.2 As AI has advanced beyond the conventionally narrow domains (Topol 2019), it is 

starting to exhibit characteristics of “general purpose technologies (GPT)” (Bresnahan et al. 1995; 

Cockburn et al. 2018) that are expected to transform the nature of innovation and reduce the 

associated financial costs and the time it takes to create an innovation.  

                                                 
1 According to a report dated in 2018, “How AI boosts industry profits and innovation” by Accenture research, it is estimated 

that AI will raise the profitability rate by an average of 38% by 2035 and provide an economic boost of $14 trillion across 16 

different industries. 
2 https://www.forbes.com/sites/samshead/2019/01/25/deepmind-ai-beats-professional-human-starcraft-ii-players/ and 

https://www.wired.com/2016/01/in-a-huge-breakthrough-googles-ai-beats-a-top-player-at-the-game-of-go/ 
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Despite the promise of AI as a GPT, empirical evidence documents a general decline in 

innovation and productivity especially in the recent years (Bloom et al. 2017; Gordon 2017; 

Jones 2010). Medical innovation is particularly important because one of the greatest gains in 

life expectancy in developed countries came from the new therapeutic drugs to treat conditions 

such as heart disease, cancer, and HIV/AIDS (Lichtenberg 1998; Lichtenberg et al. 2007). 

Although the investment in pharmaceutical R&D has dramatically increased since 1990, 

productivity as measured by the novelty of new drugs being approved has declined (Pammolli et 

al. 2011). Not only are the new drugs incremental improvements with minimal added therapeutic 

value, they have increased the cost of healthcare. The simultaneous increase in investment in AI 

and the decline in innovation quality mirrors the IT-productivity paradox posted by Robert 

Solow in a 1987 remark, “we see IT everywhere but not in productivity statistics.” Likewise, we 

can argue we see AI everywhere but not in the innovation statistics (Wu et al. 2018).  

In this paper, we examine how AI affects the discovery and development of new drugs. 

By focusing on one important industry—the pharmaceutical industry where innovation is critical 

for productivity and competitive advantage, we aim to understand some potential drivers in 

explaining the apparent AI-innovation paradox. The pharmaceutical industry is extremely 

competitive with no single firm occupying a market share greater than 6% of the industry.3 Thus, 

developing novel drugs that can surpass competition is critical for profitability and gaining 

marketing share. Although scientists have made considerable efforts in identifying how a 

biological target can cause a certain disease and how to treat the target (See Figure 1), the 

process is inherently slow when dealing with biological system, perhaps the most complex 

system in the world, costing billions of dollars per drug and taking 5 to 15 years to develop 

(Hughes et al. 2011). A set of modern machine learning applications can potentially ease the 

complex innovation process and address some known challenges associated with the 

pharmaceutical innovation (Lo et al. 2018; Vamathevan et al. 2019). However, it is important to 

identify at which stage of the drug development process can AI have the most effects. By 

distinguishing different stages of the drug development process and different levels of drug 

novelty, we examine where AI can provide the most value in the development process and how 

AI can facilitate the development of novel drugs.  

 

2. Empirical Analysis and Results 
To understand how AI could facilitate the development of new drugs, we capture AI 

capability by using a worldwide patent statistical database PATSTAT created by the European 

Patent Office (EPO), and drug developmental stages and chemical novelty of drug candidate 

using the Informa Pharmaprojects dataset. First, we measure a firm’s R&D investment using the 

accumulated stock of patent applications that the firm has applied (Aggarwal et al. 2013). Next 

we investigate various concepts, definitions and fundamentals that support AI and subfields 

within AI (Cockburn et al. 2018; Frank et al. 2019; Lo et al. 2018; Vamathevan et al. 2019; 

Webb et al. 2018; Yao et al. 2010) to construct a comprehensive measurement on AI capabilities 

through the use of patents. Those major and interrelated technological subfields within 

AI—robotics, symbolic systems and learning—are examined to characterize the evolution of 

achievements in AI. Both patent classifications and content-based information available in our 

patent documents are leveraged to ensure the validity of the measurement. Following the 

                                                 
3 https://www.hardmanandco.com/wp-content/uploads/2018/09/global-pharmaceuticals-2017-industry-stats-april-2018-1.pdf. 

Pfizer was the largest player that accounts for 5.5% share in the global pharmaceutical drugs market in 2017, followed by 

Novartis, Roche and Johnson & Johnson. 

127

https://www.hardmanandco.com/wp-content/uploads/2018/09/global-pharmaceuticals-2017-industry-stats-april-2018-1.pdf


computational methods in chemical informatics, we use a newly developed method to measure 

drug novelty based on the chemical structure of the drug and compare how it differs from all 

prior drugs (Krieger et al. 2018). The resulting novelty score can range from 0 to 1 with 0 being 

entirely derivative of existing chemical structure and 1 being the maximum in novelty such that 

the drug’s chemical structure has no overlap with any of the existing chemical compounds. The 

distribution of our drug novelty scores is consistent with what is shown in Krieger et al. 2018. 

The median of all scores of drug novelty is about 0.5. We merge Informa Pharmaprojects with 

PATSTAT to compile a firm-year panel dataset that has more than 200 global firms with 

AI-related patents in the pharmaceutical industry between the years 1995 and 2015.  

To the best of our knowledge, our study is the first large-scale analysis to systematically 

examine the linkage between AI capabilities and drug development. To estimate the effect of AI 

on drug development for pharmaceutical firms, we focus on AI’s effect on both the number of 

drug candidates and also the novelty of drugs a firm produces in a given year. To capture the 

novelty of drugs at the firm level, we compute the total number of drugs developed in a firm that 

have reached a certain novelty score. We do not use the average of novelty scores because some 

firms may have developed zero drugs during that year. We address the potential endogeneity 

issue of firm’s AI capability by using instrumental variables that are derived from a 

patent-citation network for each pharmaceutical firm that has AI patents in our sample. 

Specifically, we use neighbors’ AI patents (firms that cite each other) to instrument for focal 

firms’ AI capabilities. Neighbors in the citation networks are not necessarily competitors as they 

vary substantially in industries and geographical locations and are thus less likely to experience 

common industry or location specific shocks that plague instruments that use similar firm in the 

same industry or regions. Coarsened Exact Matching is also used to address selection biases in 

that certain firms may choose to invest more in research and development.  

To disentangle the effect of AI from general research investment, we control for a firm’s 

accumulated patent stock as well as its financial ownership status in our fixed effect estimation. 

We find that after controlling for firm and year fixed effects in our regression analyses, AI 

patents are positively associated with the number of new drugs developed at the pre-clinical 

stage (Column 1 in Table 1). Specifically, a one percentage increase in a firm’s investment in AI 

innovation is associated with about 0.03% additional change in the number of new drugs 

(Column 2 in Table 1). However, this effect disappears in the next three phases of clinical trials 

and the final stage for FDA approval or market launch (Table 2). 

We further explore how a firm’s AI patents can affect the novelty of drugs that firms 

develop. Instead of simply counting all drug candidates, we account for drug novelty in Columns 

3-6 of Table 1. We first split the drug candidates into two groups, based on the median value of 

the novelty scores in our sample (which is 0.5 out of 1 in our drug sample). We find that while 

having AI patents has no effect on the aggregated number of drugs that have novelty scores 

below the median (Column 3 and Column 4 in Table 1), its effect is positive for drugs with 

novelty score above the median (Column 5 and Column 6 in Table 1). This suggests that AI is 

primarily used to develop novel drugs as opposed to incremental drugs.  

To further examine this phenomenon, we finely divided the range of novelty scores from 

0.5 to 1 into 5 decile increments and explore AI’s effect on developing drugs in the 5 novelty 

ranges (Table 3). While a firm’s AI patents are positively correlated with novel drugs with the 

highest novelty score, the effect is only significant at p=0.1 (Column 1 in Table 3). This could be 

that there are relatively few drugs with novelty scores equaling to 1, which indicates that they 

would have no commonality with any prior drugs. However, after we control for the patent stock 
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of the firm, the effect becomes insignificant and the magnitude decreases substantially (Column 

2 in Table 3). In the next few deciles between novelty scores of 0.6 to 0.9, the effect of AI is 

mostly statistically insignificant, and the size of the effect is small. However, when the novelty 

score decreases into the middle range at around 0.5 to 0.6, we consistently find that AI has a 

positive effect. A one percentage increase in firm’s AI innovation stock is associated with about 

0.02% increase in the number of drugs with novelty range between 0.5 and 0.6 (Column 9 and 

Column 10 in Table 3). These results suggest that a firm’s AI innovation investment can 

primarily help the development of medium-novel drugs rather than completely novel ones or 

incremental drugs that are derivatives of prior drugs. We find consistent results when 

instrumental approach and Coarsened Exact Matching method are used (not shown due to page 

limit). 

3. Conclusion
Overall, our findings suggest that while AI has the promise of becoming an important 

GPT for a variety of applications, it can facilitate drug development only in the earliest stages in 

the development process where AI can substantively enhance human ability for addressing an 

extremely complex system that heavily relies on automatic data processing and reasoning. AI 

shows its uniqueness and ability in expanding search space to detect complex patterns in data 

describing the existing biological system and generate more hypotheses for testing. However, it 

has limited effects in facilitating the expensive and risky clinical trial stages that require 

significant human engagement and intervention. In addition, we show that AI is suitable for 

developing drugs at the medium level of novelty, suggesting that there are limitations of using AI 

to develop drugs at all novelty levels. By examining the drug development process, one of the 

most innovation-intensive processes, these insights also contribute to the growing debate of a 

simultaneous decrease in innovation productivity and the growing use of advanced technologies. 

As we have shown, AI can only provide benefits at the earliest stage of drug development 

process and only for drug in the medium novelty range. Thus, mismanagement of AI can occur 

and even hurt innovation and productivity if AI is used in areas that provide limited benefits. 

Future research should further identify the bottlenecks in drug discovery and investigate the 

extent to which AI, and other technological advances, such as monitoring and tracking 

technologies in the personal health industry, can reduce these bottlenecks. As AI advances 

continue to accelerate, it is possible that AI could be applied in creative ways to help address 

challenges in the later stages of the drug development process. 

Figure 1. The Life Cycle of Drug Development (Kapoor et al. 2015) 

Table 1. AI on Development of Drugs at Pre-clinical Stage 
(1) (2) (3) (4) (5) (6) 

DV ln(Number 

of Drugs) 

ln(Number

of Drugs)

ln(Number of 

Drugs, Novelty: 

0-0.5)

ln(Number of 

Drugs, Novelty: 

0-0.5)

ln(Number of 

Drugs, Novelty: 

0.5-1) 

ln(Number of 

Drugs, Novelty: 

0.5-1) 
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ln(AI Patent Stock) 0.0453*** 0.0268** 0.00469 -0.00601 0.0436*** 0.0280*** 

 (0.0118) (0.0121) (0.0106) (0.0108) (0.0106) (0.0109) 

ln(All Patent Stock)  0.0627***  0.0362***  0.0529*** 

  (0.00924)  (0.00829)  (0.00833) 

Public Status -0.106*** -0.121*** -0.0608*** -0.0696*** -0.0915*** -0.104*** 

 (0.0251) (0.0250) (0.0224) (0.0224) (0.0226) (0.0225) 

       

Observations 3,301 3,301 3,301 3,301 3,301 3,301 

R-squared 0.839 0.841 0.735 0.737 0.808 0.810 

Year FE YES YES YES YES YES YES 

Firm FE YES YES YES YES YES YES 

Note: All the drugs studied have their chemical structures in the database. Column 1-2 shows results for the drugs developed at 

pre-clinical stage in our fixed effect estimations. Column 3-6 presents estimations on the drugs within two novelty score ranges. 

*** p<0.01, ** p<0.05, * p<0.1 

 

Table 2. AI on Development of Drugs at Post Pre-Clinical Stages 
 At Clinical Trial Stages At FDA Registration and Launched Stage 

 (1) (2) (3) (4) 

DV ln(Number of 

Drugs) 

ln(Number of 

Drugs) 

ln(Number of 

Drugs) 

ln(Number of  

Drugs) 

     

ln(AI Patent Stock) -0.00639 -0.0124 -0.00574 -0.00107 

 (0.00969) (0.00994) (0.00506) (0.00518) 

ln(All Patent Stock)  0.0204***  -0.0158*** 

  (0.00762)  (0.00397) 

Public Status 0.145*** 0.140*** 0.0324*** 0.0362*** 

 (0.0206) (0.0206) (0.0107) (0.0108) 

     

Observations 3,301 3,301 3,301 3,301 

R-squared 0.816 0.816 0.580 0.583 

Year FE YES YES YES YES 

Firm FE YES YES YES YES 

Note: All the drugs studied have their chemical structures in the database. Column 1-2 shows results for the drugs developed at 

the clinical-trial stage that includes Phase I/Phase II/Phase III in our fixed effect estimations. Column 3-4 presents those in later 

FDA registration or market launch stage. *** p<0.01, ** p<0.05, * p<0.1 

 

Table 3. AI on Development of Novel Drugs at Pre-clinical Stage 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

DV Novelty:  

0.9-1 

Novelty: 

0.9-1 

Novelty: 

0.8-0.9 

Novelty: 

0.8-0.9 

Novelty: 

0.7-0.8 

Novelty: 

0.7-0.8 

Novelty: 

0.6-0.7 

Novelty: 

0.6-0.7 

Novelty:  

0.5-0.6 

Novelty: 

0.5-0.6 

           

ln(AI Patent Stock) 0.0210* 0.00332 0.00144 0.000662 -0.00413 -0.00566* -0.00190 -0.00342 0.0232*** 0.0162* 

 (0.0114) (0.0116) (0.00128) (0.00131) (0.00286) (0.00293) (0.00689) (0.00707) (0.00846) (0.00867) 

ln(All Patent Stock)  0.0599***  0.00262***  0.00519**  0.00514  0.0235*** 

  (0.00890)  (0.00100)  (0.00225)  (0.00542)  (0.00665) 

Public Status -0.0912*** -0.106*** -0.00527* -0.00590** 0.00590 0.00464 -0.0270* -0.0283* -0.0420** -0.0476*** 

 (0.0242) (0.0241) (0.00271) (0.00271) (0.00606) (0.00608) (0.0146) (0.0147) (0.0180) (0.0180) 

           

Observations 3,301 3,301 3,301 3,301 3,301 3,301 3,301 3,301 3,301 3,301 

R-squared 0.414 0.422 0.148 0.150 0.207 0.208 0.559 0.559 0.784 0.785 

Year FE YES YES YES YES YES YES YES YES YES YES 

Firm FE YES YES YES YES YES YES YES YES YES YES 

Note: This table shows the number of drugs with their chemical novelty scores in each detailed range. We take the logarithm 

of the dependent variable after adding one to actual values of the dependent variable to avoid the possibilities of taking a 

natural logarithm of zero. *** p<0.01, ** p<0.05, * p<0.1 
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Abstract 
 

The growing availability of mobile health technologies, such as activity trackers and mobile apps, 

have given rise to cost-effective ways to promote regular physical activity. Despite the popularity, 

the effects of personal training app on improving fitness remains largely mixed. Extending the 

activity theory to the context of personal training app usage and integrating it with the 

self-quantification and self-presentation literature, we examine two popular app features, namely 

activity tracking and social sharing on fitness improvement over time. To operationalize the 

study, we conducted a field experiment and observed their app usage as well as captured their 

fitness levels over an 18-month period. Results reveal that personal training app is generally 

helpful to improving fitness and social sharing enables greater fitness improvement compared 

with activity tracking.  

 

Keywords: Personal training app, activity tracking, social sharing, field experiment 
 

1. Introduction 
According to Deloitte (2019), the global healthcare cost is expected to increase at an annual rate 
of 5.4 percent in 2017 to 2022, from USD $7.724 trillion to USD $10.059 trillion. Among the 
myriad of cost drivers, a key culprit is the expenditure associated with chronic diseases, such as 
such as coronary heart disease, diabetes, and high blood pressure (DeFronzo and Ferrannini 
1991). A key strategy to mitigate the implications of chronic diseases is to encourage regular 
physical activity. The growing availability of mobile health technologies, such as activity 
trackers and mobile apps, have given rise to cost-effective ways to promote regular physical 
activity. Despite the popularity, the effects of personal training app on maintaining regular 
physical activity remains largely mixed. Indeed, evidence suggests that while personal training 
app might be well subscribed initially, these apps often experience substantial activity decline 
and high attrition rates over time. Thus, it remains highly important and relevant for 
organizations and authorities to understand the effectiveness of personal training app. 
Uncovering users’ physical characteristics that may limit exercise performance can be complex 
and may require expensive physiological measurements. Nevertheless, an equal challenge is to 
monitor users’ fitness growth after using a personal training app. Given that physical competence 
is one of the most typical expectation of regular exercise, organizations and authorities cannot 
afford to underestimate the potential health outcome that users can attain in the form of fitness 
improvement. Furthermore, personal training app is often implemented with a collection of 
physiolytic features. These include activity tracking features that facilitate monitoring and 
accumulation of physical exercise, as well as social networking features that transform personal 
exercise data into networkable content on social media. Yet little is known about the 
effectiveness of these features on improving fitness over time.  
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Past information systems (IS) research has considered recurring usage of technology as an 
activity in which technology usage facilitates performance of tasks. Barki et al (2007), for 
instance, illustrated that to accomplish work-specific tasks, employees did not only utilize IS as 
an instrument to accomplish work-specific tasks but also adapted their usage over time. 
Accordingly, we draw on activity theory as the overarching framework to guide our investigation 
of longitudinal usage of personal training app. This theory posits that individuals adapt their 
instrument usage behavior by drawing on internal feedback and external feedback to reflect 
individuals’ performance in prior activities (Engeström 2001). Correspondingly, this paper 

investigates two features of personal training app that facilitates feedback acquisition, i.e., the 

systematic quantification of physical exercise performance and the networkability of quantified 

performance information.  

Some evidence suggests that app users might gradually dropout from exercise routines, despite 
the availability of extensive exercise tracking features (e.g., Voth et al. 2016). To improve usage 
traction, in addition to tracking exercise performance, app developers have introduced a variety 
of performance sharing features through which users can present their performance in physical 
exercises to online friends (Vickey and Breslin 2017). Although performance sharing might help 
facilitate self-presentation, it can at times induce unfavorable audience attention that can be 
detrimental to users’ images (e.g., Lim and Noh 2017). Overall, despite shedding light on 
potentially promoting regular physical exercise, past studies offer inconsistent evidence on the 
way performance tracking and performance sharing maintain adherence to regular physical 
exercise, and hence our understanding on the longitudinal impact of performance tracking and 
performance sharing remains largely inconclusive. Correspondingly, the other objective of this 

study is to elucidate the longitudinal effects of performance tracking feature and performance 

sharing feature on fitness improvement.  

2. Hypotheses Development
2.1 The Effects of Personal Training App on Fitness Improvement

Fitness is about individuals’ ability to keep up with the physical ability to carry out daily tasks
with vigor and alertness, without undue fatigue and with ample energy to enjoy leisure-time
pursuits and to meet unforeseen emergencies (Pate 1983). In this study, following the practice of
the public health literature, we define fitness as an individual’s ability in terms of bodily
flexibility, endurance, strength, and aerobic efficiency (Caspersen et al. 1985). The public health
literature suggests that personal training app facilitates quantification of individuals’
performance in physical exercise, which helps users recognize their development in physical
competence (Ryu et al. 2005). Vivid recognition of competence development powerfully
motivates continued engaged in physical exercise over time, which is essential to improving
fitness.

In personal training app, activities quantification facilitates the provision of diagnostic 
performance information to users. The performance information does not only help users 
understand their overall performance in an exercise episode but also provide diagnostic details of 
performance over a period of exercising activities. On the contrary, without personal training 
apps, to keep track of exercise performance, individuals might have to manually record the 
start-time and end-time of an exercise episode. In any case, information available for subsequent 
performance reflection is likely limited. Therefore, compared with non-users, personal training 
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app users will be supported with activity quantification that motivates subsequent physical 
exercise, which helps them improve fitness. Thus, we posit the following: 
 
H1: Compared with non-users, personal training app users will have a higher level of fitness 

improvement. 

 
Past research employing activity theory has highlighted the importance of social environment in 
shaping individuals’ performance reflection. In the absence of a social environment, individuals 
essentially perform activities in private and hence they are likely to focus on identifying issues 
specific to activity performance. By contrast, in the presence of a social environment, individuals 
are likely aware of potential social attention to their activities. As a result, individuals may 
consider both issues inherent to activity performance and matters pertinent to self-presentation. 
In personal training apps, when only activity tracking is used, users are likely to consider activity 
information private. As a result, social attention of exercise performance is not entirely relevant 
to motivating regular physical exercise. On the contrary, social sharing garners public attention 
to users’ fitness activities by disseminating performance information to their online social 
networks. As a result, to maintain social attention, users can be especially motivated to maintain 
regular physical exercise. Therefore, compared with activity tracking, social sharing is likely to 
provide stronger motivation to engage regular physical exercise and hence leading to greater 
fitness improvement. Thus, we posit the following: 
 
H2: Compared with activity tracking users, social sharing users will have a higher level of 

fitness improvement. 

 

3. Methodology and Analysis 
A longitudinal field experiment was conducted with subjects who were working adults and had 
ongoing responsibilities in national services. They had no prior experience using the personal 
training app (i.e., Endomondo) employed in this study. Subjects were randomly assigned to one 
of the experimental conditions (i.e., baseline and two intervention conditions. The baseline 
condition was operationalized by instructing subjects to report their performance in fitness 
proficiency tests. Subjects assigned to the treatment conditions, namely activity tracking and 
social sharing, were instructed to use the personal training app to track their physical exercise. 
Activity tracking (social sharing) was manipulated by disabling (enabling) the automated social 
media posting mechanism in the mobile fitness app (i.e., posting new workout activities to 
Facebook). 647 subjects took part in the entire study.  The average age of the subjects was about 
30 years old. 
 
The entire study was completed in about 18 months. Fitness was operationalized as their scores 
in a standard physical fitness test that was conducted at 4-time points (i.e., T0, T1, T2, and T3). 
At T0, subjects were randomly allocated to one of the three experimental conditions (i.e., 
baseline, activity tracking, and social sharing). Additionally, a survey was conducted to capture 
subjects’ responses to measurement items of control variables. Subjects also sent friend requests 
to a research Endomondo account and a Facebook account, which were used to capture their 
subsequent app usage information. They were instructed to use the app to keep track of their 
fitness activities whenever they exercised. The three sessions (at T1, T2, and T3) were conducted 
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about 6 months apart after the training session (i.e., T0).  Activity logs suggest that subjects 
were actively using the app throughout the 18-month period.  

3.1 Randomization Checks 

Randomization checks were performed to test for differences between baseline and intervention 
conditions in age, body mass index, past fitness test scores, reported physical activeness, and app 
usage experience. Table 1 summarizes the means and standard deviations for all variables across 
the conditions. No differences (p > .05) were found between the control and intervention 
conditions, which indicated that randomization was successful. 

Table 1. Randomization checks of variables measured by control and treatment conditions† 

Baseline condition 
(N = 198) 

AT Condition 
(N = 237) 

SS Condition 
(N = 212) 

P-value‡ 

Age (year) 30.66±3.46 
25-36 

30.40±3.22 
25-37 

30.34±3.64 
24-36 

.61 

BMI 22.24±1.89 
18.91-25.33 

22.10±1.92 
18.90-25.29 

22.19±1.79 
18.94-25.30 

.75 

Past fitness test score 11.99±7.26 
0-25 

11.81±7.44 
0-24 

11.80±7.75 
0-24 

.34 

Reported physical activeness 2.12±1.21 
0-7 

2.03±1.05 
0-7 

2.17±1.31 
0-7 

.42 

App usage experience 4.81±1.41 
4-7 

4.99±1.48 
3-7 

4.85±1.44 
3-7 

.39 

†Values are in means±s.d., minimum-maximum;  
‡Reflects the differences in means between conditions by one-factor ANOVA. 

3.2 Preliminary Analysis 

Table 2 presents the results related to changes in fitness and in-app achievement. An assumption 
of the LGM analysis is that (1) there are significant changes in fitness and in-app achievement, 
and (2) the two variables have positive (negative) change scores over time.  

Table 2. Tests of Multivariate LGM Analysis 

Model 
Change 

Function 
FOF Residual 

Structure 
α2 df 

Model 
Comparison 

∆α2 ∆df (1) (2) (3) (4) 

G1a No growth Homoscedastic 1367.39*** 20 .58 .58 .39 .12 

G1b No growth Heteroscedastic 945.51*** 16 G1a vs. G1b 421.88*** 4 .70 .71 .36 .10 

G2a 
Linear 
growth 

Homoscedastic 213.30*** 11 G1a vs. G2a 1154.09*** 9 .93 .94 .20 .05 

G2b 
Linear 
growth 

Heteroscedastic 207.74*** 7 G1b vs. G2b 737.77*** 9 .94 .94 .25 .05 

G4a 
Optimal 
growth 

Homoscedastic 145.13 *** 9 
G1a vs. G4a 
G2a vs. G4a 

1222.26*** 
1154.09*** 

11 
9 

.96 .96 .03 .04 

G4b 
Optimal 
growth 

Heteroscedastic 84.51*** 5 
G1b vs. G4b 
G2b vs. G4b 

861.00*** 
737.77*** 

11 
9 

.98 .98 .03 .04 

Notes: FOF: first-order factor. *p<.05, **p<.01, ***p<.001. †Models G3a and G3b were quadratic growth models which were 
unidentified.  
(1) = NNFI, (2) = CFI, (3) = RMSEA, and (4) SRMR.
According to the literature, the fit indices criteria for an acceptable model are NNFI ≥ .95, CFI ≥ .95, RMSEA ≤ .06, SRMR ≤ .08
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Table 2 shows the results related to the nature of change in the two variables (Model 4b) with a 
heteroscedastic residual structure (i.e., unequal error variances over time) had the best overall fit 
and was significantly better than no-growth model (Model G1b) and linear growth model (Model 
H2b) based on chi-square difference test. Curvilinearity in the plots of fitness and in-app 
achievement also exhibit that an optimal change function provided a better model fit than did a 
linear change function. 
 

3.3 Effect of Personal Fitness App on Fitness Improvement 

To investigate the effect of personal fitness app on fitness improvement, we constructed a 
conditional model for optimal growth in fitness (see Figure 1a) over the four periods (i.e., T0, T1, 
T2, and T3) by including a dummy variable for two experimental conditions (i.e., 0 represents 
the baseline group and 1 represents the treatment group). The conditional model for optimal 
change in fitness showed good fit (χ2 (df = 5) = 357.82, p < .001, NNFI = .98, CFI = .98, 

RMSEA = .01, and SRMR = .02). The dummy variable is found to have no significant impact on 
the intercept factor of the fitness growth model (ß= .11, p = .25). This result indicates that fitness 
at T0 were not significantly different between the baseline group and treatment group. Also, as 
anticipated, the dummy variable is found to have a significant positive influence on the slope 
factor (ß= .42, p <.001). This result suggests that compared with the baseline group, the 
treatment group had higher fitness (significant positive change) over the three periods. Therefore, 
H1 is supported. 
 

 
 

Figure 1a. Conditional LGM Model Figure 1b. Conditional LGM Model 
Notes: N = 647; χ2 (df = 5) = 357.82, p < .001; NNFI = .98; 
CFI = .98; RMSEA = .01; SRMR = .02; Conditions = 
Baseline vs. Activity Tracking + Social Sharing 

Notes: N = 449; χ2 (df = 5) = 369.69, p < .001; NNFI = .97; 
CFI = .98; RMSEA = .02; SRMR = .02; Treatments = Activity 
Tracking vs. Social Sharing 

 
To quantify the effect of activity tracking and social sharing on fitness improvement, we 
constructed another conditional model for optimal fitness growth over the four periods. In this 
model (see Figure 1b), the dummy variable represents the two treatment conditions (i.e., 0 
represents the activity tracking group and 1 represents the social sharing group). The conditional 
model showed good fit (χ2 (df = 5) = 369.69, p < .001, NNFI = .97, CFI = .98, RMSEA = .02, 

and SRMR = .02). The dummy variable is found to have no significant impact on the intercept 
factor of the fitness growth model (ß= -.18, p = .60). This result suggests that fitness at T0 were 
not significantly different between the activity tracking group and social sharing group. 
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Consistent with expectation, the dummy variable has a significant positive influence on the slope 
factor (ß= .86, p <.001). This result suggests that compared with the activity tracking group, the 
social sharing group had higher fitness improvement (significant positive change) over the three 
periods. Therefore, H2 is supported. 
 

3. Discussion  
The results supported our hypotheses. Our findings provide strong evidence that personal 
training app is helpful to improving fitness. Specifically, compared with non-users, personal 
training app users have better fitness over the long run. Our results also establish that activity 
tracking and social sharing both lead to fitness improvement. The effects of social sharing on 
fitness improvement is stronger than that of private tracking.  
 
Self-quantification and self-presentation are two key premises underlying many mobile apps 
designed to promote active lifestyle, and for theories describing such processes as activities, 
which posit that individuals utilize apps as instruments to perform activities with the aim to 
achieve certain objectives. Despite the previous research attempts to quantify the effects of 
personal training apps on fitness improvement, the fact is that this fundamental premise 
underlying continued usage or disengagement from usage remains relatively unexamined. The 
purpose of this study was to test whether the effects of activity tracking and social sharing on 
fitness improvement significantly change across time. This study shows that while both activity 
tracking and social sharing are helpful in motivating fitness improvement, social sharing has a 
stronger effect in driving fitness improvement compared with activity tracking.  
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Abstract 

This study investigates the impacts of two-sided network effects on the platform’s decision on 

product-mix selection as well as the pricing strategy. We find that when the membership fee 

mechanism is adopted, the platform vendor should resell the low-end product mix in the following 

cases: (1) the average profit ratio is small and the network effects from third-party sellers to 

consumers is weak or (2) the average profit ratio is large, the network effect from consumers to 

third-party sellers is strong, and the network effect from third-party sellers to consumers falls into 

a moderate region. When adopting the commission fee mechanism, the trend of optimal product-

mix selection is different from that in the membership fee mechanism. Furthermore, the 

membership fee mechanism outperforms the commission fee mechanism as long as network effects 

on one direction is sufficiently weak and that on the other direction does not fall into the mediate 

region. 

Keywords: Platform vendors, Product mix, First-party products, Two-sided network effects 

1. Introduction
With the development of information technologies, two-sided platforms are becoming more and

more prevalent and widely observed in many areas such as E-Commerce, finance, social networks,

transportation, etc. Due to two-sided network effects, consumers’ benefits obtained from joining

a platform depend on the size of sellers that join the platform, and vice versa. This gives rise to a

chicken-and-egg profit-maximization problem (Caillaud and Jullien 2003): a platform should have

lots of registered sellers to attract consumers, but sellers’ participation depends on the size of

consumer base. To avoid the chicken-and-egg problem, many platform vendors choose to resell

products to attract consumers when it is established. For example, Amazon.com is a dominant

platform-based retailer that only sold products directly at the beginning of its establishment, and

then opened its platform to absorb third-party sellers in 1999. Jingdong Mall, an e-commerce

platform, started mainly selling computer, communication and consumer electronic (3C) products,

and to expand its product categories, it allowed hundreds of thousands of merchants to sell

products on its retail platform. The number of third-party merchants on Jingdong Mall reached 0.2

million in September 2018. Following these industry practices, the market scenario considered in

this study is as follows. A startup platform company chooses a product mix ((Moon et al. 2017),

which reflects the business scope and structure of the enterprise.) and resells the products in it, and

then third-party sellers in other product mix will be attracted to join the platform and more

consumers are attracted by the third-party sellers.

Besides, Jingdong.com, started its business from selling the high-end product mix, such as 3C 

products. However, Dangdang.com, mainly sold the low-end product mix, such as books, when it 

138



was established in 1999. This inspires us to consider how platform vendors choose between a high-

end product mix and a low-end product mix when entering the platform. In addition to product 

mix selection, following prior studies (Cabral 2019; Easley et al. 2019; Tremblay 2018), another 

important decision-making problem faced by the platform company is the pricing mechanism. 

Therefore, this study seeks to answer the following questions: Under different pricing mechanisms, 

whether the platform should resell the products in the high-end product mix or those in the low-

end product mix? What’s the optimal pricing mechanism for the platform? 

 

2. The Model 
Assume that the platform or third-party sellers sell products in two categories: high-end product 

mix and low-end product mix. We develop a two-stage game-theoretical model to investigate the 

platform’s optimal product-mix selection decision. As shown in Figure 1, in the first stage, the 

platform vendor chooses to resell one of the two product mixes (the high-end product mix, denoted 

by H, or the low-end product mix, denoted by L), and consumers join the platform and make 

purchase decisions of first-party products. In the second stage, the platform vendor decides the 

platform access fee charged from third-party sellers, who then decide whether to join the platform 

or not. We assume that only sellers providing products different from the first-party products will 

join the platform, i.e., if the platform offers product mix 𝑖(𝑖 ∈ {𝐻, 𝐿}), then the sellers offering 

products in product mix 𝑗(𝑗 ≠ 𝑖, 𝑗 ∈ {𝐻, 𝐿}) will join the platform. Meanwhile, more consumers 

are attracted to join the platform.  

 
Figure 1. Two-stage model 

 

Following prior studies on two-sided markets (e.g., Jullien 2006; Chen et al. 2016), we assume 

that products are listed without differentiation, and each product receives the same exposure level 

𝜏(𝜏 ∈ (0,1)), which determines the likelihood that the product matches buyers. Assume that the 

product variety of the product mix selected by the platform vendor is denoted by 𝑛𝑖(𝑖 ∈ {𝐻, 𝐿}), 

then the total matching degree should be 𝑛𝑖𝜏. In the first stage, a buyer’s expected payoff from 

participating in the platform is 𝑈𝐵1 = 𝑛𝑖𝜏𝑢𝑖 − 𝑐𝐵, where 𝑢𝑖(𝑖 ∈ {𝐻, 𝐿}) represents the buyers’ 

expected surplus of finding the ideal product in the product mix selected by the platform vendor. 

Apparently, consumers enter the platform with opportunity cost 𝑐𝐵. We assume that 𝑢𝑖 satisfies 

uniform distribution with support [0, 𝑎𝑖], as different buyers perceive different expected surpluses. 

Then, the demand of the product mix selected by the platform vendor in the first stage is  

 𝐷𝐵1 = (𝑎𝑖 −
𝑐𝐵

𝑛𝑖𝜏
)𝑛𝑖𝜏 = 𝑛𝑖𝜏𝑎𝑖 − 𝑐𝐵.                       (1) 

In the second stage, some third-party sellers join the platform by paying a membership fee (𝑝𝑆𝑖), 

and a seller’s expected payoff from participating in the platform is  

𝜋𝑆 = 𝛼(𝑎𝑖 −
𝑐𝐵

𝑛𝑖𝜏
)𝜌𝑗 − 𝑝𝑆𝑖 − 𝑐𝑆,                         (2) 

where 𝛼 > 0 represents the intensity of the network effect from consumers to third-party sellers, 

and 𝜌𝑗(𝜌𝑗 ∈ {𝐿, 𝐻}) is the average profit (per consumer) of product mix 𝑗, i.e., product mix of 

Third-party Products  First-party 

Products Stage 1 Stage 2 

Additional 

Consumers 

Consumers 
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the third-party sellers. As providing the high-end product mix brings higher average profit per 

consumer, we assume that 𝜌𝐻 > 𝜌𝐿. And the sellers have heterogeneous fixed costs of providing 

their products through the platform (𝑐𝑆), which satisfies uniform distribution with support [0, 𝑐]. 
Hence, the number of third-party sellers joining the platform can be expressed as 𝑁𝑗 = (𝑎𝑖 −
𝑐𝐵

𝑛𝑖𝜏
)𝛼𝜌𝑗 − 𝑝𝑠𝑖 . Consistent with the existing studies (Jullien 2006), it is assumed that each seller is 

seen as selling a different product, and thereby 𝑁𝑗 also denotes the product variety of the product 

mix provided by third-party sellers. After the third-party products are available on the platform, 

consumers’ utility will increase because of increased product variety on the platform. Thus, a 

buyer’s expected payoff from participating in the platform in the second stage can be reformulated 

as 

𝑈B = 𝑛𝑖𝜏𝑢𝑖 − 𝑐𝐵 + 𝛽𝑁𝑗 ,                          (3) 

where 𝛽 > 0 is the intensity of the network effect from third-party sellers to consumers. As 𝑢𝑖 

satisfy uniform distribution with support [0, 𝑎𝑖], the total demand (in both stages) for the product 

mix resold by the platform vendor is  

𝐷𝐵 = (𝑎𝑖 −
𝑐𝐵−𝛽𝑁𝑗

𝑛𝑖𝜏
)𝑛𝑖𝜏 = 𝑛𝑖𝜏𝑎𝑖 − 𝑐𝐵 + 𝛽𝑁𝑗 .    (4) 

The platform vendor’s profit comes from two sources: (1) profit derived from selling the first-

party products in product mix 𝑖, which involves profit from first-stage demand (𝜌𝑖(𝑛𝑖𝜏𝑎𝑖 − 𝑐𝐵)) 

and profit from second-stage demand (𝜌𝑖𝛽𝑁𝑗), and (2) profit derived from third-party sellers 

(𝑝𝑆𝑁𝑗). Then, the platform’s total profit derived when reselling product mix 𝑖 (𝑖 ∈ {𝐻, 𝐿}) can be 

expressed as follows: 

𝜋𝑖 = 𝜌𝑖(𝑛𝑖𝜏𝑎𝑖 − 𝑐𝐵 + 𝛽𝑁𝑗) + 𝑝𝑆𝑁𝑗 .      (5) 

3. Main Results
In this section, we first investigate the optimal product mix selection in the membership fee

mechanism and commission fee mechanism, respectively, which are given in Section 3.1 and

Section 3.2, we then discuss the pricing mechanism selection in Section 3.3.

3.1. Membership Fee Mechanism 

From Equation (5), the platform vendor maximizes its revenue, 𝜋𝑖 , by optimally choosing its 

membership fee: 

   max
𝑝𝑆𝑖

 𝜋𝑖(𝑝𝑆𝑖) = 𝜌𝑖(𝑛𝑖𝜏𝑎𝑖 − 𝑐𝐵 + 𝛽(𝛼𝜌𝑗(𝑎𝑖 −
𝑐𝐵

𝑛𝑖𝜏
) − 𝑝𝑠𝑖)) + 𝑝𝑆𝑖(𝛼𝜌𝑗(𝑎𝑖 −

𝑐𝐵

𝑛𝑖𝜏
) − 𝑝𝑆𝑖),   (6) 

From Equation (6)’s optimal solution, we have Lemma 1. 

Lemma 1: When the platform vendor charges sellers membership fee, if the network effect from 

third-party sellers to consumers is sufficiently weak, the platform vendor should charge the third-

party sellers; otherwise, if the network effect from third-party sellers to consumers is sufficiently 

strong, the platform vendor should subsidize the third-party sellers. 

Furthermore, the platform vendor’s optimal product-mix selection strategy in the case that the 

membership fee mechanism is adopted is shown in Proposition 1. 

Proposition 1: In the case that the platform vendor charges membership fee to sellers, 

a) When the average profit ratio of the high-end product mix to the low-end product mix is

sufficiently small  (1 <
𝜌𝐻

𝜌𝐿
<

𝜏𝑎𝐿𝑛𝐿−𝑐𝐵

𝜏𝑎𝐻𝑛𝐻−𝑐𝐵
) , if the network effect from third-party sellers to

consumers is sufficiently strong, the platform vendor should choose to resell the high-end 
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product mix by itself; if network effect from third-party sellers to consumers is sufficiently weak, 

the platform vendor should choose to resell the low-end product mix; 

b) When the average profit ratio of the high-end product mix to the low-end product mix is 

sufficiently large  (
𝜌𝐻

𝜌𝐿
>

𝜏𝑎𝐿𝑛𝐿−𝑐𝐵

𝜏𝑎𝐻𝑛𝐻−𝑐𝐵
),  

(i) if the network effect from consumers to third-party sellers is sufficiently weak, the 

platform vendor should resell the high-end product mix; 

(ii) if the network effect from consumers to third-party sellers is sufficiently strong, and the 

network effect from third-party sellers to consumers is sufficiently strong or weak, the 

platform vendor should resell the high-end product mix; otherwise, if the intensity of 

network effect from third-party sellers to consumers falls into a moderate region, the 

platform vendor should resell the low-end product mix.  

 
When the average profit ratio of the high-end product mix to the low-end product mix is sufficiently 

small, reselling the high-end product mix could attract more sellers join the platform in the first stage, 

and thus attract more sellers join the platform in the second stage. Hence, the profit gained from the 

first-party products in the second stage when reselling the high-end product is higher than that when 

reselling the low-end product, and the profit gap becomes larger with the increase in the network effect 

from third-party sellers to consumers. Therefore, as long as the network effect from sellers to buyers 

is sufficiently strong, reselling high-end product is more profitable. But when the average profit ratio 

is sufficiently large, only if the network effect from consumers to third-party seller is sufficiently strong 

and the network effect from third-party seller to consumers is moderate, the platform vendor relies on 

profit from third-party sellers to resell the low-end product mix. 

 

3.2. Commission Fee Mechanism  

As the commission fee mechanism is charged base on per-interaction behavior and adopted by 

many platform companies, such as eBay, Jingdong. Hence, in this section the platform’s product-

mix selection strategy is re-examined under commission fee mechanism. In this case, a seller’s 

expected payoff from participating in the platform is changed to  

                            π𝑡 = m𝑖1𝛼𝜌𝑗(1 − 𝛾) − 𝑐𝑆,                          (7) 

which is also the product variety of third-party products. Where 𝛾(𝛾 < 1)  represents the 

commission rate charged by the platform from the transaction between third-party sellers and 

consumers. Therefore, a buyer’s expected payoff from participating in the platform is 

U𝐵′ = 𝑚𝑖1𝛼𝜌𝑗(1 − 𝛾)𝜏𝑢𝑗 − 𝑐𝐵,  similar to the basic model, let 𝑢𝑗(𝑗 ∈ {𝐻, 𝐿})  is uniform 

distributed with support [0, 𝑎𝑗]. Then, the demand of the product mix selected by third-party 

sellers is  

                           𝐷𝑆 = 𝑎𝑗𝑚𝑖1𝛼𝜌𝑗(1 − 𝛾)𝜏 − 𝑐𝐵.                        (8) 

Then the platform vendor maximizes its revenue given by  

𝑚𝑎𝑥
𝛾<1

 𝜋𝑖
𝑡(𝛾) = 𝜌𝑖(𝑛𝑖𝜏𝑎𝑖 − 𝑐𝐵 + 𝛽𝛼𝜌𝑗(1 − 𝛾)(𝑎𝑖 −

𝑐𝐵

𝑛𝑖𝜏
)) + (𝛼𝜌𝑗𝜏𝑎𝑗(1 − 𝛾)(𝑎𝑖 −

𝑐𝐵

𝑛𝑖𝜏
) − 𝑐𝐵)𝜌𝑗𝛾. 

 (9) 

Lemma 2:When the platform vendor charges the sellers commission fee, if the network effect from 

consumers to third-party sellers is sufficiently weak, the platform vendor should always subsidize 

third-party sellers; if the network effect from consumers to third-party sellers is sufficiently strong, 

when the network effects third-party sellers to consumers is sufficiently weak, the platform vendor 

should charge third-party sellers; and when the network effect from third-party sellers consumers 

is sufficiently strong, the platform vendor should subsidize third-party sellers. 
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Proposition 2: When the platform vendor charges the sellers commission fee, 

(a) if the average profit ratio of the high-end product mix to the low-end product mix is sufficiently

small (1 <
𝜌𝐻

𝜌𝐿
< √

𝑚𝐿1𝑎𝐿

𝑚𝐻1𝑎𝐻
),

(i) when the network effect consumers from to third-party sellers is moderate, the platform

vendor should choose to resell the low-end product mix by itself;

(ii) when the network effect consumers from to third-party sellers is sufficiently strong or

weak, if the network effect from third-party sellers to consumers is sufficiently strong

or weak, the platform vendor if better off from reselling the low-end product mix;

otherwise, when the network effect from third-party sellers to consumers is moderate,

the platform vendor should resell the high-end product mix;

(b) if the average profit ratio of the high-end product mix to the low-end product mix is sufficiently

large (
𝜌𝐻

𝜌𝐿
> √

𝑚𝐿1𝑎𝐿

𝑚𝐻1𝑎𝐻
), 

(i) when the network effect consumers from to third-party sellers is moderate, the platform

vendor should choose to resell the high-end product mix by itself;

(ii) when the network effect consumers from to third-party sellers is sufficiently strong or

weak, if the network effect from third-party sellers to consumers is sufficiently strong

or weak, the platform vendor should choose to resell the high-end product mix;

otherwise, when the network effect from third-party sellers to consumers is moderate,

the platform vendor should choose to resell the low-end product mix.

3.3. Membership Fee vs Commission Fee 

For a startup platform, before the platform vendor decides on the optimal product-mix selection, 

it should make a choice between the membership fee mechanism and the commission fee 

mechanism. 

Proposition 3: 

(a) if the network effect from third-party sellers to consumers is sufficiently weak, when the

network effect from consumers to third-party sellers is sufficiently strong or weak, the platform

vendor should adopt the membership fee mechanism, when the network effect from consumers

to third-party sellers is moderate, commission fee mechanism is more preferred by the platform;

(b) if the network effect from third-party sellers to consumers is sufficiently strong, when the

network effect from consumers to third-party sellers is sufficiently strong, the platform vendor

should choose the commission fee mechanism, when the network effect from consumers to

third-party sellers is sufficiently weak, the platform vendor should adopt the membership fee

mechanism.

Figure 2 numerically shows the findings in Proposition 3. “M” represents the region in which the 

membership fee mechanism outperforms the commission fee mechanism and “C” represents the 

region in which the commission fee mechanism is more profitable. One of the interesting results 

is that, if the network effect from consumers to third-party sellers is sufficiently weak and the 

network effect from consumers to third-party sellers is sufficiently strong or weak, the platform 

vendor should choose the membership fee mechanism. The reason it that, with weak network effect 

from third-party sellers to consumers, the pricing mechanism selection owes to profit from third-

party sellers as there is little profit from second-stage demand, so the platform vendor should 

choose the membership fee mechanism due to the low demand of third-party products; but if the 
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network effect from third-party sellers to consumers is sufficiently strong, the platform vendor will 

reduce the optimal platform access fee and mainly rely on profit from second-stage demand, on 

this basis, the platform will still choose the membership fee mechanism due to more third-party 

sellers. 

𝐶𝑎𝑠𝑒: 𝛼 <
𝜏𝑎𝑗

𝑚𝑖1
𝐶𝑎𝑠𝑒: 𝛼 >

𝜏𝑎𝑗

𝑚𝑖1

 Figure 2. Pricing mechanism selection 

4. Conclusion
This study considers the market scenario in which a platform, such as Jingdong or Amazon,

operates an online marketplace through which the platform vendor can provide a first-party

product mix and coordinate with third-party sellers to avoid the chicken-and-egg problem and

maximize its profit. And the platform vendor could choose the pricing mechanism according to

the strength of two-sided network effects, then determine the optimal access fee, and maximize

profits by adjusting the product mix layout to achieve effective dynamic management.
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Abstract 

As textual disclosures have been regarded as essential supplements to traditional financial 

features when to predict financial distress, leveraging the effects of deep learning methods to 

facilitate texts' predictive ability has become increasingly popular recently. Several existing 

literatures have showed deep learning models’ superiority in dealing with textual data. However, 

most of them focus on the simple utilization of deep learning pattern and preliminarily explore its 

actual role in financial distress prediction (FDP). Hence, oriented to the heterogeneity embedded 

in typical financial indicators and prevalent textual information, we propose to tackle intrinsic 

characteristics and interrelationships of heterogeneous features while utilizing deep learning 

methods. To achieve this, we construct a regularized sparse-based long short-term memory model, 

which considers both transverse relations and depth connections of available FDP features. 

Validated by empirical results, our proposal provides an efficient way for the current research on 

FDP to transcend the limitations of predictive effects. 

Keywords: FDP, Textual Features, Long Short-term Memory, Sparse Cluster 

1. Introduction
Financial distress is a broad concept which involves several situations in which companies face

financial difficulty. Financial distress prediction (FDP), which identifies companies that are at risk

of financial distress in the future has been regarded as an important issue over the decades owing

to its advantages in providing early warning for the economic agents. In FDP, traditional financial

features extracted from accounting statements have been widely employed and demonstrated

effective in existing studies. They generally show great advantages in revealing financial status of

listed companies, whereas they are unable to reflect the external environment concerning the status

of company operations, hence leading to an inaccurate estimation on financial distress. Currently,

textual disclosures which reveal the companies’ operation status such as cost control, business

strategies development, and management situation elaboration have been regarded as supplements

to financial features for FDP (Cecchini et al. 2010). Under this situation, maximizing the utilization

of textual disclosures have become a hot issue for researchers specialized in finance.

Recently, deep learning models such as Deep Neural Networks (DNN), Convolutional Neural 

Networks (CNN) and Long Short-term Memory (LSTM) have been generally adopted in FDP to 

mine the helpful information from texts for FDP respectively, and demonstrated their usefulness 

in handling the complexities of texts (Kraus and Feuerriegel, 2017; Mai et al., 2019). In fact, 

previous researchers have verified that integrating multiple information to comprehensively 

analysis the situation of companies and utilizing advanced techniques to deeply explore the effect 

of the multiple information do contribute to the prediction. However, they generally ignored the 

adverse effects of the intrinsic characteristics and interrelationships of heterogeneous features, 
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hence leading to an inaccurate prediction. For example, quantitative financial features and 

qualitative textual features are heterogeneous, and the direct combination of them will definitely 

reduce the quality of information. Moreover, the interrelationships of extracted FDP features may 

cause the multicollinearity and as well bring adverse effects on prediction. 

Facing with above challenges, in this paper, we not only focus on the intergration of both financial 

and textual features for prediction, and textual features are extracted through the advanced deep 

learning methods to explore their depth connections. More importantly, we strive to find a solution 

to better handle with the intrinsic characteristics and interrelationships of heterogeneous FDP 

features. To achieve this, we construct a Regularized Sparse-based Long Short-term Memory 

model (RS2-LSTM-SC), which considers both depth connections and transverse relations of 

available FDP features. Concretely, we first take advantage of LSTM to maximize the use of texts 

by exploring their word order, context-related information as well as semantics. Second, we 

employ a sparse-based clustering method to form features’ grouping structures according to their 

transverse relations, so that features in each group are homogeneous and they jointly reflect a 

certain aspect of the state of the companies. At last, a regularized sparse-based Random Subspace 

model is adopted to tackle with features’ group properties and make the final prediction. To 

provide practice support to our theory study, we evaluated the prediction performance on the real-

world dataset and compared it with that of benchmark methods. 

Main contributions in this research are: (1) An enhanced framework is proposed, in which textual 

data are implicitly learned by the deep learning methods, and the intrinsic characteristics as well 

as interrelationships of FDP features are well handled. (2) A novel method RS2-LSTM-SC is 

proposed for FDP, in which LSTM is adopted to extract textual features and in the meanwhile a 

clustering method is employed to tackle with the intrinsic properties of heterogeneous features. (3) 

An empirical study is conducted on real-world datasets, and the experimental results verified the 

RS2-LSTM-SC’s superior prediction performance to that of the benchmark methods on those 

datasets, hence demonstrating its effectiveness for FDP. 

2. Research design
With a view to the advantages of deep learning techniques in extracting high-level textual features

and their deficiency in coping with the intrinsic characteristics and interrelationships of

heterogeneous features, we propose RS2-LSTM-SC to considers both transverse relations and

depth connections of available FDP features. Fig.1 shows the research framework.

Domain 

Knowledge

Financial Features

Textual Features

Group 2 Group n1

Numerical Data Text Data

Intergration

Ci-1

Hi-1,Xi-

1

Forget 

gate
Input gate

Candidate 

gate

Output 

gate

Ci

Hi

...

Financial Groups

Group 1 Group 3Group 2

 Groups

Random Subspace

Evaluation

Sparse Cluster

Group 1 Group 3 Group 4 Group n2...Group 4

Feature weighting

Figure 1. Research framework for financial distress prediction 
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There are two components in RS2-LSTM-SC: (1) feature extraction; and (2) model construction. 

First, both financial and textual features are extracted from financial statements and financial 

reports respectively, and in the meanwhile the intrinsic characteristics and interrelationships of 

heterogeneous features are well handled by forming features’ grouping structure. Second, in model 

construction, we construct a regularized sparse-based Random Subspace model to tackle with 

features’ group properties and simultaneously enhance the generalization ability of base classifiers. 

To introduce the proposed RS2-LSTM-SC clearly, some essential notations are defined here. Given 

a training set 1{( , ), , ( , ), , ( , )}i ny y y= 1 i nD x x x , where 1, 2, , ,{ , , , , }i i c i m ix x x x=ix ,  are 

predictor variables, 
mRix  is the vector space pattern, and { 1,1}iy  −  is the binary-class label, 

n is the number of instances and m is the feature size. Moreover, define

     
1 21 1 1

1 1 1 2 2 2, , , , , ,, , , , , ,
l

l l l

ii n in l ng g g g g gg g g= = =
1 2

F F F， ， ， , as features with 

different properties, where ( 1,2, , )in i l= , represents the size of these features.

2.1 Feature Extraction 

Financial ratios which have been verified their effectiveness in the previous studies and proved to 

be available for existing research have been adopted (Beaver WH 1966). On the basis of this, we 

employed these financial ratios which have been verified their effectiveness in the previous studies 

and proved to be available for the research. Concretely, extracted features involves several aspects, 

such as Solvency, Profitability, Operational Capabilities, Business Development Capacity, Capital 

Expansion Capacity, and Finance Structure, which are the different reflections of company’s 

financial status. In view of such domain knowledge, extracted features are divided into different 

groups, that is 
( ) ( ) ( ) 

1

1 1 1

1 1 ,, , ,i nF gg g=   , where 
( )1

ig represents one of the feature groups. 

For the extraction of textual features, bag-of-words, which represents all words appearing in texts 

as a document-term matrix has been widely adopted. However, the feature quality is limited since 

it neglects the word order, grammar, and sentence structure in texts, which causes the loss of 

information concerning the textual meaning. Currently, LSTM, which is an improvement of 

Recurrent Neural Networks has been employed in FDP to deal with text information (Kraus and 

Feuerriegel 2017). It shows great superiority in learning long sequences and can store long-ranging 

context information in the weights of network, which leads us to employ it. Concretely, there are 

three components in LSTM: an input layer, an output layer, and hidden layers, which are composed 

of memory cells that have three gates, respectively, forget gate tf , input gate ti , and output gate 

to . Define tx is the input vector at time t , , , , , , , , ,f x f h s x s h i x i h o x o hw w w w w w w w， ， ， ， ， ， ， are

weight matrices, f s i ob b b b， ， ， are bias vectors, t t tf i o， ， are vectors for the activation values 

of the respective gates, ts , ts are the candidate values which can be added to the cell states, th

is the output. The main steps of LSTM are: Firstly, irrelevant information is removed from the 

previous cell states 1tS − . The sigmoid function is adopted to scales all activation values into the 

range (0,1) by Equations (1). Secondly, necessary information is added to the network’s cell states

( tS ) by Equations (2) and (3). Thirdly, the new cell states ts are acquired via Equations (4). At 

last, the output th is derived via Equations (5) and (6).

, , 1( )t f x t f h t ff sigmoid w x w h b−= + +  (1) 
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, , 1tanh( ),t s x t s h t ss w x w h b−= + +  (2) 

, , 1( )t i x t i h t ii sigmoid w x w h b−= + + ， (3) 

1 .t t t t ts f s i s−= + (4) 

, , 1( )t o x t o h t oo sigmoid w x w h b−= + + ， (5) 

tanh( )t t th o s= (6) 

Once the last element of the sequence has been processed, the final output for the whole sequence 

is returned. However, the intrinsic properties and the interrelationships of heterogeneous features 

haven’t been well treated, weakening the feature quality. To pose this challenge, we employ a 

Sparse Clustering (SC) method to build features’ grouping structures according to their transverse 

relations, so that features in the same group are homogeneous and their predictive effects on FDP 

are without obvious discrimination (Witten and Tibshirani 2010). Compared to traditional 

clustering methods, SC performs better since it clusters the observations using an adaptively 

chosen subset of the features. Suppose that we wish to cluster k  observations on m  dimensions; 

recall that X is of dimension k m . SC is defined as the solution to solve the following problem: 

;
1

2

1

max ( )

         subject to   1,     ,

0   ,

p

i i
w D

j

i i

imize w f

s

w


=

 
 
 

 

 

 i
X ,Θ

w w      (7) 

where the ( )if iX ,Θ is a function that involves the i th feature of the data, and Θ  is a parameter 

restricted to lie in a set D . iw  is the weight, and s  is tuning parameter, satisfying 1 s p  . 

To optimize (7) with respect to w  with Θ  held fixed, the problem is easily solved by soft-

thresholding. Consequently, textual features with grouping structures  
2

2 2 2

1 , ,,, nig gg=2F

are acquired, where 
2

ig denotes one of the feature groups. Moreover, to maximize the utilization 

of multiple features, we not only explore the prediction power of F1 and F2 respectively, but also 

investigate the supplementary role of textual features to financial features by forming F1+F2. 

2.2 Model Construction 

Ensemble learning methods have attracted increasing attention in FDP owing to its superior 

generalization performance compared to single classifiers (Tsai et al. 2014). Among them, 

Random Subspace (RS), which can meliorate the original data-space to generate high-quality 

classifiers shows its advantages in dealing with the high-dimensional problems, hence leading us 

to adopt it in this study. To better tackle with the FDP task, we tend to improve RS by integrating 

a feature selection method. Compared to traditional feature selection methods which evaluate 

features separately, here we employ a regularized sparse-based method Sparse Group Lasso (SGL) 

(Simon et al. 2013) which brings sparsity effects on both group and within group level to promote 

the prediction performance of RS. The procedures of the proposed RS2-LSTM-SC are as follows. 

Firstly, a set of subsets need to be obtained from the original feature set. Given the input features, 

SGL is applied to derive a sparse weight vector from group and within-group levels. 
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where 
2

1

(1 )
m

k

k

p 
=

−  (k)
β  is designed to produce sparse effects for feature groups and 

1
 β

places sparsity on individual features, with 
q

  as the qL norm. Besides, kp refers to the 

number of predictor variables in groups k , and l  is the number of disjoint groups. Taking the 

derived vector 
(k)β  as sampling probabilities of features, K  feature subspaces are generated, and 

this process is additionally guided by the subspace rate, which adjusts the sampling scale. 

Represent the obtained subsets as  , , , , , k K1 2

sub sub sub subD D D D  and the thk random feature 

subspace as ( ) ( ) 1, , , ,k k

ny y= 
sub 1

k

n

k k
x xD  with 1 k K  . Secondly, the final result is obtained 

through the combination of base classifiers which are trained on the obtained subsets. Here we 

employ SVM as the base classifier owing to its outstanding generalization performance. Then, 

prediction results from SVM classifiers are combined to reduce the classification errors via the 

majority voting rule. 

3. Experiments
3.1 Experiment Design

There is no universal definition of financial distress in previous studies, hence we follow the

Special Treatment (ST) warning mechanism, which is put forward by China Securities Regulatory

Commission to label the companies. In ST, companies that have undergone annual losses with two

consecutive years are regarded as financially distressed one, which indicates that the prediction

with data collected from one year or two years before the ST year is meaningless. Concretely, for

the experiment data, the dataset includes 1835 instances acquired from the Shenzhen Stock

Exchange and the Shanghai Stock Exchange of China, 261 of which have been labelled as ST and

the remaining are sound companies. Moreover, financial statements are collected from the China

Security Market Accounting Research Database to obtain 39 accounting ratios as financial features,

and financial reports are collected via the website to extract textual features. Viewing the ST year

as the benchmark year T-0, we use features from T-3 to prediction. Secondly, to verify the

effectiveness of RS2-LSTM-SC, we compared it with several benchmark methods including SVM,

traditional ensemble methods Bagging, Adaboost and RS, as well as basic methods RS-LSTM and

RS-LSTM-SC. Finally, to evaluate the prediction performance of aforementioned methods, the

area under the ROC curve (AUC) is adopted owing to its advantage in binary classification.

3.2 Experiment Results 

In this section, the experimental results on the AUC are reported by comparisons of different 

feature sets and prediction methods in Table 1. 

Table 1. AUC under different feature sets and methods 

Feature 

Methods 
F1 F2 F1+F2 

SVM 87.32 80.13 91.57 

Bagging 89.47 82.52 92.52 

AdaBoost 88.45 82.03 91.98 

RS 89.66 83.45 93.10 

RS-LSTM 89.25 85.79 94.59 

RS-LSTM-SC 90.77 87.26 96.30 
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RS2-LSTM-SC 91.01  88.92 97.87 

The best values of methods on each feature set are highlighted in boldface for convenience. On 

the one hand, in view of the three kinds of traditional ensemble methods, RS performs best on the 

overall feature sets, demonstrating its superiority in dealing with high-dimensional task. On the 

one hand, note that among the overall feature sets, F1+F2 reaches the highest value hence verifying 

textual features’ supplementary role to financial features, which is in accordance with previous 

studies (Cecchini et al. 2010). Furthermore, our proposed RS2-LSTM-SC performs best constantly, 

which shows our study on the maximum utilization of the extracted features is reasonable. 

Concretely, from Table 1, the AUC of RS-LSTM is higher than RS on the F2 and F2+F3, whereas 

on F1, it is lower than RS. This is because that in RS-LSTM, textual features are extracted by 

LSTM which shows its advantages in capturing long-term semantic and syntactic dependency of 

the texts, whereas financial features are directly acquired from the financial statements. Moreover, 

when integrating the features grouping properties, the increase of AUC on RS-LSTM-SC shows 

that the intrinsic properties of heterogeneous features definitely weakens feature quality. In fact, 

since extracted features tend to be high-dimensional, the direct utilization of these features will 

decrease the prediction power, which can be clearly seen through the comparison of RS-LSTM-

SC and our proposed RS2-LSTM-SC. In RS2-LSTM-SC, we employ a regularized sparse-based 

feature selection method to tackle with the features’ grouping structure and reduce dimensionality, 

which explains why our proposed method achieves the highest value. 
 

4. Conclusion and future work 
Textual features have promoted researchers to work on more efficient models. Moreover, the deep 

learning model has been gradually introduced into FDP and demonstrated ascendant in analyzing 

textual data. However, the intrinsic characteristics and interrelationship of heterogeneous features 

haven’t been well studied. Hence, we propose a framework which focuses on both transverse 

relations and depth connections of available FDP features. According to the experiment results on 

the real-world dataset, our proposed RS2-LSTM-SC performs best compared to the benchmark 

methods, hence verifying its effectiveness. In the future, the proposed approach will be tested on 

different datasets to show its universality on other research fields such as credit risks assessment 

and default risk prediction. 
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Application Developer’s and Mobile Platform’s Pricing Strategies in the 

Presence of Externalities 

 

Abstract 
 

Mobile platforms connect consumers and application develops. According to the sharing 

mechanism of the mobile platform, a two-stage game model of the mobile platform and the app 

provider is constructed. This study attempt to analyze the optimal pricing strategies of 

application provider and mobile platform under monopoly and duopoly case, respectively. 

Furthermore, the interactive effects that externality and competition intensity have on the 

optimal strategies are also investigated. By comparing the optimal pricing strategies of mobile 

platform and app provider between the monopoly and duopoly case, we will find how the optimal 

pricing strategies change when the platform in the competitive situation. This study contributes 

to the application distribution literatures and provides important managerial implications on 

how to use the mobile platform to make effective distribution.  

 

Keywords: Application, Mobile Platform, Externality, Pricing Strategy 

 

 

1. Introduction 

When Apple first launched its iPhone App Store in July 2008, it changed the software market 

drastically. The number of mobile apps offered to consumers is rising rapidly, and by 2018, 

consumers could choose among almost six million apps in Google or Apple stores. 

As a major software application distribution platform for connecting consumers and third-party 

software provider ("app"), the competition between application stores ("mobile platforms") is 

becoming increasingly fierce. Therefore, how mobile platform operators and app providers 

develop optimal pricing strategies becomes critical.  

 

2. Literature Review 

For the pricing of software products, many scholars have research on both versioning and 

software product upgrades. Moorthy and Png (1992) suggested that it is optimal for firms to 

sequentially offer products in high-end and then low-end markets if substitution and 

cannibalization effects exist. Cheng and Qian (2010) find that when network intensity is strong, 

it is more profitable for a software monopoly to offer free trial than to segment the market with 

two versions of different qualities. Cheng and Liu (2012) analyze two free trial strategies: 

time-locked free trial and limited version free trial for a monopolistic software firm. They find 

that the time locked free trial is more profitable for the firm than the case of no time-locked free 

trial if the network effects are smaller than the given threshold. Zhang et al. (2016) examine the 

impact of free offering on the competition between two firms in the presence of network effects. 

They find that when a firm’s core product has a sufficient advantage in product quality, it is 

better for this firm to sell the bundle but for the other to use free strategy. 

Our work is also related to papers that study the mobile platform. Harman et al. (2012) 

introduces app store mining and analysis as a form of software repository mining. They show 

that there is a strong correlation between customer rating and the rank of app downloads. Hao et 
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al. (2017) develop a two-sided market model to determine the platform owner’s optimal 

advertising revenue-sharing contract. They find that the advertising revenue-sharing contract 

under agency pricing for app sales leads to a higher app price than would be offered by the 

integrated platform found in traditional advertising. 

Our study contributes to the literature in the following ways. First, we consider the pricing 

strategy of the mobile platform and application provider. Second, we develop the platform 

revenue model accounts for the consumer access fee and the share of the app sales. Third, unlike 

existing literature which mainly studies the advertising strategy of mobile platform from the 

perspective of monopoly, we compares the pricing strategies of mobile platform and Application 

developer from the perspective of monopoly and competition. 

 

3. The model 

 

3.1 Monopoly Case 

We consider a single mobile platform and an application developer. We assume the application 

provider only distributes its products through the mobile platform and users must join the 

platform to purchase the app. 

In this model, we consider there are a unit mass of consumers. The consumers have a gross 

valuation for the mobile platform, v , and they decide whether to join the platform based on their 

net utility. The net utility consists three parts: the aforementioned gross value, the disutility cost 

incurred from the difference between the consumer’s preferred and consumed platform, and the 

cost of platform access. To illustrate the deviation from the consumer’s ideal preference, we 

introduce a fit cost t  from the hoteling framework. When a consumer accesses the platform , 

they pay price Mp  to the platform. Considering that the mobile platform is located at the left end 

of the hotelling linear city, therefore the utility function for an arbitrary consumer [0,1]x  is 

( ) MU x v p tx    

When x  is sufficiently large, consumers will not join the platform. By ( ) 0U x  , we obtain such 

threshold of x  as *
Mv p

x
t


 , the number of consumers choose to join the platform equals 

*
Mv p

D x
t


  . 

The app we examine exhibit positive network effects. Similar to baake and boom(2001), we 

model the network effects as a function of app quality and the network size. A consumer derives 

an additional utility of 
sqD  from using an app of quality, q  , where   is the intensity of 

network effects, and 
sD  represents the expected size of installed base. Considering app as 

experienced product, we assume that consumer’s perceived value of the app is 0 if he does not 

purchase the app, Therefore, let M

sp represents the app price, the total utility of consumer joining 

the mobile platform and purchasing the app is  

( ) M M

s s sU x v p tx qD p      
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By 1( ) 0sU x  , we obtain such threshold of 1x as *

1

M M

sv p p
x

t q

 



, the number of consumers 

choose to buy the app after joining the platform equals 
M M

s

s

v p p
D

t q

 




We denote the platform’s share of app revenues with  , where (0,1)  . Since the marginal cost 

of satisfying consumers is fairly small, we make a simplifying assumption that it is zero. Thus, 

the app provider’s profit function can be written as  

(1 )

. .

s

M

s s s
p

s

Max D p

s t D D

  



The mobile platform’s profit function can be written as 

M M

s s
p

Max D p Dp  

The timing of the game is now the following: first, the platform set the access fee Mp ; second, 

the app provider set the app price M

sp ; third, consumers decide whether to join the platform; 

fourth, the consumers who joined the platform decide whether to buy the app. 

We solve the game backwards, therefore we look for the subgame-perfect Nash equilibrium of 

the game. Proposition 1 presents the equilibrium strategies for the app provider and the platform 

when 
q

t

2
 . 

Proposition 1. 

When the mobile platform is monopolist, the platform’s optimal access price is 

T

qttv
pM )22(*  

 , the app’s optimal price is 
T

qtv
pM

s

)(* 
 ; the optimal profit the 

mobile platform will achieve equals
Tt

qtv )(2
*M 




 , the optimal profit the app provider will

achieve equals 
2

2
* ))(1(

T

qtvM

s





 . 

3.2 Duopoly Case 

In a duopoly, we assume there are two competing mobile platforms( 2,1i ), Consumers are 

heterogeneous in their preference for the two platforms, and we let consumers be uniformly 

distributed on a Hotelling line of unit length with Platform 1 located at the left end of the line 

and Platform 2 at the other end of the line. The consumers have same gross valuation ( v ) for the 

two mobile platforms. We assume that the market is completely covered and each user can only 

join one platform. Let the platforms’ access prices are 
Dp1 and

Dp2 , respectively. Therefore, the 

utility function is typvyU D  11 )( if the consumer joins platform 1 ， or 

)1()( 22 ytpvyU D  if the consumer joins platform 2.
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The consumers’ decisions can be demonstrated by the marginal consumer *y who is indifferent 

between joining platform 1 and 2. In an equilibrium, the demand for platform 1 

is
t

pp
yD

DD

22

1
* 12

1


 , the demand of platform 2 is 

t

pp
yD

DD

22

1
*-1 21

2


 . 

As the app provider sells app through Platform 1 and Platform 2, let 
D

sp represents the app price

and sD represents the total app demand from the two platforms, the total utility of consumer

joining the mobile platform 1 and purchasing the app is 

D

ss

DD

s

D

s pqDtypvyppU  111 ),,(

The total utility of consumer joining the mobile platform 2 and purchasing the app is 

D

ss

DD

s

D

s pqDytpvyppU  )1(,, 222 ）（

Let 1sD  and 2sD be the app demand from platform 1 and 2, respectively. If 
1 1 1, , * 0D D

s sU p p y （ ） , 

consumer who joins platform 1 with preference 
*

1y  is indifferent between buying the app and 

not. If 
2 2 2, , * 0D D

s sU p p y （ ） , consumer who joins platform 2 with preference 
*

2y is indifferent 

between buying the app and not. Thus, we have 
1

*

1sD y , *

2s 21D y  , sss DDD 21  . 

Thus, the app provider’s profit function can be written as 

(1 )

. . , 1,2

s

D

s s s
p

is i

Max D p

s t D D i

  

 

The mobile platforms’ profit function can be written as 

D

ii

D

sisi
p

pDpDMax
i

   2,1i  

4. Expected Results

By analyzing the duopoly case, we will find the optimal pricing strategies of competing mobile

platforms and the app provider. In addition, we will distinguish how externality and competition

intensity affect the pricing level of the pricing strategies.

By comparing the optimal pricing strategies of mobile platform and app provider between the

monopoly and duopoly case, we will find how the optimal pricing strategies change when the

platform in the competitive situation.
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Platform Compatibility and Developer Multihoming: A Study of Firefox and 

Chrome 

 
Abstract 
Platform compatibility acts as a key determinant for multihoming of app developers. Using 

Firefox’s API compatible strategy with Chrome as a research context, this study investigates the 

effect of a secondary platform’s compatibility strategy on three issues related to multihoming. 

The study first illustrates that the compatibility strategy of a secondary platform (Firefox) 

attracts more developers with small user bases from their primary platform (Chrome). Also, 

platform compatibility encourages multihoming developers with small user bases on Firefox to 

develop exclusive app for Firefox, and weakens the negative effect of market competition on 

exclusive app development. Moreover, we find that platform compatibility strengthens the 

positive relationship between multihoming developers’ app performance across platforms.  

 

Keywords: platform compatibility, developer multihoming, platform competition 

 

1. Introduction 
Platform compatible is a key determinant of platform competition (Katz and Shapiro 1985; 

Rochet and Tirole 2003). Two platforms are compatible if complements of one platform can 

operate on the other (Church and Gandal 1992). For software platforms, such as mobile systems 

(e.g., Apple’s App Store), web browsers (e.g., Firefox, Chrome), and video consoles (e.g., Xbox, 

PlayStation), the issue is whether applications produced for use on one platform can be ported to 

another platform without or only with little modification. 

 

Platform compatibility determines the scope and intensity of network externalities in the market, 

and in turn the competition equilibrium (Rochet and Tirole 2003; Zhu 2010). Developers on 

compatible platforms can tap into the user bases of each other, which expands network effects. 

Theoretical models find that software platform compatibility leads to intense competition for app 

developers, and reduces vertical differentiation among platforms (Casadesus-Masanell and 

Ruiz-Aliseda 2009). Incompatibility, in contrast, mitigates the competition among developers, 

and results in market dominance (Malueg and Schwartz 2010). Despite extensive theoretical 

discussion, extant research has remained scarce in leveraging actual behavioral data on platform 

and developers to empirically shed light on the effect of platform compatibility. Furthermore, 

prior studies mainly focus on impact of the number of complements on market outcomes, and 

overlook other attributes of the relationship between platform and developers, which may vary 

with compatibility and affect platform success. 

  

Moreover, the role of compatibility in a focal software platform’s evolution remains ambiguous. 

The compatibility determines the magnitude of learning effort and apps’ cross-platform porting 

cost in developer multihoming. One perspective suggests that incompatibility and high porting 

costs are desirable for the platform owner since they increase differentiation and within-platform 

network effects (Corts and Lederman 2009). However, alternative views suggest that 

compatibility enables platforms to reap the spillover benefits of intense software competition 

among the developers on other platforms and attract them on board (Malueg and Schwartz 2010). 

The tension in extant research necessitates a more detailed examination on the effect platform 

compatibility on the relationship between platform and developers.  
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In this study, we focus on a compatibility strategy of Firefox: releasing APIs that are compatible 

with Chrome in March 2016, and investigate three issues related to Chrome developers’ 

multihoming on Firefox: multihoming decisions, development of exclusive apps for Firefox, and 

cross-platform app performance. The empirical results show that platform compatibility will 

attract more developers with small user bases on Chrome to join Firefox. Also, platform 

compatibility encourages multihoming developers who have small user bases on Firefox to 

develop exclusive apps for Firefox, and weakens the negative effect of market competition on 

exclusive app development. We also find that platform compatibility strengthens the positive 

relationship between multihoming developers’ app performance across platforms.  

 

2. Theoretical and Hypothesis Development 
 

2.1 Multihoming decisions 

In making multihoming decisions, developers essentially weigh between the benefits of 

increasing market size and the technical and commercial costs of multihoming (Bresnahan et al. 

2015; Rochet and Tirole, 2003). For developers with large user bases on their primary platforms, 

their apps have been proved to be adequately attractive on primary platforms. Multihoming to 

competing platforms can potentially be more profitable and they should be less concerned about 

the costs of multihoming. Developers with small user bases on their primary platforms should be 

more concerned about the costs of multihoming, which can be effectively reduced by platform 

compatibility. Therefore, we argue that platform compatibility will encourage more developers 

with small user bases on their primary platform to mulihome. 

 

H1: A secondary platform’s compatibility strategy will attract more developers with small user 

bases on their primary platforms to multihome on it. 

 

2.2 Decisions on exclusive app development for secondary platform 

When multihoming to a new platform, the developers have two product development strategies 

on the new platform. First, they can port apps originally designed for their primary platforms. 

However, this may reduce the new platform’s differentiation with the primary platform for that 

same apps become available on both platforms. Multihoming developers could also contribute 

new apps exclusive to the secondary platforms they expand to. Exclusive development requires 

additional effort, and leads to uncertain app performance on the secondary platforms. The 

exclusive apps will benefit the multihomed platform by increasing its differentiation in the 

market and enhancing its platform-level network effects. Multihoming developers’ prior market 

performance on their primary platforms usually indicates the quality of their app development 

(Moorman and Miner 1997). Developers with better prior performance on their primary 

platforms should be more capable of developing exclusive apps for their secondary platforms. 

Market competition on secondary platforms is another issue to consider. Moreover, market 

competition on the secondary platform increases uncertainty and risk in for exclusive app 

development.  

 

A secondary platform’s compatibility strategy can potentially facilitate multihoming developers 

to migrate their users on the primary platform to the secondary platform. As a result, even if 

multihoming developers do not have large user bases on the secondary platform, they may still 

have the incentive to develop exclusive apps on the secondary platform. Multihoming developers 
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can also leverage the cross-platform compatibility to better cope with the competitive 

environment on the secondary platform. In this way, compatibility can weaken the negative 

impact of market competition on exclusive app development on the secondary platform. 

 

H2: A secondary platform’s compatibility strategy weakens the positive relationship between 

multihoming developers’ app performance on the primary platform and their exclusive app 

development on the secondary platform. 

H3: A secondary platform’s compatibility strategy weakens the negative effect of market 

competition on multihoming developers’ exclusive app development on the secondary platform. 

 

2.3 App performance across platforms 

For multihoming developers, the market performance (e.g., user bases) of their apps on the 

secondary platform should be related to that on the primary platform. Developers can leverage 

the experiences they acquired from the performance on the primary platforms to foster their app 

development and promotion on the secondary platforms. In this regard, multihoming developers 

with better primary-platform performance are more likely to achieve better performance on the 

secondary platforms as well (Moorman and Miner 1997). Moreover, cross-platform network 

effect can also support the positive performance correlation between different platforms (Corts 

and Lederman 2009). 

 

However, the technical dissimilarity between the primary platform and the secondary platform 

can impede multihoming developers to leverage their experiences across platforms (Cennamo et 

al. 2018). Platforms differ in their technological core functions and interface specifications 

(Baldwin and Woodard 2009; Tiwana 2015). Developers have to adapt their migrated apps to the 

specifications (Anderson et al. 2013), which inevitably affects some originally-developed 

features of the apps. A secondary platform’s compatibility strategy facilitates developers to 

leverage their experiences from the primary platform, and reduces the cost and efforts in 

multihoming. As a result, the positive relationship between multihoming developers’ app 

performance on the secondary platform and their app performance on the primary platform can 

be enhanced. And for apps developed exclusive for the multihomed platform, less benefit could 

be acquired from developer’s existing market experience from the primary platform. 

 

H4: A secondary platform’s compatibility strategy strengthens the positive relationship between 

multihoming developers’ app performance on the primary platform and their app performance 

on the secondary platform.  

H5: The effect of platform compatibility is weaker for the relationship between multihoming 

developers’ app performance on the primary platform and the performance of their exclusive 

apps on the secondary platform.. 

 

3. Research Context and Data  
Our empirical context is the two major open-source web browser platforms: Mozilla’s Firefox 

and Google Chrome. Both platforms attract third-party developers to supply complementary apps 

("add-on" apps for Firefox, and “extension” apps for Chrome). To facilitate third-party app 

development, Firefox and Chrome both provide developers APIs and related SDKs to build app 

functions. Before March 2016 (the release of Firefox version 45.0), the two platforms had 

provided incompatible APIs to third-party developers. To enhance cross-browser app 
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development, Firefox announced its implementation of WebExtension APIs, which are largely 

compatible with the model used by Chrome in March 2016 (the release of Firefox version 45.0). 

In the release of Firefox 57.0 (Firefox Quantum) on November 14, 2017, Firefox updated its user 

interface as Chrome-like and deprecated the support of all prior Chrome-incompatible APIs.  

 

We collected the public app information from Chrome Web Store for Extensions, and Firefox 

Add-on Store. Then we manually identify developers who first contribute to Chrome and then 

multihome to Firefox, and refer them as from-Chrome developers. In this way, we identify 716 

from-Chrome developers, who contributed 2,805 apps to Chrome and 1,138 apps to Firefox. We 

construct three date sets to test our hypotheses (Table1). Control variables related market, 

developer and apps are also included in estimation.  
Table1 Datasets and variable description 

Dataset 1 The quality of multihoming developers (H1) 

A cross sectional data set of all Chrome developers, including their performance on Chrome, their 

multihoming choices, and control variables such as app installation size, number of app, etc.  

Variables Description 

DV ChromeUserNum A developer’s total number of users on Chrome. 

IV 

FirefoxMultihome A dummy variable indicates whether a Chrome developer multihomes on Firefox 

(i.e. a from-Chrome developer on Firefox). For from-Chrome developer on 

Firefox, the variable is assigned to 1, else the variable is 0.  

AfterStrategy A dummy variable. If a from-Chrome developer joined Firefox after its API 

compatibility strategy and built apps under WebExtension API, the variable is 

assigned to 1, else the variable is 0. 

Dataset 2 Exclusive app development for multihomed platform (H2&H3) 

A cross sectional data of 1,138 Firefox apps developed by Chrome-coming developers, including app 

exclusivity, developers performance on Firefox and Chrome, Firefox market condition, and control variables 

such as app’s release time, installation size, number of users, category, etc. 

Variables Description 

DV 
FirefoxExlusive A dummy variable. For Firefox apps which are exclusive for Firefox and don’t 

have a Chrome version, the variable is assigned to 1, else the variable is 0. 

IV 

FirefoxUserNum The number of Firefox users obtained by the Chrome-coming developer at the 

release time of the focal app. 

MarketCompetition The number of Firefox apps within the same category with the focal app at its 

release time.  

ifWebExtension A dummy variable. If an app is released after compatibility strategy and built 

under WebExtension API, the variable is assigned to 1, else the variable is 0. 

Dataset 3 User performance across platforms (H4&H5) 

A cross sectional data of 1,138 Firefox apps developed by Chrome-coming developers, including the number 

of app users, app exclusivity, developers’ user performance on Chrome, and control variables such as app’s 

release time, installation size, number of users, category, etc. 

Variables Description 

DV FirefoxAppUser The number of users of a Firefox app developed by a from-Chrome developer. 

IV 

ChromeUserNum The number users obtained by a from-Chrome developer on Chrome. 

ifWebExtension A dummy variable. If an app is released after compatibility strategy and built 

under WebExtension API, the variable is assigned to 1, else the variable is 0. 

FirefoxExclusive A dummy variable. For Firefox apps which are exclusive for Firefox and don’t 

have a Chrome version, the variable is assigned to 1, else the variable is 0. 

4. Findings 
Table 2 shows the OLS regression results based on variables in Dataset 1, which indicate the 

effect Firefox’s compatible strategy on the quality of Chrome-coming developers. The positive 
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coefficient FirefoxMultihome shows that Chrome-coming developers have larger user base on 

Chrome than other developers. And the negative coefficient FirefoxMultihome*AfterStrategy 

shows that the discrepancy is reduced after Firefox’s compatibility strategy. That is, Firefox’s 

compatibility strategy encouraged developers with small user bases on Chrome to multihome on 

Firefox. Therefore, H1 is supported. 

Table 2 User performance on Chrome of Chrome-coming developers 

VARIABLES 
(1) 

OLS 

(2) 

OLS 

DV ChromeUserNum ChromeUserNum 

FirefoxMultihome 1.925*** 1.752*** 

(0.130) (0.130) 

FirefoxMultihome *AfterStrategy -0.920*** -0.886***

(0.139) (0.138)

Other controls No Yes 

Constant 2.018*** 1.816*** 

(0.007) (0.014) 

Observations 27,732 27,732 

R-squared 0.022 0.070 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; Logarithm ChromeUserNum to base 10 

Table 3 shows the Logit estimation results based on Dataset 2. The positive coefficient of 

FirefoxUserNum and negative coefficient FirefoxUserNum*ifWebExtension indicate that 

Firefox’s compatibility strategy encourages from-Chrome developers with smaller user bases on 

Firefox to develop exclusive apps for Firefox, supporting H2. The positive coefficient of the 

MarketCompetition*ifWebExtension indicates that Firefox’s compatibility strategy weakens the 

negative effect of market competition. Therefore, H3 is supported. 

Table 4 shows the OLS regression result based on Dataset 3. The positive coefficients of both 

ChromeUserNum and ChromeUserNum*ifWebExtension indicate that Firefox’s compatibility 

strategy strengthens the positive relationship between from-Chrome developers’ performance on 

Firefox and their performance on Chrome, supporting H4. And the negative coefficient of 

ChromeUserNum*ifWebExtension*FirefoxExclusive supports H5. 

Table 3 Exclusive app development for Firefox Table 4 App performance across platforms 

DV FirefoxExclusive DV FirefoxAppUser 

VARIABLES (1) 

Logit 

(2) 

Logit 

(3) 

Logit 

VARIABLES (1) 

OLS 

(2) 

OLS 

(3) 

OLS 

FirefoxUserNum 0.217*** 0.270*** 0.218*** ChromeUserNum 0.221*** 0.126*** 0.132*** 

(0.039) (0.045) (0.039) (0.009) (0.025) (0.025) 

MarketCompetition -0.241 -0.242 -0.501* ifWebExtension 1.594*** 0.389 0.474 

(0.252) (0.258) (0.288) (0.200) (0.360) (0.358) 

ifWebExtension -0.153 0.207 -0.888*
ChromeUserNum* 

ifWebExtension 
0.107*** 0.112*** 

(0.350) (0.386) (0.516) (0.027) (0.026) 

FirefoxUserNum* 

ifWebExtension 
-0.113**

ChromeUserNum* 

ifWebExtension* 

FirefoxExclusive 

-0.067***

(0.049) (0.017) 

MarketCompetition* 1.130** FirefoxExclusive -0.011 -0.024 0.444*** 
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ifWebExtension 

(0.568) (0.076) (0.075) (0.138) 

Other controls YES YES YES Other controls YES YES YES 

Constant -2.117*** -2.447*** -1.642*** Constant -0.951*** 0.055 -0.065

(0.535) (0.560) (0.588) (0.169) (0.302) (0.301)

Observations 1,139 1,139 1,139 Observations 1,193 1,193 1,193

R-squared 0.501 0.508 0.515

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; 

5. Conclusion
Our research aims to empirically illustrate the effect of platform compatibility strategy on

multihoming. The analysis reveals the impact of platform compatibility on three outcomes:

multihoming decisions, exclusive app development on the secondary platform, and app

performance on the secondary platform. The findings have important implication to the platform

owners on their compatible strategy with competing platforms. Next step, we will focus on

testing the robustness of these results, and further identifying the causal relationships.
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Funding Open Source Software with Cryptocurrency Tokens: 
The Impact of Exchange Listing on Blockchain Project Development 

 
Abstract 

 
Blockchain-based initial coin offerings (ICOs) enable start-ups to not only get funding for early 
stage growth but also attract open-source contribution to assist software development. We 
investigate the impact of ICOs’ exchange listing on open-source contribution, and how such an 
impact varies by the type of contributors (internal vs. external) and the ICO’s monetary policy 
(price and funding durations). Our identification hinges on a quasi-experiment design. The 
findings suggest a 22.2% surge of open-source contribution following an ICO’s exchange listing. 
A breakdown of the effect shows that external contributors have more incentive to contribute in 
software development than internal contributors. Additionally, ICOs with a higher price tend to 
receive an influx of external contribution whereas those with longer funding windows are less 
attractive to external contributors. These findings provide managerially relevant implications on 
open-source project management that is centric to blockchain-based entrepreneurship.  
 
Keywords: Blockchain, Initial Coin Offering (ICO), Exchange Listing, Open-source Software, 
Internal and External Contributors 
 
1. Motivation and Research Questions 
The blockchain technology has enabled start-ups to raise funds at the early stage of development 
through issuing cryptocurrency tokens (tokens, hereafter) to the investors in exchange for capital 
– a process known as initial coin offerings (ICOs) (Dell’Erba, 2017). Tokens of funded ICOs can 
then be listed and traded as liquid assets on secondary markets (i.e., cryptocurrency exchanges1) 
(Chanson et al. 2018). Compared to traditional venture capital investors or crowdfunding platforms 
such as Kickstarter, tokens-based fundraising has lower overhead cost and less external 
governance for start-ups. Despite its regulatory challenges, this emerging funding mechanism has 
substantial impact on early-stage start-ups. In 2018, an average ICO project could raise over $6.2 
million funding within just weeks.2 
 
Due to their nature as open-source projects, ICO projects attract, not only public funding for early 
stage growth, but also contribution from external token buyers to tackle shared challenges in 
software development (Setia et al. 2012). These external open-source contributors have incentive 
to contribute to the project: they can benefit from the project success by selling their tokens for a 
higher price on cryptocurrency exchanges. However, listing on cryptocurrency exchanges can be 
a double-edged sword for ICO project development. On the one hand, the reputation and popularity 
gained through exchange listing can potentially attract more external contributors and supports to 
assist the project throughout the software development process (Ibryam, 2018; Lielacher, 2018). 
On the other hand, going on exchange is often associated with a significant monetary cost as well 
as a risk of a token’s exchange market price falling below the ICO price, which easily demoralize 
external contributors.  

1 Cryptocurrency exchanges are websites where the public can buy, sell or exchange cryptocurrencies for other digital currency 
or traditional currency like US dollars or Euro. Popular token exchange platforms include Coinbase, Bitstamp, Coinsquare, and 
CoinMama. Source: https://blockgeeks.com/guides/best-cryptocurrency-exchanges/ 
2 Source: https://www.icodata.io/stats/2018 
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Despite the important implications of exchange listing on blockchain project development, 
existing research focuses primarily on the financial aspects such as funding mechanisms (Chanson 
et al. 2018) and ICO exchange price (Mai et al. 2018) while remains silent on how exchange listing 
affects the ICO-based open-source software development. In this research, we bridge the gap by 
investigating the impact of exchange listing on open-source contribution to ICO projects. We seek 
answers to the following questions:  

(1) What is the impact of exchange listing on open-source contribution?
(2) Which type of contributors, internal contributors (those affiliated with the start-up) or
external contributors (independent peripheral developers), is more driven by exchange listing?
(3) How would the impact of exchange listing vary by the monetary policy of ICO projects?

By answering these questions, we address how blockchain-based startups can engage open-source 
contributors and align their incentive to contribute with project performance and success. Our 
findings provide timely and managerially relevant recommendations on the open-source project 
management that is centric to blockchain-based entrepreneurship.  

2. Related Literature and Contribution
Our work is first related to the literature on open source software (OSS) projects. Past OSS research
has identified intrinsic, extrinsic, and internalized extrinsic motivations of OSS project
contributors (von Krogh et al. 2012). Such motivations have been further leveraged to solicit the
voluntary contribution from external OSS participants (Spaeth et al. 2015). Complementing the
roles of internal contributors, external participants make significant contributions to OSS quality
and diffusion (Setia et al. 2012). They bring complementary expertise that software firms lack
internally and help advocate OSS products through social publicity (Nagle, 2018). Our work
extends this research stream into the innovative context of ICO and exchange listing by examining
how the new funding process draws contribution to the project.

Research on crowdfunding is also close in spirit to ours. Crowdfunding lowers the cost of capital 
for founders and increases investors’ access to opportunities (Agrawal et al. 2014). Different from 
crowdfunding that solely raises fund to support the start-ups, ICO is qualified as a financial stake 
in the start-ups, incorporating the right to vote on future decisions (Dickson, 2016) and the 
contribution to co-create the future product (Ibryam, 2018). Participants in crowdfunding are found 
to support the entrepreneurship by providing benefits beyond the money itself, including helping 
provide access to customers, press, employees, and outside funders (Mollick and Kuppuswamy, 
2014); and the crowd has been shown to be as smart as experts in screening projects (Mollick and 
Nanda, 2015). It is not yet clear, however, whether the new funding model instantiated on the ICO 
projects share similar benefits. We bridge the gap by examining whether the ‘crowd’ (i.e., external 
contributors) would contribute efforts to the projects, beyond merely financial resources.  

Finally, we contribute to the literature on cryptocurrency and ICO in particular. Majority of the 
work in this stream focuses on the funding mechanism (Catalini and Gan, 2018; Dell’Erba, 2017), 
determinants of ICO success (Chanson et al. 2018; Park and Yang, 2018), prediction of exchange 
price (Mai et al. 2018), and the crypto market risks (Gkillas and Katsiampa 2018). We contribute 
to this line of research by tapping into the unexplored open-source aspect of the ICO projects and 
investigating how open-source contribution is incorporated to support the project development. 
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3. Data  
We focus on ICO projects on Ethereum and collect data on 927 successfully funded ICO projects 
on ICOBench. These projects have public repositories on Github to which the public can contribute. 
We collect from Github open-source contributions associated with each ICO project from July 
2013 to May 2018. During this study period, 430 ICO projects were listed on cryptocurrency 
exchanges whereas 497 were not, per the public record of CoinGecko. Following prior literature 
(Amsden and Schweizer 2018; Fisch, 2019), we capture project characteristics from CoinGecko, 
including the duration of ICO campaign (ICODuration), price of ICO (ICOPrice), and the time 
window (in weeks) from the launch of an ICO campaign to the exchange listing 
(ICOExchangeDuration). We then merge the data by ICO token and week to form a panel dataset 
 
4. Empirical Challenges and Identification Strategies  
We utilize a quasi-experiment – the variation in exchange listing at different times across various 
ICO projects – to investigate the impact. Our identification hinges on the staggered timing of 
exchange listings among ICOs. Table 1 illustrates our research design. 
 

Table 1. The Quasi-experimental Design 
Group Before Exchange Listing After Exchange Listing 

Treatment ICO projects listed on crypto exchanges  O X 
Control ICO projects not listed on crypto exchanges O O 

 
However, the possibility of bias arises because the apparent difference in outcome between these 
two groups of ICO projects may depend on project characteristics that affect whether or not an 
ICO project receives a given treatment instead of due to the effect of the treatment per se. That is, 
ICO projects in the control group may not be a good counterfactual for the treatment group if not 
listed on exchanges. To mitigate the biases, we conduct a plethora of tests including difference-in-
differences (DID), propensity score matching (PSM), and synthetic control (SC). Figure 1 presents 
the framework of estimation. 

Figure 1. Empirical Challenges and Identification Framework 

 

First, we use the DID estimation to reveal how contribution changes after an ICO project is listed 
on exchanges compared with the control projects that are not yet on exchanges. We verify the 
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parallel trend assumption between the treatment and control projects using a relative time model 
as in Angrist and Pischke (2008). For a project i in week t, its open-source contribution (total 
contribution, internal contribution, and external contribution) is modelled, respectively, as:  
   𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛽𝛽11(Exchange × After) 𝑖𝑖𝑖𝑖+𝛾𝛾’𝑍𝑍𝑖𝑖𝑖𝑖 +µ𝑖𝑖 +v𝑖𝑖 +𝜀𝜀𝑖𝑖𝑖𝑖       (1) 
where 1(After)it equals to 1 if a project i is on exchanges at week t; Because Exchange is absorbed 
by the project fixed effects, Exchange × After is identical to After. 𝑍𝑍𝑖𝑖𝑖𝑖 is a vector of covariates 
including start-up team’s Github experience (TeamExpe), tenure of an ICO project on Github 
(ProjectTenure), and cumulative contrition of developers to an ICO project on Github 
(l.logCumContribution). µ𝑖𝑖 denotes week dummies; vi denotes token dummies; 𝜀𝜀𝑖𝑖𝑖𝑖 is the 
idiosyncratic error term.  
 
Second, we operate the PSM approach to select an alternative control group. The PSM approach 
matches each ICO project on exchanges to a group of ICO projects that are not on exchanges based 
on the propensity of these ICO projects being rightfully assigned to the control group. The 
propensity score factors in all observed project characteristics covariates (category of token 
services, ICO price, number of tokens issued, market cap, investor base, etc.) before the project 
goes on exchange. We use the nearest neighbour matching approach to pair each treatment project 
with its matching control projects on the propensity score.   
 
Third, to mitigate the concern that the donor projects in the control group are still not ideal 
counterfactuals, we apply a synthetic control method proposed by Xu (2017). This method 
generalizes the standard synthetic control approach (Abadie, Diamond, and Hainmueller 2010) by 
allowing for multiple treated units and variable treatment periods. By comparing the open-source 
contribution to an ICO project on exchanges to its synthetic controls, the method allows us to 
estimate the impact of exchange listings on the contribution.  
 
5. Findings  
For the sake of brevity, in the current paper we only discuss the DID estimation of the impact of 
exchange listing in Table 2. Our analysis gleans a few insights. As shown in Column (1), we find 
that the open-source contribution surges by 22.2% after a token is listed on exchanges. It is 
plausible that, on the one hand, a token’s popularity and exposures have grown among developers 
once on exchanges; on the other hand, listing on exchanges is a positive signal that convinces these 
contributors of the project quality.3  
 
A breakdown of the contribution (internal vs. external) in Columns (2) and (3) further shows that 
external contributors, rather than internal contributors, are significantly driven by exchange listing. 
That is, compared to control projects that are not yet listed on exchanges, treatment projects attract 
more external contributors thanks to the increased popularity and quality signals endorsed by 
exchange platforms, whereas the internal contribution of the treatment projects and control projects 
remain the same.    

We then turn the focus to external contributions and investigate what project characteristics bring 
a higher influx of external contributors. Columns (4) – (6) show that projects with a higher price 

3 Among the many tasks that must be performed before a token can be listed is the necessary due diligence to ensure the project 
is not a scam. Some exchanges insist that the token’s smart contract is audited to check for bugs. Source: 
https://news.bitcoin.com/why-70-of-ico-tokens-are-not-exchange-listed-and-probably-never-will-be/ 
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during the ICO tend to bring in more external contribution, whereas projects with a longer ICO 
funding window and a longer gap from ICO to exchange listing are less popular with the external 
contribution. This is probably due to the less desired project quality signals, through which 
projects that take a longer time to raise ICO funding and go on exchanges are perceived inferior.  

Table 2. DID Estimation of the Effect of Exchange Listing on Open-source Contribution  
 logTotalCo

ntribution 
logInternalC
ontribution 

logExternalC
ontribution 

logExternalContribution 

(1) (2) (3) (4) (5) (6) 
After 0.222** 0.009 0.248** 0.473*** 1.099*** 0.028 
  (0.087) (0.051) (0.100) (0.122) (0.375) (0.113) 
ICODuration×After    -0.509***    
     (0.190)    
ICOExchangeDuration ×After     -0.954**  
      (0.391)  
ICOPrice×After       0.677*** 
       (0.187) 
TeamExpe -0.091*** -0.061*** -0.068*** -0.068*** -0.069*** -0.070*** 
  (0.012) (0.013) (0.013) (0.013) (0.013) (0.014) 
ProjectTenure -0.003*** -0.001 -0.002 -0.002 -0.001 -0.002 
  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
l.logCumContribution 0.113*** 0.020*** 0.109*** 0.108*** 0.107*** 0.108*** 
  (0.010) (0.005) (0.010) (0.009) (0.009) (0.009) 
             
Observations 8,385 8,385 8,385 8,385 8,385 8,385 
R-squared 0.122 0.118 0.124 0.131 0.132 0.134 
Project Fixed Effects YES YES YES YES YES YES 
Week Fixed Effects YES YES YES YES YES YES 
Note: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 
6. Contribution and Implications 
This study makes the first attempt to explore ICO projects from the open-source perspective. It 
connects, yet adds to, the growing literature on open source software, crowdfunding, and 
cryptocurrency and ICO. The expanding adoption of open source development in blockchain-
based ICO projects has unveiled the need for effective strategies of engaging external contributors 
and supporting their ability to contribute. We are the first to add empirical evidence on the driving 
force of exchange listing to the growth of open source contribution, particularly the external 
contribution. Additionally, we find such effect depends on project ICO characteristics. Projects 
with a higher price during the ICO campaigns encourage more external contribution, whereas a 
longer ICO funding window and a longer gap from ICO to exchange listing tend to engage fewer 
external contributors.  The results not only shed light on how blockchain entrepreneurs can engage 
open-source contributors and support their ability to contribute through effective project design 
but also speak to useful insights on how to incentivize the teamwork across different project stage 
(from ICO to exchange listing) toward viable blockchain entrepreneurship.  
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Abstract 
 
This paper generates daily box office prediction by conducting discrete emotion analysis on 
microblogging messages. Eight kinds of discrete emotions are empirically found to be predictive 
to box office. We also find discrete emotions have higher predictive power than valence, 
indicating that discrete emotions can better delineate consumer sentiment than valence can. 
Love, disgust, expect and anxiety are the four emotions with the highest predictive power. Each 
of them can individually produce higher prediction accuracy than valence. This study also 
proposes a methodology for automatic domain-specific emotion lexicon construction with 
Word2Vec model, and for discrete emotion analysis on online reviews. Our work helps to 
enhance box office prediction accuracy and has managerial implications for online movie 
marketing and for movie screening decisions. 
 
Keywords: Discrete Emotions, Microblog, Box Office Prediction, Word2Vec 

 

1. Introduction 
Predicting future sales is a key issue in various business domains. This paper conducts an 
empirical study in the Chinese movie industry. The market is the second largest in the world with 
60 billion’s box office gross in 2018. However, in this industry, the movie theater’s operation 
efficiency is surprisingly low. Among 9,504 theaters, only 15 achieved over 50 million RMB 
revenue, and the average occupancy rate is only around 15%1. Most of the theaters are in small 
scale, with only 5.3 screens on average2. But the total number of new movies in one month could 
be 30 to 40, which means every day the theater managers should choose 1 from more than 3 new 
movies for a single screen. An improper movie screening decision could lead to 30,000 RMB’s 
loss in revenue just in one day3. Consequently, how to optimize movie screening decisions is of 
great importance for majority of the theaters. Predicting movie’s future box office is the key to 
answer the question. This paper generates box office prediction by using online review sentiment 
analysis, because what the general public thinks of a product, also known as “wisdom of crowds”, 
is considered as a very good indicator of product sales (Yu et al., 2012; Song et al., 2019). 
 

2. Literature Review 
2.1 Valence and Emotion Analyses for Online Reviews 
Academics have recognized the importance of sentiment analysis and its predictive power over 
product sales (e.g. Asur and Huberman, 2010; Yu et al., 2012). The majority of studies on online 
review sentiment analysis and product sales have focused on valence analysis (e.g., Asur and 
Huberman, 2010; Rui et al., 2012; Hennig-Thurau et al., 2015), which is the process of detecting 
the positive and negative polarity of sentiments. Only few have concentrated on emotion analysis, 
referring to the process of extracting the intensities of different discrete emotions from texts, 
such as anger, joy etc. (Quan & Ren, 2010; Yang et al., 2016; Malik and Hussain, 2017). 
Valence is found to be a simplified and biased proxy to human sentiments (Lerner et al., 2004). 

                                                 
1 http://tech.sina.com.cn/i/2018-06-24/doc-iheirxye9028421.shtml 
2 http://finance.eastmoney.com/news/1355,20180110820566856.html 
3 https://www.douban.com/group/topic/50452206/ 
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But emotion analysis could better delineate human sentiments than valence analysis (Yin et al., 
2014), which calls for more efforts on this important topic. Existing studies adopted the 
lexicon-based approach to conduct emotion analysis for online reviews (Yang et al., 2016; Malik 
and Hussain, 2017). Although many Chinese sentiment lexicons exist, constructing a 
domain-specific sentiment lexicon for microblogging messages is necessary (Xue et al., 2014). 
To decrease the deviation caused by subjectivity and to avoid arduous manual-labeling work, 
introducing a statistical language model is necessary to automatically construct lexicon (Yang et 
al., 2016). The Word2Vec model is a commonly used statistical language model proposed by 
Mikolov et al. (2013). It maps a word to a high dimensional vector that indicates the meaning of 
words in a context using deep learning techniques.  
 
2.2 Why Emotions in Online Reviews are Predictive to Sales 
Quan and Ren (2010) has found the eight discrete emotions commonly expressed in Chinese 
blog texts to be surprise, joy, expect, love, anxiety, sadness, anger, and disgust. Following Quan 
and Ren (2010), the present study aims to investigate these 8 kinds of discrete emotions. Each of 
these emotions embedded in the movie-related microblogging messages could be predictive to 
box office as follows. (1) Anger: According to Berger and Milkman (2009), differences in 
arousal shape social transmission. Anger-embedded reviews are more likely to be viral. Hence, 
they could be more visible to potential consumers and thus have more impacts on purchase 
decision. (2) Anxiety: Mediated by perceived review writer’s cognitive effort, anxiety increases 
perceived review helpfulness (Yin et al., 2014). It arises from situations appraised as 
unpredictable (Lerner and Keltner 2000); in online review context, anxiety often stems from 
ambiguity regarding product quality (Yin et al., 2014). Increasing perceived review helpfulness 
and ambiguity of product quality could make anxiety-embedded reviews have more impacts on 
sales. (3) Disgust and Sadness: Disgust evokes an implicit action tendency to expel current 
objects and avoid taking in anything new (Lewis et al., 2000). Sadness arises from loss and 
helplessness (Lazarus, 1991), and evokes the implicit goal of changing one's circumstances 
(Lerner and Keltner, 2004). Experimental results indicated that disgust reduces willing of 
payment by 20.0%, while sadness increases willing of payment by 27.7% (Lerner & Keltner, 
2004). (4) Surprise and Expect: In a consumption context, surprise occurs when people 
encounter unexpected or mis-expected products or services (Kim and Mattila, 2013). Potential 
consumers could infer certain movie product as novel and unexpected from the 
surprise-embedded reviews. Thus, surprise-embedded reviews could trigger the spread of 
customer delight and persuade potential consumers to make purchases. Expect usually occurs 
when the consumer expresses the intention of future purchase in the context of online reviews. It 
could indicate future sales and persuade other potential customers to make purchase decision 
(Rui et al., 2012). (5) Love and Joy: Word of mouth with positive attitude (such as love and joy) 
could increase box office by persuasive effect (Rui et al., 2012).  
 
2.3 Research Question 
To the best of our knowledge, the predictive power of emotions embedded in online reviews is 
not examined in the context of product sales prediction. Furthermore, the state-of-art 
methodology is either (1) not applicable for multi-class emotion analysis (Xue et al., 2014), or (2) 
not domain-adaptive due to using general emotion lexicon (Malik and Hussain, 2017). Thus, this 
study aims to explore following questions: (1) whether the predictive power of emotions is 
higher than that of valence; (2) which discrete emotion(s) have the highest predictive power; (3) 
how to conduct accurate emotion analysis on online reviews with Word2Vec, and make accurate 
sales prediction; (4) how to make the emotion analysis domain-adaptive. 
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3. Methodology
The methodology framework of using discrete emotion analysis to predict the box office is
briefly introduced as follows. First, a domain-specific lexicon is constructed. To the best of our
knowledge, no lexicon is suitable at present. Based on the methodology by Xue et al. (2014),
who used Word2Vec to construct a domain-specific valence lexicon, we proposed a
methodology to automatically construct a domain-specific emotion lexicon. We briefly introduce
the methodology as following: (1) Using Ren-CECps lexicon by Quan and Ren (2010) as basic
lexicon. 16,017 unique words were manually annotated in Ren-CECps4. Each word has eight
kinds of discrete emotions (i.e., expect, joy, love, surprise, anxiety, sadness, anger, and disgust),
with corresponding emotional intensities annotated from 0.0 to 1.0. (2) Training Word2Vec
model. Following Mikolov et al. (2013), every word is transformed into a word vector, which
contains the sematic information of the word. The Word2Vec model defines the similarity
distance (SD) between words as the cosine distance between word vectors. (3) Extending basic
lexicon by three steps. In step 1, for every emotion word in the basic lexicon, we use Word2Vec
model to mine its similar words, as potential emotion words. In step 2, using similarity distances
(computed by Word2Vec model) between potential emotion words and words in the basic
lexicon, we determine the emotion intensities of these potential emotion words. In step 3, we
combine the newly mined words with the basic lexicon as the new basic lexicon, and repeat step
1 and 2 until the total word amount in the combined lexicon converges. (4) Testing validity of
the methodology. We randomly selected 2,000 words from the basic lexicon as testing set. The
rest words in the basic lexicon were used as training set. We followed the above-mentioned three
steps to estimate the emotional intensities of the emotion words in the testing set. The prediction
error is defined as the mean absolute error (MAE) for each testing word and for each dimension.
Figure 1 illustrates the number of extended words and prediction error for each iteration. Given
the intensities can vary from 0.0 to 1.0 and the out-of-sample prediction error is no more than
0.069, this result proves the validity of our methodology.

Figure 1. Relationship between the number of iterations and the number of extended words. 

Second, this paper extracts discrete emotions from movie-related microblogging messages. More 
specifically, first, our algorithm extracts emotion words from these messages by using the 
above-mentioned emotion lexicon. Second, if an emotion word is matched in certain message, 

4 According to the paper, the authors “took 2 months (about 60 h) on the joint training of annotators and made an annotation 

instruction”. They also used a Kappa statistic to measure the pairwise agreement among 11 different annotators. The kappa 

coefficient of the agreement is a statistic adopted by the computational linguistics community as a standard measure for this 

purpose. The agreement for emotional words is 0.785. Given the complexity of this annotation task, it’s reasonable to consider 

the scores as reliable and valid.
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the algorithm will try to find the degree words and negative words before the emotion word. 
Third, the emotion intensities of a message will be determined by its emotion words, and their 
corresponding degree and negative words together.  

Third, this study conducts valence analysis on microblogging messages. This study adopts the 
methodology proposed by Hennig-Thurau et al. (2015) as a benchmark, namely, using SVM to 
create a positive and negative sentiment classifier. The average precision, recall, and F1-scores 
of our SVM model were 94.83%, 95.19%, and 94.94%, respectively. The ratio of the number of 
positive microblogging messages to the total number of microblogging messages is used as an 
indicator of overall valence.  

Finally, we investigate the predictive power of discrete emotions and compare it with the 
predictive power of valence. Different prediction models were used to derive robust results, i.e. 
Linear Regression (LR), Support Vector Regression (SVR), Decision Tree Regression (DTR), 
Nearest Neighbors Regression (KNN), and AdaBoost (ADA). All these models are commonly 
used in numerical prediction tasks. 10-fold cross validation and mean absolute percentage error 
(MAPE) were used to measure prediction accuracy. 

4. Data Collection and Descriptive Statistics
49 movies in 2015 and 2016 were randomly selected as targeted samples. Following Yu et al.
(2012), we selected movies with a screening period of over four weeks to ensure that time span is
sufficient for box office prediction. We collected the daily box office data of these movies from
piaofang.maoyan.com, which is a public box office database for movies released in China.
Meanwhile, 620,521 microblogging messages related to the 49 movies posted in the same period
were collected. The descriptive statistics are summarized in Table 1. We downloaded the NLPIR
microblog corpus (more than 5 million Chinese microblogging messages) from nlpir.org and
collected 1.79 million Chinese movie-related microblogging messages as corpus to train the
Word2Vec model.

Table 1. Variables, Descriptions, and Summary Statistics of the Movie Sample 

Variable Description Mean S.D.

AggBoxOfficem  Total box office of movie m (RMB million) 341.4 530.1 

BoxOfficeRevm,t Box office of movie m on day t (RMB million) 12.4 30.1 

AggMicroVolm Total volume of microblogging messages of movie m  12,663.7 11,940.4 

MicroVolm,t Volume of microblogging messages of movie m on day t 460.0 849.3 

Daysm  Total screening days of movie m 27.5 4.0 

Note: Although we chose movies with a screening period of over four weeks, some box office data samples were missing. Thus, 
the mean of Daysm is less than 28 days. 

5. Box Office Prediction Results
In order to compare the predictive power of different features, we proposed 4 kinds of feature
sets to predict the daily box office: (1) The BASE feature set. It contains daily box office and
review volume data in the previous week. Time trend and seasonality are also controlled by
using the number of screening days and dummy variable for weekend. (2) The VALENCE
feature set. It is derived by adding valence variables into the BASE feature set. (3) The
EMOTION feature set. It is derived by adding the eight kinds of discrete emotion variables into
the BASE feature set. (4) If only one kind of discrete emotions is added into the BASE feature
set, the feature set will be named after this kind of emotion (e.g. ANGER, ANXIETY).
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We drew several conclusions from the results listed in Table 2 and 3. First, the best MAPE 
(33.99%) is achieved by using the EMOTION feature set and the LR model. Second, for all 
prediction models, the EMOTION feature set constantly achieved lower MAPEs than 
VALENCE and BASE feature sets. Table 3 shows that all these differences were statistically 
significant, proving that discrete emotions had a significantly higher predictive power than 
valence. Third, 8 kinds of discrete emotion feature sets all achieved lower MAPEs than BASE 
feature set. All these improvements were statistically significant, indicating all kinds of emotions 
could be predictive to box office. More surprisingly, note that the average MAPE achieved by 
VALENCE feature set under different models was 49.71%, four kinds of emotions, namely 
anxiety (49.69%, p = 0.47), disgust (49.34%, p = 0.28), love (49.29%, p = 0.27) and expect 
(49.52%, p = 0.16), could individually achieve better performance than valence. Although these 
differences were not significant, the results indicated we had at least constructed four variables, 
each of which could have comparable predictive power as valence.  

Table 2. MAPE of Different Models and Feature Sets 

Feature Sets 
BAS

E 
VALE
-NCE

EMO-
TION 

ANGE
-R

ANXI
-ETY

SADN
-ESS

DISG-
UST 

JOY LOVE EXPE
-CT

SURP
-RISE

MAPE 
(%) For 

Different 
Models 

LR 44.33 42.82 33.99 42.59 42.46 41.95 42.43 42.44 41.37 42.28 42.43 

SVR 48.26 47.87 47.61 48.16 48.14 48.05 48.04 48.11 48.08 48.10 48.19 

DTR 51.57 49.16 45.35 49.57 49.56 49.98 50.13 49.73 49.51 49.70 49.35 

KNN 43.64 42.72 42.02 43.39 43.29 43.30 43.35 43.43 42.73 43.09 43.41 

ADA 69.04 65.99 56.98 65.31 64.99 66.05 62.72 65.95 64.79 64.44 66.69 

Mean 51.37 49.71 45.19 49.80 49.69 49.87 49.34 49.93 49.29 49.52 50.01 

Table 3. MAPE Differences and Significance Levels 

Feature Set A 
VALE
-NCE

EMO-
TION 

ANG-
ER 

ANXI
-ETY

SAD-
NESS 

DISG-
UST 

JOY LOVE EXPE
-CT

SURP
-RISE

EMO-
TION 

Feature Set B BASE BASE BASE BASE BASE BASE BASE BASE BASE BASE 
VALE
-NCE

MAPE 
Diff. (%) 
and Sig. 

Level 
(Feature 
Set B – 
Feature 
Set A) 

LR 
1.51 
(***) 

10.3 
(***) 

1.74 
(***) 

1.87 
(***) 

2.37 
(***) 

1.90 
(***) 

1.88 
(***) 

2.96 
(***) 

2.04 
(***) 

1.90 
(***) 

8.83 
(**) 

SVR 
0.40 
(**) 

0.66 
(***) 

0.10 
(**) 

0.12 
(***) 

0.22 
(*) 

0.22 
(*) 

0.15 
(**) 

0.18 
(**) 

0.16 
(**) 

0.07 
(**) 

0.26 
(***) 

DTR 
2.40 
(***) 

6.22 
(***) 

2.00 
(*) 

2.00 
(***) 

1.59 
(***) 

1.43 
(*) 

1.84 
(**) 

2.06 
(**) 

1.87 
(**) 

2.22 
(**) 

3.81 
(**) 

KNN 
0.92 
(**) 

1.62 
(***) 

0.25 
(*) 

0.35 
(*) 

0.34 
(*) 

0.29 
(**) 

0.21 
(*) 

0.92 
(**) 

0.55 
(*) 

0.23 
(*) 

0.70 
(**) 

ADA 
3.05 
(**) 

12.1 
(***) 

3.74 
(*) 

4.05 
(**) 

3.00 
(**) 

6.32 
(*) 

3.09 
(**) 

4.25 
(*) 

4.60 
(*) 

2.35 
(***) 

9.01 
(***) 

* p < 0.1, ** p < 0.01, *** p < 0.001

6. Contributions, Managerial Implications and Future Research
The contribution of this work is fourfold. First, this research enriches existing literature of box
office prediction using discrete emotions as predicting variables. Second, this paper empirically
found discrete emotions could better delineate human sentiments than valence. Third, we
proposed a complete methodology for automatic domain-specific emotion lexicon construction
and designed an algorithm for discrete emotion analysis on microblogging messages. Xue et al.
(2014) and Malik and Hussin (2017) are two papers most related to our work. Our method differs
from Xue et al. (2014) by allowing every word to contain up to two out of eight kinds of
emotions (instead of sorting every word positive or negative categoty) and by treating all
emotion intensities to be continuous (instead of treating them as discrete as they did). Malik and
Hussain (2017) used a general emotion lexicon, instead of constructing a domain-specific
emotion lexicon as we did. We empirically found using a general emotion lexicon could miss at
least 40% unique emotion words in our targeted review texts. Finally, the Chinese movie-related
microblogging emotion lexicon is a contribution of this work.
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This work provides several significant managerial implications. First, our results help movie 
marketers to form online movie marketing strategies. To boost box office, movie marketers 
could pay more attention to deal with reviews containing particular emotions such as love, 
disgust, expect and anxiety, because they have relatively stronger predictive power. Besides, 
cinema operators may utilize our methodology to increase their revenue through properly 
scheduling movie screenings. Finally, our methodology can be easily adapted to predict future 
sales performance in other domains.  
 
As for the purpose of this paper, impacts and direction of impacts of discrete emotions on box 
office are not included in our research question. Plenty of studies have shown sentiments in 
WOM can be explanatory variables to sales (e.g. Rui et al., 2012; Hennig-Thurau et al., 2015). 
Thus, we can expect emotions (as a typical kind of sentiments) can have impacts on sales. The 
authors are trying to explore the casual impacts by experiment in future research. The future 
research can also develop context-aware emotion extraction, beyond word-level analysis. 
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Abstract

How diversity of perspectives promotes team creativity is still a “black box” in app design .
Drawing upon transactive memory system (TMS) theory and media synchronicity theory (MST),
this paper proposes that the relationship between the diversity of perspectives and the team
creativity are meditated by TMS. Further the mediation effect is moderated by the synchronicity
of the medias used by the team members for communication. To test the research model, we
conducted an experiment in the context of app design. The results support that our hypotheses.
We discuss the theoretical and practical implications.

Keywords: diversity of perspectives, TMS, media synchronicity, team creativity, app design

1. Introduction
Creating and sustaining competitive advantages of a mobile app is critical for the survival

and success of the app but a challenge for the app designers. Different from the development of
traditional IS, in the development of mobile apps, there is often no clear user requirement, and
the technologies are constantly evolving (Xia and Lee 2005). In addition, users often adopt
mobile apps voluntarily. They can easily switch to other substitutable apps without much cost as
far as they see the fit. As such, app design, often to be a team task, calls for creativity. Creativity
refers to the joint novelty and usefulness of ideas in app design (Zhou and Shalley 2011). It could
be the key for the survival and success of an app. Diversity of perspectives is formed when the
members of the team have different task-relevant perspectives, knowledge and working methods.
The diversity of perspectives could lead to the conflicts of perspectives to a certain extent in a
team. When the team has conflicts of perspectives but lacks communication and cooperation, it is
likely to trigger social classification mechanism, and adversely affect teamwork and team
creativity. Therefore, it is important for us to investigate the mechanism via which the diversity
of perspectives influences team creativity, as well as the related boundary conditions. Such an
investigation could bring meaningful theoretical and managerial implications for putting
diversity into work and promoting team creativity.

App design work is often carried out simultaneously by team members, and then integrated
into a single product (Espinosa et al. 2007), which requires team collaboration and knowledge
application. Hence, how to apply members’ expertise to maximum extent is the key to the
success of a team, give team members often have different areas of knowledge. The TMS of a
team is a sharing system that encodes, stores, and retrieves information from different fields.
TMS could explain how team members can effectively utilize their expertise and create synergies,
thus mediating the effect of diversity of perspectives on team creativity.

Communication media is critically important for diverse teams (Garrison et al. 2010,
Giambatista and Bhappu 2010). Media synchronicity refers to the extent to which the capabilities
of media allowing individuals to form a coordinated and synchronized behavior-shared mode.
According to MST, the five capabilities, including transmission velocity, parallelism, symbol sets,
rehearsability and reprocessability, affect the ability of a media to support communication
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synchronicity, thus impacting collaboration of a team (Dennis et al. 2008). Thus in this paper we
consider media synchronicity as a second-order formative construct of the five first-order
constructs, and focus on the moderating role of media synchronicity on the relationship between
diversity of perspectives and TMS, suggesting how diverse app design teams can use the
communication media to promote teamwork collaboration and mitigating possible conflicts in
perspectives.

In this paper, through the combination of qualitative and quantitative methods, we collect
our data in context of app design with 42 teams formed by undergraduates with different majors
taking Introduction to MIS offered to all juniors in a major university at northeast China. We
measured diversity of perspectives objectively in the experiment based on the composition of
each team. The media synchronicity and TMS relied on the self-reported items. We use expert
rating on the design proposal from each team to measure team creativity. The results show that (1)
the diversity of perspectives negatively impacts the team creativity; (2) the diversity of
perspectives decreases TMS; (3) TMS partially mediates the effect of diversity of perspectives
on team creativity; (4) media synchronicity positively moderates the effect of the diversity of
perspectives on TMS.

This study extends MST with TMS. The main theoretical contribution of this study is to
explain the process mechanism via which diversity of perspectives impacts team creativity, we
introduce TMS as a mediator and media synchronicity as a moderator to untangle through which
and under what condition diversity of perspectives impacts team creativity. For practice,
management shall recognize the negative impact of diversity of perspectives on team creativity,
and its effect channel through TMS. Our study shows the importance of communication media in
terms of its synchronicity in facilitating collaboration and mitigating possible conflicts among
members in a diverse team. Choosing a proper communication media is important to help team
members to mitigate conflicts in perspectives and weaken the negative impact of the diversity of
perspectives on a TMS.

2. Theoretical Basis and Hypotheses

Figure 1. Hypotheses and Results

In the working process of app design, the team members often propose different kinds of
perspectives due to their different knowledge background. From the perspective of tasks, the
cognitive resources formed by the diversity of perspectives can make a team benefit from
creative tasks, contributing to team creativity (Jackson 1991, West 2002). While, the impact of
diversity of perspectives on team creativity is not necessarily positive in the context of app
design. From the perspective of social classification, the similarities and differences of
task-related perspectives between team members can lead to subgroups within the team. People
tend to support members who are consistent with their own design ideas and engage in more
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communication and thinking collisions with them in subsequent design process, and this would
cause problematic intergroup relationships in the team. That is, in a homogenous app design
team, the trust between members is higher (Riordan and Shore 1997), the team is more cohesive
(O'Reilly et al. 1989), and it is less likely to generate team conflicts (Jehn et al. 1999, Pelled et al.
1999). In the process of app design, conflict may hinder the development of understanding and
relationships among team members, which would have a negative effect on teamwork. Therefore,
when the perspectives of team members are quite different, team members are likely to have
divergences in communication and cause relationship conflicts or task conflicts, which will
adversely affect team creativity. Therefore, we propose the following:
H1: The diversity of perspectives negatively affects team creativity.

Lewis (2004) shows that each member of the knowledge team contributes unique
knowledge and ideas to complete tasks. The differences in information and perspectives often
lead to task conflicts or dissent (Jehn et al. 1999, Pelled et al. 1999), app design teams with
diverse attitudes, opinions, and cognitions are likely to be in a situation where communication is
hindered. In this circumstance, it is difficult for team members to identify expertise of others
(Rau 2005), thus forming an "island of expertise" within the team (Li 2018). Without knowing
each other's areas of specialization, the collaborative division process of knowledge labor
becomes extremely complex in encoding, storage and retrieval of information, thereby
suppressing the generation of the TMS. In this case, team members tend to see each other as
opponents rather than friends, which has a suppressive effect on team interaction and cooperation.
Therefore, we propose the following:
H2: The diversity of perspectives negatively affects TMS.

In an app design team, each member has different areas of expertise, which could be applied
to the design of app, such as interface design, functionality design and opreration design, etc.
TMS allows the team members to focus on deepening their expertise to better accomplish the
part they are responsible for (Lewis 2004), while also keeping ready access to absorb
task-relevant knowledge possessed by other members, enhancing the design quality of app. In
addition, the formation of TMS helps the team form a shared understanding on division of labor,
which is beneficial for building a harmonious app design environment. In this case, it is easier
for the team members to propose a final idea with the joint novelty and usefulness, enhancing
team creativity for the app design. Therefore, TMS helps to understand the process mechanism
between diversity of perspectives and team creativity. TMS facilitates team members to
exchange and collide with diverse perspectives, further enhancing team creativity. Therefore,
combing H1 and H2, we propose the following:
H3: TMS mediates the relationship between diversity of perspectives and team creativity.

In the context of app design, the team members often do not stay together all the time, even
a huge number of app design teams are remotely distributed, so it is very critical and challenging
for the team members to coordinate task-related knowledge rely on the communication media.
The process of app design highly requires adequate communication and interaction, so that the
team form a clear understanding about perspectives from team members and integrate high
quality perspectives into app design scheme (Robert et al. 2018). At the beginning of design
process, the team members may hold different perspectives and ideas about the design scheme.
Under this circumstance, high synchronicity enables team members to receive instant feedback
from others, quickly transmit and process task-related information, and develop a shared
understanding about the design scheme. In addition, high synchronicity helps to eliminate the
uncertainty in communication and reach an agreement on the team division of labor of expertise.
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We believe that the media synchronicity is likely to influence the effects of conflicting
perspectives on TMS. From the above, when communication between members of a team is
blocked and form an “island of expertise” (Li 2018) within the team, the high media
synchronicity can alleviate the negative impact of conflicting perspectives on the knowledge
coordination, thus facilitating the formation of TMS. Therefore, we propose the following:
H4: The media synchronicity positively moderates the effect of diversity of perspectives on
TMS.

3. Research Method
We conducted experiment with junior students in a university located at Dalian. The

participants chose an eight-week college course and need to complete a personal assignment in
the fourth week of the course. In the individual assignment, participants were asked to design an
app and to illustrate the functions of the app using one of the four elements of 4C theory (The
Marketing Theory of 4Cs proposed by Lauterborn in 1993). In this way, each participant had
formed a personal initial perspective before reaching the final team assignment, thus
spontaneously forming diversity of perspectives of their team. After the perspective of each team
member was classified, the diversity of perspectives was measured with the Blau coefficient
(Blau 1977). When the participants handed in their individual assignments (in the fifth week),
they were asked to complete the team assignment. Similar with individual assignment, teams
were asked to submit a complete plan about the app they designed. In the last week of the course
(in the eighth week), the teams filled out survey on the spot when they submitted their plans to
ensure the accuracy of the survey. TMS was measured with the items from Lewis (2003). For the
five first-order constructs of media synchronicity, each of them was measured with a single item
(Dennis et al. 1998, Dennis et al. 2008). To ensure the objectivity of measuring team creativity,
we invited five professors to score the team assignments of the participants, and took the average
score of the five professors as the final score of each team's creativity. The control variables of
gender diversity and major diversity were also calculated in survey and measured with Blau
coefficient. A total of 171 valid responses in 42 teams were collected.

4. Data Analysis and Results
Data were analyzed using the Partial Least Squares method on SmartPLS 3.0. In our model,

the gender diversity and the major diversity are selected as the control variables of team
creativity. First, to aggregate the individual level data into the team level, we calculated the
intra-class correlations (ICCs) and ��u statistic of corresponding constructs (Bliese 2000), the
results indicating strong agreement and reliability. We then examined the psychometric
properties of the constructs. Table 1 shows the Internal Consistency Reliability (Cronbach’s α),
Composite Reliability (CR), and Average Variance Extracted (AVE) of the latent construct. The
results indicate that the latent construct (TMS) performs sufficient reliability and convergent
validity. For TMS, all factor loadings are above 0.50. The latent variable correlations are less
than the square roots of AVEs of the corresponding constructs, indicating sufficient discriminant
validity. The hypotheses were tested in SmartPLS. The results are shown in Figure 1. All
hypotheses in our model are supported. None of the control variables is significant. The variance
explained in TMS is 50.6%, and the team creativity is 41.7%.

5. Conclusion
In this study, a research model based on the TMS theory and MST is proposed to explore

the internal mechanism of the generating process of team creativity in the diverse team. The
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results show that (1) the diversity of perspectives has the negative effect of on TMS and the team
creativity; (2) TMS plays the mediating role between the diversity of perspectives and the team
creativity; (3) the media synchronicity positively moderates the effect of diversity of perspectives
on TMS.

Theoretically, this research reveals the underlying mechanism regarding the negative effect
of the diversity of perspectives on team creativity. In addition, the communication has an effect
on mitigating the negative impact of diversity of perspectives on TMS. For practice, proper
communication media may help harmonize conflicts in perspectives and facilitate the
establishment of TMS within the team which synergizes team and promotes team creativity.
Future research can divide the process of completing tasks into two phases for research: the
divergence phase of perspectives and convergence phase of perspectives. In these two phases, the
team's operating mechanism may be different (Harvey 2013).

6. References
1. Adrianson L. 2001. “Gender and computer-mediated communication: Group processes in

problem solving,” Computers in Human Behavior (17:1), pp. 71-94.
2. Blau P M. 1977. Inequality and heterogeneity: A primitive theory of social structure, New

York: Free Press.
3. Bliese P D. 2000. Within-group agreement, non-independence, and reliability: Implications

for data aggregation and analysis.
4. Chen G, Mathieu J E, Bliese P D. 2005. “A framework for conducting multi-level construct

validation,” Multi-level issues in organizational behavior and processes. Emerald Group
Publishing Limited, pp. 273-303.

5. De Dreu C K W, Weingart L R. 2003. “A contingency theory of task conflict and
performance in groups and organizational teams,” International handbook of organizational
teamwork and cooperative working (88:4), pp. 151-166.

6. Dennis A R, Fuller R M, Valacich J S. 2008. “Media, tasks, and communication processes: A
theory of media synchronicity,” MIS quarterly (32:3), pp. 575-600.

7. Dennis A R, Valacich J S, Speier C, et al. 1998. “Beyond media richness: An empirical test of

Table4. Psychometric Properties and Correlation Matrix
Correlations

Variables ICR CR AVE 1 2 3 4 5 6 7 8 9 10

1 Diversity of
Perspectives - - - -

2 Transactive
Memory System 0.89 0.92 0.67 -0.31* -

3 Transmission
Velocity - - - -0.14 0.55** (0.82)

4 Parallelism - - - 0.06 0.43** 0.50** -
5 Symbol Sets - - - 0.10 0.32* 0.65** 0.66* -
6 Rehearsability - - - 0.00 0.17 0.31* 0.33* 0.32* -
7 Reprocessability - - - 0.06 0.31* 0.19 0.23 0.21 0.70* -

8 Media
Synchronicity* - - - 0.02 0.49** 0.75** 0.74** 0.79** 0.73** 0.63** -

9 Team Creativity - - - -0.48** 0.54** 0.08 -0.01 -0.08 0.06 0.25 0.08 -
10 Gender Diversity - - - -0.15 0.16 0.06 0.16 0.08 -0.15 -0.34* -0.05 -0.01 -
11 Major Diversity - - - -0.06 -0.11 -0.07 -0.11 -0.26 -0.25 -0.35* -0.28 -0.11 0.23

ICR-Internal Consistency Reliability (Cronbach’s α), CR – Composite Reliability; AVE-Average Variance Extracted;
values on the diagonal of the correlation matrix are the square roots of the corresponding AVEs.

* Media Synchronicity is a formative second-order construct. Its ICR, CR and AVE are not reported.

177



6

media synchronicity theory,” System Sciences, Proceedings of the Thirty-First Hawaii
International Conference on IEEE (1), pp. 48-57.

8. Espinosa J A, Slaughter S A, Kraut R E, et al. Team knowledge and coordination in
geographically distributed software development[J]. JMIS, 2007, 24(1): 135-169.

9. Garrison G, Wakefield R L, Xu X, et al. 2010. “Globally distributed teams: The effect of
diversity on trust, cohesion and individual performance,” ACM SIGMIS Database: the
DATABASE for Advances in Information Systems (41:3), pp. 27-48.

10. Giambatista R C, Bhappu A D. 2010. “Diversity’s harvest: Interactions of diversity sources
and communication technology on creative group performance,” Organizational Behavior
and Human Decision Processes (111:2), pp. 116-126.

11. Harvey S. 2013. “A different perspective: The multiple effects of deep level diversity on
group creativity,” Journal of Experimental Social Psychology (49:5), pp. 822-832.

12. Jackson S E. 1991. Team composition in organizational settings: Issues in managing an
increasingly diverse work force, Symposium on Group Productivity and Process, Texas A &
MU, College Station, TX, US. Sage Publications.

13. Jehn K A, Northcraft G B, Neale M A. 1999. “Why differences make a difference: A field
study of diversity, conflict and performance in workgroups,” Administrative science quarterly
(44:4), pp. 741-763.

14. Kankanhalli A, Tan B C Y, Wei K K. Conflict and performance in global virtual teams[J].
Journal of management information systems, 2006, 23(3): 237-274.

15. Lewis K. 2004. “Knowledge and performance in knowledge-worker teams: A longitudinal
study of transactive memory systems,” Management science (50:11), pp. 1519-1533.

16. Lewis K. 2003. “Measuring transactive memory systems in the field: scale development and
validation,” Journal of applied psychology (88:4), pp. 587

17. Li M. 2018. Research on the influence of interdisciplinary team heterogeneity on innovation
performance from the perspective of transactive memory system, HIT.

18. Lovelace K, Shapiro D L, Weingart L R. 2001. “Maximizing cross-functional new product
teams' innovativeness and constraint adherence: A conflict communications perspective,”
Academy of management journal (44:4), pp. 779-793.

19. O'Reilly III C A, Caldwell D F, Barnett W P. 1989. “Work group demography, social
integration, and turnover,” Administrative science quarterly (1989), pp. 21-37.

20. Pelled L H, Eisenhardt K M, Xin K R. 1999. “Exploring the black box: An analysis of work
group diversity, conflict and performance,” Administrative science quarterly (44:1), pp. 1-28.

21. Riordan C M, Shore L M F. 1997. “Demographic diversity and employee attitudes: An
empirical examination of relational demography within work units,” Journal of applied
psychology (82:3), pp. 342.

22. Vathanophas V, Liang S Y. 2007. “Enhancing information sharing in group support systems
(GSS),” Computers in Human Behavior (23:3), pp. 1675-1691.

23. West M A. 2002. “Sparkling fountains or stagnant ponds: An integrative model of creativity
and innovation implementation in work groups,” Applied psychology (51:3), pp. 355-387.

24. Rau D. 2005. “The influence of relationship conflict and trust on the transactive memory:
Performance relation in top management teams,” Small group research (36:6), pp. 746-771.

25. Robert Jr L P, Dennis A R, Ahuja M K. 2018. “Differences are different: Examining the
effects of communication media on the impacts of racial and gender diversity in
decision-making teams,” Information Systems Research (29:3), pp. 525-545.

26. Xia W, Lee G. Complexity of information systems development projects: conceptualization

178



7

and measurement development[J]. JMIS, 2005, 22(1): 45-83.
27. Zhou J, Shalley C E. Deepening our understanding of creativity in the workplace: A review

of different approaches to creativity research[J]. 2011.

179



Integration strategy for online and offline channels of dual-channel retailers 

in a duopoly 

 
   Ronghui Wang       Lin Chen        Guofang Nan      Minqiang Li 

    Tianjin University    Tianjin University   Tianjin University  Tianjin University 

ronghuiwang@tju.edu.cn  linchen@tju.edu.cn  gfnan@tju.edu.cn   mqli@tju.edu.cn 
 

Abstract 
 

The “buy online and pick up in store” (BOPS) channel has become increasingly popular among 

dual-channel retailers as it provides great convenience for consumers and brings additional 

store sales to retailers. However, offering the BOPS channel to fulfill online orders in physical 

stores can be a challenge for retailers. In this paper, we explore whether competing 

dual-channel retailers in a Stackelberg game should adopt the BOPS strategy and examine the 

impact of market factor on the equilibrium outcomes. First, we show that the follower’s price is 

not always lower than the leader’s price. Second, we find that retailers prefer the BOPS strategy 

when the unit operating cost of offline channel is large and the operating cost of BOPS channel 

is small. Third, we present an interesting insight that an increase in additional profit from 

cross-selling is not always beneficial to a retailer.  

 

Keywords: Electronic commerce, Buy online and pick up in store, Price Competition, 

Stackelberg game, Omnichannel retailing 

 

1. Introduction 
Nowadays, an increasing number of retailers sell products through both online and offline 

channels, such as WalMart, Carrefour, Amazon, and eBay. Faced with the new trend of 

omnichannel retailing, dual-channel retailers have to make decisions on whether to integrate the 

online and offline channels to provide a seamless shopping experience for consumers. 

The „buy online and pick up in store‟ (BOPS) mode has been adopted by many large 

dual-channel retailers, including Gome, Suning, Uniqlo, and Zara. Through the BOPS channel, 

consumers can buy the ideal product online and then pick it up in a nearby store. Specifically, 

they are able to enjoy a seamless shopping experience supported by the real-time inventory 

information about products and efficient pickup way including curbside loading, dedicated 

parking lane and express checkout lanes. With the BOPS channel, retailers can reach more online 

consumers in their stores and obtain additional store sales from cross-selling. However, fulfilling 

BOPS orders in physical stores can be a challenge for dual-channel retailers. Additional costs are 

required for retailers to ensure a higher BOPS order fulfillment rate and offer a dedicated pickup 

way. Therefore, retailers should carefully consider whether to provide a BOPS channel. 

In this paper, we focus on answering the following questions: 1) Will the follower always set a 

lower price than the leader? 2) Under what conditions will a retailer be better off adding a BOPS 

channel? 3) How does the additional profit from cross-selling affect the profits of retailers? 

To answer these questions, we develop a stylized model in which two competing dual-channel 

retailers sell differentiated products and make sequential decisions. We show that when only the 

follower offers a BOPS channel, its price can be higher than the leader‟s price only if the number 

of consumers switching to the BOPS channel is sufficiently large. Moreover, retailers prefer to 

offer BOPS channels when the unit operating cost of offline channel is large and the operating 
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cost of BOPS channel is small. Interestingly, we also find that a retailer cannot always benefit 

from the increase in additional profit from cross-selling. 

The remainder of this paper is organized as follows. Section 2 reviews the related literature. 

Section 3 introduces the setup of the model. Section 4 compares the outcomes and shows the 

impact of additional profit from cross-selling on retailers‟ profits. Section 5 concludes this paper. 

2. Literature Review
Two streams of literature are related to our study: omnichannel operation and price competition

between two players in a Stackelberg game. A large body of research on omnichannel operation

has studied the impact of implementing a BOPS channel on the retailer‟s profitability (see, e.g.,

Cao et al. 2016; Gao and Su 2017; Shi et al. 2018). However, most papers focus on the

omnichannel operation of a retailer, and few papers consider the channel strategy in a

competitive environment. The paper that is closest to ours is Yan et al. (2018). Considering that

two retailers make decisions simultaneously, Yan et al. (2018) focus on two symmetric cases to

investigate the impacts of offering BOPS channel on two dual-channel retailers‟ profits. In

contrast, we focus on a Stackelberg game and study both symmetric and asymmetric scenarios.

Lots of papers of the second stream consider the game with an exogenously specified leader 

(see, e.g., Chen and Grewal 2013; Wu et al. 2018; Chiang et al. 2003). Motivated by the above 

papers, our paper sets up an exogenously specified leader and studies the pricing strategies. 

Although a majority of studies adopt the Stackelberg model to analyze the price competition, 

little literature studies the game from the perspective of channel integration. Different from the 

above papers, we examine whether two dual-channel retailers should adopt the BOPS strategy, 

compare optimal prices of the leader and the follower under different scenarios, and analyze the 

impact of additional profit from cross-selling on the profitability of competing retailers. 

3. Model
We consider a Stackelberg game between two dual-channel retailers who sell two horizontally

differentiated products without systematic quality differences. Specifically, we set Retailer 1 as

the leader and Retailer 2 as the follower. Both retailers make decisions on whether or not to offer

a BOPS channel.

Similar to Hotelling (1929), consumers‟ preferences for products are uniformly distributed 

along a unit line. Further, Retailer 1‟s product is located at 0 and Retailer 2‟s product at 1. The 

ideal product is located at x . The unit misfit costs for purchasing a product from offline, online, 

and BOPS channels are denoted by s , t , and m , respectively, and we set s m t  . Without 

loss of generality, we set 1s  . The reservation price of a consumer for the product is denoted 

by v . The market size is normalized to one. 

We consider that a proportion  0,1  of consumers with low shopping trip cost    Lh , will buy

from the offline channel, and the remaining fraction1  of consumers with high shopping trip 

cost    Hh will buy from the online channel. When the BOPS channel is available in the market, a 

proportion  0,1  of consumers from online and offline channels will move to the BOPS

channel. We make jrh represents the shopping trip cost for BOPS consumers, 

where  0,1r represents the inconvenience factor.

In this model, each retailer charges the same price for the product sold through all its channels. 

Moreover, two retailers‟ unit operating costs in online, offline, and BOPS channels are the same. 
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We make  Fc represent the extra unit operating cost of the offline channel over the online channel 

(Cao et al. 2016), while the unit operating cost of BOPS channel is denoted by Bc , which 

depends on the inconvenience factor  r . We make e represent the additional profit from 

cross-selling that retailers can obtain from each consumer entering physical stores to get the 

product. The consumer utility functions are summarized as follows： 
1

1F jU v p h x    ,  2

2 1F jU v p h x     ,                    (1) 

1

1OU v p tx   ,  2

2 1   OU v p t x ,                         (2) 

1

1B jU v p rh mx    ,  2

2 1B jU v p rh m x     ,                  (3) 

where i

MU represents the consumer utility when a consumer purchases from the M channel of 

Retailer i . Herein, M represents the online, offline, or BOPS channels and i equals to 1 or 2. 

What‟s more, the profit function of retailers can be written as 

   i i iF i iO iB

g F g g g gg g

i

Bp e c D p D p e c D        ,                (4) 

where  , , ,g NN NB BN BB , representing four possible scenarios including No BOPS-No 

BOPS strategy, No BOPS-BOPS strategy, BOPS-No BOPS strategy, and BOPS-BOPS strategy. 

First, we consider the scenario where neither retailer provides a BOPS channel. The product 

demands from offline and online channels of Retailer 1 can be formulated 

as
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Lemma 1. The equilibrium outcomes for the No BOPS-No BOPS strategy are as follows 
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Second, we consider the scenario where the leader is a pure dual-channel retailer while the 

follower adds the BOPS channel. The product demands of Retailer 2‟s three channels are 

formulated as 2  B

NBD  ,
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Lemma 2. The equilibrium outcomes for the No BOPS-BOPS strategy are as follows 
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Third, we consider the scenario where only the leader offers the BOPS channel and the 

follower is a pure dual-channel retailer. For Retailer 1, the product demands are 1  B

BND  , 
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1 1
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D

   
 , and

   2 11
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2
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 , respectively. For Retailer 2, 

the product demands are
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Lemma 3. The equilibrium outcomes for the BOPS-No BOPS strategy are as follows
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Finally, we consider the scenario where both retailers adopt the BOPS strategy. Retailer 1‟s 

demands are expressed as 
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Lemma 4. The equilibrium outcomes for the BOPS-BOPS strategy are as follows 
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4. Market Equilibrium Analysis
We compare the prices of two retailers under four scenarios, and get the following results.

Proposition 1. (The price comparison between two retailers under the four scenarios):

(i) When both retailers adopt the same channel strategy, the optimal price of Retailer 1 is always

higher than the optimal price of Retailer 2.

(ii) When only Retailer 1 offers the BOPS channel, the optimal price of Retailer 1 is always

higher than the optimal price of Retailer 2.

(iii) When only Retailer 2 offers the BOPS channel, the optimal price of Retailer 1 is higher than

the optimal price of Retailer 2 if and only if 
1

 
3

  . 

According to Proposition 1, the price of Retailer 2 may be higher than that of Retailer 1 only if 

Retailer 2 adds a BOPS channel and Retailer 1 does not. In this case, when the number of BOPS 
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consumers is large enough, Retailer 1, as the retailer without a BOPS channel, has to set a low 

price to attract as many pure online and offline consumers as possible. In contrast, Retailer 2, as 

the only retailer who offers a BOPS channel, has the exclusive advantage of setting higher price. 

Otherwise, as a follower, Retailer 2 tends to set a lower price than Retailer 1. 

Proposition 2. (Market equilibrium under different conditions): 

(i) BOPS-BOPS strategy is an equilibrium in which both retailers adopt the BOPS channel

strategy, if  21 22,B B Bc min c c or  21 22 13  , ,B B B Bc c min c c   . 

(ii) BOPS-No BOPS strategy is an equilibrium in which only Retailer 1 adopts the BOPS

channel strategy, if and only if  22 21 14, ,B B B Bc c min c c   . 

(iii) No BOPS-BOPS strategy is an equilibrium in which only Retailer 2 adopts the BOPS

channel strategy, if and only if  22 14 21, ,B B B Bc max c c c   . 

(iv) No BOPS-No BOPS strategy is an equilibrium in which both retailers adopt the

dual-channel strategy, if  21 22,B B Bc max c c or  21 13 22, ,B B B Bc max c c c   . 
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Proposition 2 shows that if the operating cost of offline channel is large, retailers prefer to 

offer the BOPS channel for attaching more BOPS consumers and getting more additional profits 

from cross-selling to make up for the operating cost of offline channel. In contrast, if the 

operating cost of BOPS channel is small, retailers prefer to offer the BOPS channel because it 

attracts more consumers to physical stores without spending much input costs. What‟s more, 

with an increase in Fc or a decrease in Bc , the region of the BOPS-BOPS equilibrium increases 

much faster than the region of the NO BOPS-NO BOPS equilibrium, namely, retailers are more 

likely to adopt the BOPS strategy rather than the dual-channel strategy. 

Proposition 3. (Impact of additional profit from cross-selling e on profits):  

(i) When only one retailer adds the BOPS channel, its profit increases in e if
 

 

1

1 2









 

t

t
. 

(ii) When both retailers add the BOPS channels or neither retailer adds the BOPS channel in

equilibrium, the profits of both retailers decrease in e .

Proposition 3 suggests that a retailer‟s profit can only increase in e if it is the only one 

adopting the BOPS strategy and the number of BOPS consumers is large enough. Note that, 

more consumers choosing BOPS channel means the retailer can get more total additional profit 
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from cross-selling. Although the retailer‟s price decreases in e , the considerable sales of BOPS 

channel can make up for it, resulting in an increase in profit. Otherwise, when both retailers 

adopt the same strategy, as e increases, each retailer tends to set a lower price to compete for 

consumers, but the sales are not enough for them. Therefore, both retailers‟ profits decrease in e . 

5. Conclusion
This paper takes the additional profit from cross-selling into consideration to investigate whether

two competing dual-channel retailers should offer the BOPS channel in a Stackelberg model, and

analyze the price competition between them. Our research shows some practical implications.

First, the follower should not always set its price lower than the leader. Second, if the unit

operating cost of offline channel is large while the operating cost of BOPS channel is small,

retailers should offer BOPS channels. Finally, when the number of consumers preferring BOPS

channel is large enough, if only one retailer has a BOPS channel, then the retailer will benefit

from the increase in additional profit from cross-selling.

In this paper, we have only studied the competition between two retailers. For further research, 

the multi-player games should be interesting and can be considered. In addition, it is also of 

interest to mine relevant data and adopt the combination of qualitative and quantitative studies, 

to provide more practical guidance for industrial practice.  
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How Platforms Benefit from Entering into Content Creation 

Abstract 

More and more online platforms have entered their complementary markets and invested in 

content creation. In this study, a game-theoretic framework is employed to investigate whether 

the platform should enter its complementary market by replacing one of the third-party 

producers on it. We find that the platform should invest in original content creation when it 

has a sufficiently high technical capacity. An interesting finding is that even if the technical 

capacity of the platform is lower than that of the producer being replaced, entering the 

complementary market could still be valid for the platform because it will promote the 

innovation of the remaining content producer on the platform.  

Keyword: First-Party Content, Product Innovation, Platform Entry Strategy 

1. Introduction
The Internet and mobile communications revolutions have created vast markets for content

products. Content products include news, entertainment, data, games, articles, books, music,

images and video (Hagiu and Spulber 2013). The cost of content licenses has become an

expensive endeavor due to bidding wars among online platforms for exclusivity, and thereby

the platforms gradually shift focus toward creating original contents (Leung, 2016). By

providing original contents, the platforms have become competitors with the very same content

producers they currently sources content from (Lawler, 2012). For instance, in 2018, Netflix

spent $12 billion on content and allocated 85% on original content creation (Spangler, 2018).

Investing in content creation is conducive for the platform to meet the needs of segmented 

users more accurately, reduce cost of obtaining superior content licensing, and attract more 

users. However, cash burn compounds obligation growth issues and increases financial risk of 

the platform (Trainer, 2017). Therefore, this study aims to investigate whether the online 

platform should enter its complementary market and invest in content creation, and analyze the 

content innovation strategy of both the producers and the platform who plans to enter. 

2. Related Literature
Our study is related to several streams of prior literature. The first stream is on two-sided

platforms. Caillaud and Jullien (2003) analyze a model of imperfect price competition between

intermediation service providers via the Internet and suggest Intermediaries have incentives to

propose non-exclusive services. Armstrong (2006) presents three models of two-sided

platforms in different scenarios and prove the determinants of the equilibrium price of them.

Hagiu (2006) studies pricing and commitment by two-sided platforms and shows that a

monopoly platform may prefer not to commit to the price it will charge buyers at the same time

it announces its seller price if it faces unfavorable seller expectations.

Whether platforms’ entry into its complementary market curb or foster producers’ 

innovation remains understudied. Andrei and Daniel (2013) introduce first-party content as a 

strategic instrument chosen by two-sided markets in addition to prices. Foerderer et al. (2018) 

exploit Google’s 2015 entry into the market and conclude that the entry was associated with a 

substantial increase in complementary innovation. Kim and Luca (2019) empirically examine 

Google’s decision to tie its new reviews and find that tying has the potential to facilitate entry 

into complementary markets even when the tied product is of worse quality than the 
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competitors. An important contribution of the present study is revealing new factors 

determining the platform’s entry strategy. 

This study is also related to quality of content products. Xu (2009) studies a joint pricing 

and product quality decision problem in a distribution channel, in which a manufacturer sells a 

product through a retailer. Shi et al. (2012) show that the effect of different distribution channel 

structures on product quality depends on the type of consumer heterogeneity and its distribution 

in a market. Following Fan et al. (2007), we use content quality to represent its intrinsic value 

to consumers. In this study, content quality is endogenized and is determined by the strategic 

investment of the platform or the producers. 

2. Model
The market scenario considered in this study is as follows. A monopoly platform company

considers entering into content creation by replacing one of its source content producers.

Without loss of generality, this study only considers two content producers 𝐴  and 𝐵  that

develop non-substitute contents distributed through the platform. If the platform doesn’t enter

into content creation, it will share the profit derived from the content with its producer. If the

platform decides to invest in content creation and replaces one of the third-party content

products with it, the produced content becomes its first-party content, and the platform could

enjoy the profit generated from it exclusively. The timing of the game is as follows.

(ⅰ) The platform decides whether to enter on content creation, and which content product to

invest;

(ⅱ) The platform decides the optimal commission rate charged from the producers;

(ⅲ) Producers and the platform (if entering into content creation) determine their optimal

content quality;

Following the horizontal differentiation model, the utility function for users who only 

consume content product 𝑖 (𝑖 ∈ {𝐴, 𝐵}) is formulated as 

𝑈𝑖 = 𝑣𝑖 − |𝑙𝑖 − 𝑥|𝑡 − 𝑐 + 𝛼(𝐷𝑖 + 𝐷𝑀) , (1)

where 𝑣𝑖 denotes the quality of product 𝑖, 𝑙𝑖 is the location of content product 𝑖 (𝑙𝐴 = 0 

and 𝑙𝐵 = 1 ). Consumer type 𝑥  ( 𝑥 ∈ [0,1] ) captures the consumer’s heterogeneous

preferences to different content products. 𝑡  denotes consumers’ unit misfit cost. The 

opportunity cost for users to consume one content product, either A or B, is denoted by 𝑐, and 

𝛼 captures the intensity of network effects.  

The utility function for users who consume both content A and B is 

𝑈𝑀 = 𝑣𝐴 + 𝑣𝐵 − 𝑥𝑡 − (1 − 𝑥)𝑡 − 𝑐1 + 𝛼(𝐷𝐴 + 𝐷𝑀) + 𝛼(𝐷𝐵 + 𝐷𝑀),  (2)

where 𝑐1 denotes the opportunity cost of consuming both product A and B. In this study, we 

assume an increasing opportunity cost, i.e., 𝑐1 > 2𝑐. 

𝐴 𝐵𝐷𝐴 𝐷𝑀 𝐷𝐵

𝑥𝐴𝑀 𝑥𝐵𝑀0 1

Figure 1. Users Segmentation 

The consumer segmentation is shown in Figure 1. 𝑥𝐴𝑀 (𝑥𝐵𝑀) denotes the consumers who 

is indifferent between consuming product A (B) only and consuming both A and B. By solving 

𝑈𝐴 = 𝑈𝑀  and 𝑈𝐵 = 𝑈𝑀 , we have 𝑥𝐴𝑀 =
𝑡−𝛼+𝑐1−𝑐−𝑣𝐵

𝑡−𝛼
  and 𝑥𝐵𝑀 =

𝑐−𝑐1+𝑣𝐴

𝑡−𝛼
 . Hence, we have

the number of consumers in different segments.  

{

𝐷𝐴 =
𝑡−𝛼−𝑣𝐵+𝑐1−𝑐

𝑡−𝛼
, 

𝐷𝐵 =
𝑡−𝛼−𝑣𝐴+𝑐1−𝑐

𝑡−𝛼
, 

𝐷𝑀 =
𝑣𝐴+𝑣𝐵−2(𝑐1−𝑐)−𝑡+𝛼

𝑡−𝛼
,

(3) 
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where 𝐷𝐴 and 𝐷𝐵 are the number of consumers who only consume content product A and B, 

respectively. And 𝐷𝑀 is the number of consumers who consume both 𝐴 and 𝐵. 

When the platform doesn’t enter into content creation, the profits derived from the contents 

are shared with the two producers. The commission rate charged by the platform is 𝜆. We 

assume that the earning of an online content linearly increases with its consumption volume, 

and the profit per consumption is denoted by 𝛿. The profit function of the platform is thereby 

given by 

Π𝑁 = 𝜆𝛿(𝐷𝐴 + 𝐷𝑀) + 𝜆𝛿(𝐷𝐵 + 𝐷𝑀). (4)

And the profit of producer 𝑖 is given by 

𝜋𝑖
𝑁 = (1 − 𝜆)𝛿(𝐷𝑀 + 𝐷𝑖) − 𝐶𝑖𝑣𝑖

2 (5)

where 𝐶𝑖 is the development cost per unit quality squared of producer 𝑖, which also reflects 

its technical capacity. Without loss of generality, we assume 𝐶𝐴 ≤ 𝐶𝐵, indicating that producer 

𝐴 has higher technical capacity than producer 𝐵. 

The platform enters into content creation with the development cost 𝐶𝐹. More importantly, 

the platform determines the first-party content quality and afford all production costs. Hence, 

the profit of the platform is reformulated as 

Π𝐸 = 𝛿(𝐷𝑀 + 𝐷𝐹) + 𝜆𝛿(𝐷𝑀 + 𝐷𝑘) − 𝐶𝐹𝑣𝐹
2 (6)

where 𝑘  (𝑘 ∈ {𝐴, 𝐵} ) is the remaining source content producer and shares profit with the 

platform. The profit of producer 𝑘 is 

𝜋𝑘
𝐸 = (1 − 𝜆)𝛿(𝐷𝑀 + 𝐷𝑘) − 𝐶𝑘𝑣𝑘

2. (7)

3. Equilibrium Analysis
In this section, we derive the equilibrium content quality, commission rate, and profits of the

platform and producers in the cases that the platform enters into content creation or not.

3.1 Equilibrium When the Platform Only Offers Licensing Content 

In the scenario that the platform doesn’t enter into content creation, profits of two producers 

are given by Equation (5). By solving 
𝜕𝜋𝑖

𝜕𝑣𝑖
= 0 , we obtain the optimal content quality for 

producer 𝑖, 𝑖 ∈ {𝐴, 𝐵}. 

𝑣𝑖
∗ =

(1−𝜆)𝛿

2𝐶𝑖(𝑡−𝛼)
. (8) 

The platform’s optimal commission rate can be obtained by maximizing its profit as 

max
𝜆

Π𝑁 = 𝜆𝛿(𝐷𝐴 + 𝐷𝑀) + 𝜆𝛿(𝐷𝐵 + 𝐷𝑀) (9) 

s.t. 0 ≤ 𝐷𝐴, 𝐷𝐵, 𝐷𝑀 ≤ 1, 0 ≤ 𝐷𝐴 + 𝐷𝑀 ≤ 1, 0 ≤ 𝐷𝐵 + 𝐷𝑀 ≤ 1.

By substituting the optimal content quality (8) into optimization problem (9) and solving the 

first-order condition, we have the optimal commission rate for the platform,  

𝜆𝑁∗ =
1

2
−

�̅�(𝑡−𝛼)(𝑐1−𝑐)

𝛿
, (10) 

where 𝐶̅ =
𝐶𝐴𝐶𝐵

(𝐶𝐴+𝐶𝐵)
. 

By substituting 𝜆𝑁∗ into Equation (8), the optimal content quality for producer 𝑖 is

𝑣𝑖
𝑁∗ =

𝛿

4𝐶𝑖(𝑡−𝛼)
+

𝐶𝑗(𝑐1−𝑐)

2(𝐶𝑖+𝐶𝑗)
, (11) 

where 𝑖, 𝑗 ∈ {𝐴, 𝐵} and 𝑗 ≠ 𝑖. 
We conclude the optimal content quality of the two producers in Proposition 1.  

Proposition 1: When the platform only offers licensing content, the improvement of technical 

capacity (development cost becoming smaller) of one producer will lead to the quality 

innovation of its content and quality reduction of the other producer’s content, i.e., 
𝜕𝑣𝑖

𝑁∗

𝜕𝐶𝑖
> 0
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and 
𝜕𝑣𝑖

𝑁∗

𝜕𝐶𝑗
< 0. 

Proposition 1 implies that if the development cost of producer 𝑖  becomes smaller, 

producer 𝑖  improves the content quality, while producer 𝑗  lowers the content quality. 

Although producer 𝑖’s quality improvement decision fits our intuition, producer 𝑗’s quality 

reduction decision is non-intuitive. The reason behind this counter-intuitive finding is as 

follows. When producer 𝑖 ’s development cost decreases, the platform charges a higher 

commission rate, which reduces the incentives of the two producers to create high-quality 

products. Hence, producer 𝑗 reduces the quality of its content. However, the quality of content 

𝑖 gets higher because of the reduced development cost of its producer. 

3.2 Equilibrium When the Platform Enters on Content Creation 

Recall that the reserved source content producer is denoted by 𝑗 (𝑗 ∈ {𝐴, 𝐵}). In this case, the 

platform determines the quality level of first-party content. By solving 
𝜕Π𝐼

𝜕𝑣𝐹
= 0 and 

𝜕𝜋𝑘
𝐼

𝜕𝑣𝑘
= 0, 

we obtain the optimal quality of the first-party content and the copyright content. 

{
𝑣𝐹

∗(𝜆) =
𝛿

2𝐶𝐹(𝑡−𝛼)
,

𝑣𝑘
∗(𝜆) =

(1−𝜆)𝛿

2𝐶𝑘(𝑡−𝛼)
.

(12) 

After substituting equation (10) in to the platform’s profit function, the optimal commission 

rate charged by the platform is derived through maximizing its profit:  

𝜆𝐼∗ =
1

2
−

𝐶𝑘(𝑡−𝛼)(𝑐1−𝑐)

𝛿
. (13) 

By substituting 𝜆𝐼∗ into Equation (12), we have the optimal content quality.

{
𝑣𝐹

𝐼∗ =
𝛿

2𝐶𝐹(𝑡−𝛼)
,

𝑣𝑘
𝐼∗ =

𝛿

4𝐶𝑘(𝑡−𝛼)
+

(𝑐1−𝑐)

2
.

(14) 

By comparing the platform’s profits when investing content product, A and B, we have 

Proposition 2. 

Proposition 2: If the platform enters into content creation and offers first-party content, it 

should replace the producer with a higher development cost (lower technical capacity), i.e., 

producer 𝐵. 

Producer 𝐴  with a smaller cost coefficient can produce higher-quality content at the 

optimal commission rate. Replacing producer 𝐵  enables the platform to charge a smaller 

commission rate and nudge the third-party producer making content innovation, which can 

increase its profit. 

4. Equilibrium Comparison
In this section, we compare the equilibrium results of the two cases. Lemma 1 summarizes the

results of comparing the commission rates and the content quality.

Lemma 1:

(ⅰ) The optimal commission rate derived when the platform enters into content creation is

always lower than that derived when the platform only offers licensing content, regardless of

technical capacities of two producers (𝜆𝑁∗ > 𝜆𝐼∗).

(ⅱ) The platform entry into content creation by replacing producer 𝐵  makes producer 𝐴
innovate its content product, that is, 𝑣𝐴

𝐼∗ > 𝑣𝐴
𝑁∗.

Replacing producer 𝐵 is a weakly dominant strategy when the platform offers the first-

party content. If offering first-party content, the optimal commission rate decreases with the 

development cost of producer 𝐴 (i.e., 𝐶𝐴); if not, the optimal commission rate decreases with 
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the harmonic average of two producers’ development cost (i.e., 𝐶̅ =
𝐶𝐴𝐶𝐵

𝐶𝐴+𝐶𝐵
). Obviously, 𝐶𝐴 is 

higher than 𝐶̅. A smaller commission rate corresponds to the increasing share producer A gains.

Thus, producer 𝐴 has more incentives to innovate its product. 

𝐶𝐹

𝐶𝐴 1 2  

Ⅰ

Ⅱ

𝐶𝐵

Entering into Content Creation

Not Entering into 

Content Creation

𝐶𝐹 = 𝐶𝐵

𝐶𝐹 = 𝐶 

Figure 2. The Decision of the Platform to Enter into Content Creation

Comparing the equilibrium profits yields the proposition below. 

Proposition 3: If 𝐶𝐹 ≤ 𝐶  , the platform should enter into content creation by replacing 

producer 𝐵   otherwise, the platform should only offer licensing content, where 𝐶 =

(
1

2𝐶𝐵
+

2𝐶𝐴(2𝐶𝐵−𝐶𝐴)

𝐶𝐴+𝐶𝐵
𝛥2 + 2𝛥)

−1

and 𝛥 =
(𝑡−𝛼)(𝑐1−𝑐)

𝛿
. 

Proposition 3 shows one of the most important findings in this study, it reveals that entry 

into content creation is a valid strategy for the platform only if it has a sufficiently high 

technical capacity in developing content product. Figure 2 graphically illustrates the finding in 

Proposition 3. Figure 2 further shows that even the platform’s technical capacity is lower than 

producer 𝐵 (i.e., 𝐶𝐹 > 𝐶𝐵), replacing producer B could still be a profitable strategy in region 

I. In this region, offering first-party content makes the platform charge a smaller commission

rate, where the platform could gain more profit from the innovation of content product 𝐴.

However, in region II, even if the platform has a higher technical capacity than producer 𝐵, it

shouldn’t enter into content creation. The reason is that if the platform enters into content

creation, it will derive less profit for affording a higher content development cost.

5. Conclusion
Platform’s entry into complementary market has received significant attention from academia

yet not been understood. We employ a game-theoretic framework to investigate the whether a

platform should enter its complementary market.

  The main findings of our work are as follows. First, platform’s entry complementary market 

and content creation enables producers on the platform invest more in content innovation and 

quality, as the equilibrium commission rate charged from the producers becomes smaller. 

Second, entry into content creation is a valid strategy only if the platform has a sufficiently 

high technical capacity. The platform can enter complementary market and replace the 

producer whose technical capacity is lower. An interesting finding is that even if the technical 

capacity of the platform is lower than the replaced producer, the platform still could benefit 

from entry complementary market, because of the increasing investment in content innovation 

of the remaining producer.  
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Buyers’ Loyalty, Sellers’ Online/Offline Channel and 

Platform’s Business Model 

Abstract 

In this paper, we examine why a two-sided platform sets prices to attract full participation of 

both buyers and sellers in a homogeneous product market. The platform undoubtedly welcomes 

full participation of buyers because this implies that all transactions would take place via the 

platform. However, Full participation of sellers intensifies competition among them and 

therefore adversely affects their profits. This might be detrimental to the platform that needs to 

extract revenue from sellers. Given that buyers are heterogeneous (loyal VS. disloyal) and 

sellers set different prices for their online and offline channels. We build a game theoretic model 

to formulate the interactions among the platform, buyers and sellers. We find that full 

participation of buyers and sellers is the most profitable to and attainable by the platform. The 

existence of loyal buyers softens sellers’ competition even if they all advertise on the platform. 

This makes it profitable for the platform to induce all sellers to participate. 

Keywords: Two-sided platform, Two-sided pricing, Price dispersion, Buyer loyalty 

1. Introduction
In recent years, platforms are overtaking traditional industries such as Energy and banking etc.

The most valuable firms are not Exxon, Citibank and Wal-Mart any longer. Instead, they are

Apple, Alphabet, and Amazon so on. Actually, in almost all industries, their markets are served

by a few of platforms. Platforms connect buyers and sellers and profit from facilitating their

interactions.

Intuitively, a platform welcomes all buyers and sellers to participate in and transact on the 

platform. On the buyer side, full participation implies that all transaction would occur on the 

platform. The latter undoubtedly prefer full participation of all buyers. However, full 

participation of sellers may not be beneficial to the platform. The logic behind is very simple. 

Full participations of sellers might intensify their completion and therefore reduce their 

profitability. Further, this would limit the platform’s ability to profit from sellers, especially in a 

homogeneous product market.  

On the other hand, the seller side often acts as profit source while the buyer side acts as loss 

leader. First, buyers might be more sensitive to platform’s charge. Second, buyers have more 

attraction to sellers (asymmetric cross network effects). Hence, the profitability from the seller 

side is vitally important to the platform.  

Though full participation of sellers might be detrimental to platforms, casual observations show 

that full participation of sellers is very common (even without exception) in industries. For 

example, all airlines in China participate in and sell air tickets on Qunar.com, a third-party 

platform in China. Similarly, all film theaters sell their ticket through Maoyan.com in China. The 

wool still comes from the sheep's back, but these platforms don’t directly charge buyers. They 

directly charge sellers and take them as profit sources. We collect some data from Maoyan.com 
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on the prices of film tickets in Xi’an. The results also provide supportive evidence that in the 

case of full participation, film theaters can still make positive profits via price dispersion and act 

as profit sources for the platform. Therefore, we raise the following research questions: 

Is it optimal for a profit-maximizing platform to have full participation of sellers 

who are selling an identical product in the market? 

How is the online price dispersion formed on the platform? Is it optimal for sellers? 

What fees will a monopoly platform charge sellers and buyers, and are these fees 

socially optimal? 

Dose the establishment of such a two-sided information platform enhance social 

welfare? 

Our first key finding is that a profit-maximizing platform would set fees to induce the full 

participation of both buyers and sellers. On the buyer side, the platform set the subscription fee 

in terms of loyal buyers’ willingness to pay. A slight cut of subscription fee can attract all buyers 

to participate. Moreover, because of cross network effect, more buyers increase the platform’s 

attractiveness to sellers. On the seller side, the full participation makes their competition fiercer. 

The existence of loyal buyers however guarantees positive profits for sellers even if they all 

participate. Moreover, a seller’s participation attracts not only disloyal but also loyal buyers. 

Hence, the platform also welcomes the full participation of sellers and takes them as direct profit 

sources. The second finding is that in the equilibrium that maximizes the platform’s profits, 

sellers set their prices randomly from a cumulative distribution function. This is consistent with 

our observation about price dispersion. The third finding is that the full participation of two sides 

is socially optimal. However, the establishment of the platform may not improve the social 

welfare. 

2. Literature
This paper is closely related to two research streams. One is the price structure or business model

of two-sided platforms. The key issue is how two-sided platforms set prices for different groups

of users such that the asymmetric cross network effects and/or different demand elasticity on two

sides can be balanced. In most cases, this stream overlooks the detailed interactions between

different groups of users. For example, Rochet and Tirole (2003) model the transaction volume

roughly by the product of the number of buyers and sellers. Armstrong (2006) assumes that a

user on one side obtains a constant benefit from interacting with each user on the other side. By

contrast, we study the detailed interactions between buyers and sellers of a platform in this paper.

Another stream of research is about the price dispersion on platforms. The studies of this stream

focus on why and how the price dispersion is formed on platforms while neglect the interactions

between the platforms and sellers or buyers (Zhao et al. 2015; Li et al. 2013; Ba et al. 2012). We

are inspired by the work by Baye and Morgan (2001), consider more realistic factors

(heterogeneous buyers and sellers’ online/offline price discrimination), and aim to address

different research questions.

3. The Model
3.1 Before establishing the platform

A continuum of consumers of measure 1 is evenly divided by n  local markets. Each consumer

whose reservation price is r  only purchases one unit of the product. Each market is served by a
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single firm selling identical products at cost zero. There exists uncertainty cost,  . That is, a 

consumer doesn’t know whether the product she wants to purchase is available until she goes to 

the store. The number of consumers that each firm can have is 1/n. The highest price it can 

charge is r  . Assume r  > 0. Each firm earns profit ( ) /r n . 

3.2 After establishing the platform 

A platform is established to permit buyers and sellers globally transmit and access price 

information. The game sequence is as follows. First, the platform announces advertising ( 0a  ) 

and subscription ( 0s  ) fees. Second, given these fees, buyers decide whether or not to 

subscribe to the platform’s App, and then shop. For subscribers, 0l   of them is loyal, whereas 

1− l  is disloyal. Loyal subscribers always purchase from the local store, whereas disloyal 

subscribers would purchase at the lowest price. Third, firms decide whether to join the platform, 

and make pricing decisions. Here, firms can charge different prices for their online and offline 

channels. 

4. Results
PROPOSITION 1: In any shopping subgame that is reached in equilibrium, the behavior of

subscribers and nonsubscribers is as follows:

(i) Nonsubscribing consumers visit and purchase from their local firm.

(ii) Subscribing consumers first visit the platform’s APP. (a) Loyal subscribers purchase through

the APP from their local firm if the local firm’s price is listed. Otherwise, they will physically

visit and purchase from their local firm. (b) Disloyal subscribers purchase through the APP at

the lowest price available there. (c) If no prices are listed, subscribing consumers physically visit

and purchase from their local firm.

By proposition 1, we know that consumers who physically visit the local physical store consist of 

nonsubscribers, loyal subscribers who have not observed the price of the local firm on the APP, 

and disloyal subscribers who have not observed any price on the APP. Their maximal 

willingness to pay is r  . It follows that: 

PROPOSITION 2: The offline price charged by firms is r  . 

When different levels of advertising fees are charged, firms’ participation and online pricing 

decision exhibit the following characteristics. 

PROPOSITION 3: Suppose the platform sets an advertising fee a , a fraction 0   of 

consumers subscribe to the platform’s APP, and firms optimally determine their advertising and 

pricing decisions. 

(i) When
(( 1)(1 ) )n l r

a
n

   
 , no firm advertises on the APP. Each firm earn profit 

r

n


. 

(ii) When
(( 1)(1 ) )

( ,  )
l n l r

a
n n

    
 , then in a symmetric Nash equilibrium, firms choose

to advertise on the APP with probability 

1

1

* 1
( 1)( )

nl n

l r nr

 


 

 
   

    
. The distribution of 

advertised prices is given by the c.d.f.
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Each firm earns expected profits of   / 1 /lr n r n      .

In Proposition 3 (ii), *  increases in   due to cross network effect. The lowest price ( *p  or 

**p ) increases in l , and decreases in n . The price density function (f (p) or g(p)) also increases in 

l , and decreases in n . Obviously, the expected profits in (ii) and (iii) increases in l , and decreases

in n .

Now we turn to consumer subscription decisions. Obviously, the consumer surplus of disloyal 

subscribers ( dCS ) is always greater than or equal to that ( lCS ) of loyal subscribers. If there is no

price listed, regardless of loyal or disloyal subscribers, they can only physically visit their local 

store and purchase at price r-. In this case, the consumer surplus of both types is zero. If any 

prices listed on the App, disloyal subscribers always purchase at the lowest price, whereas only 

those loyal subscribers whose local firm happens to charge the lowest price also purchase at this 

price, other loyal subscribers will purchase at higher prices. On the other, if consumers choose 

not to subscribe, their surplus is zero. 0l   implies that the subscription fee cannot exceed 

][ lCSE . Let 
*

*( ) ( )
r

P
s r pf p dp    , and 

**
** ( )

r

P
s r pg p dp   . We now can establish the 

participation decision of both buyers and sellers as follows. 

PROPOSITION 4: Suppose the platform sets advertising and subscription fees 

   1 1
0,  

n l r

n




   
 

 

,   * **0,max ,s s s 
 

, and firms and consumers act 

optimally. Then only the following symmetric equilibria may arise. 

(a) No consumer participation, no firm participation.

   1 1
0,  

n l r

n




   
 

 

,   * **0,max ,s s s 
 

. * *0,  0   . All firms charge

r  , and earn profit   /r n . 
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(b) Partial consumer participation, partial firm participation.
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Firms’ online price has 

c.d.f.  *; ,F p   as defined in Proposition 3, their offline price is r  , and they each earn 

profit 
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(c) Full consumer participation, partial firm participation.
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Firms online price is randomly drawn from  ;1,F p  , the offline price is r  , and each earn

profit 
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(d) Full consumer participation, full firm participation.

0,
l

n




 
  
 

, **0,s s    . * *1. 1   . Firms’ online price is randomly drawn from  G p , 

their offline price is r  , earn profit /lr n  . 

The platform would choose the most profitable one from four equilibria above. Suppose that the 

platform has a fixed cost K  to set up and marginal cost to serve users is zero. It is not difficult 

to show that the profits above have the order (4d) > (4c) > (4b) > (4a). In (4a), there is no 

transaction on the platform. It can only incur the loss K . Full buyer participation is always more 

profitable for the platform. A slight cut in subscription fee would attract full participation. 

Further, participation becomes more attractive for sellers due to that more consumers subscribe. 

Finally, the platform’s profits also decrease in a . When a  increase, a firm’s participation 

demand   decreases. Therefore, the willingness to participation of those consumers who are 

loyal to this firm decreases. Moreover, a high advertising fee would make all firms advertise 

high prices, and all consumers are hurt. Given these effects, a lower advertising fee attracting full 

firm participation is always preferred by the platform. Hence, we can establish the following 

proposition. 

PROPOSITION 5: Suppose that the platform can take any 

   
  * **

1 1
( ,  s) 0,  0,  max ,

n l r
a s s

n




   
     

  

, buyers and sellers act optimally, 

and K  is sufficiently small. Then the symmetric equilibrium maximizing the platform’s profit 

is: 
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(a) Full consumer subscription ( * 1  );

(b) Firm behavior in accordance with Proposition 3(iii);

(c) An advertising fee * /a l n ; and

(d) A subscription fee
**

** ( )
r

p
s G p dp  . 

Once the platform is established, all costs are sunk. The advertising and subscription fees are just 

the transfer payment between the platform and participants, whereas sellers’ profits are just the 

transfer payment between sellers and buyers. Hence, social welfare per transaction is just the 

difference between the product value and the cost to obtain the product. Obviously, the product 

value is fixed at r  while transacting via the platform can eliminate the uncertainty cost. 

Therefore, the social welfare is maximized when all transactions take place on the platform. In 

this case, the social welfare is r . Thus, we have established 

PROPOSITION 6: In the equilibrium where all buyers and sellers participate in the platform, 

the social welfare is maximized. 

Intuitively, a monopoly platform would charge prices exceeding the social optimal levels. Our 

counterintuitive finding results from the specific demand (unit demand) in our model. The 

market transaction volume is not changed before and after the establishment of the platform. 

Hence, regardless of the fees charged by the platform, they must be socially optimal as long as 

all buyers and sellers participate in the platform. If buyer demand is decreasing in price, then we 

can easily derive the result that the platform charge fees exceeding the socially optimal levels.  

On the other hand, we have interest to know whether establishing such a platform improves or 

reduces the social welfare. Before establishing the platform, all transactions take place offline 

and the social welfare is r  . It costs K  to establish the platform. Hence, the welfare to have 

such a platform is r K . Thus, we have established: 

PROPOSITION 7: (a) The establishment of a platform for information increases (decreases) 

social welfare when ( )K   . Furthermore, (b) a profit-maximizing monopolist may establish 

a platform for information even though doing so reduces social welfare. 

4. Conclusions

It is the most profitable for a platform to charge low subscribe and advertising fees to attract full

participation of sellers and buyers. The existence of loyal subscribers softens the competition

among firms. Moreover, sellers’ price discrimination between online and offline channel reduces

their loss from online price competition. That is, sellers can earn positive profits from advertising

on the platform such that the latter can take them as profit sources. Firms advertise their prices

randomly in accordance with a cumulative density function. Therefore, we can always observe

price dispersion on the platform. The lowest online price by a seller is for disloyal and its own

loyal subscribers, whereas other prices can only attract loyal subscribers. Firms charge a high

offline price to profit from those who still have not subscribed information service from the

platform. The social welfare is maximized in the equilibrium where all buyers and sellers take

part in the platform. However, the establishment of the platform may reduce the social welfare

though doing so is profitable to the platform founder.

(Proofs and references omitted due to page limit.)
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Online Labor Market Signaling with App-based Monitoring
Abstract

App-based monitoring provides employers with detailed information on contractors’ work
progress and effort level. We extend the existing theory on monitoring by explicitly recognizing
that app-basedmonitoring provides a new signaling opportunity to contractors as they are aware
that employers can observe their behavior. In our new signaling model: 1) Online contractors
can signal their types through wage quotes and/or effort level, given that the app-based online
monitoring can perfectly reveal contractor’s effort level; 2) The employer infers contractor’s
type from both wage quotes and observed effort level and disseminates the information in the
online labor market. We find, in some cases, the high ability contractor proposes zero wage
and the first best effort level to signal his ability. Besides, under certain conditions, the market
outcome could reach the first best. However, the monitoring might distort the labor supply by
incentivizing an effort level higher than the first best case.

Keywords: asymmetric information, online labor market, signaling, app-enabled monitor-
ing

1 Introduction
Online labor markets have been increasingly popular during the last decade. According to the
annual report from Upwork and Freelancers Union, over 56 million Americans were freelancing in
2018 and the average weekly freelancing hours in the United States reaches more than one billion
hours per week. The ever-growing prosperity of online labor markets is mainly because they could
provide firms the accessibility to a larger pool of candidates and the “global labor arbitrage” while
offering contractors high flexibility in work hours and location (Agrawal, Horton, Lacetera and
Lyons (2015)). Given the high openness of platforms and the expanded pool of candidates, the
quality of contractors is also becoming more and more diversified, which tends to raise firm’s
concern about the performance of contractors hired there. In other words, the classical agency
problem caused by information asymmetry, including adverse selection issues regarding the hard-
to-observe contractor’s ability and moral hazard issues regarding the hard-to-observe contractor’s
effort, is still the critical bottlenecks in such an on-demand economy (Autor (2001) and Autor
(2008)).

To alleviate these market imperfections, we have seen some interesting responses from market
players. First, it is notable that the platforms, such as Freelancer.com and Upwork.com, increas-
ingly provide app-based monitoring to employers to adopt the monitoring technology to observe
contractors’ effort based on keyboard hits and screenshots (Lin, Liu and Viswanathan (2016)and
Liang, Hong and Gu (2017)). The growing popularity of app-based monitoring is in line with
the traditional IS theory that monitoring serves as a vital IT coordination application deployed by
the firms to reduce information asymmetry in outsourcing contracts (Dey, Fan and Zhang (2010),
Hann, Roberts and Slaughter (2013) and Liu and Aron (2014)). App-based monitoring is similar
to traditional in-house monitoring in the sense that it is mainly used to provide employers with
detailed information on contractors’ work progress and effort level. Nevertheless, it has a unique
characteristic, due to online privacy regulations, contractors are informed of their presence and
explicitly agree to their installation as a condition for participating in online labor markets. With
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the new awareness of monitoring, contractors can potentially act strategically when their effort
information is shared to employers.

Meanwhile, there is also a counterintuitive trend among contractors. Specifically, with the
popularization of app-based monitoring, more and more high ability contractors are willing to
work for free instead of requesting a high wage. For instance, according to the survey conducted by
the Association for Independent Professionals and the Freelancer Club, a lot of online contractors
are willing to work for free in the creative industries. This phenomenon is also in line with the
“Free/Open Source Software Puzzle” in which high-ability contractors contribute to open source
software projects without directly getting any commissions.

All these facts bring the following research questions. With the emergence and popularity of
app-based monitoring, what are the outcomes, e.g., wage, labor input, and firm performance, of
the online labor market? For one thing, how would contractors signal their ability in this new
market? Additionally, what is the rationale for high ability contractors to work for free in the online
labor market? For another, how would app-based online monitoring influence the market outcome?
Can it improve market efficiency? Additionally, what is the rationale for sophisticated contractors
to work for free in the online labor market, such as programmers in the Open Source Society?
Answering these research questions can not only deepen our understanding of the prosperity of
the Open Source Society, but also have the potential to demonstrate that app-based monitoring is
interconnected with various aspects of the online labor market.

To address these questions, we advance the traditional theory on monitoring, which tends to
consider monitoring as a specific example of behavior-based IT coordination application in the
bounded bilateral client-vendor context, by proposing a new theory with the emphasis on signaling
through effort in the labor market platform. We develop our new model by starting with two simple
assumptions: 1) The monitoring can perfectly reveal online contractor’s effort level; 2) Online
contractors want to signal their ability to market and build a reputation as the contractors with high
ability. In our two-period model, online contractors are privately informed about their ability in
the first period. The contractors propose wage to get themselves hired by the firm on the platform.
The proposed wage serves as a signal about a contractor’s ability. The potential reputation return
from been recognized as high ability contractors gives low ability contractors incentives to mimic.
However, since app-based monitoring can perfectly reveal a contractor’s effort, this allows the firm
to contract or compensate directly based on the observed effort and ability, then the high ability
contractors would have incentives to choose a wage in whatever way will be most likely to separate
himself from the low ability ones. Moreover, given that the high ability contractor has a lower
effort cost, if the high ability contractor cannot separate through wage, he would have an additional
incentive to exert more effort with a relatively smaller cost to separate in the second period. This
second channel of signaling is completely due to app-based monitoring.

Our first main result indicates that: when monitoring can perfectly reveal a contractor’s effort,
there exists a large set of equilibria in which contractors in different ability would propose different
wage in the first period. In themeantime, the effort level from the complete information case, i.e., the
first best effort level, would be implemented in the second period. The crucial conditions to support
these equilibria are as follows. First, the contractor’s reputation return from being recognized as
a high ability one should be larger than a high ability contractor’s net benefit from pretending to
be a low ability contractor. This condition gives the high ability contractor incentives to separate
from the low ability one. Second, the reputation return should be bounded above. If the reputation
return is too large, the low ability contractor’s incentives to mimic the high ability one through
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wage would be increased; then it would be hard to separate.
Moreover, we notice that, if the high ability contractor’s productivity is large enough, then it

would be more costly for the low ability contractors to mimic. It gives the high ability contractors
incentives to propose a higher wage than the low ability one. As the first interesting special case of
these equilibria, the wage from the complete information case, i.e., the most efficient outcome, can
also be supported as an equilibrium. However, when the productivity difference between the high
ability contractors and the low ability ones is small, the high ability ones would have incentives
to propose a wage lower than the low ability ones. More importantly, to support this equilibrium,
the reputation return to the high ability contractor needs to be large enough to cover the loss from
the reduced wage. In other words, as long as the high ability contractors can afford current loss
caused by low wage and get compensated by a future substantial reputation return, they would
have incentives to propose wager lower than the low ability ones. As the second special case of
this equilibrium, we find conditions to support the equilibrium in which the high ability contractor
proposes zero wage. In this special case, we have formally characterized the condition for “strategic
complementarities” which has been documented in the existing literature, e.g., Lerner, Pathak and
Tirole (2006). This finding is consistent with the results in Lerner and Tirole (2002), Lerner and
Tirole (2005), Hakim Orman (2008) and Hann, Roberts and Slaughter (2013).

Our another set of equilibrium predicts that, in the second period, as long as the high ability
contractors can choose some efforts to separate, the low ability contractors would reduce their
effort as much as possible to save the cost. However, since the monitoring can perfectly reveal
the contractor’s effort to the firm, the contractor can only reduce the effort to the first best case;
otherwise, the firm would not pay him. For the high ability contractors, there exists an equilibrium
effort which is increasing with the reputation return. Therefore, to separate themselves from the low
ability ones, they might have incentives to exert more efforts than the case of complete information
in the second period. Consequently, high effort level might generate more outcome for the firm,
i.e., better performance. Thus, as long as the cost of using monitoring is small, the firm would also
have incentives to facilitate this separation by adopting monitoring. This result demonstrates the
following trade-off in the online labor market: To reveal information in the online labor market, the
high ability contractors have to exert more effort even if the compensation can not cover it.

2 Model
Let us consider an online labor market, e.g., a platform, in which a firm (employer) interacts with
a contractor whose ability is only privately observed. There are two periods, denoted by t = 0,1.
In t = 0, nature first determines a contractor’s ability. Then a contractor posts wage on the market.
Firm observed the wage and updates belief about the contractor’s ability and decides whether to
hire the contractor. In t = 1, the contractor exerts an effort to finish the assigned project under the
supervision of app-based monitoring. The firm then updates the belief about contractor’s ability
based on effort. At the end of t=1, the outcome and payoffs are realized after then. The timing of
the game has been summarized in Figure 2.1.

To capture the effect of contractor’s career or reputation concern, we assume that contractors are
heterogeneous in the sense that their ability can be either high (H) or low (L), denoted by i ∈ {H, L}
with 2L > H > L > 0. The ability is only privately revealed to the contractor at the beginning
of t = 0, but each contractor and the firm have a common prior belief that a contractor from the
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Figure 2.1: Timing

market is high ability with probability Prob{i = H} = λ ∈ (0,1) and is low ability with probability
Prob{i = L} = 1 − λ. A contractor’s “ability” can be interpreted more broadly as any characters
related to productivity, such as programming skill, experience, expertise, professionalism or coding
speed. Under these interpretations a low ability is more likely to be an inexperienced contractor in
the market. The contractor first sends a requirement or proposal of a wage offer, w ∈ [0, w̄] which
will be fulfilled in t = 1. Here, w̄ is the maximal wage that could be proposed by the contractor.
In this paper, we let this bound to be the equilibrium wage that the high ability work can obtain
if information asymmetry does not exist, i.e., the wage in the first best. After observing w, the
firm updates its prior belief about contractor’s ability to the posterior: Prob{i = H |w}. We denote
µ(w) ≡ Prob{i = H |w}. In the meantime, the firm adopts the app-based monitoring by paying a
fixed fee m > 0. Firm’s expected payoff is required to be non-negative.

In t = 1, the hired contractor with ability i ∈ {H, L} privately chooses effort level e ∈ [0,1],
where e → 0 indicates low effort level and e → 1 indicates high effort level. One explanation
of the effort level is the contractor’s work load to finish the assigned project. We assume that the
outcome of the firm’s project can be publicly observed which is denoted by x ∈ {1,0}, where for
any e ∈ [0,1], Prob{x = 1} = φ(e) > 0 and Prob{x = 0} = 1 − φ(e), with φ(e) ∈ [0,1] and
φ′(e) > 0. This induces that the high effort level would generate the high-quality outcome with a
high probability; however, the low effort level would induce a high chance to get the low-quality
outcome. When x = 1 the project is a “success” or finished with high-quality, and when x = 0
the project is a “failure” or finished with low-quality. This assumption captures the feature that the
contractor’s effort is the key to determine the outcome of a project. Besides, the effort is costly to
contractors, they have to pay a positive cost ci(e) > 0 which is continuously differentiable, with
c′i (·) > 0, c′′i (·) > 0, ci(0) = 0 and c′L(e) > c′H(e). The last requirement means that it is more costly
for low ability contractors to attain the same effort level as high ability contractors.

Furthermore, to simplify notation but without loss of generality, we assume that there is no
time discount, ci(e) = e2/i and φ(e) = e. In the meantime, there is no commitment problem on
the firm side, i.e., the total payment w will be paid entirely by the firm at the end of t = 1. Since
the monitoring will perfectly review the effort level, then firm can pay the contractor based on the
effort level, i.e., contract directly on the effort level.
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2.1 App-based monitoring
In this section, we define an app-based monitoring as a technology that can only perfectly reveal
contractor’s effort level in t = 1. In the meantime, the outcome of the project is still only determined
by the contractor’s effort level, i.e., Prob{x = 1} = φ(e) > 0. In other words, the monitoring will
reveal the contractor’s effort level to the firm; however, it will not exogenously influence the
probability distribution of firm’s outcome.

2.2 Reputation from Online Labor Market
Finally, since the contractor’s effort level can be perfectly revealed by the app-based monitoring,
we assume that the market will form a posterior that with probability ρ(e) = Prob{i = H |e} ∈ [0,1]
the contractor is of high ability (i.e., posterior based on the revealed effort level). In the meantime,
the contractor gets a continuation value or reputation return, V > 0 from the market, if the market
believes he is of high ability. Otherwise, the market believes he is of low ability and the contractor
gets zero in the future.

2.3 Preference
The firm and contractors are assumed to be risk neutral, and the expected profit of the firm adopting
the monitoring is assumed to be

π(w, e) = µ(w)[H − w]eH + [1 − µ(w)][L − w]eL .

We assume that the representative firm in the market will get a non-negative profit in equilibrium.
contractors are also risk neutral, and the expected payoff of a contractor with an ability i is

ui(w, e) = w −
e2

i
+ ρ(e)V,

where ρ(e)V is the expected continuation value from market.
We will only consider pure-strategy equilibria in this paper. The solution concept we use is

perfect Bayesian Nash equilibrium.

3 Main Results
The equilibrium with wH = wL and eH , eL is characterized by the following proposition:

Proposition. For any V > 0 there is a separating equilibrium in which

wP =
L3

4
, eH =

√
V L +

L4

4
and eL =

L2

2
.

We use Figure 3.1 to summarize our equilibrium prediction with wH , wL based on the value
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of reputation return V . Here, 0 < V∗ < V∗∗ < V∗∗∗, such that

V∗ =
H4

4L
−

L3

4
−

H3

4
, V∗∗ =

H3

4
−

L4

4H
, and V∗∗∗ =

H3

4
−

L4

4H
+

L3

4
.

Figure 3.1: Reputation Return (V) and Separating Equilibrium with wH , wL
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A Latent Class Model of Player Reward Ads Watching Behaviors in Online 
Mobile Games  

Abstract 

Freemium games dominate the mobile game market and revenues from mobile games account for 
almost 90% of total app revenue on Google Play. However, in-game purchases rate is formidably 
low and most game publishers still rely on advertisement. This paper investigates an emerging 
monetization mechanism – reward ads. Specifically, a latent class model is proposed to examine 
what factors affect player reward ads watching behavior and how it relates to player engagement 
to the game. We identify three levels of player engagement, and find that all players are more 
likely to watch incentivized ads when in need of coins or have a lower nuisance cost. Challenge 
has a positive effect on reward ads views and is more prominent for gamers in a lower engagement 
level. Gamers tend to watch fewer reward ads as their tenure increasing and this tendency is more 
significant for high engagement players. 

Keywords: User engagement, Reward advertising, Online video games, Latent class model 

1. Introduction
The value of the global video games market was $115.34 billion in 2018, and is expected to reach
$138 billion in 2021 (Statista 2019). In the meantime, mobile gaming shares the largest market
segment (Newzoo 2018), which itself is dominated by games employing a “freemium” business
model. Freemium is a combination of “free” and “premium” used to describe models that offer
free and premium services. The business logic behind it is to attract a large user base by providing
free entrance, and then monetize some of them through in-game purchases. However, the in-app
purchases rate is usually very low. It has been reported that in 2017, just over 5% users currently
spend money on in-app purchases1. The average conversion rate of mobile apps in the US is less
than 3% in 2017 2 . Because most game companies cannot directly generate revenue from
consumers, they rely on delivering advertising content for third parties to make money. Game
companies employ different formats of advertising, such as interstitial ads, video ads, contextual
ads and banner ads, to improve the impressions. Although advertising generates a large proportion
revenue for companies, it’s still not a perfect strategy. Traditional advertising is obtrusive and
players can easily become irritated when it breaks the flow of a game. This tension is especially
acute for mobile gaming, which is constrained by limited screen and users have no way to skip.
As a result, some game developers cannot afford to disturb players with advertisements.
  A recent innovation is to offer reward ads. Instead of compelling players, users can proactively 
choose to watch ads in exchange for some incentives, such as virtual coins or additional lives in 
this platform. For example, in a famous mobile game called Giant Boulder of Death, players are 
given one virtual diamond if they choose to watch a video ad, and they can use diamonds to buy 
premium game features later, which is especially valuable to players when the current puzzle is 
too difficult, and they cannot make progress organically. Considering the low in-app purchases 
rate of mobile games, reward ads provide an additional revenue source for platforms. Gamers can 

1 https://www.invespcro.com/blog/in-app-purchase-revenue/ 
2 http://info.localytics.com/blog/mobile-apps-whats-a-good-conversion-rate 
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also earn virtual coins without spending real money, which creates a win-win situation. Despite 
the increasing popularity of incentivized advertising, actual empirical studies of reward ads are 
still rare. It’s still not clear what factors affect players’ decision to watch reward ads, and what is 
the optimal strategy to encourage reward ads views.  
  Player engagement is a key feature of video games’ financial success. The higher engagement a 
player is in, the more value he will contribute to the platform. Engagement is affected by gamers’ 
intrinsic motivation and the observed activity is a reflection of their engagement. In other words, 
players with different engagement level will conduct different activities in the platform. We have 
to take this heterogeneous engagement level into consideration when analyzing players’ behaviors. 
  While most previous studies focused on the consequence of incentivized ads, little is known 
about what brings users in, especially in the context of the video game industry which heavily 
relies on revenue from advertisement. To the best of our knowledge, this paper is the first one to 
utilize individual-level behavioral data to empirically analyze factors that affect player reward ads 
watching behaviors and how it varies across player engagement in video games. To be specific, 
we are trying to address the following questions: 

• What factors affect players’ decision to watch reward ads?
• How do the effects change with different player engagement?

2. Literature Review and Hypothesis
Our work is closely related to two streams of literature: incentivized advertising and user
engagement.
  Incentivized advertising is a new ad format and raises researchers’ attention recently because it 
provides a new source to generate revenue from consumers without heavily disturbing them. Guo 
et al. (2017) investigate when and how an app developer should adopt reward advertising based 
on two determinants – the revenue rate of the ads and the heterogeneity of consumers’ nuisance 
cost of viewing ads. Ryan et al. (2016) explore the incentivized actions in freemium games and 
develop a dynamic optimization model that looks at the cost and benefits of offering reward ads 
to users as they progress in their engagement with the game. On the empirical side, Chiong et al. 
(2017) develop a treatment effect model to understand and quantify the effect of incentivized 
advertising on users’ conversion rate as compared with non-incentivized advertising.  
  The term “engagement” has been increasingly applied in marketing and information systems 
fields. Customer engagement is a psychological state that occurs through interactive and co-
creative customer experiences with a focal agent (Brodie et al. 2011). In the context of video games, 
prior studies paid tremendous attention to gamers’ engagement based on motivation theory, mostly 
using survey, experiment or other qualitative approaches. Based on self-determination theory 
(SDT; Deci et al. 1985), Ryan et al. (2006) find that autonomy, competence and presence are three 
main psychological motivations to play video games. Although these studies yield interesting 
psychological findings, most aforementioned intrinsic motivation factors are difficult to quantify 
using second-hand data. One way to deal with this issue is to use indicators that can represent user 
engagement. For example, Lee et al. (2018) investigate the effect of social media advertising 
content on Facebook customer engagement where the engagement is defined as likes, comments, 
shares, and click-throughs with the advertising messages. Wang et al. (2012) use individuals’ 
participation frequency as an indicator for online health community engagement and analyze the 
effect of emotional support and informational support on user engagement. Following the previous 
studies, we also use indicators including gamer’s daily playing puzzle and active days to represent 
their heterogeneous engagement level. However, we treat gamers’ reward ads watching behavior 
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as an engagement dependent outcome, instead of an indicator of engagement. The reason is that 
the main purpose of players to play a game is to overcome puzzle challenges and generate intrinsic 
enjoyment during the progress. Watching reward ads is a good signal of gamers’ interest to the 
game but it is not necessary. For a high engagement player, he can definitely choose in-game 
purchases when getting stuck in a puzzle round, rather than watching reward ads. In this situation, 
it is not appropriate to use the number of watched reward ads to represent player engagement level. 
On the other hand, once gamers choose to watch reward ads, it is a good indicator that they want 
to continue playing the game and it is engagement (state) dependent. For example, curiosity is one 
of the motivations to play games and it usually decreases with players’ tenure. The knowledge 
about the game of low-engagement players is incomplete, and they are motivated to make their 
cognitive structures better-formed for curiosity satisfaction. In this case, we may expect that the 
negative effect of tenure is less prominent for low engagement gamers. Challenge level of the 
game also plays an important role because it prevents gamers from feeling bored. Successful video 
games should have reflex-based challenges gradually increase in line with the player’s progress 
(Ryan et al. 2006). However, for gamers with high engagement level, they have a stronger desire 
to level up and may feel disappointed if they cannot pass a challenging level. In this situation, we 
may expect that the positive effect of challenge is less prominent for highly engaged gamers.  
Hypothesis 1. Tenure (days since sign up) in this platform has a negative effect on reward ads 
watching behavior, and the effect is less prominent for gamers with a low engagement level. 
Hypothesis 2. Challenge level has a positive effect on reward ads watching behavior, and the effect 
is more prominent for gamers with a low engagement level. 

3. Data Description
We obtain individual-level behavioral data from an anonymous mobile game company in the
United States that has almost one million monthly active users. In this game, players need to spell
the right word based on hints from two pictures in each puzzle, and they can earn virtual coins as
a reward after successfully solving it. There are around 500 puzzles in total, and it’s usually more
challenging as they progress to a later stage. Players can obtain coins in three ways - solving the
puzzle, watching the reward ads and making in-game purchases. They are able to use coins to buy
hints, which is especially valuable when puzzles become too difficult to solve. To sum up, our data
include 151121 records on 2651 users’ game play history from January to the end of February
2018. We define a period t at the daily level. We also normalize puzzle challenge between 0 and
1, and a higher value means more challenging. Table 1 presents the variable sets and shows detailed
summary statistics.

Table 1    Data Statistics 
Variable Mean Minimum Maximum St.dev. 

Decision periodsi 6.64 1 53 7.03 
No. daily played puzzlesi 10.00 1 79 8.25 
No. active daysi 6.64 1 53 7.03 
Tenureit 52.85 0 879 110.36 
No. reward ads viewedit 1.40 0 123 5.17 
Coin balanceit 471.00 0 36420.40 1804.54 
No. interstitial ads viewedit 6.44 0 148 10.21 
Coin spentit 174.20 0 15460 231.46 
Puzzle challengeit 0.21 0.00 0.88 0.18 
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4. Model
We employ a latent class model to control heterogeneity among players. The latent class in our
setting is player engagement. As noted earlier, the latent engagement stochastically determines
users’ reward ads watching decisions. We use individual’s average daily played puzzles and active
days to capture individual-specific heterogeneity in state assignment.
More formally, the probability that player i belongs to state k is:

  π k =
exp(α kwi )

1+∑exp(α kwi )
,    k = 1,2,...,K −1  

π K = 1

1+
k=1

K−1

∑exp(α kwi )
,    k = K   

4.1 State dependent Outcomes 
In this paper, we are interested in factors that affect player reward ads watching behaviors and our 
state dependent outcome is the number of rewards ads the player watched in each period. One 
issue of our data is that there are many zeros in the outcome because the rate of watching is very 
low. Besides, the number of viewed reward ads seems to be significantly over-dispersed (mean = 
1.40, standard derivation = 5.17). We use a zero-inflated negative binomial model (ZINB) to 
address the high number of zeros and over-dispersion issue. The ZINB is a mixed model that 
contains two distinct processes: a negative binomial model to account for the over-dispersion 
feature of the count outcomes and a logit model for predicting the excess zeros. Specifically: 

p(Yit |wk ,λk ,θk ) =
wk + (1− wk )g(Yit ),  if Yit = 0;

(1− wk )g(Yit ),          if Yit > 0,

⎧
⎨
⎪

⎩⎪

where wk is the zero-inflation rate and g(Yit) is the negative binomial distribution given by 

g(Yit | Sit = k) =
Γ(Yit +θk

−2 )
Γ(Yit +1)Γ(θk

−2 )
(

θk
−2

θk
−2 + λk

)θk
−2

(
λk

λk +θk
−2 )

Yit

where λk = exp(βk Xit ) . Xit  are variables that directly affect player reward ads watching 
decisions, which include player tenure, coin balance, coin spent and challenge level in each 
period. 
The likelihood function is:  

Li(Yi ) =
k=1

K

∑π k
t=1

T

∏P(Yit | Sit = k)  

5. Estimation and Results
We use maximum likelihood estimation to estimate the latent class parameters. In the latent class
model, the number of states is unknown, and we need to find the one that best fits our data. Table
2 shows the result that three-state outperforms all other specification, because it has a smaller BIC
and AIC.

Table 2     Comparison of Latent Class Models 
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Model Number of States Log-Likelihood BIC AIC Variables 
Estimated 

Latent 
Class 

One -19213.28 38489.62 38442.56 8 
Two -17257.08 34656.05 34550.16 18 

Three -16847.97 33916.66 33751.94 28 
Four -17080.27 34460.08 34236.54 38 

  In order to label different states, we summarize different features that reflect player engagement 
level. We first get their corresponding coefficient (ak) in each state from the estimation results. 
Using this coefficient (ak), the probability of each individual in state 1, 2 and 3 is known. Finally, 
we summarize the average daily played puzzles, tenure and active days during the observation 
window. As shown in Table 3, state 1 represents low engagement players while state 3 is the 
highest engaged. 

Table 3    Characteristics in Each State 
State1 State2 State3 

Average daily played puzzles 0.37 2.39 8.25 
Average tenure 
Average active days 

4.14 
0.56 

15.46 
1.91 

36.76 
4.18 

5.1 Latent Class Results 
One main motivation to watch reward ads is that gamers need coins. As shown is Table 4, reward 
ads watching behavior varies across player engagement level. The state-specific constant term is 
(0.9548, p<0.01), (-0.2083), and (-1.2694, p<0.01) for state 1, 2 and 3, respectively, which 
indicates low engagement players have the highest intrinsic propensity to watch reward ads while 
highly engaged gamers have the lowest intention. Our interpretation is that rewards are less 
valuable to highly engaged gamers, and they are likely to make in-game purchases rather than 
watching ads when in need of coins. Players with low engagement level are less knowledgeable 
about the game and they rely more on premium hints, but they are unwilling to spend money, 
which creates a demand for coins and reward ads views. Tenure has a significant negative effect 
on reward ads views, and the magnitude is larger for gamers with a high engagement level. 
Hypothesis 1 is supported. Our interpretation is that gamers’ curiosity is decreasing as their tenure 
increasing, which discourages their reward ads watching behavior. Besides, the decreasing 
curiosity is more prominent for highly engaged players. Challenge level has a significant positive 
effect on low and medium engagement gamers, but the effect is not significant for high engagement 
players. Moreover, the magnitude of the positive effect of challenge is smaller for medium gamers, 
which supports our hypothesis 2. A possible explanation is that challenge increases players’ 
tendency to buy hints, which creates a demand for coins. But for highly engaged gamers, they have 
a desire to establish reputation and feel frustrated if the puzzle is too difficult to overcome. As a 
result, challenge is not so effective to encourage reward ads views when gamers in a higher 
engagement level. Interstitial ads are non-incentivized ads, but gamers have the freedom to turn it 
off. Thus, the number of watched interstitial ads can be a proxy for individual’s nuisance cost to 
advertisement. Players with lower nuisance cost are more likely to watch reward ads. Finally, a 
higher coin balance decreases gamers’ propensity to watch across three states, but spending coins 
stimulates them to view. It is quite intuitive because reward ads are much more valuable when 
players are in need of coins. 

Table 4    Estimated Parameters for the Three-State Latent Class 
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Parameter Description state 1 
(low) 

state 2 
(medium) 

state 3 
(high) 

a1 Ln (daily played puzzles) -0.9196*** 0.5385*** 
a2 Active days 0.0252** -0.0239***
b0 Constant 0.9548*** -0.2083 -1.2694***
b1 Challenge 1.1580*** 0.8977*** -0.1033
b2 Ln (tenure) -0.2054*** -0.1526*** -0.3471***
b3 Ln (coin balance) -0.1164*** -0.4044*** -0.5300***
b4 Ln (coin spent) 0.2306*** 0.2983*** 0.3240***
b5 Ln (no. interstitial ads watched) 0.4795*** 0.7203*** 0.6903***
q Dispersion 0.7940*** 1.5925*** 3.9852***
w Zero inflated rate 0.0677*** 0.0000 0.0000

*p<0.1; **p<0.05; ***p<0.01

6. Conclusion
This paper develops a latent class model to analyze factors that affect players’ decision to watch
reward ads. We identify three engagement states to best explain the data, and examine gamers’
behavior in each state. To our best knowledge, this is the first work to empirically examine gamers’
willingness to view reward ads using detailed individual data, which fills the gap in the video game
literature. Our paper also has important managerial implications. Platforms can strategically show
incentivized advertising notifications or pop-up to low-engagement players, because they are the
ones who are most likely to respond. Besides, it is always helpful to show incentivized advertising
pop-up to gamers who have a small nuisance cost or high demand for coins.
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The value of expert groups: the impact of doctors joining in groups on individual job performance
in online health communities

Wanxin Qiao Zhijun Yan
Beijing Institute of Technology Beijing Institute of Technology

Abstract: Despite a growing literature has focused on the impacts of individual group joining
behavior on group performance, there is little literature has investigated the relationship between
individual joining group behavior and individual job performance. Using a unique panel dataset
from a large online health community in China, we investigate the impact of doctors’ group
joining behavior and person-group fit on their performance. Furthermore, we also explore how the
effects differ among doctors with different abilities. The results show that doctors’ group joining
behavior will positively affect individual job performance. However, for doctors with high-ability,
their group joining behavior will negatively affect their personal performance. Our work provides
empirical evidence of the relationship between individual group joining behavior and their
personal performance.
Keywords: expert groups, individual job performance, doctor-group fit
1. INTRODUCTION

Online health communities (OHCs), such as Med help, Doximity, haodaifu, and Guahao have
become increasingly popular among people (Jie, Gao and Agarwal 2016). Expert group service
mode is one of the most distinctive modes that emerge recently in OHCs. It provides more choices
for doctors to initiate and build a team formed by doctors from different regions, hospitals and
departments in online health communities, which is different with traditional expert groups that
are made up of doctors from the same hospital and even the same department. By joining online
expert groups, doctors can build close ties with other doctors and continuously improve their
professional skills and service quality. Doctors in the same online expert groups collaborate online
to provide health services. And patients can select appropriate online expert group to consult their
health problems. Doctors in OHCs can not only provide health services to patients independently
but also offer services by joining online expert groups. When doctors join the OHCs, they have to
decide whether to join in groups and which group to join.

Our study investigates the impact of doctor join behavior on individual job performance in
OHCs, and examines the relationship between person-group fit and performance. Further, this
study explores the moderating effect of doctors’ ability on the relationship between doctors’ group
joining behavior and performance. We apply similar attraction theory and social learning theory as
the theoretical foundation to develop the related hypotheses which are confirmed by our empirical
models. we adopt the fixed effects model to estimate the impact of the group joining behavior on
performance. To address the self-selection problem, we employ propensity score matching to
match the doctors joining in groups and the doctors who do not join. This further reduces concerns
around estimation bias. However, we may overstate the estimation precision because a group
including many doctors who may not be independent observations. Thus, we use the cluster-robust
standard error model to alleviate this overestimation.

Our study makes several contributions to the related literature on participating in groups
behavior, person-group fit, and more broadly, individual job performance. Firstly, we examine the
effect of joining in expert groups on doctors’ individual job performance in OHCs. Existing
studies mostly focused on the relationship between joining in groups and groups’ performance,
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and the impact of joining in groups on individual job performance is often neglected. However,
individual job performance significantly influences individual work-related attitude and is of vital
importance to improve group performance and promote group development.

Secondly, existing literature has explored the effect of person-environment fit,
person-organization fit and person-job fit on individual performance, ignoring the impact of
person-group fit on individual job performance. However, the person-group fit may differ
radically from the fit between the person and the environment, organization, and job (Kristof
1996), person- group fit has been demonstrated to be the key type which can predict employee
performance, especially in the group context (Seong et al. 2015). Thus, a comprehensive
investigation of the impact of person-group fit on individual job performance is necessary.

Thirdly, our research investigates the individual's group joining behavior in the health service
industry and expands the existing literature to a new professional scenario. Previous studies focus
on information technology, defense, oil refining, and trading industries, where groups are entity
groups forms, and provide services that are tangible goods. The groups provide intangible services
in the health industry, especially the emergence of online expert groups indicates that the health
groups are virtualized. The literature on online groups in health is relatively nascent. This study
focuses on the online group joining behavior this professional service industry and enrich existing
research.

The rest of the paper is organized as follows. In §2, we review the related literature. In §3, we
introduce self-determination theory, similar attraction theory and social learning theory as our
theoretical foundation and develop our research hypotheses. In §4, we describe the research
context and report the details data. The empirical model and estimation results are presented in §5,
then we present the robust tests in §6. In §7, we provide implications of our study and discussion
of future research.
2. LITERATURE REVIEW

2.1 Individual group joining behavior
Existing literature focus on individual behavior affects group performance. For example,

Schaubroeck et al. found that leader behavior effect on group performance, and transformational
leadership positively influences group performance (Schaubroeck, Lam and Cha 2007). Chen et al.
found that individual negative feedback-seeking behavior is positively related to their job
performance (Chen, Lam and Zhong 2007). Fatma et al. found that communication behavior is
related to the nature of the task and the experience level of leader, affecting group performance
(Serce et al. 2011). Tschan et al. found that individual joining in group impact on group
performance, especially leader group joining benefits group performance improvement (Tschan et
al. 2006).

Previous studies explore the impact of leader behavior, individual negative feedback-seeking
behavior and communication behavior on group performance, research on the individual group
joining group behavior remains lacking. Thus, this study aims at exploring the impact of the
individual group joining behavior on individual job performance.

2.2 Person-group fit
The effect of person–group fit is also attracted to scholars’ attention. Among them,

person-group fit impact group characteristics is an important research direction. For example,
Seong et al. found that person-group supplementary fit is positively affected group cohesion
through a survey of two private companies in Seoul, Korea (Seong et al. 2015). Wu et al. explored
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multiple groups such as R&D, sales and transportation, and found that cultural similarities
between individuals and groups benefit group commitment (Wu and Lu 2014).

Although existing literature focuses on the impact of person-group fit, on group-level
outcomes, some studies begin to explore the impact of person-group fit on personal characteristics
at individual-level. For example, Wilson et al. collected information on 298 respondents on the
Amazon Mechanical Turk and found that person-group fit positively impact on individual job
satisfaction and engagement, negatively affecting individuals turnover intention (Wilson 2015). It
can be seen that fewer studies analyze the effect of person-group fit on individuals, especially on
individual job performance.
2.3 Individual job performance

Existing literature investigated the influencing factors of group members’ individual
performance from both group and individual level (Zhang 2017). In terms of group factors,
Cooman et al. found that group cohesion has a positive impact on individual job performance
(Cooman et al. 2016). Kristofbrown et al. suggested that person-group value fit has a significant
effect on individual job performance (Kristofbrown et al. 2014). Regarding individual-level
factors, personal characteristics and behavior are considered as two main factors that influence
individual job performance. Personal characteristics often include age, tenure, education,
personality, and ability. Barrick et al. found that emotional, rigorous, and extroversion in
personality is an effective predictor of individual job performance (Barrick, Mount and Judge
2001).

In summary, the existing literature focuses on the impact of group and personal
characteristics on individual job performance, but these two parts are correlated and their
synergistic impact on individual job performance is neglected. Considering that the online expert
group is an important service form in OHCs, doctors have to choose whether to join the group or
not. Therefore, we explore the impact of the individual group joining behavior on individual job
performance from the integration of group and individual aspects.
3. HYPOTHESES
3.1 Individual joining behavior

According to social learning theory, when doctors choose to join the expert group, they can
observe other members’ medical behavior and learn from others’ experience. This learning process
is conducive for doctors in the group to improve their professional skills and service quality. At
the same time, doctors in the group can exchange health knowledge and experience with other
group members. When doctors face health questions or serious diseases, they can inquiry other
members for their professional suggestions (Fan and Lederman 2018). This is also very helpful for
doctors to enrich their health knowledge and improve their health service quality. Thus, by joining
in expert groups, doctors can improve their ability and service quality by learning and discussing
with other group members, which results in attracting more patients to buy their health service.

OHCs provide separate advertisement channel for expert groups. When doctors join in expert
groups, they will be listed in the expert groups and added to the group advertisement channel. The
emergence of new channels normally has a positive impact on performance (Geyskens, Gielens
and Dekimpe 2002). For doctors who choose to join the expert group, patients can find and
consult the doctor either through the doctor's personal homepage or the group’s homepage. Thus
doctors in the expert groups will have more opportunities to be chosen by patients, which induces
more service sales. Therefore, we propose the following hypothesis:
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H1: doctors’ group joining behavior is positively related to their job performance.
3.2 Person-group fit

we use supplementary fit to measure person-group fit. Person-group supplementary fit
focuses on the similarities between individuals and other group members (Muchinsky and
Monahan 1987). According to similar attraction theory, people tend to be attracted to people who
are similar to themselves and join a similar career environment as similar people (Byrne 1971,
Schneider 1987). Therefore, when individuals have higher similarities with other group members
in values, goals, or other aspects, individuals are more likely to join the group and identify
themselves as group members. When individuals join their highly recognized organizations, they
will have strong feelings for the organization and be more active in organizational activities
(Riketta 2004). In OHCs, if doctors join a group with a doctor-group good fit, they will have a
strong sense of self-identity and devote to group activities (i.e. health services), which help to
improve their own job performance.

Person-group fit is related to both the group’s performance and group members’ performance.
When doctors join a group with high person-group fit, they are easy to establish a good relations
with other group members. Thus doctors can communicate with other members fluently and learn
from other members effectively. Such high-quality relationship and effective learning will benefit
for doctors’ health knowledge and skill improvement. As the improvement of health knowledge
and skill, doctors can provide better service to patients and receive positive feedback from them,
which normally results in a high reputation in the community. Then more patients will be attracted
to consult doctors in groups with a person-group good fit. Therefore, we propose the following
hypothesis：

H2: doctor-group fit will be positively associated with individual job performance.
3.3 Doctors’ ability

A group is normally composed of experts who have diverse abilities. Members of the group
will try to learn more from other members with better health expertise. Online health expert group
also include doctors with different level of abilities. The lower ability doctors can meet higher
ability doctors in the group and learn more health knowledge through group activities. With the
supervision and help of many high-level doctors in the group, doctors with low ability can
improve their professional skills greatly. Thus they can better provide health services to patients
and attract more patients. By contrast, the higher ability doctors already have profound health
knowledge and professional medical skill, and there are limited things for them to learn in the
group. Therefore, joining group behavior will have limited impact on their own job performance.
Therefore, we propose the following hypothesis:

H3: The moderating effects of doctors’ ability on individual job performance are
heterogeneous among different groups of doctors.
4. RESEARCH CONTEXTAND DATA
4.1 Research context

Our research context is one of China's most popular online health communities, guahao.com,
which provides health care services and knowledge sharing for doctors and patients. The website
was established in 2010. At present, the website includes more than 240,000 doctors from 2,700
hospitals in 30 provinces. The number of registered patients exceeds 160 million. The online
expert group services are launched to provide patients with better health service. Normally, groups
are led by high qualified doctors with the strong business ability and composed of several doctors
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who are familiar with the similar disease.
We use web crawler technology to obtain doctors’ and groups’ data on the website. The

doctor’s data include personal data, such as name, affiliation (hospital and department), title,
appointment volume, rating, online consultation price, attention volume, and whether to join
expert groups. The group’s data include basic information of expert groups, such as group name,
specialty, group member profile. We collected data from June 14, 2018, to September 13, 2018, on
a weekly basis. We obtained 13,872 doctors’ information and constructed 14 weeks, unbalanced
panel with 91,687 observations. Among all of the doctors, 6,289 doctors joining in groups, and
7,583 doctors not joining in groups.
4.2 Dependent variables

The dependent variable in this study is the doctors’ personal appointment volume.
����푖푛���푛�푖� refers to the number of patients who make appointment with the doctor i’s
through guahao.com in week t. In addition, considering that the explanatory variables are skewed,
we take the logarithm of the appointment volume in the model.
4.3 Independent variables

Our main predicting variables are Joinit and Fitit. Doctors in guahao.com have to decide
whether to join expert groups or not. If the doctor i joins the online expert group in the week t,
Joinit is equal to 1, otherwise 0. The variable Fitit, i.e. doctor-group fit, measures the similarity
between a doctor and the expert group.
4.4 Moderating variable

We use doctors' clinical title to measure the level of their abilities. Considering that
the doctor's clinical title belongs to a categorical variable, the dummy variable, i.e.
Abilityit, is used to indicate the level of doctors’ clinical title. The senior, and the
secondary high are the high-ability group, and the intermediate, junior, and undecided are
the low-ability group. If the doctor has a high clinical title, i.e. senior or deputy doctor,
the variable Abilityit is equal to 1, otherwise 0.
5. EMPIRICALANALYSIS

We test H1 by estimating the impact of individual joining group behavior on individual job
performance Using a panel Ordinary Least Squares (OLS), fixed effects model, and
heteroskedasticity-robust standard errors. Specifically, we estimate the following main model:

��� ����푖푛���푛�푖� � �� � ����푖푛푖� � ��푖� � �� � �푖� (�)
In the equation, ����푖푛���푛�푖� is the appointment volume of doctor i at the week t, and

log-transformed to produce an elasticity interpretation. �푖� is a vector of control variables,
including consultation volume, image price, video price, rating and attention volume of doctor i at
week t. The coefficient �� of ��푖푛푖� represent the parameter to be estimated Time fixed effect is
represented by ��; �푖� is the error term.

Next, we estimate the model to test the effect of personal-group fit on individual job
performance. The fixed effects regression is used to estimate as follows:

��� ����푖푛���푛�푖� � �� � ���푖�푖� � ��푖� � �� � �푖� (t)
Where ����푖푛���푛�푖� refers to appointment volume of doctor i in week t. �푖�푖� is the fit

between doctor i and the expert group in week t. �푖� is a vector of control variables, including
consultation volume, image price, video price, rating and attention volume of doctor i in week t.
Time fixed effect is represented by ��; �푖� is the error term.

Furthermore, we establish an empirical model to evaluate the moderating effect of doctors’
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ability on the relationship between doctors’ group joining behavior and their own job performance
as follows:

��� ����푖푛���푛�푖� � �� � ����푖푛푖� � �t��푖�푖��푖�
� ����푖푛푖� � ��푖�푖��푖� � ��푖� � �� � �푖� (3)

Where ��푖�푖��푖� indicates the ability of doctor i at time t. ��푖푛푖� is denoted as 1 if doctor i
joins groups in week t, and 0 if otherwise. the interaction terms ��푖푛푖� � ��푖�푖��푖� is included to
observe the moderating effects of doctors’ ability. �푖� is a vector of control variables. Time fixed
effect is represented by ��; �푖� still is the error term.

We find support for H1, with doctors joining in group resulting in an individual job
performance increase. In an initial estimation with time fixed effects (but excluding other controls),
we find that 81.3% increase (p < 0.05) when doctor join an expert group. In our primary
specification, in which we also include our full set of controls, we observe statistically significant
estimates of increase individual job performance. We find that doctors joining in expert groups to
promote individual job performance with a 71,1% (p < 0.01) improvement. Thus H1 is supported,
which means that doctors’ group joining behavior results in the increase of their own job
performance.

The results of impact of doctor-group fit on doctors’ job performance show that whether only
a doctor-group fit in the model affects individual job performance. This study find that individual
job performance is significantly improved by 27.69% when the value of person-group fit increases
one additional unit. Control variables are included in model 2 to control the endogenous problem
in the model. After adding the control variables, the coefficient of Fitit is 0.0509, indicating that
doctors’ job performance increased by 5.09% for each additional unit of person-group fit value,
Doctor-group fit has a significant positive effect on individual job performance. The higher value
of person-group fit, the greater the impact of individual joining behavior on job performance. Thus
hypothesis 2 is supported.

Finally, we examine the moderating effect of doctors’ abilities on the relationship of doctors’
group joining behavior and individual performance (H3). Doctors’ abilities measured by their
clinical title can be divided into two levels. We set the low-level group as the baseline group. We
first estimates the impact of the interaction of ��푖푛푖� , ��푖�푖��푖� on individual performance. The
��푖푛푖� coefficient indicates that after joining an expert group in OHCs, individual performance
can be significantly improved by 359.87%. The interaction coefficient of ��푖푛푖� and ��푖�푖��푖� is
-2.9403, indicating that the doctor’s abilities have a negative adjustment effect on the relationship
between the group joining behavior and individual performance. The high-ability doctors’ group
joining behavior can significantly reduce their performance by 294.03%. We find evidence
supporting our hypothesis 3 when the control variables were added, and the interaction coefficient
of ��푖푛푖� and ��푖�푖��푖� is -2.2905. Comparing with low-ability doctors, this suggests that
high-ability doctors’ group joining behavior will decrease their personal performance by 85.98%。

6. CONCLUSION
6.1 Key findings

Given the excellent development of online health communities, certain online health
communities take a series of measures to attract doctors, such as launch expert group service. Our
study investigated the impact of individual join group behavior on individual job performance.
Specifically, we examine the doctor-group fit effect on individual job performance.
Methodologically, our study leverages the unbalanced panel data and fixed effects model for

216



estimations. To address the estimation bias and endogenous problem, firstly, we employ
propensity score matching to match the join group doctors and not join group doctors, further
enhancing the analyses accuracy. Secondly, we change the time wind to two weeks. We find that
doctors join group behavior has a significantly positive impact on individual job performance.
Thirdly, we employ cluster standard errors to estimate our model and find consistent and
statistically significant results with the main analyses.

Building on similarity-attraction theory and social learning theory, we argue that when
doctors joining an expert in OHCs, their job performance will increase. Because doctors join in
expert groups for financial and reputation rewards. When doctors join in the expert group, they
can have more advertisement opportunities. Patients can establish a relationship with doctors not
only through doctors’ personal webpage but also groups’ webpage. Moreover, doctors within a
group are easier to receive patients’ trust. Thus joining in expert groups is helpful for doctors to
sell their service to patients and get a more economical return. At the same time, joining expert
groups can help doctors to improve their capability and service quality by discussing with and
learning from other members in the group, which result in doctors’ brand building and reputation
enhancement.

Our study also explores doctors’ ability to moderating the relationship between the individual
join group behavior and individual job performance. Lower ability doctors join group behavior has
a greater impact on individual job performance. A potential explanation is that lower ability
doctors learn from high-ability doctors, who contribute more to the group and share more
knowledge and experience.
6.2 Theoretical contribution

Our research has several important theoretical contributions. Firstly, we contribute to the
literature on the individual join behavior effects. The current study is different from previous
research, which examined individual join group behavior affect group performance from a group
perspective. Based on similarity-attraction theory and social learning theory, the current study
explores the impact of individual join group behavior on individual job performance in the context
of online health communities. In addition, we further investigate the doctors’ ability to moderating
the relationship between individual join group behavior and individual job performance. Indeed,
individual join group behavior influences individual job performance, and the relationship of them
moderated by doctors’ ability.

Secondly, we complement the literature on person-group fit in online health communities,
where doctors join multiple groups. Doctors can join in groups with higher similar. In contrast,
doctors also can choose a dissimilar group. Previous studies primarily focused on the
person-environment fit, person-organization fit, and person-job fit affect individual performance
while neglecting the person-group fit effect on individual job performance in OHCs. Our study
filled in this gap by comprehensively examine the relationship between person-group fit and
individual job performance.

Finally, this study expands the social learning theory into a new research scenario. Previous
studies focus on information technology, defense, oil refining and so on, while neglecting the
online group in the health industry. The literature on online groups in health is relatively nascent.
This study focuses on the online group joining behavior this professional service industry and
enrich existing research.
6.3 Managerial implications

217



Our study also has important managerial implications for online communities. Firstly, the new
health expert group service model has a different impact on different doctors. When OHCs launch
new service features, it is necessary to analyze the impact of a new feature on different users
comprehensively. In particular, as high-ability doctors cannot get the highest return from joining
expert groups, the platform should set up appropriate incentive strategies to attract them.

Secondly, the person-group fit is a very useful indicator to judge to what extent doctors are
suitable for expert groups, which affect doctors’ job performance significantly. Thus OHCs can
develop an intelligent recommendation system to recommend similar groups to those doctors who
want to join expert groups. This will help doctors to identify suitable groups efficiently.
6.4 Limitations and future research

This study also has some limitations for future research. Firstly, this study only uses the data
in one online health community. The findings may be only applied to similar community platforms.
Future works can collect more data from different communities and conduct more in-depth
research on doctors’ group joining behavior. Secondly, this paper considers multiple factors to
calculate the person-group fit, but the importance of different factors is different. This paper has
not considered the weight of different factors. Future research can take weights of different factors
into consideration. Finally, although we adopt propensity score matching to handle the possible
endogenous problem to some extent, there still exist unsolved endogenous concern for users’ selection
on joining the group. To better solve the endogenous problem, a randomized field experiment may be
required, which is a direction for future research.
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Appendix
Table1 Descriptive Statistics for Variables
Variables Obs Mean Std.Dev Min Max
Dependent Variable
Consultation 91,687 853.0899 1468.551 1 16694

Independent Variables
Join 91,687 0.5419089 0.4982433 0 1
Fit 49,686 0.5077494 0.1832978 -0.0983 0.8569

Moderating Variable
Ability 91,687 3.834666 1.227732 1 5

Control Variables
Image_price 91,687 19.75128 58.99354 0 1200
Video_price 91,687 89.72453 116.1289 0 4000
Rating 91,687 5.203866 4.626061 0 10
Follower 91,687 195.3938 444.1551 0 8502

Table2 Correlation Analyses
Variables 1 2 3 4 5 6 7 8
Consultation 1.0000
Join 0.3830 1.0000
Ability 0.0939 0.0232 1.0000
Fit -0.0666 ---- 0.0339 1.0000
Image_price 0.1519 0.1816 0.0495 -0.1398 1.0000
Video_price 0.2652 0.6257 0.0305 0.0186 0.2145 1.0000
Rating 0.4508 0.5706 0.0761 -0.0406 0.2096 0.3873 1.0000
Follower 0.7592 0.3115 0.1028 -0.0947 0.1715 0.2534 0.3583 1.0000

Table3 Results of main analyses

Variables
Join Model Fit Model Moderator Model

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Join 0.7625***

(3.97)
0.9307***
(4.51)

3.5987***
(43.83)

3.3160***
(46.45)

Fit 0.0466***
(10.62)

0.0313***
(7.51)

Ability 0.8482***
(13.11)

0.1230***
(2.72)

1.8532***
(18.60)

1.4307***
(14.07)

Join�Ability -2.9403***
(-15.73)

-2.2905***
(-11.84)

Imageprice -0.000053***
(-4.15)

0.000053***
(4.72)

-0.000053**
*

(-4.17)
Videoprice -0.000074***

(-6.35)
0.000115***

(11.67)
-0.000075**

*
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(-6.46)
Rating 0.0219***

(10.31)
0.01057***
(14.21)

0.02154***
(10.30)

Follower 0.0014***
(14.44)

0.00107***
(15.84)

0.0014***
(14.86)

Week fixed effects Yes Yes No No Yes Yes
R-squared 0.4604 0.5248 0.0004 0.4216 0.2730 0.5128

Table 4 After PSM analyses

Variables
Join Model Fit Model Moderator Model

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Join 3.2874***

(47.01)
2.7975***
(29.95)

3.6336***
(17.53)

3.3101***
(18.41)

Fit 0.0655
(5.01)

0.0554***
(4.46)

Ability 0.3490***
(4.34)

-0.1294
(-0.75)

0.4561***
(5.17)

0.3896***
(4.57)

Join�Ability -0.4392**
(-1.99)

-0.5782***
(-3.17)

Imageprice -0.0000387
(-1.48)

0.00004***
(2.68)

-0.0000386
(-1.47)

Videoprice -0.000065***
(-3.55)

0.000059***
(4.77)

-0.0000649***
(-3.54)

Rating 0.0178***
(5.30)

0.0087***
(7.01)

0.0178***
(5.30)

Follower 0.0013***
(4.40)

0.0008***
(4.82)

0.0012***
(4.41)

Week fixed effects Yes Yes No No Yes Yes
R-squared 0.2506 0.3637 0.0035 0.3679 0.2562 0.3651

Table 5 Results of robustness (change the time window)

Variables
Join Model Fit Model Moderator Model

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Join 1.2454***

(4.99)
1.3327***
(5.87)

3.5850***
(47.55)

3.0364***
(41.02)

Fit 0.0841***
(10.22)

0.0684***
(8.47)

Ability 0.6888***
(11.07)

0.1209***
(2.62)

1.6073***
(12.96)

1.1495***
(11.01)

Join�Ability -2.4827***
(-10.15)

-1.8018***
(-8.68)

Imageprice -0.0000638
(-1.02)

0.0000629
(1.57)

-.0000557
(-0.91)

Videoprice 0.0004667*** -0.0000743 0.0004***
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(3.74) (-1.18) (3.72)
Rating 0.02572***

(10.60)
0.0118***
(14.08)

0.02537***
(10.71)

Follower 0.0015***
(14.60)

0.0012***
(18.76)

0.0015***
(15.06)

Week fixed effects Yes Yes No No Yes Yes
R-squared 0.4765 0.5787 0.0004 0.4252 0.3754 0.5713

Table 6 Results of robustness (cluster robust)
Join Model Fit Model Moderator Model

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Join 0.7625***

(3.97)
0.9307***
(4.51)

3.5987***
(48.83)

3.1360***
(46.45)

Fit 0.0466***
(10.62)

0.0313***
(7.51)

Ability 0.8482***
(13.11)

0.1230***
(2.72)

1.8532***
(18.60)

1.4307***
(14.07)

Join�Ability -2.9403***
(-15.73)

-2.2905***
(-11.84)

Image_price -0.0000533
***

(-4.15)

0.000053***
(4.72)

-0.000053***
(-4.17)

Video_price -0.0000743
***

(-6.35)

0.000116***
(11.67)

-0.0000755***
(-6.46)

Rating 0.0219***
(10.31)

0.1049***
(14.21)

0.0215***
(10.30)

Follower 0.0015***
(14.44)

0.0011***
(15.84)

0.0014***
(14.86)

Week fixed effects Yes Yes No No Yes Yes
R-squared 0.4604 0.5284 0.0004 0.4216 0.2730 0.5128
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Application of Network Embedding to Return Comovement Analysis: Case of 

Stock Co-attention Networks 

Abstract 

This paper proposes a novel application of network embedding in the context of a stock market. 

We construct and represent stock networks based on investors’ co-attention relationships by 

learning network embedding using random walk (e.g. DeepWalk, Node2Vec), deep neural 

networks (e.g., SDNE) and matrix factorization (e.g., HOPE), respectively. Through clustering all 

the stocks based on their embedding vectors, we separate stocks listed in the market into different 

clusters. The empirical results suggest that stocks within the same clusters exhibit significant 

comovement and the observed comovement cannot be fully explained by the similarity in firm 

fundamentals and the comovement within the same industry, location and trading board.   

Keywords: Network Embedding, Co-search, Co-attention, Return Comovement, Stock Market 

1. Introduction
Network embedding (NE) is a powerful network representation technique which learns latent and

low dimensional vector space for nodes in a network. According to a recent survey (Cui et al.

2018), compared with the traditional approach of network representation using adjacency matrix

or node and edge sets, network embedding is more effective for dimension reduction, more

applicable for network-based inference using machine learning or deep learning methods, and

more efficient for parallel and distributed computing on networked data. Given the above

advantages, a lot of efforts have been devoted to learning network embedding by developing useful

methods and algorithms to reconstruct original networks. However, relevant applications of

network embedding are quite limited. Previous research mainly adopts widely-used datasets from

either social media networks (e.g., Twitter, YouTube) (De Choudhury et al. 2010; Tang and Liu

2009) or citation networks (e.g., DBLP, Cora) (McCallum et al. 2000; Tang et al. 2008) to evaluate

the performance of methods. However, little is known about the applicability, usefulness, and

implications of network embedding in novel real-world applications. Hence, to bridge the gaps,

this study aims to empirically examine the role of network embedding to showcase the usefulness

and effectiveness of network embedding in supporting the network-based inference.

In Information Systems (IS) filed, Sundararajan et al. (2013) called for empirical efforts on 

applications of network-based inference because it is necessary and important to investigate the 

economic or business values of network structure. As network embedding provides a concise 

representation which not only preserves network structure and side information but also supports 

advanced network analysis and inference, it is an opportunity for empiricists to investigate 

embedded relationships to reveal the economic values of network structure and property. Therefore, 

this paper aims to answer the following research question: Can network embedding be used to 

reveal interesting market outcomes? Specifically, we focus on the potential outcome and 

phenomenon in a financial investment context by studying whether network embedding can be 

employed to identify different asset clusters and uncover the return comovement pattern within 

these clusters. We constructed the networks of interest by collecting investors’ correlated searches 

of a set of stocks from a popular financial web portal. The co-searches reflect investors’ co-

attention among different stocks. Then, we utilize a variety of commonly-used methods to learn 
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the representation of network embedding: DeepWalk, Node2Vec, SDNE, and HOPE. After that, 

we conduct node clustering using K-means to separate all the stocks into distinct clusters based on 

their embeddings and we choose the optimal number of clusters based on the silhouette coefficient. 

Thus, in each network that models the entire stock market at a specific time window, we divided 

all the stocks into different NE clusters. Because stocks proximate in network embedding tend to 

have similar network structure that reflects investors’ co-attention relationships, it is possible that 

stocks within the same NE cluster may share correlated investor demand or preference, which 

results in a common part in returns of these stocks. Thus, we aim to analyze whether there exists 

significant comovement between a stock and its cluster members. In other words, we examine 

whether the returns of stocks in the same NE cluster move in the same direction.   

Although Leung et al. (2017) also studied return comovement by identifying search-based habitats 

using investors’ co-searches of Russell 3000 stocks, they focused on the cohesive subgroups in 

which stocks were completely connected in a subnetwork. Thus, disconnected stocks or those 

located far away were not considered in their analysis. That means they only analyzed comovement 

for a small portion of stocks in the market1. Further, the information embedded in network structure 

was not fully captured and explored. It is possible that some stocks may share similar relative 

topological characteristics even though they are not in a cohesive subgroup (i.e., search habitat). 

Under such circumstance, these stocks have comparable structural importance which can be 

captured by network embedding but not by search habitats used in the study of Leung et al. (2017). 

In addition, it is more convenient and suitable to investigate the dynamic changes of network 

structure and return comovement when using network embedding because we can easily derive 

the time-series of node embeddings for a focal stock in evolving networks. However, it is less 

likely to hold in Leung et al.’s (2017) approach as traditional network representations using node 

and edge sets are constrained by high computational sophistication (Cui et al. 2018). 

Our results provide strong evidence on the existence of within-cluster return comovement. This 

indicates that the returns of stocks with proximate embeddings are significantly correlated. We 

further find that stocks within the same NE cluster are not similar in terms of fundamental 

characteristics (e.g., industry, geographical location, trading board). This implies that the observed 

comovement cannot be fully explained by known correlations among firm fundamentals but can 

be explained by the embedding clusters. Additionally, even after accounting for other known 

determinants of comovement (e.g., industry comovement), our results of within-cluster 

comovement still hold. Overall, this research adds to the emerging literature on applications of 

network embedding by showing the usefulness of network embedding in revealing interesting 

financial outcome and phenomenon (i.e., comovement). Further, this study contributes to IS 

research on analyzing digital networks and making network-based inference. Finally, this research 

also contributes to both IS and Finance literature by developing a novel FinTech application where 

investors’ digital footprints on IT platforms can be analyzed to reveal return comovement. 

2. Research Context, Data and Network Construction
We analyze return comovement in the context of the Chinese stock market which is substantially

dominated by individual or retail investors. We construct co-attention-based networks by

collecting investors’ co-searches of stocks from Sina Finance, which has become one of the most

popular financial portals in China. Visitors use the search tool on Sina Finance to search stock

information. When a particular stock is searched, nine other frequently co-searched stocks are

1 349 stocks out of 3000 in the analysis of Leung et al. (2017). 

224



presented on the same page. Figure 1 shows a screenshot of the co-search list for “600000.SH” 

(i.e., Shanghai Pudong Development Bank) on Sina Finance. Sina Finance identifies co-searched 

stocks and calculates co-search frequencies using information stored in visitors’ browser cookies. 

Using a web crawler written by PERL, we collected daily co-search data for stocks listed in both 

Shanghai and Shenzhen Stock Exchanges in the year of 2017. 

Figure 1.  A Screenshot of Co-search List for “600000.SH” 

We utilized the aggregate co-search data to construct stock networks on a weekly basis. To capture 

the potential dynamics of co-attention, we formed a total of 52 consecutive weekly networks 

during the year of 2017. 

3. Research Design
3.1 Node Clustering Based on Network Embedding

The goal of this section is to divide all the stocks listed in the market into different non-overlapping

groups based on network embedding. Thus, there are two steps: learning network embedding for

each network and conducting node clustering based on learned embeddings. First, we represent

each of the 52 networks as NE vectors by applying the following state-of-the-art methods: (1)

DeepWalk (Perozzi et al. 2014) and Node2Vec (Grover and Leskovec 2016) based on random walk

method, (2) SDNE (Wang et al. 2016) based on deep neural networks, and (3) HOPE (Ou et al.

2016) based on matrix factorization. Second, we conduct K-means clustering based on the learned

embeddings for all the nodes in order to partition the stocks into different NE clusters. Particularly,

we adopt a commonly used metric - silhouette coefficient - to evaluate the performance of

clustering and determine the optimal number of clusters.

3.2 Return Comovement 

In this section, we examine whether there is significant return comovement within the same NE 

cluster. Following Leung et al. (2017), we extend the model by including Fama-French’s five risk 

factors and derive the following panel-data model: 

𝑅𝑖𝑡 = 𝛽0 + 𝛽1𝑅𝐶𝑖𝑡 + 𝛽2𝑅𝐶𝑖𝑡−1 + 𝛽3𝑀𝐾𝑇𝑡 + 𝛽4𝑆𝑀𝐵𝑡 + 𝛽5𝐻𝑀𝐿𝑡 + 𝛽6𝑅𝑀𝑊𝑡 + 𝛽7𝐶𝑀𝐴𝑡

+ 𝛽8𝑁𝑒𝑤𝑠𝑖𝑡−1 + 𝛽9𝑁𝑒𝑤𝑠𝐶𝑖𝑡−1 + 𝜀𝑖𝑡
(1) 

In model (1), 𝑅𝑖𝑡 is the return of the focal stock 𝑖 at week 𝑡, and 𝑅𝐶𝑖𝑡 is the contemporaneous

average return (value-weighted) of stocks belonging to the same cluster 𝐶 except for the focal 

stock 𝑖. Thus, the coefficient 𝛽1 measures the extent to which the return of the focal stock is 

associated with the cluster return, which reflects the degree of within-cluster return comovement. 

We also control for the lagged cluster return (𝑅𝐶𝑖𝑡−1), the market-wide risk factors (Fama and

French 2015) including the risk premium (𝑀𝐾𝑇𝑡 ), size factor (𝑆𝑀𝐵𝑡 ), value factor (𝐻𝑀𝐿𝑡 ), 

profitability factor (𝑅𝑀𝑊𝑡 ), and investment factor (𝐶𝑀𝐴𝑡), and the news coverage (after log 

transformation) for both focal stock (𝑁𝑒𝑤𝑠𝑖𝑡−1) and its cluster (𝑁𝑒𝑤𝑠𝐶𝑖𝑡−1). All the data used in

model (1) were collected from the China Stock Market & Accounting Research Database. In order 

to avoid simultaneity bias, we estimate comovement at week 𝑡  using clusters formed at the 

previous time window (i.e., 𝑡 − 1).  
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4. Research Findings
4.1 Main Results

To account for the unobserved heterogeneity in both individual stocks and clusters, we estimate

the fixed-effect (FE) panel model and create dummy variables to control for different clusters

meanwhile. Table 1 shows the estimation results of model (1) when we set the dimension of

embedding space as 5,10,15,25,30, respectively.

Table 1. Estimation Results of Model (1) using DeepWalk 

𝑹𝒊𝒕 Dimension 5 Dimension 10 Dimension 15 Dimension 25 Dimension 30 

𝑅𝐶𝑖𝑡 0.215*** 0.198*** 0.194*** 0.201*** 0.177*** 

(0.0160) (0.0155) (0.0152) (0.0151) (0.0159) 

𝑅𝐶𝑖𝑡−1 -0.0127* -0.0137* -0.0162** -0.0134* -0.0160**

(0.0058) (0.0058) (0.0058) (0.0057) (0.0058)

𝑀𝐾𝑇𝑡 0.745*** 0.765*** 0.766*** 0.758*** 0.784***

(0.0193) (0.0189) (0.0186) (0.0186) (0.0193)

𝑆𝑀𝐵𝑡 0.477*** 0.483*** 0.485*** 0.485*** 0.498***

(0.0197) (0.0196) (0.0195) (0.0197) (0.0198)

𝐻𝑀𝐿𝑡 -0.275*** -0.283*** -0.283*** -0.279*** -0.286***

(0.0192) (0.0190) (0.0191) (0.0191) (0.0192)

𝑅𝑀𝑊𝑡 -0.0658* -0.0670** -0.0744** -0.0663* -0.0671**

(0.0258) (0.0259) (0.0259) (0.0260) (0.0260)

𝐶𝑀𝐴𝑡 0.162*** 0.172*** 0.167*** 0.158*** 0.162***

(0.0284) (0.0284) (0.0284) (0.0283) (0.0283)

𝑁𝑒𝑤𝑠𝑖𝑡−1 -0.246*** -0.251*** -0.249*** -0.247*** -0.248***

(0.0344) (0.0344) (0.0344) (0.0344) (0.0344)

𝑁𝑒𝑤𝑠𝐶𝑖𝑡−1 -0.0227 0.0102 -0.00244 -0.0396* -0.0203

(0.0187) (0.0175) (0.0166) (0.0157) (0.0158)

Stock-level FE √ √ √ √ √ 

Cluster-level FE √ √ √ √ √ 

Observations 111252 111252 111250 111251 111252 

Number of Clusters 72 95 90 85 85 

Number of Stocks 2401 2401 2401 2401 2401 

*** p<0.001, ** p<0.01, * p<0.05. Standard errors in parentheses 

From Table 1, we can find that the coefficient of 𝑅𝐶𝑖𝑡 in each of the five models is positive and

significant (at 0.001 level), which suggests the return of the focal stock is positively associated 

with its cluster return. This provides evidence that returns of stocks within the same NE cluster are 

correlated (i.e. return comovement). As a robustness check, we re-estimate model (1) using: (a) 

pooled OLS with robust standard error, (b) random-effect (RE) model, and (c) panel GLS 

accounting for groupwise heteroscedasticity, time-series autocorrelation, and the both. The results 

are consistent with those reported in Table 1, suggesting our findings of within-cluster return 

comovement are robust. In addition, we learn network embedding through other popular methods 

(e.g., Node2Vec, SDNE, HOPE) and re-estimate comovement in different NE clusters (see Table 

2). Similarly, the results in Table 2 support the existence of within-cluster comovement, which 

suggests our findings are robust in different network embedding methods. 

Table 2. Estimation Results of Model (1) using Other Network Embedding Methods 

Panel A. Network Embeddings using Node2Vec 

𝑅𝑖𝑡 Dimension 5 Dimension 10 Dimension 15 Dimension 25 Dimension 30 

𝑅𝐶𝑖𝑡 0.236*** 0.228*** 0.215*** 0.200*** 0.214*** 

(0.0160) (0.0159) (0.0157) (0.0153) (0.0155) 
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Controls √ √ √ √ √ 

Observations 111250 111249 111246 111247 111243 

Number of Clusters 66 73 75 93 94 

Number of Stocks 2401 2401 2401 2401 2401 

Panel B. Network Embeddings using SDNE 

𝑅𝑖𝑡 Dimension 5 Dimension 10 Dimension 15 Dimension 25 Dimension 30 

𝑅𝐶𝑖𝑡 0.201*** 0.186*** 0.201*** 0.198*** 0.200*** 

(0.0125) (0.0126) (0.0125) (0.0123) (0.0123) 

Controls √ √ √ √ √ 

Observations 111251 111252 111251 111247 111248 

Number of Clusters 99 99 99 99 99 

Number of Stocks 2401 2401 2401 2401 2401 

Panel C. Network Embeddings using HOPE 

𝑅𝑖𝑡 Dimension 5 Dimension 10 Dimension 15 Dimension 25 Dimension 30 

𝑅𝐶𝑖𝑡 0.225*** 0.212*** 0.172*** 0.192*** 0.201*** 

(0.0162) (0.0151) (0.0155) (0.0157) (0.0145) 

Controls √ √ √ √ √ 

Observations 110670 111039 111106 111146 111084 

Number of Clusters 69 94 91 92 98 

Number of Stocks 2401 2401 2401 2401 2401 

*** p<0.001, ** p<0.01, * p<0.05. Standard errors in parentheses 

4.2 NE as a Different Clustering Perspective 

Prior literature suggests that investors have “category learning” behavior as they are more likely 

to allocate attention to certain categories such as industry, region, and trading board (Peng and 

Xiong 2006). It is important to show that our approach provides a novel categorization of stocks 

rather than a simple variant of the known categories. Therefore, this section investigates the extent 

to which stocks in the same NE cluster are similar in terms of the commonly considered stock 

characteristics or firm fundamentals. If NE clusters are artifacts of the known categories, we may 

expect the within-cluster similarity in these characteristics would be high. Thus, we adopt the 

method by Leung et al. (2017) to measure the similarity of cluster 𝐶 in terms of each of the known 

categories 𝐾ϵ{Industry, Region, Board} as: 

𝐾_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝐶 =
∑ 𝐈(𝐾𝑖 = Mode(𝐾𝐶))𝑖∈𝐶

𝑁𝐶
(2) 

where Mode(𝐾𝐶) is the cluster mode of the characteristic 𝐾; 𝐈(𝐾𝑖 = Mode(𝐾𝐶)) is an indicator 

function which equals 1 if the characteristic 𝐾 of stock 𝑖 is the same with the cluster mode and 

0 otherwise; 𝑁𝐶  is the total number of stocks in cluster 𝐶. Thus, 𝐾_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝐶 ∈ [0,1], which 

measures the fraction of stocks sharing the most frequent characteristic in cluster 𝐶.  

As a result, the average similarity index for industry, region and trading board across all the clusters 

are 0.60, 0.18, and 0.50, respectively. We can find that these values are not high, which suggests 

that the commonly-used categorization methods cannot fully explain the composition of our NE 

clusters. This also implies that our approach based on network embedding provides a different 

clustering perspective. We further find that these values are much lower than that in Leung et al.’s 

(2017) study (i.e., 0.84 and 0.32 for industry and region similarity), which indicates clusters based 

on network embedding can, in fact, achieve a higher level of diversification. 

4.3 Comovement Within Other Categories 

Although the within-cluster similarity in terms of the known characteristics is not very high, it is 

still possible that the observed comovement can be attributed to the comovement within the same 
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industry, region or trading board. Thus, this section examines whether our results still hold after 

accounting for other determinants of comovement. Similarly, we calculate the contemporaneous 

value-weighted average returns for stocks within the same industry, region and trading board as 

𝑅𝐼𝑛𝑑𝑖 ,𝑡, 𝑅𝑅𝑒𝑔𝑖 ,𝑡 and 𝑅𝐵𝑜𝑎𝑟𝑑𝑖,𝑡. After accommodating the three variables into model (1), we still

get consistent results as shown in Table 1 and Table 2, which indicates that our findings of within-

cluster comovement based on network embedding are robust.   

5. Conclusions
This study provides a novel application of network embedding to network-based inference. By

conducting clustering based on learned embeddings, we partition stocks listed in the market into

different clusters and find significant return comovement within the same cluster. This research

highlights the usefulness and potential of network embedding in revealing interesting financial

outcome and market phenomenon. Future research can further examine the dynamic relationships

between network embedding and comovement, or leverage network embedding to predict returns.
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Medical Image Description Generation: A Generative Adversarial Network 

Based Multi-Label Classification Approach 

Abstract 

Medical image description, which aims to describe the content and feature of medical images, 

offers detailed facts to enable doctors to identify abnormalities efficiently. However, how to 

generate it automatically is not well studied so far. Existing natural image captioning 

approaches are not suitable for medical images due to their different characteristics, inspiring 

us to solve it using other approaches. In this paper, we propose to transform the problem to a 

multi-label classification problem, where object abnormalities are focused directly. However, 

extant multi-label classification studies rely on arduous feature engineering, or ignore label 

correlation issue, which leads to compromised performances. To solve these problems, we 

propose a new model utilizing adversarial learning strategy to train a multi-label classifier and 

adopting frequent pattern mining to deal with the label correlation issue. Extensive experiments 

conducted on real medical image dataset demonstrate the superiority of the proposed model.  

Keywords: Deep learning, Adversarial learning, Medical image annotation, Multi-label 

classification, Medical image analysis 

1. Introduction
Medical images as visual representations of the interior of our body are essential for disease

diagnosis and treatment (Litjens et al. 2017). The reports offer detailed facts or descriptions such

as the characteristics of a specific tissue, which enables doctors to identify abnormalities and

detect diseases. How to describe medical images automatically, medical image annotation as

termed in this paper, is a meaningful research problem.

The current boom in machine learning gives researchers greater opportunities to solve the natural

image captioning problem by automating the process of generating descriptions for natural

images, which aims to describe what objects the image contains or what people or animals are

doing in the image (You et al. 2016). Following the same direction, in the medical field, some

studies have been conducted for medical image annotation (Shin et al. 2016).

While valuable, there is still significant room to improve. Unlike natural images where objects

and objects’ spatial relations vary, the objects contained in a specific kind of medical images

(e.g., retinal images) are similar and their spatial relations are relatively fixed. Therefore, unlike

natural image captioning which describes the contained objects and their relations, medical

images, in real medical case reports, are described with the specific abnormalities of each

contained objects. The existing medical image annotation models follow the same architecture as

natural image captioning where much attention is concentrated on analyzing the contained

objects and the spatial relations, which can compromise the performance. Hence, a medical

image annotation model describing the medical features (i.e., object abnormalities) of medical

images is worthy of further studying.

In this paper, we take retinal images, a specific kind of medical images, as an example to study

the image annotation problem. We transform annotation to multi-label classification problem,

where each image is described by multiple labels and each label is a value of a medical feature.
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Existing multi-label classification models can be divided into two types. The first type adopts 

traditional machine learning methods such as SVM (Jiang et al. 2008). These models rely on 

feature engineering, which requires quite an amount of domain knowledge and engineering skills. 

These limitations give rise to deep learning models for multi-label classification. Models 

combining Convolutional Neural Network (CNN) and Multi-Layer Perceptron (MLP) are 

proposed (Oquab et al. 2014) in recent year. However, in these models, how to model label 

correlations are not adequately considered. In our problem setting, labels of different features for 

one image usually have correlations. For example, some labels may often co-occur and others 

cannot co-occur in one image’s case report according to medical knowledge. Ignoring label 

correlation can result in outputs obviously going against medical knowledge.  

In this paper, we propose to build a novel deep learning model for multi-label classification and 

deal with label correlations to enhance the label prediction performance. In particular, we 

introduce the adversarial learning strategy to multi-label classification framework, where a 

generator and a discriminator are built to play in a zero-sum game. We denote the model as 

MLC-GAN for simplicity. The generator builds multiple classifiers simultaneously and considers 

both the accuracy of each classifier and correlations of each classifier. Besides, the discriminator 

is built to force generator to output better results by emphasizing label correlations further based 

on extracted label relationship features. Experiments conducted on real retinal image datasets 

show that the proposed model achieves better performances than the state-of-the-art models. 

2. Related Work
2.1 Image Description Generation

Image captioning is an important research field in computer vision and has been intensively

studied. Vinyals et al. (2015) designed a CNN model combined with Long short-term memory

(LSTM) model to generate image description. The CNN model was employed to extract features

from images and the LSTM was adopted for language modeling. Motivated by studies in natural

image captioning, models for medical image annotation are proposed. Shin et al. (2016)

proposed to use a CNN model to analyze images to extract features and an RNN to generate

sentences based on the extracted features. Zhang et al. (2016) proposed a model named MDNet,

where CNN was adopted to generate features to pass to an RNN with attention mechanism.

However, the medical image annotation focuses on the abnormality of each object. Existing

image captioning paradigm employs a language model aiming to output a sentence to cover

things such as objects in the image and object relations, which are not the goal of medical image

annotation and thus may compromise the performance.

2.2 Multi-label Classification

Multi-label classification methods can be classified into two categories: traditional machine

learning methods and deep learning ones.

Traditional machine learning methods refer to the methods that use manually extracted features.

Boutell et al. (2004) proposed to train a classifier for each natural image and thus obtained a set

of classifiers for multi-label classification. However, this method neglected label correlations.

Godbole and Sarawagi (2004) proposed an approach where classifiers were trained sequentially

and the output labels of the former classifiers were fed to the latter classifiers, thus considering

label correlations. One limitation to these methods is that they use manually designed features.

The limitations of traditional methods give rise to studies adopting deep learning models. Most

of the studies adopt CNN to analyze images to extract features and utilize MLP to output labels.

Gong et al. (2014) proposed a model consisting of a CNN and MLP with several different loss
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functions for multi-label classifications. However, these studies only focus on outputting the 

right labels, neglecting label correlations. 

3. Research Design
The overall framework of the proposed MLC-GAN is illustrated in Figure 1. The model consists

of three components: generator, discriminator and frequent pattern mining. Frequent pattern

mining component aims to find the label co-occurrence patterns hidden behind the labels of all

images, which to some extent reflect the correlation among labels of different features. The

generator is designed to predict all labels simultaneously for an image. The discriminator is

adopted to help the generator output labels similar to real ones.

Figure 1. Architecture of the Model 

3.1 Converting descriptions to labels 

First, we convert the text of each image to a set of labels and the procedure is demonstrated in 

Figure 2. Through this step, we get an image label dataset with each record consisting of a set of 

labels of an image’s description text. 

Figure 2. Convert Descriptions to Label Vectors 

3.2 Frequent pattern mining 

A labelset is a subset of all labels extracted from image’s description text. If the percentage that a 

labelset appears in the image label dataset exceeds a given threshold, the labelset is called a 

frequent labelset. We adopt mining algorithms such as FP-growth (Han et al. 2000) to find 

frequent labelsets. 
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3.3 Generator 

Figure 3 shows the model of the generator. We employ CNN as the basic model of the generator, 
which is composed with two parts: (1) a series of convolutional layers, nonlinearity layers and 
pooling layers for feature extraction and (2) Fully connected (FC) layers for classification, which 
output mutiple lables for the given image. The result of the frequent pattern mining component is 
combined with the generator to consider the label correlation issue. Frequent labelsets are used 
as constraints to make the prediction of frequently co-occurred labels close to each other. 

Figure 3. Structure of the Generator model 

3.4 Discriminator 

To enhance the learning of the generator, we adopt adversarial learning by introducing 

discriminator to encourage its output to look similar to real labels, thus consider the label 

correlation issue further. The discriminator is designed as a 1D CNN because CNN can extract 

useful features (i.e., label correlations in our case) from complex data. The structure of the 

discriminator model is shown in Figure 4. 

Figure 4. Structure of the Discriminator Model 

The loss to train the discriminator and generator (named similarity loss) based on adversarial 

learning strategy is defined in Equation (1).  

where D(y; ) is the output of the discriminator model parameterized by  (i.e., the 

probability that the input y comes from real label distribution). represents the set of true label 

vector.  is the set of predicted label vectors, i.e., , where 

is the parameter of the generator and X represents a set of images. 

The adversarial learning is adopted where the generator is trained to reduce the similarity loss, 

while the discriminator is trained to increase the similarity loss. To be specific, as the real 

samples  contain correct label correlations, if the output labels do not contain the correct 

correlations, the discriminator will discriminate the real and output labels easily (i.e., 

will be high while will be low). Therefore, the loss function defined in Equation (1) 
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will be high. As the generator aims to reduce such loss, it has to update its parameters to generate 

outputs that are more similar to real ones, which makes them harder to be distinguished. After 

that, the discriminator is updated to increase the loss, which makes it have a stronger ability and 

make a better distinction. Then, the generator is updated again to output better labels. The contest 

continues in this way, which makes the predicted labels contain more and more labels similar to 

real ones. Theoretically, if both the generator and discriminator have sufficient capacity and the 

training data is enough, the equilibrium is reached when the generator can output labels that 

contain exactly the same labels as the real ones (Goodfellow, 2016). 

4. Evaluation
4.1 Dataset

To evaluate the proposed model, we collected a real dataset from Tongren Hospital, one of the

best hospitals in China to provide first-rate healthcare services. We collected 8617 retinal images

from 4823 patients who suffered from various diseases such as glaucoma and cataract. For each

retinal image, there is a corresponding case report which contains the image description text.

4.2 Result Comparison

For these experiments, performances of various models are measured by Hamming Loss, Jaccard

Index and Subset Accuracy, which are the three most commonly used measures (Li et al. 2016).

Our model is compared with benchmark models to test the superiority of our model. The

benchmark models belong to four benchmark sets, i.e., conventional image captioning models,

traditional multi-label classification models, deep learning multi-label classification models, and

models without some parts of the initial model, which are denoted as Benchmark Set 1,

Benchmark Set 2, Benchmark Set 3, and Benchmark Set 4, respectively. The comparison results

with these three benchmark sets are summarized in Table 1.

Table 1. Performance Comparisons with Benchmark Models 

Benchmark Sets Models Hamming Loss 

(Lower is better) 

Jaccard Index 

(Higher is better) 

Subset Accuracy 

(Higher is better) 

Benchmark Set 1 CNN+LSTM (Vinyals et al. 2015) 0.0254* 0.1397*** 0.0003*** 

CNN+LSTM with attention (Zhang et al. 
2017) 

0.0253* 0.1213*** 0.0005*** 

Benchmark Set 2 Independent binary classifiers (Boutell et 
al. 2004) 

0.2392* 0.1311*** 0.0389* 

Classifier chains (Read et al. 2009) 0.0206* 0.2423** 0.0431* 

Benchmark Set 3 CNN+MLP (Oquab et al. 2014) 0.0127 0.4321* 0.0113 

CNN+MLP with patches (Zhu et al. 
2017) 

0.0132 0.4831* 0.0963* 

CNN+MLP with pairwise ranking (Gong 
et al. 2014) 

0.0153* 0.4942 0.1106 

Benchmark Set 4 MLC-GAN without adversarial learning 0.0113 0.4524* 0.1169 

MLC-GAN without frequent labelsets 0.0122 0.5078 0.1323 

Our model MLC-GAN 0.0095 0.5853 0.1354 

Note: * for p<0.05, ** for p<0.01, and *** for p<0.001. 

From Table 1 we can see that the proposed model outperforms the benchmark models by 

achieving better performances in all three measures, which indicates that the MLC-GAN is a 

more suitable method to annotate retinal images compared to competing approaches. 
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5. Discussion and Conclusions
In this paper, we propose a novel deep learning based multi-label classification model for

medical image annotation. Specifically, our work has the following major contributions: (1)

instead of following the unsuitable natural image captioning paradigm, we convert the medical

image annotation to multilabel classification problem, where the abnormality of each object in

the medical image is focused directly. (2) To tackle the label correlation and label contradiction,

two crucial issues in multi-label classification for medical image annotation, GAN is utilized

where the generator provides a label for each feature separately and frequent patterns are mined

to encourage the output to conform to selected patterns. To the best of our knowledge, this

research provides the first attempt to utilize the merits of GAN for multi-label classification. (3)

The problem is better addressed by our proposed model, which is demonstrated by extensive

experiments conducted on real world datasets and compared with competing models.
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How Do Platform Promotions Change the Price Competition among Sellers in 

E-Markets?

Abstract 

In the context of e-market platforms, individual sellers conduct price promotions under platform 

promotions. We build an analytical model to investigate how individual sellers’ competitive 

promotion strategies react to platform promotions, considering buyers’ heterogeneity in price 

sensitivity, the size of sellers, and the ratio of direct search consumers in the market, who do not 

compare prices between sellers. Our results indicate that, as platform promotions decrease the 

ratio of direct search consumers in the market, the large seller increases the discount level and 

frequency faster than the small seller. Consequently, platform promotions aggravate market 

inequality. Our empirical results based on real transactional data provide evidence supporting 

above-mentioned findings, where positive interaction effects between platform promotions and the 

seller size exist for sellers’ promotion level and frequency. Moreover, platform promotions are 

positively related to the size ratio of direct-to-comparing consumers (CDR) and Gini coefficient 

in the market.  

Keywords: two-sided platform, competitive promotion, consumer heterogeneity, market 

inequality 

1. Introduction
An e-market platform serves as the intermediary between buyers and sellers online (Rysman 2009).

The platform alleviates the information asymmetry between buyers and sellers to facilitate

economic transactions. The e-market platforms play an important role in the modern economy,

where U.S. e-commerce platforms contributed $513.61 billion in sales in 2018 accounting for

14.3% of the total retail sales and 51.9% of the growth (Ali 2018). The popularity of online

platforms encourages both researchers and managers to reconsider the rules of strategies in the

new platform economy.

Many efforts have been devoted to understanding how pricing tactics or promotion strategies by 

sellers can encourage their sales (Raju et al. 1990; Shilony 1977; Varian 1980). Most studies, 

however, assume fixed demand curves or buyer structure, which ignores a possible strategic action 

of platforms to promote transactions between the two sides. A platform promotion, for example, 

may bring more price-sensitive buyers into the market, which would affect sellers’ competitive 

strategy. As such, sellers’ pricing strategy should be understood with the platform promotion. 

Our paper is closely related to the competition between asymmetric sellers. Narasimhan (1988) 

explains the sellers’ competitive pricing strategies under the fixed market size. He shows that 

sellers’ promotion may depend on the relative size of loyal buyers and switchers for each seller. 

Several studies are followed to further understand sellers’ competitive pricing strategies from 

different perspectives, such as how the market ratio of consumers who compare prices or trending 

and rating information available online affect sellers’ pricing (Kocas 2002; Kocas and Akkan 

2016). Our model differs from these studies where we relax the assumption of fixed market and 

buyer sturcture. Different from the conventional market, both the e-market platform and individual 
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sellers can make promotion decisions. Facing the competition of other platforms, e-market 

platforms may give away discount coupons to attract more buyers into their market. These 

platform-level promotions are more general and can be applied to any sellers on the platform. 

Individual sellers, on the other hand, give a discount to consumers, competing against the other 

sellers selling the same or substitutable products. Considering these hierarchical promotions on the 

two-sided platforms, we seek to understand how platform promotions affect individual sellers’ 

competitive promotion strategies.  

Besides the impact of platform promotion on sellers’ competition, we also investigate the sales 

distribution of sellers. Given that firms with too much market power may harm society by reducing 

output and raising prices (Khan and Vaheesan 2017), prior studies also focus on the blockbuster 

phenomenon in the e-market (Tan et al. 2017). The recommendation system, for example, may 

result in sales concentration to larger sellers (Fleder and Hosanagar 2009). We aim to contribute 

to this research stream, by questioning how platform promotions affect the sellers’ revenue 

inequality.  

In this study, we conduct analytical and empirical analyses to investigate how the platform 

promotion change e-market sellers’ optimal pricing strategy. Considering consumers’ 

heterogeneity in price sensitivity and product search, we first model platform promotions which 

may increase the ratio of price-sensitive buyers in the market. Then, we investigate sellers pricing 

strategies with different sizes of ‘direct search’ consumers, to compete for price-sensitive 

consumers. Our results suggest that platform promotions may push harder the large seller to 

increase its discount level and frequency, compared to the small seller. As a result, platform 

promotions may aggravate market inequality, which can lead to the blockbuster effect in the 

market. We confirm our analytical findings with empirical results, which are based on the data 

from a leading e-marketplace in Korea. We find a positive moderation effect of the seller size on 

the relationship between the platform promotion and sellers’ price discount. In summary, our paper 

investigates the platform promotion effects on buyer structure, sellers’ discount strategies and 

market inequality, which contributes to both two-sided platform research and competitive 

promotion research.  

2. Analytical Analysis
Consider a platform with two competing sellers selling the same product (named, Seller 1 and

Seller 2). Both the platform and individual sellers can make their promotion decision. The platform

promotion (such as platform coupon) can be used to purchase a product from either Seller 1 or 2.

There is a constant group of buyers who plan to buy this product. Buyers face two-step decisions:

1) platform entrance decision and 2) purchase decision. For the platform entrance decision, buyers

have the reservation utility R. For the purchase decision, buyers decide whether or not to purchase

and which seller to transact with. Each buyer buys one unit of product at most. The marginal cost

of sellers (product and operation cost) is normalized to 0.

We assume three different groups of buyers in the market. Type 1 buys a product from Seller 1 

directly. This reflects the case where we click the product link provided by sellers through emails 

or other channels and purchase the product through the channel without price comparison. These 

buyers observe only the price of Seller 1. Similarly, Type 2 directly buys a product from Seller 2. 

Given that both Type 1 and 2 buyers (hereafter, direct buyers) do not compare prices, they would 
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be low in price-sensitivity, γL. Type 3 compares the prices of Seller 1 and 2 and makes the purchase 

decision. Type 3 would be high in price-sensitivity, γH. The relative size of each type in the market 

is α1, α2 and β, respectively. Without loss of generality, we assume Seller 1 has a larger size of 

direct buyers than Seller 2, saying α1> α2. 

We assume that the platform promotion is exogenous. Given the platform promotion c, consumers 

first decide whether or not to enter the platform. The utility of using the platform for buyer i is 

modeled by Ui=γi c+Ai, where γi equals to γH or γL. Ai is consumers’ evaluation of platform by non-

monetary attributes, e.g., design quality, ease of use, or reputation, which follows a distribution G. 

When the utility is greater than the reservation price, R, of not using this platform, the buyer enters 

the platform. Note that the platform entrance decision is not affected by individual sellers’ price 

on the platform, because such information cannot be obtained without entering the market. Prior 

studies also revealed that the cross-platform search is quite limited (Johnson et al. 2004). 

For direct buyers (Type 1 and 2), they only know the price offered by their targeting seller. They 

purchase a product if and only if the price p1(p2) is lower than the reservation price r. For 

comparing buyers (Type 3), they make the decision by comparing p1 and p2. We assign a price 

premium d for Seller 1, representing additional value for large sellers (e.g., trust in sellers). Such 

comparing buyers choose Seller 1 when p1<p2+d and p1<r. They choose Seller 2 when p1>p2+d 

and p2<r. If p1=p2+d, buyers have an equal probability to the two sellers in the transaction. 

Sellers observe the platform promotion and decide pricing strategies to maximize their profit. 

Seller 1 and 2 independently decide their price, named p1 and p2. Sellers can only compete for the 

buyers who already entered the market. The profit of each seller is as follows, 

𝜋1 = {
𝑝1𝑛1 + 𝑝1𝑛12𝑃𝑟𝑜𝑏(𝑝1 < 𝑝2 + 𝑑) +

1

2
𝑝1𝑛12𝑃𝑟𝑜𝑏(𝑝1 = 𝑝2 + 𝑑)    𝑖𝑓 𝑝1 ≤  𝑟

0        𝑖𝑓 𝑝1 > 𝑟
, 

𝜋2 = {
𝑝2𝑛2 + 𝑝2𝑛12𝑃𝑟𝑜𝑏(𝑝1 > 𝑝2 + 𝑑) +

1

2
𝑝2𝑛12𝑃𝑟𝑜𝑏(𝑝1 = 𝑝2 + 𝑑)   𝑖𝑓 𝑝2 ≤ 𝑟

0             𝑖𝑓 𝑝2 > 𝑟
. 

Here, the profit of seller 1(2) consists of two parts: the profit from Type 1(2) buyers and the profit 

from Type 3 buyers. n1(n2) is the size of Type 1(2) buyers who enter the platform and directly 

purchase from seller 1(2). n12 is the size of Type 3 buyers who enter the platform and compare 

prices between Seller 1 and 2. It is obvious that when c increases, the total market size increases. 

In other words, the platform promotion attracts more buyers entered the platform. However, the 

incensement of different type of consumers is unequal due to the different price-sensitivity. With 

higher price-sensitivity, platform promotions attract more comparing buyers into the market than 

the number of direct buyers. With the same price sensitivity γL, the ratio of direct buyers for two 

sellers (
𝑛1

𝑛2
=

𝛼1

𝛼2
) is constant regardless of the platform promotion. The comparing-to-direct ratio 

(CDR) for seller i is calculated as follows, 

𝜙𝑖 =
𝑛12

𝑛𝑖
=

𝛽�̅�(𝑅−𝛾𝐻𝑐)

𝛼𝑖�̅�(𝑅−𝛾𝐿𝑐)
. 
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Lemma 1. If the distribution of platform evaluation (G) satisfies
𝛾𝐿𝑔(𝑅−𝛾𝐿𝑐)

1−𝐺(𝑅−𝛾𝐿𝑐)
<

𝛾𝐻𝑔(𝑅−𝛾𝐻𝑐)

1−𝐺(𝑅−𝛾𝐻𝑐)
, the 

platform promotion increases the CDR (ϕi) for both large and small sellers. 

Lemma 1 shows platform promotions’ effect on buyer structure, which increases the CDR on the 

platform. The following analysis will be discussed with the assumption of the condition in lemma 

1.  

Based on Narasimhan (1988), we show that the competition scenarios depend on the CDR in the 

market. Figure 1 shows the scenarios depending on both the price premium for the large seller and 

the comparing-to-direct ratio in the market. Case 1 only happens when the price premium for the 

large seller is extremely high and the comparing-to-direct ratio is extremely low. In this case, no 

seller discount and pure equilibrium (r,r) exist. Case 2 happens when both the price premium for 

the large seller and the comparing-to-direct ratio are small. In this case, both sellers adopt mixed 

strategies in equilibrium while the small seller has more competition power. Case 3 happens when 

the price premium for the large seller is not too high and the comparing-to-direct ratio is not too 

low. In this case, both sellers adopt mixed strategies in equilibrium while the large seller has more 

competition power. In following, we present and briefly present main analytical findings in this 

study. 

Figure 1 Equilibrium scenarios 

Proposition 1. In equilibrium, the large seller increases their discount frequency responding to the 

platform promotion more than the small seller when the CDR is not too small. 

Proposition 2. In the equilibrium that the large seller is more capable, the difference in frequency 

change to the platform promotion between two sellers is decreasing with the price premium, when 

the price premium for the large seller is not too large. 

Proposition 3. Platform promotions aggravate sales inequality when CDR is not too small. 

Proposition 2 and 3 show sellers with different sizes of direct buyers adjust their competitive 

discount strategies according to the platform promotions due to such change of buyer structure in 

the market. More specifically, when platform promotion increases, the large seller increases the 

promotion frequency and level, whereas the small seller increases but then decreases its promotion. 
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The increase in promotion by the larger seller is always greater than the small seller. Moreover, 

their responding discounts to platform promotions depend on the price premium for the large seller. 

Proposition 4 states market inequality. Platform promotions decrease the market share of the small 

seller and increase the market inequality. 

3. Empirical Analysis
In this section, we use a large scale of transactional data from a leading Korea e-commerce

company to verify the analytical findings. The dataset records users’ transactions in a two-year

period from June 2009 to May 2011. In our dataset, the platform provides coupons which can be

freely downloaded on the websites while individual sellers provide price discount for their

products. Four fixed effects models are used to empirically investigate platform promotion effect

on buyer structure, seller promotion strategies, and market inequality as follows,

where CDRit is the size ratio of comparing-to-direct buyers for category i in month t, DRijt and 

DFijt is the average discount rate and discount frequency of seller j for category i in month t, Giniit 

is the Gini coefficient for category i in month t, CouponValueit is the average face value of general 

downloaded coupon for category i in month t, DirectNoijt-1 is the size of direct buyers of seller j 

for category i in month t-1. We use the lagged direct buyer size as the instrumental variable to 

investigate the causal effect of potential current direct buyer size on sellers’ promotion decisions. 

We control the sellers’ difference by platform issued certificates, where OKSijt, BSijt, and QSijt 

represent whether the seller has the qualitative certificate, the quantitative certificate, and the quick 

certificate. μi and σt are categorical and seasonal fixed effects.  

The result shows a positive estimate of CouponValueit in Model (1), which supports that platform 

promotions increase CDR on the platform. Positive estimates of the interaction term in Model (2) 

and Model (3) show platform promotion may make larger sellers increase the average discount 

rate and discount frequency more often than the small seller. Moreover, the magnitude of 

interaction effects is largest for digital products and the smallest for foods, which shows the 

moderation effect may depend on product categories. In other words, sellers for digital products 

show the greatest response difference to platform promotions. Sellers for foods show relatively 

tiny response difference to platform promotions. Finally, we find platform promotion is positively 

related to the Gini coefficient in Model (4), which supports that platform promotions aggravate 

market inequality. 
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Abstract 

In social commerce, retailers leverage the social networks they build in an online community to 

promote their products. Thus, it is important for retailers to understand the effect of social 

networks on social commerce. In this study, we focus on the local social network around each 

seller, which we call the “friend circle,” to investigate its effect on social commerce performance. 

Using data collected from a large social commerce site, we build an econometric model to conduct 

the analysis. We find that a local social network with either high homogeneity or high 

heterogeneity leads to social commerce success; the grouping of friends in a local social network 

also helps the promotion of products in a relatively heterogeneous network. 

Keywords: Social commerce, Social network, Local social network 

1. Introduction

Social commerce is a special type of e-commerce that leverages social networks for product 

promotions and sales. Experience has shown the potential of social commerce. For example, in 

2018, Nike’s Air Jordan shoes were pre-released on Snapshot and sold out within 23 minutes. 

However, a theoretical study of how retailers leverage their social network for social commerce 

success is required. 

Several studies consider the factors influencing social commerce success. For example, Wang and 

Chang ( 2013) find that the strength of social ties affects purchase intention and recommendations. 

However, few studies focus on network structure. From a social network adoption perspective, 

global network density and centrality affect users’ involvement with an online social network. 

(Park et al. 2014). The effect of a local network structure on social commerce is barely studied in 

the literature. 

In this study, we focus on the local social networks formed by a retailer and its direct neighbors, 

called “friend circles,” to investigate their effects on social commerce performance. We conduct 

econometric analysis and find that both homogeneity and heterogeneity in friend circles lead to 

better promotion outcomes and that a friend circle with a clustering phenomenon under different 

densities will have different effects on the retailer’s product promotion. The findings have strong 

theoretical and practical implications. 

2. Research Context

This study is based on data from Douban Dongxi, a large social commerce website in China. As 

shown by a screenshot in Figure 1, users share products with textual and image descriptions and 

attach purchase links. Others comment, like, or purchase the product. We collect all of the 

published products and the related comment and reply activities from the entire lifespan (2013–

2017) of Douban Dongxi, involving 30,701 users. 
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Figure 1. A product’s published page 

We leverage the comments among users as a proxy of an active social network. Compared with 

reported friend relationships, ongoing interactions are a more reliable measure of social ties in an 

online social network (Puttaswamy et al. 2009). To filter out the noise, we only consider user pairs 

of two or more comments on each other’s posts within a 90-day window to be a real tie. The data 

for analysis involve 3,145 users with interactions from 10-03-2014 (the 90-day window extends it 

to 07-05-2014) to 07-18-2015. 

3. Friend Circle Structure’s Impact on Social Commerce

3.1 Friend Circle 

We define the network consisting of the focal retailer and its directly linked neighbors together 

with their links as a friend circle of the focal retailer. In most social commerce platforms, a retailer 

can only observe, monitor, and manipulate his/her direct neighbors in the friend circle. As a local 

social network, the friend circle is a subgraph of the whole network, as illustrated in Figure 2. We 

use it to investigate how the interactions of a group of neighbors may influence the retailer’s 

marketing and sales efforts because such efforts need to go through neighbors to reach outlying 

parts of the network. 

Figure 2. The whole social network vs. user i’s local social network (friend circle) 
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3.2 Hypothesis Development 

The density of a network describes the extent to which people in the network know each other. In 

social commerce, it affects promotion effectiveness via two mechanisms. 

First, a low density friend circle indicates heterogeneity of the retailer’s friend circle. Friends are 

willing to adopt the retailer’s product because they seek variety (McAlister and Pessemier 1982). 

Furthermore, low density indicates potentially dense connections between the retailer’s friends and 

the outside network as people maintain a certain number of connections because of their social 

needs (Baumeister and Leary 1995) and cognitive resource limitations (Dunbar 1992). Thus, dense 

connections to the outside network facilitate the diffusion of product information to the outer social 

network (Rahmandad and Sterman 2008). The adoption brought by variety and diffusion to the 

outside network enhances a promotion’s effectiveness. 

Second, a high density indicates homogeneity. Products reaching a person through multiple paths 

may improve adoption via multiple impressions. The friends’ activities may cause cross influences 

on each other and create a herding effect (Huang and Chen 2006). In addition, the homogeneity of 

the network indicates that individuals in the friend circle know each other. They may like or adopt 

the retailer’s products for the sake of friendship. With more adoption among friends, the product 

information is more likely to pass through the friend circle and reach the wider global network. 

The coexistence of the heterogeneity and homogeneity effect causes a non-linear effect. 

H1: The density of a retailer’s friend circle shows a quasi-U effect in influencing the 

effectiveness of product promotions in social commerce. 

The friends of an individual tend to be also friends, which causes clustering phenomena. A network 

with clustering phenomena tends to have multiple small clusters of friends within it. As defined 

and explained by (Watts and Strogatz 1998), the average clustering coefficient measures the 

cliquishness of a local network. In a retailer’s friend circle, users may also be in multiple groups 

due to their background and real-world connection differences. Interactions among members of a 

cluster are more intense compared with those between its members and the outside network, which 

may lead to strong inter-influence and herding as argued above. Each group may be able to diffuse 

the product information into a different part of the global social network. Given a network’s size 

and density, a higher grouping indicates that the friend circle shows stronger within-group bonding 

and greater across-group differences. In such a case, the friend circle with more grouping has a 

higher possibility of reaching a more varied customer audience. 

H2: The extent of grouping within a retailer’s friend circle is positively associated with the 

effectiveness of product promotions in social commerce. 

It should be noted that the density and clustering coefficients are related measures. It is not realistic 

to assume that the grouping and density of a friend circle are independent of each other. Given the 

same clustering coefficient, if the network is denser, the users are more homogenous. The 

boundaries of different groups in the friend circle will fade out, and thus, the grouping effect is 

weakened, which lowers the possibility for product information to reach different audiences in the 

global social network. Given that a high density improves the promotion’s effectiveness via 

homogeneity (consensus), density would have a substitution effect to the clustering coefficient in 

affecting promotion effectiveness in social commerce. We hypothesize that: 

H3: The effect of grouping within the friend circle on the effectiveness of product 

promotions in social commerce will be weaker in a higher density friend circle. 
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3.3 Econometric Model 

To test our hypotheses, we build a daily-level panel data model. We look at product k published 

by retailer i at day t. First, we build a global social network Gt  from the comment and reply 

activities within a 90-day sliding window before day t (first t is from 10-03-2014). Second, for 

each retailer i, we extract i’s friend circle FCi,t, from the global network Gt. Then, we generate the 

measures from the global network and friend circle as independent variables and control variables. 

We calculate user i’s friend circle density by FC_Density
i,t

=
number of links in FCi,t

number of maximum links in FCi,t
 and the 

extent of grouping within i’s friends: Ci,t=
2×number of triangles in FCi,t

degreei,t(degreei,t-1)
, where degree

i,t
 is calculated

within FCi,t. We take the average of Ci,t to measure the extent of grouping within i’s friend circle 

FC_Grouping
i,t

=
1

n
∑ Cj,tj∈FCi,t

. All of these are widely used in research (Watts and Strogatz 1998). 

We control user-fixed effects, Useri, and time-fixed effects, Datet, to control user heterogeneity 

and market variance. We control product heterogeneity through Price𝑘, Category
k
, Platformk. We

control the activeness of the retailer by the number of published products until time t, N_Product
i,t

,

and global topological characteristics of the retailer, including indegree, outdegree and 

betweenness centrality, and page rank within the global network Gt . (Note that the degree 

measures remain the same for both local and global social networks.) Eventually, we get the model: 

Likei,k,t=α+𝛽1FC_Density
i,t

+𝛽2FC_Density𝑖,𝑡
2 +β

3
FC_Grouping

i,t
+ 𝛽4(FC_Density

i,t
∗ FC_Groupingi,t)

+ γ
1
G_Indegree

i,t
  + γ

2
G_Outdegree

i,t
 + γ

3
G_Pagerank

i,t
+ γ

4
G_Betweenness

i,t

+ γ
5
N_Product

i,t
+γ

6
Price𝑘+Category

k
+ Platformk+Useri+Datet+εi,k,t

Network characteristics are calculated with NetworkX (Hagberg et al. 2008). 

4. Results

Table 1. Descriptive Statistics 

Variables Number Mean Std Dev Max Min 

Likei,k,t 9,810 110.8 371.265 6,458 1 

FC_Density
i,t 9,810 0.1160 0.1795 0.500 0 

FC_Groupingi,t 9,810 4.585E-02 3.781E-02 0.600 0 

G_Indegree
i,t 9,810 1.622 3.166 25 0 

G_Outdegree
i,t 9,810 7.327E-01 9.305E-01 10 0 

G_Pagerank
𝑖,t 9,810 1.459E-03 2.835E-03 2.530E-02 0 

G_Betweenness
i,t 9,810 7.152E-05 4.521E-04 7.522E-03 0 

Pricek 9,810 757.7 12,200 990,000 0 

N_Product
i 9,810 89.38 235.5 1,221 1 

Table 1 provides the descriptive statistics of our dataset. In our data, there are 9,810 product 

records. Each product receives 110.8 likes on average, ranging between 1 and 6,458. The social 

network within 90 days is a sparse network. The average density of retailers’ friend circles is 0.116 

and at most 0.50. The average clustering coefficient of friend circles is 0.0046, with a maximum 

of 0.6. We log-transformed all count-based variables before putting them into the models. 
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Table 2 shows consistent results as we incrementally add independent variables to the model. 

The influence of density on the number of likes received by a product shows a U-shaped curve, 

which supports H1. As illustrated in Figure 3-a, within a low (high) density (<0.27 vs. ≥0.27) 

interval, increasing density reduces (increases) the number of likes. The heterogeneity and the 

homogeneity effect compete with each other in social commerce, which leads to a U-shaped curve. 

The grouping effect is only significant when the interaction term (FC_Density*FC_Grouping) is 

included. As illustrated in Figure 3-b, with a low (high) density (<0.24 vs. ≥0.24) interval, the 

clustering coefficient positively (negatively) influences the number of likes of a product, which 

supports H3 instead of H2. The density and clustering coefficients have a substitution effect. With 

more interaction between friends, the grouping effect fades out and reverses. Concerning H1, the 

different effect of density is aligned. The grouping effect works positively in a relatively 

heterogeneous friend circle. In a homogenous friend circle, the grouping effect and homogenous 

effect compete and substitute each other. The mechanisms reflected by the two variables are 

different. One affects the local homogeneity; the other affects the target of further diffusion. Note 

that a higher density may lead to a higher clustering coefficient by pooling all friends into a group. 

Table 2. Regression Results of the Fixed Effect Model(*p<0.1; **p<0.05; ***p<0.01) 

(1) (2) (3) (4) 

FC_Density -1.40**(-2.13) -1.32**(-2.00) -0.09(-0.76) -1.22*(-1.84)

FC_Density2 2.52**(1.98) 2.40*(1.88) 2.22*(1.73)

FC_Grouping 0.61(1.55) 1.99**(2.54) 1.86**(2.35)

FC_Density*FC_Gr

ouping 
-8.21**(-1.97) -7.65*(-1.83)

Global_Betweenness -62.21(-1.43) -68.15(-1.56) -80.07*(-1.81) -81.24*(-1.83)

Global_Pagerank -6.98(-0.49) -4.22(-0.29) 3.67(0.26) -1.86(-0.13)

Global_Indegree 0.28***(3.19) 0.27***(2.98) 0.23***(2.65) 0.26***(2.86)

Global_Outdegree 0.07(0.63) 0.06(0.64) 0.07(0.66) 0.07(0.70)

N_Product -0.03(-0.70) -0.03(-0.68) -0.04(-0.79) -0.03(-0.74)

Price -0.11***(-8.11) -0.11***(-8.13) -0.11***(-8.09) -0.11***(-8.12)

The coefficients of other control variables are omitted 

𝑅2 0.4258 0.4259 0.4260 0.4261 

F Statistic 3.269*** 3.269*** 3.270*** 3.271*** 

P value <2.2e-16 <2.2e-16 <2.2e-16 <2.2e-16 

Figure 3-a. Effect of density Figure 3-b. Effect of clustering coefficient 

Figure 3. Effect illustration 
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The coefficients of the control variables align with our intuition. The price and in-degree (the 

number of followers) show negative and positive effects respectively on the number of likes. 

5. Conclusion and Future Directions

We investigate the influence of retailers’ friend circles on social commerce success and found that 

both homogeneity and heterogeneity in friend circles lead to better promotion outcomes. Friend 

circles with grouping lead to better promotion outcomes only when their density is low. The 

findings imply a difference between the mechanisms of friend circle density and grouping. 

In terms of theory, we investigate the effects of social networks in social commerce, which reduces 

a gap in the literature. By focusing on the influence of retailers’ friend circles, we direct our 

attention to a specific aspect of social networks. The study sheds light on the mechanism of 

different social network measures, which is worth further study. We also contribute to practical 

knowledge. First, maintaining a highly heterogeneous or homogeneous network enhances 

promotion effectiveness. Second, retailers should seek diversity in friends instead of homogeneity. 

Our study also has limitations. We only use data over 90 days to build networks and only focus on 

the mechanisms of density and grouping. A longer data period and other structural features of 

friend circles will be considerations in a future study. 
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Abstract 
We focus on a particular group of online influencers who create and share knowledge-intensive 

content on online platforms (viz., knowledge influencers). Recently, such platforms have 

developed new features that enable the influencers to monetize their efforts through users’ 

payment (viz., pay-for-knowledge). Although we know that these influencers can draw users to 

pay for the content they generated, understanding of their online identities is limited. To address 

this knowledge gap, we identify four categories of knowledge influencers who can obtain users’ 

monetary incentives—mentors, brokers, geeks, and storytellers—based on a taxonomy of 

self-presentation styles—assertive, defensive, offensive, and protective. Also, we examine how 

the knowledge-contribution attributes (i.e., quantity, quality, and diversity) differ across the 

categories of knowledge influencers. We draw related research and practical implications.  

Keywords: Knowledge influencers, Pay-for-knowledge, Classification, Topic modeling 

1. Introduction
Online influencers refer to individuals who can attract others and even shape their attitudes on

the internet. Recently, a specific type of online influencers who create and share

knowledge-intensive content on online platforms has emerged in China (henceforth referred to as

knowledge influencers). These influencers have attracted numerous users as the original or

professional knowledge embedded in the content they generated can benefit the users (Wang et

al. 2018).

To monetize such knowledge-intensive content, online platforms like Zhihu (www.zhihu.com) 

have developed new features that enable knowledge influencer to obtain incentives from users’ 

payment (Wang et al. 2018). Meanwhile, these platforms share the revenue generated from the 

users’ payment with knowledge influencers. It has become increasingly prevalent that users offer 

monetary rewards to knowledge influencers (Wang et al. 2018). This business model is now 

known as pay-for-knowledge. Although knowledge influencers can draw users to pay for the 

content they generated, current understanding of their online identities presented on 

pay-for-knowledge platforms is limited. This gap indicates that the role of knowledge influencers 

in the development of pay-for-knowledge platforms is far from clear. Our research thus seeks to 

fill this gap.  

Moreover, since the significant driver of running the pay-for-knowledge model depends on the 

knowledge contribution of these influencers, it is of interest to explore the potential variations of 

their knowledge-contribution attributes across different online identities. This will deepen our 

understanding of knowledge influencers on pay-for-knowledge platforms. Based on the review 

of studies of knowledge contribution in the form of online content (e.g., Pee and Chua 2016), the 

attributes of knowledge contribution are generally conceptualized as the quantity, quality, and 

diversity of knowledge contribution. Overall, we propose our research questions as follows:  
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RQ 1: What are the online identities of knowledge influencers presented on pay-for-knowledge 

platforms? 

RQ 2: Are there variations in knowledge-contribution attributes (i.e., quantity, quality, and 

diversity of knowledge contribution) across knowledge influencers with different online 

identities? 

2. Theoretical frameworks
2.1 Framework for identifying online identities of knowledge influencers

Online identities of individuals are determined by their self-presentation styles on an online

platform (Jensen Schau and Gilly 2003). Hence, we draw on a taxonomy of self-presentation

styles (Schütz 1998) to identify online identities of knowledge influencers. This taxonomy

consists of four distinct self-presentation styles—assertive, defensive, offensive, and protective

self-presentation styles (Schütz 1998). The self-presentation styles are reflected by two

dimensions jointly—the degree of self-disclosure and the desire to be identified by others

(Jensen Schau and Gilly 2003). The degree of self-disclosure refers to the extent to which an

individual seeks to unveil one’s personal and professional information, whereas the desire to be

identified by others refers to the extent to which an individual seeks to get approvals from others

(Jensen Schau and Gilly 2003).

The difference in the degree of self-disclosure (high vs. low) depends on an individual’s 

competence in managing one’s own impression (Jensen Schau and Gilly 2003). If someone trusts 

his capability of impression management, he tends to disclose their information. On the other 

side, the difference in the desire to be identified by others (strong vs. weak) depends on an 

individual’s tendency to seek peer approvals (Schütz 1998). If he is inclined to gain peer 

approvals, it implies that he holds a strong desire to be identified by others.  

Following the taxonomy of self-presentation styles based on the two dimensions, assertive 

self-presentation shows that an individual holds a high degree of self-disclosure and a strong 

desire to be identified by others. Defensive self-presentation shows that an individual holds a low 

degree of self-disclosure but a strong desire to be identified by others. Offensive 

self-presentation shows that an individual holds a high degree of self-disclosure but a weak 

desire to be identified by others. Protective self-presentation shows that an individual holds a low 

degree of self-disclosure and a weak desire to be identified by others. Table 1 illustrates the 

framework for identifying online identities of knowledge influencers. 

Table 1. A taxonomy of self-presentation styles 
High 

degree of self-disclosure 

Low  

degree of self-disclosure 

Strong desire 

to be identified by others 

Assertive self-presentation 

(Category 1) 

Defensive self-presentation 

(Category 2) 

Weak desire 

to be identified by others 

Offensive self-presentation 

(Category 3) 

Protective self-presentation 

(Category 4) 

2.2 Framework for investigating knowledge-contribution attributes of knowledge influencers 

To delve deeper, we also explore the possible variations of knowledge-contribution attributes 

across four categories of knowledge influencers. We think the potential variations exist because 

the heterogeneity of knowledge influencers with different online identities could lead to their 

knowledge-contribution attributes varying (Wang et al. 2018). By drawing on the prior literature 
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(e.g., Lou et al. 2013; Pee and Chua 2016; Wang et al. 2018), knowledge-contribution attributes 

are commonly conceptualized in terms of knowledge-contribution quantity, quality, and diversity. 

Table 2 shows the framework for investigating the knowledge-contribution attributes of 

knowledge influencers. 

Table 2. Knowledge-contribution attributes of knowledge influencers 
knowledge-contribution 

attributes 

Conceptual definitions Supporting 

literature 

Knowledge-contribution 

quantity 

Knowledge-contribution 

quality 

Knowledge-contribution 

diversity 

The overall volume of knowledge contributed by a 

knowledge influencer 

The extent to which the knowledge contributed by 

a knowledge influencer can benefit others 

The extent to which a knowledge influencer can 

contribute varied knowledge domains 

Lou et al., 2013; 

Pee & Chua, 2016; 

Wang et al., 2018 

3. Methods
3.1 Data source and collection

Data is obtained from Zhihu, which is one of the earliest and leading pay-for-knowledge

platforms in China (e.g., Wang et al. 2018). Zhihu operators have initially grouped knowledge

influencers into several areas classified by the platform (Zhao et al. 2018). We finished the

identification process of these knowledge influencers on December 15, 2017. This leads to the

final pool of knowledge influencers (N=2618) for further data collection.

We seek to collect data about two aspects of the knowledge influencers. The first aspect concerns 

the online self-presentation of the knowledge influencers. The second aspect concerns the 

knowledge contribution of the knowledge influencers. All the target data were extracted by using 

a web crawler developed by a third party (www.bazhuayu.com). Data collection was performed 

during the first week of January 2018. During this period, related data of 2618 knowledge 

influencers was collected. 

3.2 Data processing and analysis 

3.2.1 Operationalization and measurement of variables 

Five research variables are included in this study—the degree of self-disclosure, the desire to be 

identified by others, knowledge-contribution quantity, knowledge-contribution quality, and 

knowledge-contribution diversity. Based on the previous literature and the features of Zhihu 

platform, we operationalize the variables and use corresponding data collected from Zhihu to 

measure them. Table 3 shows the operationalization and measurement of the five variables, and 

Table 4 summarizes the descriptive statistics of the variables based on the data collected from 

Zhihu. 

3.2.2 Cluster analysis 

Cluster analysis is employed to classify the knowledge influencers (N=2618) according to a 

taxonomy of self-presentation styles. This taxonomy is developed based on two dimensions—the 

degree of self-disclosure and the desire to be identified by others. In particular, the samples of 

knowledge influencers can be grouped by the mean values of the degree of self-disclosure (SD) 

and the desire to be identified (DI). The cluster analysis based on the mean values of the two 

dimensions will lead to four categories of knowledge influencers. 

3.2.3 LDA topic modeling 

Two types of textual content can also reflect the self-presentation of these knowledge influencers 

on Zhihu—self-description and expertise introduction (Jin et al. 2015). To grab the key 
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information of the textual content, we analyze them by using the topic modeling technique, 

which may help to describe the online identities across four categories of knowledge influencers. 

In particular, we employ the topic modeling method based on Latent Dirichlet Allocation 

(LDA)(Blei et al. 2003). LDA is a generative probabilistic model with a three-level hierarchical 

structure based on word, topic, and document. Each document is modeled as a random mixture 

over a set of latent topics, and each topic is characterized as a probability distribution of words. 

In this study, self-descriptions and expertise introductions of these knowledge influencers on 

their Zhihu homepages are extracted as the documents for the LDA topic modeling analysis. 

3.2.4 One-way ANOVA test 

We use a one-way ANOVA test to compare the variations of knowledge-contribution attributes 

across knowledge influencers categories. Moreover, since the factor variable has four levels (i.e., 

four separate categories of knowledge influencers), Tukey’s Honestly Significant Difference 

post-hoc test should be employed if the variance is statistically significant across knowledge 

influencers categories. 

Table 3. Operationalization and measurement of variables 
Variable Operational definition Measures Supporting 

literature 

The degree of 

self-disclosure 

The total number of 

presented items of 

self-disclosure on Zhihu 

Gender Jin et al. 2015; 

Lou et al. 2013; 

Pee and Chua 2016; 

Zhao et al. 2018; 

Wang et al. 2018; 

Place of residence 

Contact information 

Affiliation 

Professional experience 

Educational experience 

The desire to be 

identified by others 

The total number of 

identifications they 

presented on Zhihu 

Verification from the 

platform operator 

Verification from the 

platform users 

Quantity of knowledge 

contribution 

The sum of the volumes of 

articles and questions for 

users’ payment on Zhihu 

The volume of articles for 

donation 

The volume of questions 

for purchasing 

Quality of knowledge 

contribution 

The sum of the log average 

number of users who 

donated to the knowledge 

influencers and the ratio 

number of satisfied users 

who paid the knowledge 

influencers for accessing the 

content they generated 

Log average number of 

readers who donated to the 

articles written by the 

knowledge influencers 

Ratio number of satisfied 

consumers who paid for 

the questions answered by 

the knowledge influencers 

Diversity of knowledge 

contribution 

The number of topics 

covered both in the articles 

written by knowledge 

influencers and questions 

answered by knowledge 

influencers 

The number of topics 

across the articles and 

questions 

Table 4. Descriptive statistics of research variables of this study. 
Variable Observation Mean ± SD Min Max 

The degree of self-disclosure 2618 3.482 ± 0.765 0 6 
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Variable Observation Mean ± SD Min Max 

The desire to be identified by 

others 

2618 1.229 ± 1.069 0 2 

Quantity of knowledge 

contribution 

2618 74.172 ± 98.477 8 791 

Quality of knowledge 

contribution 

2618 9.986 ± 11.051 0.433 35.647 

Diversity of knowledge 

contribution 

2618 32.375 ± 8.226 13 54 

4. Results
4.1 Online identities of knowledge influencers across four categories

The results of the cluster analysis are based on the mean values of SD and DI. Category 1

represents high SD and strong DI; Category 2 represents low SD and strong DI; Category 3

represents high SD and weak DI; Category 4 represents low SD and weak DI. Further, we label

an online identity for each category of knowledge influencers by using LDA topic modeling.
Table 5. Topic labels and online identities across Knowledge influencers categories 

Classification Topic labels Online identity 

Category 1 

(611 observations) 

Expertise & specialization; Reading and learning;  

Knowledge sharing; Critical thinking; Decision-making; 

Suggestions and advice; Ideas provision; Safety and 

healthcare; Teaching and supervision; Collections and 

arrangements 

Mentor 

Category 2 

(882 observations) 

Problem-solving; Negotiation & discussion; Consultation; 

Online communication; Management & business; 

Experience sharing; Career; Safety and healthcare; Debate 

skills; News and public opinions 

Broker 

Category 3 

(432 observations) 

Science and technology; Science popularization; 

Entrepreneurship; Innovation and service; Internet and 

social media; Data analysis & prediction; Computer 

sciences; Ph.D. and scientific research; Animals and 

plants; Science-fiction 

Geek 

Category 4 

(693 observation) 

Humorous and irony; Hobbies and interests; Experience 

sharing; History and culture; Humanity and society; 

Stories and narratives; Music & movie; Enjoyment and 

entertainment; Lifestyles; Photographer and painting 

Storyteller 

4.2 Variations of knowledge-contribution attributes across knowledge influencers categories 

We investigate the knowledge-contribution attributes of knowledge influencers in terms of 

quantity, quality, and diversity. First, there is a significant difference in knowledge-contribution 

quantity across knowledge influencers categories [F (3, 2614) =18.337, p<0.001]. In particular, 

Category 1 (mentor) has the most quantity of knowledge contribution (M=78.796).  

Second, there is a significant difference in knowledge-contribution quality across knowledge 

influencers categories [F (3, 2614) =5.214, p<0.001]. Likewise, Category 1 (mentor) has the best 

quality of knowledge contribution (M=13.826).  

Third, there is a significant difference in knowledge-contribution diversity across knowledge 

influencers categories [F (3, 2614) =8.659, p<0.001]. In particular, Category 2 (broker) has the 

most diverse knowledge contribution (M=36.128). 
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Given that the variations in terms of quantity, quality and diversity are all statistically significant, 

we used the Tukey’s Honestly Significant Difference post-hoc test to find which two categories 

are significantly different. The results are shown in Table 6.  
Table 6: Results of Tukey’s honestly significant difference post-hoc test. 

Categories of 

knowledge 

influencers ( ) 

Categories of 

knowledge 

influencers ( ) 

Mean differences ( ) 

Knowledge-contribution 

quantity 

Knowledge-contribution 

quality 

Knowledge-contribution 

diversity 

Mentor Broker 3.869* 3.727* -8.915*

Mentor Geek 12.364* 1.468* -1.784 (n.s.)

Mentor Storyteller 15.279* 5.573* -6.528*

Broker Geek 8.495* -2.259* 7.131* 

Broker Storyteller 11.410* 1.846* 2.387* 

Geek Storyteller 2.915* 4.105* -4.744*

Note: *p<0.05; n.s. means statistically nonsignificant 

5. Discussion and conclusion
We identify four categories of knowledge influencers—mentors, brokers, geeks, and storytellers.

Moreover, we find that the knowledge-contribution attributes (i.e., quantity, quality, and

diversity of knowledge contribution) vary across knowledge influencers with different online

identities. In research, our study complements the literature on global online influencers’

practices. Particularly, our study advances understanding of knowledge influencers and their

knowledge-contribution attributes on pay-for-knowledge platforms. In practice, the findings in

this paper can help pay-for-knowledge platform operators design a reputation mechanism to

highlight the distinct advantages in knowledge contribution across knowledge influencers

categories.
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Will the Cloud Fly with Internet Plus? 

Abstract 

Cloud computing can achieve competitive advantages and performance improvement by 

supporting and enabling the Internet Plus strategy. Applying cloud computing and Internet Plus 

together is a disruptive innovation that requires adopters to go through organizational process 

redesign and business model changes. This is a risky transition process, and the impact on 

organizational performance is not guaranteed. This article examines the effect of cloud computing 

on corporate financial performance, especially in the context of Internet Plus. Taking 253 pairs of 

listed companies in China as the research sample, we conducted propensity score matching and 

difference in differences analysis on a rolling 4-year panel data. The results show that cloud 

computing adoption led to financial performance decline for the first 3 years, the downward trend 

is more pronounced when cloud computing is applied to support Internet Plus. Nevertheless, the 

performance increases slightly in the fourth year in both cases.  

Keywords: Cloud Computing, Adoption, Internet Plus, Financial Performance 

1. Introduction

In the cloud computing model, the development, deployment, update, maintenance, and payment

of IT services have undergone fundamental changes(Marston et al. 2011). The long-term business

value of cloud computing has not been validated by the performance data of the adopters. Cloud

computing, along with other technologies such as the Internet of things and the mobile Internet,

forms the technical basis of Internet Plus. Furthermore, the application of cloud computing to

support Internet Plus is a major strategic change involving a business model change. Decision

makers face the dilemma of the potential advantages of cloud computing versus the post-adoption

risks. Will the cloud fly with Internet Plus? If it will, how? Based on the financial performance

data of China’s listed companies, we examined the effect of cloud computing adoption on

corporate financial performance in the context of Internet Plus. This research enriches the research

stream of IT value by shedding light on the controversy over the business value of cloud computing

due to the lack of empirical evidence(Brynjolfsson et al. 2010). It also reveals the value realization

difference between adopting cloud computing alone and adopting cloud computing with Internet

Plus.

2. Literature Review and Hypothesis

2.1 Cloud Computing Adoption and Long-term Business Value 

As an innovative technology, cloud computing transforms the utilization of IT resources into the 

utilization of IT services. When enterprise legacy systems migrate to the cloud, the relationship 

between the cloud-based information systems and the legacy systems must be dealt with. The 

legacy systems were usually customized to address idiosyncratic structural and operational issues 
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of the organization. Fragmentation, redundancy, and process and data uncertainty are common in 

these legacy systems(Karunakaran 2014). The migration of information systems to the cloud 

requires an overall reconstruction of the legacy system on a unified platform, which will increase 

the cost of conversion. Overall, enterprises face many challenges in the process of cloud migration. 

As a result, their financial performance in the early stages of adoption is likely to decline. Markus 

suggest that the process of IT value realization for enterprise resource planning systems(Markus 

and Tanis 2000) includes four stages: Chartering, Project (Configure & Rollout), Shakedown, and 

Onward and Upward(Markus and Tanis 2000). Only in the fourth stage can the enterprises benefit 

from IT investments. Similarly, cloud computing implementation will also go through these four 

stages. In the shakedown stage, financial performance is likely to decline due to problems 

associated with the migration. However, as the organization gradually adapts to the new system, it 

will enter the onward and upward stage where cloud computing can realize its full potential and 

eventually improve firm financial performance. We therefore hypothesize that 

H1: Cloud computing adoption will lead to a period of decline and then an improvement in the 

adopters’ financial performance. 

2.2 Internet Plus and Cloud Computing Business Value 

Internet Plus, the advanced stage of the evolution of the Internet, enhances innovation and 

productivity and forms a wide range of Internet-based infrastructure for economic and social 

development. The essence of Internet Plus is "onlineization" and digitalization of traditional 

industries(Ning 2015), which means that the industry chain expands from the core enterprise to 

the upstream and downstream partners, and that the information link in the industry value chain is 

boosted by the Internet to reconstruct the relationship between supply and demand. In this process, 

the enterprises need to focus not only on their core businesses, but also on integrating with partners 

network, new markets, customer relationships and value propositions, supply chains and 

distribution channels(Stamas et al. 2014) which need to be reconstructed(Chesbrough 2010). 

Therefore, applying cloud computing to support Internet Plus is a disruptive innovation that will 

cause drastic business model change(Christensen 2013), which is accompanied by both 

technological and management innovation. Such disruptive innovation requires longer adoption 

period and is more risky(Berman et al. 2012).Therefore, the shakedown phase of the cloud 

migration process will be more pronounced in the context of Internet Plus. However, when the 

adopters successfully complete the business model change, the enterprises will go from a period 

of abrupt changes to stability, and the financial performance of the enterprises will improve. We 

therefore hypothesize the following: 

H2: Cloud computing implemented with Internet Plus will cause more significant financial 

performance degradation for some time compared with those firms that adopted cloud computing 

only. 

3. Research Design
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3.1 Methodology 

We used the Propensity Score Matching (PSM) method to match samples, and then used the 

Difference in Differences (DID) and OLS regression to analyze the effect of cloud computing 

adoption and the moderating effect of Internet Plus on enterprise performance(Rishika et al. 2013). 

We considered the adopters' own as well as the time factors, and restricted in the same stock 

exchange market in the matching process so as to eliminated the influence of exogenous variables 

on financial performance. The combination of the PSM and DID methods was selected because it 

simulates a randomized controlled experiment, reduces the confounding effect of the observable 

and unobservable factors on the dependent variable, improves the consistency of the validation 

results, and produces unbiased estimate of performance improvement resulted from cloud 

computing adoption(Rishika et al. 2013). 

3.2 Measurements 

The financial performance reflects the operation of the enterprise and the long-term value of the 

event. We focused on the financial performance in this study. Following prior research on the value 

of IT(Bharadwaj 2000; Chae et al. 2014; Wang 2010; Wu et al. 2017), we selected return on assets 

(ROA), return on equities (ROE), return on sales (ROS), operating income to assets (OI/A), 

operating income to sales (OI/S), and operating income to employees (OI/E) to measure the 

financial performance.  

3.3 Sample and Data Collection 

The samples of the treatment group included 357 listed companies that adopted cloud computing 

and were operating normally between January 1, 2010 and October 31, 2016. The following 

criteria were used to select the control group samples: 1) did not adopt cloud computing; 2) had 

the same industry category code as the counterpart in the treatment group; 3) showed the closest 

propensity score to the counterpart in the treatment group based on the feature variables, including 

the total assets, total number of employees, and revenue of the year before cloud computing 

adoption(Bharadwaj 2000; Chae et al. 2014; Santhanam and Hartono 2003). The adoption behavior 

(or lack thereof), the adoption time, and the adoption type were from the widely used search engine, 

cloud computing portals, China Knowledge Resource Integrated Database, and the companies' 

official websites. The industry codes, financial performance, and other control variables data were 

obtained from the CSMAR financial database. The final sample consists 253 pairs of listed 

companies. 

Since the purpose of cloud computing adoption was illustrated in the announcements or news, 

three authors of this paper judged the Internet Plus innovation manually and separately by text 

analysis. There was a discussion if the judgements were inconsistent. The cloud computing was 

classified as non-Internet Plus if it was adopted for building a cloud-based management 

information system so as to improve the adopter's operational efficiency, intelligently manage the 

firms, or provide cloud-based products or services. Instead, the adoptions for expanding the 

industrial chain, building a new value chain, or providing value-added services, or changing the 

traditional profit model were classified as Internet Plus.  
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3.4 Metrological Model 

The following DID model is established for all financial performance indicators for each sample 

of the treatment and control groups to determine the main effect of cloud computing adoption 

(Pippel and Seefeld 2016; Rishika et al. 2013): 

𝑌𝑖𝑗𝑡 = 𝛼 + 𝛽1 ∗ 𝑎𝑑𝑜𝑝𝑡𝑖𝑗 + 𝛽2 ∗ 𝑎𝑓𝑡𝑒𝑟𝑖𝑗𝑡 + 𝛽3 ∗ 𝑎𝑑𝑜𝑝𝑡𝑖𝑗 ∗ 𝑎𝑓𝑡𝑒𝑟𝑖𝑗𝑡 + 𝛿𝑋𝑖𝑗 + 휀𝑖𝑡 

where 𝑌 is the indicator to measure an enterprise's financial performance, 𝑖 denotes a matched 

pair of companies, 𝑗 denotes a treatment group or a control group company, and 𝑡 denotes the 

time. 𝑎𝑑𝑜𝑝𝑡𝑖𝑗 is a treatment dummy variable (that equals 1 if the company is in the treatment 

group and 0 in the control group), 𝑎𝑓𝑡𝑒𝑟𝑖𝑗𝑡 indicates a binary variable before or after adoption 

(the value after adoption is 1, otherwise 0). 𝑋𝑖𝑗  stands for control variables. We control for

Internet Plus, enterprise size, R&D invest, and industry type in this DID model, where Internet 

Plus is a dummy variable, firm size is measured as the logarithm of the total assets, R&D 

investment is the ratio of R&D input to operating income, and the industry type is a binary variable 

(1 for service industries, 0 for others)(Oh et al. 2006). The coefficient we are mainly concerned 

with is the significance of 𝛽3, which represents the difference between the treatment group and 

the control group in firm financial performance improvement after controlling for other factors. 

4. Results

4.1 DID Analysis 

All the measurements of DID value, except OI/E, keep falling from 1 year through 3 years after 

adoption. However, the fourth year’s DID value, though still negative, shows a significant upturn 

or falling deceleration trend. This lends prima facie credence to the fact that adopting cloud 

computing decreases the adopter’s financial performance. After considering the multiple 

collinearity, heteroscedasticity, and sequence correlation, to benchmark the results and statistical 

fit of our DID model, the control variables were added step by step to analyze the DID of each 

indicator. Table 1 presents the results of the analysis of all indicators of financial performance, 

using the model controlled for demographic and behavior variables. All the 𝛽3 values of the other 

indexes are negative except OI/E. Thus, the hypothesis that there will be a period of financial 

performance decline after the adoption of cloud computing is supported. However, the assumption 

of improved financial performance is not fully validated due to the limited time frame.

Table 1. DID Analysis Results of Performance Measurements 

Variables 
ROA ROS ROE OI/A OI/S OI/E 

Estimate SD Estimate SD Estimate SD Estimate SD Estimate SD Estimate SD 

Intercept 3.278*** 3.970 9.253*** 3.170 -20.512*** 5.052 -3.184 4.569 1.789 8.580 2.465 0.866 

adopt 4.252 0.780 8.000*** 1.503 4.240*** 0.968 3.864*** 0.865 7.250*** 1.570 0.394 0.157 

after -0.505 0.584 -0.244 1.146 -0.862 0.735 -0.651 0.645 -0.378 1.196 -0.027 0.125 

adopt*after -2.083*** 0.799 -3.917** 1.590 -2.133** 1.012 -2.280*** 0.877 -3.675** 1.629 -0.114 0.165 

Size 0.101 0.399 0.381 0.299 2.845*** 0.509 1.014** 0.469 1.150 0.885 0.245 0.093 

Industry -0.757 0.582 -9.344*** 1.119 -0.985 0.689 -1.098* 0.655 -7.635*** 1.184 -0.202 0.136 

Internet Plus -0.105 0.682 -2.953** 1.307 0.233 0.841 0.280 0.751 -1.090 1.354 -0.463 0.136 
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R&D 0.011 0.066 0.927*** 0.128 0.274*** 0.086 -0.069 0.073 0.886*** 0.136 0.010 0.011 

Adjusted R2 0.130 0.210 0.148 0.126 0.188 0.307 

N 570 588 550 561 555 101 

∗p≤0.010, ∗∗p≤0.005, ∗∗∗p≤0.001. 

4.2 Moderating Effects of Internet Plus 

To investigate the moderating effects of Internet Plus, the samples are divided into two subgroups, 

with one consisting of enterprises adopting cloud computing with Internet Plus and their 

counterpart and the other do not. We then conduct the DID analysis to each subgroup. Overall, the 

DID values for the CC+Internet-Plus adopters are less than 0, and there is a clear downward trend 

during the first 3 years after adoption, with the fourth year's DID value increasing. In contrast, the 

DID values for CC-only adopters are greater than 0. Although the trends are not uniform, they also 

show a general decline, and increase in the fourth year. Since the DID values for the CC+Internet-

Plus adopters are lower than those for the CC-only adopters, Hypothesis 2 is thus preliminarily 

supported. 

5. Discussion and Implications for Practice

Cloud computing, as an innovation of the IT service model, requires the adopters to face a series

of challenges in the migration process of legacy information system to the cloud. It takes a period

of time to realize the business value of cloud computing by improving the adopters' financial

performance. Cloud adoption for Internet Plus is risky and complex, and fiercely shock the

organizations. Organizations will experience a remarkable financial performance decline.

However, this is not a criterion to reject cloud computing or Internet Plus. Instead, the findings of

this paper remind the managers to be fully prepared for the adoption of cloud computing and

Internet Plus. Whether to adopt cloud computing is closely related to the development strategies

of the enterprises, and managers should make rational decisions based on its actual situation.

Managers need to take into account such factors as industry specification, system flexibility, and

business complexity before adopting cloud computing and Internet Plus strategy transformation.

When an organization decides to adopt cloud computing and Internet Plus, the adopter must

undergo process reorganization, cultural reconstruction, or strategic adjustment to match the

organizational context to adapt to the new models as quickly as possible and gain a competitive

advantage(Jin et al. 2018).
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Impact of Multiplatform Adoption on Customer Purchase Behavior 

Abstract 

With the rapid growth of online platforms, sellers opened web stores on various platforms in order 

to reach more potential shoppers. However, they face obstacles to increase customer value and 

maintain strong relationship. Inspired by multichannel customer literature in online offline and 

mobile situation, this research empirically tests purchase behavior change after a consumer 

adopts multiple platform channels of the seller. Result shows that: (1) Consumers purchase more 

frequently and have higher purchase volumes after adopting a second platform store belonging to 

the retailer. (2) After adopting the additional platform, there is no significant change in spending 

on the original platform. Our findings provide insight for online platform sellers and the study 

contributes to the literature by extending prior research on multichannel shopping behavior into 

the online multiplatform environment. 

Keywords: Online platform, Multichannel, Purchase behavior, Electronic commerce 

1. Introduction
The online ecommerce multisided platform (henceforth “online platform”), also known as the

online marketplace, connects sellers and buyers and facilitates their online transactions. Today,

online platforms are so popular that sales of online platform have accounted for half of global

online retail sales (Forrester Research 2017). Moreover, based on a global survey by Forrester

Research, half of online shoppers make purchases through the online platform more than three

times per month, while over a quarter of them shop on four or more different platforms (Forrester

Research 2016).

Therefore, if sellers want to start their online business, online platform is the channel they cannot

be ignored. However, sellers also face fierce competition in online platforms. Because huge

amount of competitors is available for shoppers to choose. Due to the competition, some sellers

implement a multichannel strategy by opening web stores in multiple platforms to reach more

potential shoppers. According to Feedvisor Consulting’s survey of 1,600 Amazon third-party

sellers, 65% also have stores on eBay (Feedvisor 2017).

Despite the multichannel strategy, seller still experience great obstacles to manage their customers.

First, online platform provides convenient search tools, which enable shoppers to find the seller

that offers lowest price. This may cause a lower level of customer value for sellers in online

platform. Second, switching cost is low in online environment (Brynjolfsson and Smith 2000), so

sellers may lose their customers easily because customers could transfer to other competitors freely.

As a result, it is vital for online platform sellers to increase customer value and build a strong

customer relationship.

Prior research suggested that online-offline multichannel customers are more active and valuable

than single channel customers (Montaguti et al. 2016; Neslin et al. 2006; Thomas and Sullivan

2005). This pattern also holds in online-mobile multichannel situation (Huang et al. 2016; Xu et

al. 2017). As a result, we particularly interested in “customer who purchases from more than one

platform web store belongs to the same seller”, which we defined as “multiplatform multichannel

customer”. We want to test if multichannel customers are also more active than single channel
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customers in online platform setting. And if the seller should target this customer segment to 

increase customer value. Specifically, we ask the following empirical question: What is the effect 

of multiplatform adoption on customer purchase frequency, order size and spending as a whole 

and in original channel respectively? 

2. Literature Review
Multichannel customer researches have direct association to multiplatform customer behavior.

Multichannel refers to a context in which the retailer builds multiple channels to reach different

customers base (Rangaswamy and Van Bruggen 2005). Multichannel customer value is a classic

and fundamental research area for multichannel research (Neslin et al. 2006; Neslin and Shankar

2009). Previous research on multichannel customer value have been discussed under offline to

online, online to offline and online to mobile situations. Early studies found that online offline

multichannel shopping correlated to higher purchase volumes (Thomas and Sullivan 2005).

In online to offline situation, similar to offline to online, consumer become more active after

purchasing from brick-and-mortar stores of the retailer. They tend to switch to offline channel in

short term because of greater convenience (Avery et al. 2012). But in the long run, they will

increase purchase in online channel because offline channel provides more product information

and lowers the return risk (Bell et al. 2018). In online to mobile situation, it has been shown that

consumers purchase more frequently in total after adopting mobile channel but will also migrate

to mobile channel from PC channel, which is due to better access and portable capability of mobile

devices (Huang et al. 2016; Xu et al. 2017).

As discussed above, multichannel customer purchase behavior under online platform situation is

still a missing part in multichannel customer research. But prior research conclusion could not be

applied to online platform situation directly. Further empirical test is needed.

3. Research Background and Quasi-Experiment Setting
In this section, we describe the empirical background and setting a quasi-experiment combine with

propensity score matching method to control for self-selection effect.

3.1 Empirical Background 

Our research data is provided by a pure-play women’s apparel seller, whose clothing is targeted to 

young lady with age between 16-28. The seller only has online platform channels and has not 

established proprietary online store and brick and mortar stores. The seller first entered in 

Tmall.com platform (hereinafter referred to as "Tmall") in September 2011 and become one of the 

best-selling women's wear brands in Tmall in 2014. In March 2013, the seller entered in third party 

platform of online retailer JD.com (hereinafter referred to as "JD"). The seller implements the same 

operation strategy on two platforms, including consistent product, price and marketing activities. 

3.2 Quasi-experiment Setting 

The focal seller selected all customers who made their first purchase before JD platform opened, 

then provided transaction data of these customer from September 18, 2011 to December 31, 2015, 

which included customer ID, order time, spend amount, number of products selected, order status 

(complete, cancel or return), and platform channel used. In addition, the seller provided geographic 

location including city and province of each customer’s delivery address. 

In order to explore the impact of JD platform channel adoption to Tmall consumers, the JD 

platform channel opened was considered as a natural shock. We first select consumers who made 
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at least one purchase before and after JD platform channel opened. Based on quasi-experiment 

setting, consumers are further divided into two groups: (1) consumers who only purchased through 

original channel and (2) consumers who purchased through both the original channel and JD 

platform channel by the end of the sample period. As a result, we got 48043 Tmall single platform 

consumers as control group consumer and 1226 Tmall-JD consumers as treatment group consumer. 

3.3 Propensity Score Matching and Matching Result 

In order to solve this self-selection problem and reduce the potential difference between the 

treatment and control group, we utilized propensity score matching (PSM) strategies to derive a 

sample of control group consumers who were similar to the treatment group consumers in terms 

of observed characteristics before the platform opened. Variables of the PSM model include 

consumer’s RFM measures and geographic variables, e.g. if the consumer lived in capital city and 

city size based on consumer’s address. 

We then use one-on-one matching without replacement algorithm to derive pairs of closest 

matched single channel consumer and multichannel consumer. And we use strict criteria that the 

matched single channel consumer should under a caliper size 0.05 times the standard deviation of 

the propensity scores. After matching procedure, we construct the final sample with 1224 treatment 

group and control group consumers.  

We check if the common support assumption by comparing the overall distributions of propensity 

scores of the treatment group, matched and unmatched control group consumers through box plots 

and histograms (Huang et al. 2016). Figure 1 shows that propensity score distribution is more 

similar between matched control consumers and treated consumers than unmatched control 

consumers. Kolmogorov–Smirnov test also reveals that propensity score distribution between 

matched control group and treatment group consumers is insignificant. 

Figure 1. Propensity score distribution of each group 

We further construct consumer-month panel data based on samples produced by PSM. Purchase 

frequency, order size, spending per consumer per month is calculated. For every matched control 

consumer, their channel adoption month is set as same as correspond treatment consumer. After 

organized the data, we had 2448 consumers and each of them with 52 months’ observations. 

4. Models and Results
In this section, we first provide a visual trend of purchase frequency of multiplatform consumer

and single channel consumer. Then we estimate the effect of multiplatform adoption on customer

purchase behavior with a difference-in-difference model and present the estimation result.
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4.1 Model Free Evidence 

Before apply the econometric model, we first show the trend of the average purchase frequency of 

JD channel adopter and single channel consumer during the observation period. The purchase 

frequency of JD channel adopter is further divided into total purchase frequency and purchase 

frequency in origin channel (Figure 2). 

Figure 2. Average monthly purchase frequency of Tmall consumers 

Figure 2 shows two interesting patterns. First, the average monthly purchase frequency is similar 

between JD channel adopter and single channel consumer before JD platform open, suggesting 

the good quality of matching procedure. Moreover, the changing trend is consistent of these two 

groups, suggesting common trend assumption for difference-in-difference model holds. Second, 

JD channel adopters have higher average monthly purchase frequency than single channel 

consumers till the end of observation period. This suggest that multichannel adoption could also 

stimulus purchase demand in online platform environment. 

4.2 Econometric Model Specification 

Difference-in-difference model is used to estimate consumer’s purchase behavior change induced 

by channel adoption. In particular, by assigning the exact adoption date of JD channel adopter to 

the matched nonadopter, the difference-in-difference approach estimates the average treatment 

effect on the treated (ATT). The model specifications include random effect and two way fixed 

effect: 

𝑌𝑖𝑡 = 𝛽0 + 𝛽1 × 𝑇𝑟𝑒𝑎𝑡𝑖 + 𝛽2 × 𝐴𝑑𝑜𝑝𝑡𝑖𝑡 + 𝛽3 × (𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐴𝑑𝑜𝑝𝑡𝑖𝑡) + 𝜀𝑖𝑡 (1) 

𝑌𝑖𝑡 = 𝛽0 + 𝛽2 × 𝐴𝑑𝑜𝑝𝑡𝑖𝑡 + 𝛽3 × (𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐴𝑑𝑜𝑝𝑡𝑖𝑡) + 𝜇𝑖 + 𝜏𝑡 + 𝜀𝑖𝑡 (2) 

Where 𝑌𝑖𝑡  is dependent variable, which is purchase frequency, 𝐿𝑜𝑔(𝐹𝑟𝑒𝑞𝑖𝑡) , order size,

𝐿𝑜𝑔(𝑂𝑆𝑖𝑡), or monetary spending, 𝐿𝑜𝑔(𝑆𝑝𝑒𝑛𝑑𝑖𝑡) of consumer 𝑖 in month 𝑡 in both channel and

in original platform channel. All dependent variables are log-transformed to produce an elasticity 

interpretation of consumer’s platform channel adoption on purchase behavior. 𝑇𝑟𝑒𝑎𝑡𝑖 is denoted

with 1 if the consumer has ever purchased from JD channel within the observation period and 0 if 

otherwise. 𝐴𝑑𝑜𝑝𝑡𝑖𝑡 is a binary variable that will be a 1 for the month a consumer used JD channel

and subsequent months and a 0 for periods before that month. The coefficient 𝛽3 for interaction

term 𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐴𝑑𝑜𝑝𝑡𝑖𝑡  is the difference-in-difference estimator that captures how treatment

group consumer’s purchase behavior changes after JD channel adoption in contrast to that of 
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control group in the same period. In fixed effects model, we included consumer-specific fixed 

effect 𝜇𝑖 and time fixed effect 𝜏𝑡 to control for the unobserved heterogeneity across consumers

and changes over time common across all consumers. 

4.3 Empirical Result 

The difference-in-difference estimation results are presented in Table 2. 

Table 2. Difference-in-Difference estimation result 

Total Freq Total OS Total Spend Origin Freq Origin OS Origin Spend 

Random effect model 

Treat 0.026*** 

(0.008) 

-0.019

(0.022)

0.051 

(0.033) 

0.030*** 

(0.008) 

-0.022

(0.023)

0.071* 

(0.032) 

Adopt 
-0.125***

(0.005) 

0.150*** 

(0.024) 

-0.605***

(0.020) 

-0.126***

(0.005) 

0.151*** 

(0.024) 

-0.608***

(0.020) 

Treat*Adopt 
0.066*** 

(0.007) 

0.071* 

(0.030) 

0.423*** 

(0.033) 

0.000 

(0.007) 

-0.010

(0.034)

0.022 

(0.031) 

Fixed effect model 

Adopt 
0.042*** 

(0.006) 

-0.033

(0.033)

0.222*** 

(0.028) 

0.007 

(0.006) 

-0.047

(0.034)

-0.000

(0.027)

Treat*Adopt 
0.070*** 

(0.008) 

0.109*** 

(0.033) 

0.449*** 

(0.035) 

0.002 

(0.008) 

0.004 

(0.038) 

0.029 

(0.033) 

Sample size 94205 12616 94205 94205 11166 94205 

Result shows that the coefficient of interaction term of total purchase frequency, order size and 

spending in both random effect and fixed effect model are positively significant, which indicates 

that total purchase frequency, order size and spending of the JD channel adopter increased 

compared with single channel consumers. Based on results of fixed effect model, customer who 

adopt JD channel spending 53.96% more than single channel consumers. 

Meanwhile, the coefficient of interaction term for multiplatform adopter’s purchase frequency in 

original channel is insignificant, demonstrating that purchase demand, order size and spending will 

not change even though Tmall consumers adopt JD channel. 

These two results suggest that for existing consumers in Tmall, adopting JD channel have positive 

impact on purchase demand and the increasing overall purchase frequency is attributed to the new 

channel. In other words, it indicates that the consumer utilizes the advantages of both channels and 

used these channels simultaneously based on specific purchase condition.  

5. Conclusion
With growing importance of online ecommerce platform, sellers need to enter in online platform

to expand online. Furthermore, in order to deal with fierce competition in platform, seller start to

open web stores in multiple platforms. However, sellers still have difficult to maintain customer

relationship and increase customer value. Following multichannel customer literature, we

investigate multichannel customer value in online platform situation by empirically test

multiplatform adoption on customer purchase behavior.

Utilizing a unique longitudinal dataset provided by an online women’s clothing seller that has

opened identical web stores on two leading Chinese e-commerce platforms, we construct a quasi-

experiment and rely on propensity score matching with the difference-in-difference econometric
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technique to control for the self-selection effect. Result shows that (1) existing customers’ total 

purchase frequency, order size and spending increase after adopting multiple platform channels. 

Specifically, overall spending increase by 54% after customer become multiplatform. (2) purchase 

frequency, order size and spending do not change significantly even though customer adopts 

multiplatform. This indicates that consumer utilizes the advantages of different channels and used 

these channels simultaneously based on specific purchase condition. 

This study provides managerial implications directly useful for online platform sellers. Seller 

should implement multiplatform strategy and encourage existing customer use multiplatform. 

Theoretically, this study contributes to multichannel customer management literature by extending 

the situation into online platform channels.  
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Abstract 
This paper analyzes two closed-loop supply chain models. The forward logistics of 

these two models is the same: the manufacturer has two sales channels, the difference 

is that one reverse logistics is the retailer recycling, and the other is that the 

manufacturer and the retailer recycle together. We separately analyzed the impact of 

competition between two sale channels and the conflict between two recycling channels 

on the decisions of all parties of the supply chain. We compare the two different 

recycling models and provides advice on the recycling decisions for the manufacturer. 

Keywords: Close-loop supply chain, Recycling channel, Remanufacturing 

1. Introduction
Remanufacturing has an enormous potential in improving the sustainability in CLSC

(Jena and Sarmah 2015). A large of enterprises such as Xerox, and IBM have adopted

remanufacturing processes within their operations (Sharma et al. 2016; Dev et al. 2017).

It shows that the research of remanufacturing is a great practical significance. Firms

must manage both the forward and the reverse channel of the supply chain, integrating

the two to form what is now commonly called a closed-loop supply chain (CLSC). For

the forward channel, many researches study the optimal pricing strategy in a CLSC for

the manufacturer and the retailer under single sale channel (Gan et al. 2015; Huang Y

and Wang Z 2017). Most of these publications main study the pricing under single sales

channel but with the rapid growth in Internet usage, manufacturers sell products to

consumers not only through traditional retail channels but also through the Internet

channel (Ding et al. 2016). So we study the impact of competition on the decision of

all parties with dual-channel sales. For the reverse channel, studies have discussed the

issue of the main body of recycling through analysis of single recycling channel. We

investigate who, namely, manufacturer or retailer, should collect the products (Genc et

al.2016). We consider direct collection by the remanufacturer, indirect collection by the

retailer, and coordinated collection between the remanufacturer and the retailer (Jena

and Sarmah 2014). Even though more studies have discussed the issue of the main body

of recycling in CLSC, there is scant literature compare the single recycling channels

and dual recycling channels and analyze the impact of conflicts under recycling

channels on all parties. To fill this void, we main study these problems and the

conclusion will advise the decision of the manufacturer on recycling.

2. Model notations and assumptions
In order to simplify the analysis, the following assumptions are given. Assumption 1:

The cost of remanufactured products is less than the cost of newly manufactured

products; Assumption 2: Remanufactured products and newly manufactured products

1 Acknowledgment: This research was supported by the National Natural Science Foundation of China (Grant 

71502132), China Postdoctoral Science Foundation (Grant 2018M631126), the Fundamental Research Funds for the 

Central Universities (Grants 20101176073 and 20106185096). 
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are homogeneous in the market, so there is no difference in their sales prices (Gao et al. 

2015); Assumption 3: The manufacturer is the leader of Stackelberg game, and all 

parties in the supply chain are rational man. Figure 1 shows these two models. 

 

The notations in this paper as follows: 
i

m represents manufacturer's profit (i =M or MB, represent different supply chain

model); i

r  represents retailer's profit; i

b  represents recycling company’s profit; 1

i

mp

represents manufacturer’s wholesale price; 2

i

mp  represents manufacturer's direct selling 

price; i

mp represents manufacturer’s recycling price; i

rp represent retailer's retail price;
i

bp represents recycling company’s recycling price;
1D represents the demand for 

manufacturer direct sales;
2D represents the demand for manufacturer's wholesale;

1mc

represents new manufacturing cost;
2mc  represents remanufacturing cost;  represents 

remanufacturing cost savings(
1 2 0m mc c    );  represents the quantity of product for 

free recycling of consumers ( the environmental awareness of consumers) 0  ;   

represents the coefficient of price on recycling 0 1  ; k  represents competition 

coefficient of recycling channels 0 1k    ;  represents cross-price impact of sales

channels 0 1  ;   represents retailer's market share 0 1  ; a represents total 

market demand( 0a  ); i

bQ represents the quantity of recycling company recycling; i

mQ

represents the quantity of manufacturer recycling. 

3. Model
The closed-loop supply chain has two sales channels, one is that the manufacturer sells

directly to the consumer at price 2

i

mp , the other is the manufacturer wholesales to the

retailer at price 1

i

mp , the retailer sells it directly to the consumer at price
i

rp . The demand 

of manufacturer's wholesale selling is 1 2

i i

r mD a p p    ,  means the retailers’ market 

share in sales channels, a means the total market demand,  means the cross-price 

impact coefficient between two sales channels. Demand of the manufacturer direct 

selling is 2 2(1 ) i i

m rD a p p     . 

For recycling channel, there are two recycling models, one is that the recycling 

company, the second is that the manufacturer and the recycling company recycling 

together. In the M recycling model, the recycling company recycling recycling from 

consumers at price
M

bp , then the manufacturer recycling from the recycling company at 

price
M

mp ,the quantity of the recycling company is +M M

b bQ p  .  means the coefficient 

of price on recycling. In the MB recycling model, the manufacturer recycling from 

consumer at price 
MB
mp , the recycling company recycling from consumers at price

MB

bp , 

the manufacturer recycling from the recycling company at price
MB

mp .The quantity of the

manufacturer recycling is MB MB MB
m m bQ p kp    , k means the coefficient of influence of 

price on recycling, k  means the sensitivity of the quantity recycled by the recycler 

Figure 1: Two conceptual models of Remanufacturing 
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to its own price is greater than the sensitivity of the competitor's recycle price. The 

quantity of the recycling company recycling is MB MB MB
b b mQ p kp    . 

3.1 Research on Model M 

The profit of all parties with model M as: 1 1 1 2 2 2( ) ( ) ( )M M M M M

m m m m m m bp c D p c D p Q       ,

1( )M M M

r r rp p D   ,
M M M M M

b m b b bp Q p Q   .We assume all parties decentralized decision-

making in supply chain. As the leader of the game, the manufacturer first determines 

his own optimal decision variable 1 2( , , )m m mp p p ,then the retailer determine rp and 

recycling company determine bp .We solve the two-stage sequential game model using 

backward induction method. we can get the optimal sales price and recycling price as: 
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In turn, the optimal recycling quantity of the three recycling channels as: *

4

M

bQ
 

 .

Furthermore, we can get the optimal profits for all parties as follows: 
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In order to study consumer environmental awareness impact on all parties, we analyze 

the change of the consumer environmental awareness as follows: 

Proposition 1: With the improvement of consumers’ awareness of environmental 

protection, the recycling price of recycling company and the recycling price of 

manufacturer continue to decrease, but the recycling quantity of the recycling company, 

the profits of the manufacturer and the profits of recycling company increase. 

Proof: 
* *1 3

0, 0;
2 4

M M
m bp p * * *1

0 0 0
4 4 8

M M M
b m bQ

， ，
   

    

   
     

  
. 

The recycling price of the recycling company will decrease with the increase of 

consumers’ environmental awareness; consumers will recycle more products for free.  

Study market share of sales channels as follows: 

Proposition 2: As the retailer’s market share increases, the manufacturer wholesale 

price and the retailer retail price increase, while the direct selling price of the 

manufacturer decrease. 

We get the effect of the change of retailer's market share on manufacturer's profit. 

(1) When 
2

1 12

3

m ma c c

a a






 



, the profit of the manufacturer will increase with the 

increase of retailer's market share; 

(2) When
2

1 12
0

3

m ma c c

a a






 
 


, the profit of the manufacturer will decrease with the 

increase of retailers' market share. 

Proof:
*

1[( 1) +a ]

8

M

mr
a c 




 


，only 1( -1)mc

a


  , the profit of retailer be increased with
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1 1[(3 2) ]
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,only
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, the manufacturer profit 

be increased.
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. The manufacturer 

should control the direct selling and wholesale price to control the corresponding 

market share so as to maximize the profit. 

We want to research the impact of competition between dual sales channels on all 

parties in the supply chain, we analyze the competition as follows: 

Proposition 3: As the cross-price impact factor of the two sales channels increases, the 

manufacturer’s direct selling and wholesale price and the retailer retail price increase. 

Proof: 
* * 2

1 2

4 2 2 2

[ ( 2 ) 1] [ ( 2 1) 2 ]
0, 0,

2 4 2 2( 1)

M M

m mp pa a        

    

       
    

    
  

4 2 2*
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0

4 8 4
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With the competition between sales channels continues to intensify, the manufacturer 

and the retailer will increase the sale price.  

3.2 Research on Model MB 

In the same way, we can get the revenue function for all parties as: 1( )MB MB MB

r r rp p D   , 

1 1 1 2 2 2( ) ( ) ( )( )MB MB MB MB MB MB

m m m m m m b mp c D p c D p Q Q        , MB MB MB MB MB

b m b b bp Q p Q   . 

As the same method as model M, we can obtain the optimal sales price and recycling 

price by using the backward induction method as:  
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The optimal recycling quantity of two recycle channels as follows: 
3 2 2 2 2 3 2 2 2 2
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Then we get the optimal profits for all parties as follows: 
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We analyze the impact of competition between dual sales channels on all parties in the 

supply chain as follows: 
Proposition 4: As the competition coefficient of recycling channels increases, the 
recycling price of the manufacturer and the recycling company will decrease. 

Proof:
* *

2 2

2
0, 0

3( ) 3( )

MB MB

m bp p

k k k k

 

 

 
     

   
. 
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The manufacturer and the recycling company will reduce the recycling price 

accordingly the recycling price in order to obtain higher profits. 

3.3 Compare Model M with Model MB 

Study recycle price for single-channel recycling and dual-channel recycling as follows: 

Proposition 5: Compare with the Model M, the recycle price of the manufacturer and 

the recycling company will decrease in the Model MB. 

Proof:
* * * * 2

0; 0
3 ( ) 3 ( )

MB M MB M

b b m m

k k
p p p p

k k

 

   
       

 
.

The manufacturer will lower the recycling price according to the recycling price of the 

recycling company. The retailer can only lower the recycling price. 

We analyze of the manufacturer's recycling decisions as follows: 

Proposition 6: From the perspective of maximizing the profit of the manufacturer, the 

manufacturer’s strategy for recycling is： 

(1) When
2 2 2 2

2 2

( ) 8
0

9 ( )

k

k

   


 

 
 


, the * *MB M

m m  , the manufacturer should recycle.

(2) When
2 2 2 2

2 2

( ) 8

9 ( )

k

k

   


 

 



,the * *MB M

m m  , the manufacturer should not recycle. 

Proof:
3 2 2 2 2 2 2 2 2 2 4 2

* *

2 2

(18 9 9 2 9 )

36 ( )

MB M

m m

k k k k k

k

          

 

    
  


, 

if 
2 2 2 2

2

2 2

( ) 8

9 ( )

k

k

   


 

 



, * * 0MB M

m m   , because 0  , proposition 6 is proved. 

The manufacturer can make more profit only recycling under certain conditions. 

4. Sensitivity analysis
We analyze the above model by a numerical example. We assume 120 20,a，  

1 20.5, 0.7, 20, 32, 10, 0.8, 0.6m mc c k          . 

Figure 2: Recycle price 

with α 

Figure 3: Recycle 

quantity with α 

Figure 4: Profit with α 
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Figure 5: Sales price with 

μ

Figure 6: Retailer's profit 

with μ

Figure 7: Sales price 

with θ

Figure 8:Recycle price 

with k 

Figure 9: Manufacturer 's 

recycle price with M 

Figure 10: Profit with η 

The above figure 2 to 10 verify the proposition 1-6 with data simulation, and the trend 

of the image is consistent with the conclusion of the proposition. 

5. Conclusion

This paper provides advice on the sales and recycling decisions of all parties in the

supply chain by analyzing the dual-channel sales in the closed-loop supply chain and

we compare the recycle with single-channel and dual-channel, the conclusion provide

the recycle decision for the manufacturer.

References 

1. Jena S K , Sarmah S P . Measurement of consumers' return intention index towards

returning the used products[J]. Journal of Cleaner Production, 2015, 108:818-829.

2. Sharma V , Garg S K , Sharma P B . Identification of major drivers and roadblocks

for remanufacturing in India[J]. Journal of Cleaner Production, 2016, 112:1882-

1892.

3. Dev, Navin K. , R. Shankar , and A. Choudhary . "Strategic design for inventory

and production planning in closed-loop hybrid systems." International Journal of

Production Economics 183.Part B(2017):345-353.

4. Huang Y, Wang Z. Information sharing in a closed-loop supply chain with

technology licensing[J]. International Journal of Production Economics, 2017:

S0925527317301706.

5. Ding Q , Dong C , Pan Z . A hierarchical pricing decision process on a dual-channel

problem with one manufacturer and one retailer[J]. International Journal of

Production Economics, 2016: S092552731600058X.

6. Genc, Talat S. , and P. D. Giovanni . "Trade-in and save: A two-period closed-loop

supply chain game with price and technology dependent returns." International

Journal of Production Economics (2016): S092552731630158X.

7. Jena S K , Sarmah S P . Optimal acquisition price management in a remanufacturing

system[J]. International Journal of Sustainable Engineering, 2014, 7(2):154-170.

8. Gao J , Han H , Hou L , et al. Pricing and effort decisions in a closed-loop supply

chain under different channel power structures[J]. Journal of Cleaner Production,

2015: S0959652615000700.

270



A Motivational Barrier to Marketing Information Sharing by Social Media: 

Evaluation Apprehension and System Feedback Feature 

Xu Li 

School of Business, Renmin University of China 

elina0209@163.com 

Kanliang Wang  

School of Business, Renmin University of China 

klwang@ruc.edu.cn 

Abstract 

Social media embedded with commerce is a new trend, more and more marketing information is 

disseminated in social media. The extensive literature has explored the stimulus factors of user 

sharing behaviors from a positive perspective. In this paper, we will reveal a motivation barrier 

to sharing behaviors specific to the marketing information (divided into two types, help-seeking 

and non-help-seeking) from the negative perspective based on the evaluation apprehension theory. 

First, we will examine the positive effect of perceived sharing value (perceived self-interest value 

and perceived altruistic value) on sharing behavior. Then, we propose that the evaluation 

apprehension may weaken this positive effect. Finally, we will investigate the alleviating effect of 

system feedback feature (information display mode of audience feedback) on the moderating effect. 

This paper will provide managerial and practical guidelines on how to promote users to share 

marketing information more actively with less apprehension. 

Keywords: Evaluation Apprehension, System Feedback Feature, Social Media, Marketing 

Information, User Sharing Behaviors  

1. Introduction
Social media embedded with commerce is a new trend and fast-growing model that more and more

sellers publish various marketing information by social media platform such as WeChat, Weibo.

Utilizing social connections in social networking can facilitate the rapid dissemination of

commercial information, realize viral marketing effectively, and promote commerce eventually

(Han et al. 2018; Osatuyi and Qin 2018). In this paper, we deviated the marketing information (MI)

in two types: help-seeking (HMI), such as group buying information, get likes for a free of charge,

and non-help-seeking (NHMI), like new product release information, word of mouth information.

The difference between them is whether the information needs the help of others.

However, it's worth noting that there has a principle of 90-9-1 in an internet community, which

states that 90% of the participants view content, only 9% of the users like, review or share contents,

and 1% of the users actively create new contents (Van Mierlo 2014). The latest report of social

media impact from Kantar(2018) showed that above 93% users believed that social media has had

a series of negative effects on their lives, one of them is forced to do something they don't want to

do, like helping others to vote or obtain the special prices. At the same time, for the HMI in group

buying deals, iiMedia Research (2018) reported that over 19.8% users didn’t like the sharing way

of sacrificing their social relationship to get preferential prices. These results reflect the effect of

the incentive mechanism designed by merchants and platform operators is not satisfactory.

Our study focuses on the user sharing (forwarding) behaviors, which has received substantial

attention in practice and in the academic literature. Numerous studies have explored and revealed

the sharing motivations from the perspective of information (e.g., information characteristics), user

(e.g., emotions), and system (e.g., system usability). Nevertheless, most studies didn’t distinguish
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the types of messages, the others pay more attention to the setting of news (Osatuyi and Qin 2018), 

health and medical crowdfunding (Li and Yang 2018) information sharing. A few studies explored 

user motivations for sharing commercial information contents on their personal social network 

sites only from positive perspective, like environmental stimuli (Zhang et al. 2014), self-interest 

incentive(Fu et al. 2017), extrinsic financial incentives (Li et al. 2017; Vilnai-Yavetz and Levina 

2018) and social desire(Ko 2018). None of them considered the moderated effect of negative affect 

and motivation barriers to users sharing behaviors specific to marketing information. 

Actually, sharing marketing information with the economic and business attributes in social media 

may disclose the personal information like economic level, consumption concept, and 

consumption preference which is involved individual privacy. Latest research had found that users 

did not like to share commercial contents in their personal social networking sites because of the 

diverse categories of friends in closed social networks (Liu et al. 2018), and they believed the 

recipients would filter these contents. Furthermore, the audience feedback has always been the 

core concerns of users(Hildebrand et al. 2013). Thus, it needs to consume more cognitive resources 

to trade off before sharing, which makes them more cautious with their words and actions.  

Thus, this study addresses the following three research questions: (1) Will users certainly share 

the marketing information as long as it is of high value (benefit to disseminator and the audience)? 

If not, what’s the role of evaluation apprehension in this sharing context? (2) What’s the difference 

mechanism sharing between help-seeking and non-help-seeking marketing information? (3) Can 

system feedback feature influence social media user sharing behaviors effectively?  

In this paper, we develop a research model of user marketing information (HMI and NHMI) 

sharing behaviors that integrates the existing views to extend our understanding on social e-

commerce sharing behaviors, including not only the positive incentive factors (perceived sharing 

value) but also the evaluation apprehension from a negative perspective, at the same time, focus 

on the impact of system features on user sharing process.  

We will examine the underlying reasons why users reluctant to share marketing information. This 

will complete IS users sharing behaviors related theories from negative perspective. Our research 

underscores the importance of audience response to information sharers and explore the users’ 

evaluation apprehension from offline to online sharing context. Practically, this research will 

provide useful guidelines for social e-commerce companies on how to display the feedback 

information and adjusting community atmosphere to decrease the users’ apprehension and push 

them to share marketing information more actively. 

2. Literature Review

2.1 Information Sharing Behavior 

Our study is in the setting of marketing information sharing in social media. Previous studies have 

explored the positive stimulus and motivations(internal and external) of user sharing behaviors, 

like altruism(Ma and Chan 2014), self-interest (Fu et al. 2017), communal incentive and the 

sources of news (Coppini et al. 2017). But we are interested in the question of what hinders the 

users’ sharing behaviors. In a recent study, Cheung et al. (2015) have examined the relative impacts 

of perceived benefits and perceived costs on self-disclosure behaviors in social networking sites. 

But only one cost of privacy risk was involved in this paper. In order to comprehensively reveal 

the process of user sharing, affective experience is an indispensable part. Present studies have 

shown that using social media has caused negative emotions of users to some extent(McCord et al. 
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2014), then it will affect the subsequent user behaviors. This research will find the motivation 

barrier of marketing information sharing with negative emotions.  

On the other hand, information sharing behavior is naturally a process of information 

dissemination consists of disseminator, audience, information, media, and feedback. Effective 

feedback can reduce the negative emotions caused by uncertain information(Hildebrand et al. 

2013). Current studies either explore information dissemination process from the perspective of 

disseminators or audience and this study focuses on the former and with the audience’s feedback 

meanwhile. Peng et al. (2018) have considered the impact of the network overlap (common 

connections between a sender and a receiver) on user sharing behaviors. But they just investigated 

from the perspective of sender–receiver dyad, not taking account from a system point of view. 

Although plenty of researches have emphasized the significance of system quality and service 

quality generally of information system (Chai and Kim 2012), but they didn’t exact to the specific 

characteristics of system, which affects the user experience more directly. Hildebrand et al. (2013) 

have found that community feedback, especially the negative evaluation tends to decrease 

consumers’ participating enthusiasm. Based on it, we will further explore the role of system 

feedback feature in the marketing information sharing process.  

2.2 Evaluation Apprehension 

Evaluation apprehension, an anxiety-toned concern about the evaluation of others or a bad 

expectation that others may give negative comments to themselves, was first proposed by Watson 

and Friend(1969). Weeks et al. (2005) assumed that people become apprehensive because they are 

worried that the ensuing evaluative feedback will threaten their self-esteem, which development 

and expand the evaluation apprehension theory from a social cognitive perspective. 

It is very common to engender evaluation apprehension, including interviewing for jobs, attending 

parties, taking tests, undergoing psychological assessment, giving speeches, and being implicitly 

scrutinized during mundane conversations (Leary et al. 1987). In addition, the negative effect 

between evaluation apprehension and performance has been revealed in many offline contexts. For 

example, in the group decision making process, employees are reluctant to express their own 

opinions and act cautiously because of the fear of negative consequences that may result from a 

poor performance or the different opinions with others. This will lead to the effect of conformity 

about information and decision eventually (Li et al. 2002). But the role of evaluation apprehension 

in online activities, tentatively has not attracted sufficient attention to academics. 

Actually, users are always conscious of an audience being present when they present themselves 

in daily online interactions (Ranzini and Hoek 2017). A study has found that users would imagine 

the reaction of receivers and predict the results before they disclose information in social network 

sites, to maintain or improve their impression (Cheung et al. 2015). Both studies are closer to our 

study, but they didn’t reveal the specific psychological mechanism behind it. The role of evaluation 

apprehension played in online interaction remains unspecified and untested. This study, based on 

the above considerations of the issue, through empirical research will try to fill this gap. 

3. Research Model and Hypotheses

3.1 Information Sharing Value 

Based on social exchange theory, the process of marketing information sharing, though a social 

activity, is similar in many ways to an economic exchange, users will weigh the costs and benefits 

before make decisions(Bordia et al. 2006; Steinfield et al. 2008). In this study, we will measure 
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the perceived sharing value (benefits) in two aspects: usefulness to the disseminator and the 

recipient benefits perceived by information senders. 

Firstly, when users share marketing information to others, they could obtain the rewards, enhance 

the interaction with others, decrease the loneliness, earn their reputation or build prestige in some 

specific field (Fu et al. 2017; Steinfield et al. 2008). Further, these self-interest incentives might 

drive sharing behaviors. On the other hand, the commercial contents can also bring discounts and 

conveniences to recipients. Perceived altruistic value is primarily a predictor of how helpful the 

information is to the audience. He and Wei (2009)found that users like continue sharing knowledge 

if they enjoy the pleasure of helping others. It is suggested that users’ sharing desire is more likely 

to be aroused easily when they perceive the high altruistic value. In addition, compared to NHMI, 

the HMI need others’ help with limited time, reflect the value of sharing more directly, so the 

effect of perceived value on sharing behavior may be stronger. Following from this, we propose: 

H1(a/b): Perceived value of sharing marketing information will be positively related to sharing 

behaviors, and the effect of HMI might be stronger than NHMI. 

3.2 Evaluation Apprehension on Social Media 

Sharing information is a way of impression management. One of the distinctive features of online 

impression management is that individuals can fully control the release of information, thus they 

can present themselves more strategically (Rosenberg and Egbert 2011). Furthermore, interacting 

with others make users can not only consider the sharing value from personal view, but concern 

about the response of the audience. Especially the marketing contents are tainted with more 

commercial which can expose personal consumer preference and economic level information. It 

may intensify the concerning for audience feedback, such as whether I can get the approval of 

others or change my impression from others after sharing the marketing information. These factors 

may arouse the user evaluation apprehension psychology as a motivational barrier to sharing. 

According to the loss aversion theory, people prefer avoiding losses to acquiring equivalent gains 

(Kahneman et al. 1991). In our research, the gain is the perceived sharing value, and the loss is the 

evaluation apprehension generated by sharing. Therefore, in the process of user sharing decision-

making, even if the perceived sharing value is very high, the user may still choose not to share 

because of worrying about the negative evaluation of the audience. Considering that sharing HMI 

might expose more private consuming information of senders and need more costs of participants, 

evaluation apprehension is more dominant in the sharing process. Thus, we put forward: 

H2(a/b): Evaluation apprehension negatively moderates the relationship between perceived value 

and sharing behaviors, the effect is greater in the help-seeking sharing. 

3.3 System Feedback Feature 

As a hedonic information system, the feedback mechanism of social media platform plays an 

important role in guiding user behaviors. In the process of marketing information sharing, the 

reaction of the audience although it happens after sharing but prejudged by senders before it, is an 

important feedback that senders are very concerned about. These feedback contents added by the 

participants’ opinions about the shared marketing information, contains number of likes, forwards, 

reviews, collections and readings even accurate to who, when and where. Different platform has 

the different system feedback feature (the display of feedback information) which is also known 

by users from experiences. Considering the user’s evaluation apprehension is precisely due to the 

uncertainty of recipients’ responses, we believe the more feedback information showed, the less 

uncertainty, the less effect of evaluation apprehension in marketing information sharing process.  
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Additionally, compare with NHMI, the HMI sharing might need more feedback to reflect the 

participation of audience. Hence, we propose the final hypothesis: 

H3(a/b): The richer the system feedback features, the weaker the moderating effect of the 

evaluation apprehension on the perceived information sharing value - user sharing behavior link, 

and having a greater weakening effect with the HMI. 

Based on the above mentioned, we present our research model in Fig. 1. 

Perceived Self-

interest Value

Evaluation Apprehension

Sharing behaviorH1a,b

Perceived 

Altruistic Value

H2a,b

System Feedback 

Feature
H3a,b

Marketing Information 

Sharing Value

Types：

（a）Help-Seeking Marketing Information（HMI）

（b）Non-help-Seeking Marketing Information (NHMI)

Fig. 1. The research model of user marketing information sharing behaviors. 

4. Conclusion
This study develops a research model of user marketing information sharing behaviors from the

holistic perspective, focus on the interactive effect of perceived sharing value, evaluation

apprehension and system feedback feature. However, the subject for future research is the testing

of our framework in an empirical setting. We intend to use an empirical research method

combining experiment with interview to understand the whole sharing process deeply. Specifically,

we will conduct an online experiment to test the effect of perceived sharing value, evaluation

apprehension on sharing behaviors firstly, and then manipulate the market information, sharing

context and the type of feedback that may affect the process of sharing. After that, we will

interview the participants to know the more details in this process and their daily using behaviors.

Finally, we will adopt ANOVA and SEM (Structural Equation Model) to analyze our results.
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Do Firms Prefer Likers or Doubters?

Zhenhua Wu1, Xueyan Yin2, Fan Zhang2, and Pei-Yu Chen2

1School of Business, Nanjing University
2W. P. Carey School of Business, Arizona State University

Abstract

The socialmedia has emerged as an appealing new channel for firms to promote products/services.
A fundamental but largely unanswered question is how would the firm use social media to promote
products. We address the question by focusing on the movie industry and developing a dynamic
game-theoretic model. We assume that: 1) firm intends to build its market reputation; 2) consumers
always prefer to watch a high-quality movie. Our model suggests that, it can be optimal for a rational
firm to underrate the movie. More specifically, we find that the movie distribution firm would have
incentives to overrate the movie even if they observe that the movie quality is low. Furthermore,
we show that as long as there is a properly designed uncertainty resolution mechanism, the adoption
of social media could alleviate the “Lemon” problem in the movie market, which in turn, improves
market efficiency.

Keywords: Social Media, Movie Quality, Information Asymmetry, Reputation
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1 Introduction

Social media has become increasingly popular as an instrument for the promotion of products/services
in many industries (Duan et al, 2008; Miller et al, 2013). Abundant evidence shows that promotions of
products using social media are effective in driving product sales (Miller, 2009; Luo et al, 2013; Chen
et al., 2015). For instance, Dell achieves three million revenue with Twitter-related sales (Miller, 2009).
For experienced goods such as movies, adopting social media is popular among firms in promoting their
products. Consumers may seek signals of quality in advance of watching and social media platforms
provide the best way for the audience to gather information. Bird box, a movie produced by Netflix,
has caught attention by massive social media fans because they feel like nobody in their life talks about
this movie but everyone on the Internet discusses it (Jordan, 2018). Especially in Chinese movie market,
Kumar et.al (2018) claims that many movies use review manipulation, a well-managed activity by In-
ternet public relations companies to promote their movies. The review manipulation activity can easily
cost more than ¥1 million (around $160,000). However, paid online commenters (widely called “Water
Armies”) are common throughout the world, including in the U.S(Jordan, 2018). Water armies strategy
is not only widely applied in the movie industry, but also in politics world and product review platforms
(Fan, 2018). Water Armies fill up web space with bland information that dilutes meaningful conversa-
tions. The popularity of adopting social media raises consumers’ concern about the quality of information
delivered through the promotion. Whether the true quality of movie is reflected to market is also valued
in addition to the movie quality per se. Therefore, the firm concerns the accuracy of promotion as well
as creating awareness on social media.

Prior studies about water armies majorly focused on how to detect the bots (Kumar et al., 2018) from
the social media. Effective detections can help the platforms clean up the water armies and implement
the filter functions to only display the valuable information. In the meantime, companies use many
ways to influence social media promotions such as giving away free products (Zhu and Furr, 2016)
and hiring experts or opinion leaders (Holbrook, 1999; Plucker et al. 2009) to write reviews. Those
mechanisms will lead to a situation that both “Likers” and “Doubters” will appear on social media, which
brings both positive reviews and negative reviews at the same time. Prior research presents mixed results
about having negative reviews about your products. Berger (2010) shows that negative reviews showing
on social media can boost the sales. While Basuroy et al (2003) point out that negative reviews hurt
performance more than positive reviews help performance. The actual effect of having doubters remains
unanswered. This phenomenon is intensified in social media promotion. In this paper, we aim to study
the following research question: How would the firm use social media to promote products? Specifically,
how the movie distribution firms would use social media to promote the movies? What is the rationale
for firms to underrate the movie quality? Can information technology improve market efficiency?

To answer these questions, this paper develops a model to study the movie distribution firm’s strategy
of using social media to promote the movie. Our model suggests that under certain conditions, it is
optimal for a rational firm to underrate the movie through social media. More specifically, we find that
the movie distribution firm would have incentives to overrate the movie even if they observe that the
movie quality is low. Furthermore, we show that as long as there is a properly designed uncertainty
resolution mechanism, the adoption of social media could alleviate the ”Lemon” problem in the movie
market, which in turn, improve market efficiency.

Our model starts with two assumptions. First, the firm intends to build its market reputation. Second,
consumers always prefer to watch a high-quality movie. The model incorporates two uncertainties:
whether the firm observes the true quality of the movie, whether the firm is truthfully or strategically
promoting. At the beginning, the distribution firm receives a movie to promote, and the true quality of
the movie is not known. After the spot release, the firm briefly observes early feedback from the market,
e.g., organic reviews from consumers. This is an imperfect signal that indicates the quality of the movie.
After observing this signal, the firm chooses the action, that is, to overrate through “Likers” or underrate
through “Doubters” or do both on social media to promote the movie. Consumers update their beliefs
about the type of the firm and the quality of the movie after observing the firm’s action and then decide
whether to watch the movie. We impose an uncertainty resolution mechanism in revealing the true movie
quality. If the firm is revealed to be truthful promoting, it will successfully build the market reputation.
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Our first result states that for any type of distribution firm, there exist equilibria under which the firm
would truthful promote the movie quality based on the observed signal at an early stage. This occurs
when the probability of uncertainty resolution on the movie quality is higher than some cutoff value.
The underlying logic is as follows. With greater probability the market will identify whether the firm is
exaggerating the quality of the movie, there is a greater chance the firm will lose reputation in the long
run. High uncertainty resolution probability will motivate the firm to be truthfully promoting in order to
build a market reputation.

Conversely, if the probability of uncertainty resolution is low, the firm might have an incentive to
exaggerate the quality of the movie to attract more consumers. A second factor that comes into play is
the consumers’ requirement about the quality of the movie in order to decide to watch. If the requirement
is generally high among consumers, then the firm will exaggerate movie quality via the social media.
There are two reasons for this. If the firm overrated and convinces consumers that the movie quality is
high, then it would earn the current market return from distributing a high-quality movie. In addition,
given the probability of uncertainty resolution is low, it is likely that the market will not identify the
firm’s action. Therefore, the firm will overrate the movie when it observes low movie quality due to the
tradeoff between attracting more consumers and loss of reputation.

However, if the consumers’ requirement is low, we have a counter-intuitive result that the firm does
not always have the incentive to exaggerate the movie quality given the probability of uncertainty reso-
lution is small. In this case, consumers may still watch the movie even if firm truthfully promote a low
movie quality. There is little benefit for the firm to exaggerate the movie quality. Therefore the firm will
still choose to promote the movie truthfully.

In conclusion, we found conditions for equilibria when all firms report high types. Moreover, we
also find conditions for equilibria when all firms truthfully report their types. Prior literature has focused
heavily on the bot detection (Kumar et al., 2018) and the impact of having bots on social media. Our
study bridge the gap by illustrating the different sentiments in social media promotion posts can influence
the market efficiency. Specifically, when a company attempts to purchase posts on social media to spread
the news and exert the influence, the first thing that comes to their mind is to write posts with all positive
words. However, in the long term, only use the positive words may lead to a reputation harm and possibly
make the general audiences evolve negative opinions towards the product or the company. Mixing the
discussions sentiment sometimes drives better performance.

2 Model

Let us consider a movie market with one distribution firm, a continuum of consumer. The quality of a
movie is described by a binary state variable, 𝑠 ∈ {𝐻, 𝐿}, which is random and distributes according to
Prob{𝑠 = 𝐻} = 𝜋 > 1/2, and with probability of 1 − 𝜋, it is low-quality. The movie distribution firm
can be one of the two types: 𝜃 ∈ {𝜃1, 𝜃2}. With probability 𝑟 ∈ (0, 1), the firm is “high-quality/honest”
which is denoted by 𝜃1, and with probability 1 − 𝑟, it is normal type/low-quality/strategic type. The
movie distribution firm observes an informative but imperfect signal, e.g., watch the preview version of
a movie:

Prob{𝜔 = �̂�|𝐻} = Prob{𝜔 = �̂�|𝐿} = 𝑞 ∈ (𝜋, 1).
Assuming 𝑞 > 𝜋 will ensure Prob{𝑥 = 𝐻|𝜔 = �̂�} > Prob{𝑥 = 𝐿|𝜔 = �̂�}. Here, to avoid the
confusion on the notations, we use �̂� to indicate that the observed signal is 𝐻 , and use �̂� to indicate that
the observed signal is 𝐿. We explain 𝑞 as a measure of distribution firm’s expertise. In other words, a
distribution firm with more industry experience would be more likely to observe the true state, i.e., the
true quality of the movie.

After observing the signal, the firm strategically choose the social media advertisement 𝑥 ∈ {𝐻, 𝐿}.
Here, 𝑥 represents the actions which can be used to infer the quality of a movie. For instance, hiring
“Doubter” (𝐿) or “Liker” (𝐻). Therefore, if 𝑥 = 𝐻 , it indicates that the movie is high-quality; if 𝑥 = 𝐿,
it indicates that the movie is low-quality. From now on, we denote the firm’s strategy by 𝜎(𝑥 = 𝜔|𝜃2) =
Prob(𝑥|𝜔, 𝜃2). This reads as: after observing signal 𝜔,the firm would choose 𝑥 = 𝜔 with probability
𝜎𝜔(𝑥|𝜃2). To reduce the issues caused by multiple equilibria and tedious technical details, we assume

280



that a high-quality firm always reports observed signal honestly, i.e., 𝜎(𝑥 = 𝜔|𝜃1) = 1. Thus, only the
low-quality firm can strategically advertise the observed signal by freely choosing either 𝐻 or 𝐿. For
simplicity, we denote the low-quality firm’s strategy conditional on its signal by𝜎(𝑥|𝜔) = Prob(𝑥|𝜔, 𝜃2),
and restrict our attention to the case under which 𝜎(𝐻|�̂�) ≥ 𝜎(𝐻|�̂�). Cases where this assumption does
not hold are equivalent to a relabeling of the reporting. The firm that choose both “Doubter” and “Liker”
correspond to the cases of 𝜎(𝐻|�̂�) ∈ (0, 1) and 𝜎(𝐿|�̂�) ∈ (0, 1).

What is essential for our modeling is the information conveyed in the promotion but not the form
of the promotion it takes. In this sense, our model could include many other advertisement strategy,
provided that these different strategies would convey different impressions about the true quality of the
movie.

After watching the movie, we assume that with probability 𝜌 ∈ (0, 1), the uncertainty of the quality
can be resolved before next purchase. The rationale for introducing this uncertainty resolution mech-
anism is to capture the consumer’s personal expertise on the movie quality or the complication of the
movie topic. When 𝜌 → 1, it corresponds to a movie which is easy to be identified as good or bad. Then
𝜌 → 0, corresponds to the opposite case.

2.1 Preference

For consumers, their preferences are defined as below. If 𝔼[(𝑥 − 𝔼(𝑥|𝜋))2|𝜇(𝑎)] ≥ 0, consumer will
choose to watch: 𝑑 = 1, i.e.,

𝜇(𝑎)[𝐵 − 𝜋𝐵]2 + (1 − 𝜇(𝑎))[0 − 𝜋𝐵]2 ≥ 0

with 𝐵 > 0, which is equivalent to 𝜇(𝑎)(1 − 𝜋)2 + (1 − 𝜇(𝑎))𝜋2 ≥ 0, i.e.,

𝜇(𝜋2 − 2𝜋 + 1) + (1 − 𝜇)𝜋2 ≥ 0 ⇔ 𝜇(𝜋2 − 2𝜋 + 1 − 𝜋2) ≥ −𝜋2

i.e.,

𝑑 = 1 ⇔ 𝜇
⎧{
⎨{⎩

≥ −𝜋2

1 − 2𝜋 if 𝜋 < 1/2

≤ −𝜋2

1 − 2𝜋 if 𝜋 > 1/2
.

Therefore, given 𝜋 > 1/2, then 𝑑 = 1 if 𝜇 > 𝜇∗ ≡ 𝜋
2𝜋 − 1 . Given 𝜋 ≤ 1/2, then 𝑑 = 1 for any 𝜇.

For the distribution firm, the payoff is

𝑈𝐹 = 1purchase1𝑠𝑈

where 𝑈 > 0 is firm’s revenue if it truthfully reports the observed signal, i.e., do not use the opposite
message, and

1purchase = {1 Consumer purchses
0 No pruchase

and 1𝑠 = {1 If 𝑥 = 𝑠
0 If 𝑥 ≠ 𝑠

The firm’s outside options are normalized to zero. Here, we assume that truthful reporting the observed
signal always gives the firm the same positive expected payoff no matter which state is realized. This
assumption also catch the point under which the market would always reward an honest firm.

2.2 Timing

Overall, the timeline of the game is as follows:

1. nature determines the type of the firm and the quality of the movie;

2. firm observes the signal 𝑠 according to the type and chooses 𝑥;
3. with probability 𝜌 ∈ (0, 1) the consumer would observe the true state 𝑠 (identify the quality of the

movie), and update beliefs on the type of the firm and choose whether to watch movies provided
by the firm in the future;
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Notation Description
𝑠 Random variable describing the state of the world, i.e., quality of movie
𝜔 The signal observed by a firm
𝐻 The value of the movie quality when it is realized to be high
�̂� Observed signal is 𝐻
𝐿 The value of the movie quality when it is realized to be low
�̂� Observed signal is 𝐿
𝜋 The probability that the quality of a movie is realized to be high 𝐻
𝜃 The type of a distribution firm
𝜃1 A high-quality firm
𝜃2 A low-quality firm
𝑞 The probability of firm getting a signal truthfully indicating the movie quality
𝑟 The probability that a firm is a high-quality
𝑥 The action chosen by the firm

𝜎(𝑥|𝜔) The normal type firm’s strategy conditional on its observed signal
𝜌 The probability that the uncertainty of the quality of movie can be resolved. Here

𝜌 is never going to reach 1.
𝑈𝐹 The utility of firm
∅ It indicates that the state of the uncertainty is not resolved
𝐴 It indicates the state of uncertainty resolution

𝜇(𝜃1|𝑥, 𝐴𝑖) Consumer’s posterior on the firm being a high-quality type after observing a
report 𝑥

𝑑(𝑥, 𝐴𝑖) Consumer’s strategy after observing, 𝑥, and given that the state of uncertainty
resolution is 𝐴𝑖

Table 1: Notations

4. the payoffs are realized.

For further analysis, we now introduce some notations. First, we define the states after which the
consumer would make purchase decision asA = {𝐻, 𝐿, ∅}. Then we use 𝐴𝑖 to denote the 𝑖th element
in setA which indicates the state of uncertainty resolution. Second, we denote 𝜇(𝜃1|𝑥, 𝐴𝑖) as the
consumer’s posterior on the firm’s type being a high-quality type after observing 𝑥. For ease of
reference, we summarize the main notations used in our model in Table 1.

3 Main Results

We now present our main results. In the following results, given different parameter space,

1. for any type distribution firm, there exists an equilibrium under which it would choose to truthfully
report the observed signal, i.e., no mix;

2. firm of low quality would always buy 𝑥 = 𝐻 if 𝜔 = 𝐻 , and buy both 𝐻 and 𝐿, if 𝜔 = 𝐿; and
high-quality firm would always truthfully report the observed signal.

Formally, we have:

Proposition. Given 𝜇(𝜃1|𝐿, ∅) < 𝜇∗ < 𝜇(𝜃1|𝐻, ∅):

1. if 𝜌 > 𝜌∗, there is an equilibrium under which

(a) 𝜎(𝐻|�̂�) = 1 and 𝜎(𝐻|�̂�) = 0;
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𝜌 > 𝜌∗ 𝜌 < 𝜌∗

Honest promote 𝜇∗ < 𝜇(𝜃1|𝐿, ∅) 𝜇(𝜃1|𝐿, ∅) < 𝜇∗ < 𝜇(𝜃1|𝐻, ∅) 𝜇∗ > 𝜇(𝜃1|𝐻, ∅)
Honest promote Low quality firm would choose both

“Doubter” and “Liker” when observing 𝐿
Honest promote

Table 2: Summary of results

2. if 𝜌 < 𝜌∗, there is an equilibrium under which

(a) when 𝜇(𝜃1|𝐿, ∅) < 𝜇∗ < 𝑟
i. 𝜎(𝐻|�̂�) = 1 and 𝜎(𝐻|�̂�) ∈ (0, 1];

(b) when 𝑟 < 𝜇∗ < 𝜇(𝜃1|𝐻1, ∅)
i. 𝜎(𝐻|�̂�) = 1 and 𝜎(𝐻|�̂�) ∈ (0, 1];

where 𝜇∗ is the cut-off value of consumer’s purchase decision, 𝜌∗ = 2𝜓(𝐻|�̂�) − 1 + 𝑞
2𝑞(1 − 𝜓(𝐻|�̂�))

with 𝜓(𝐻|𝑠) as

firm’s posterior beliefs that the true state of the world is 𝐻 given the observed signal is 𝑠 ∈ {�̂�, �̂�}.
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Abstract 

Match-funding has become a new implementation on donation-based crowdfunding platforms. 

Large companies match donations from individual donors dollar-for-dollar as a measure of 

philanthropic marketing. Although some researches has been carried out on offline 

match-funding, the mechanism by which match-funding affects donors’ behavior has not been 

established. Leveraging an open dataset from a large classroom crowdfunding platform, we 

conduct a natural experiment to examine the impact of match-funding as well as the moderating 

effects of campaign progress. Our results show that match offers provided by external 

organizations can not only significantly increase individual donations, but accelerate the 

financing process by lowering the actual objective amount as well. Furthermore, projects with 

higher objective amount benefits more from match-offers. Our findings have important 

implications for crowdfunding platforms and project owners on how to succeed in the presence 

of match-funding. 

Keywords: crowdfunding, match funding, control function 

1. Introduction

Thanks to crowdfunding, it becomes quite easier for individuals and small companies to raise 

money. Companies participate in online philanthropic activities as a marketing strategy. With 

their conspicuous logos in the donation news on social media platforms, companies can show 

that they are doing good to the community with high sense of social responsibility. 

Match-funding is one of the most popular practices in philanthropic marketing, in which 

companies promise to match individual donations to campaign in a certain rate. In most cases, 

companies match the donation dollar-for-dollar, but sometimes it can boost the donation by 

200% or even more. A well-known match-funding attempt is the Christmas Challenge. It was 

organized by the Big Give in celebrating its 10-year anniversary in 2016 and over £7.2 million 

was raised in just 7 days. Facebook with Bill & Melinda Gates Foundation matched up to $2 

million on 2017 Giving Tuesday. Similarly, Apple proposed “Apple Matching Gifts Program” 

and matched its employees’ $1.3 million donation to nonprofits in less than two months. 

Despite the reinforcement effect of match-funding usually covered in news, we cannot ignore the 

existence of its crowding out effect in some conditions. On crowdfunding platforms like 

Kickstarter and DonorsChoose.org, campaign objectives are set to be a fixed amount, which is 

different from employee matching programs and large charitable campaigns on Facebook. Once 

being aware of match offers from companies, individual donors may have less tendency to 

donate more, because companies can meet the need of projects, which weakens their altruistic 

obligation. Yet it is still not clear that how strong this crowding out effect is and whether it will 

make donors donate less or not. Even if match-funding crowds out some donations, it can still 

285



play a helpful role in donation-based crowdfunding by speeding up the completion of projects 

and improving the success rate of campaign. To understand the underlying mechanisms of 

match-funding, this study aims to exploring the following research questions: 

1) Does match offer have crowding out effect on individual donation amount?

2) Does match offer speed up the donation process and increase the success rate?

3) Does campaign progress factors (e.g. days left, donated percentage and campaign objective)

have moderating effects on the effect of match offer?

To investigate the above questions, we obtained data from DonorsChoose.org, an US 

donation-based crowdfunding platform which allows individuals to donate directly to public 

school classrooms. With a natural experiment setting, we conduct an empirical analysis of the 

impact of match funding and use Heckman control function to fix the non-randomness of match 

offer decisions. Our study has gone some way towards enhancing our understanding of 

match-funding on online donation-based crowdfunding platforms. 

2. Literature Review

Our research is mainly related to three streams of literature: crowdfunding, crowding out effect 

and match-funding. 

A large and growing body of literature has investigated crowdfunding platforms, which can be 

defined as “a collective effort by individuals who network and pool their money together, 

ususally via the Internet, to invest in or support the efforts of others” (Ordanini et al. 2010). 

There are four types of crowdfunding platforms: donation-based, reward-based, lending-based, 

and equity-based (Hemer 2011). Our research is related to donation-based crowdfunding. Prior 

work has focused on social influence and crowding out between contributors (Burtch et al. 2013), 

as well as the cultural differences between contributors and fundraisers (Burtch et al. 2014). 

Research into crowding out effect has a long history. It is originated from public goods studies in 

economic area (Andreoni 1990). The prosocial behaviors can be explained by the model with 

different utilities towards contributions to private and public goods. Crowding out effect exists 

when people prefer to contribute to private goods if others increase their contributions to public 

goods (Roberts 1984). Crowding out effect has already been unveiled on donation-based 

platforms (Burtch et al. 2013). However, the crowding out effect stemmed from match-funding 

has not yet been investigated. And the underlying mechanisms of match offers is still unclear. 

Our research plans to fill this gap. 

Up to now, several studies have investigated the effect of match-funding both online and offline. 

But there are no conclusive results with the effect of match offers. Some researchers implement 

experiments by distributing leaflets or sending direct mail with match offers and the results show 

that match offers encourage donors to contribute more but the match ratio plays insignificant role 

(Karlan and List 2007, Karlan et al. 2009). Moreover, another study also find match-funding in 

online crowdfunding market is a key factor to increase donations and become successful 

(Senabre and Morell 2018). In contrast, another research conducted in laboratory environment 

demonstrates that donors may in fact choose to give less in the presence of a matching gift (Null 

2011). This indicates a need to investigate crowding out effect in the presence of match-funding 

on crowdfunding platforms online. 
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3. Research Context

The dataset we use in our research is an open dataset provided by DonorsChoose.org1, which can 

be obtained from DonorsChoose Open Data website (https://research.donorschoose.org/). 

DonorsChoose.org is a donation-based crowdfunding platform for public school teachers to raise 

money for school supplies. The website was founded in 2000 and it has raised over $800 million 

for more than 1.3 million projects till now. In 80% of public schools in the United States, at least 

one project has been requested on DonorsChoose.org. 

In 2007 October, the website launched the function of match offers. Large companies and 

organizations can provide match offers to projects satisfying some criteria. Teachers who 

propose the project can apply to these offers and obtain subsidies for half of their objective 

amount. Projects with match offers can be recognized through an obvious mark on the website. 

The match policy is as follows: for every dollar a donor gives to the project, another dollar will 

be given as well by the company who provides the offer. The teacher can get donations as long 

as donations reach the objective amount in the specified duration. Otherwise, donations will be 

added to donor accounts as credits for future donations, but those credits cannot be withdrawn as 

cash. 

Our dataset includes information of all 99,794 projects and 301,048 donations between 

November 5th, 2005 and September 5th, 2009. Table 1 presents the summary statistics of all 

project characteristics and donation dynamics. 

Figure 1. Projects with match offer and without match offer 

Table 1. Summary Statistics 

Variable Mean Std Dev Min Max Median 

Project Characteristics 

    Objective Amount 414.9 483.8 29.0 30,883.8 346.0 

    Duration 166.5 40.7 2 5230 155 

    Match Offer 0.185 0.388 0 1 0 

    Students Reached 91.7 2442.09 1 620,250 30 

    Complete 0.882 0.323 0 1 1 

Donation Amount 101.84 202.36 0.01 21,847.75 42.50 

4. Methods

In order to have a preliminary exploration, we first introduce a baseline model as follows: 

1 2 1 2 3 4

5 6 7 8

log( )

+ +

ijt ijt ijt ijt t j t j jt

jt jt jt jt jt

Donation x x Launch Match Launch Objective CumDonors

Duration CumProp DaysLeft CumProp DaysLeft

    

   

       

  

β γ

1 2 3j j it ijt ijtSchoolChar ProjectChar DonorChar T     γ γ γ

In this model, i represents donor i, j represents project j and t represents the time point when 

donor i contributes to project j. We implement a difference-in-difference approach, and use the 
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donation amount excluding the matched amount as the dependent variable. The treatment here is 

whether a project is matched, and Launcht is whether match-funding has launched at time t.  

However, the selection of matched projects is not random. Companies will propose several 

criteria for applicants, and teachers can decide not to participate even if they are applicable. 

Therefore, we use Heckman-type control functions to deal with the selection bias problem. 

*1{ 0}j jMatch Match 

*

1 2j j j j j jMatch z u SchoolChar ProjectChar u    α α α
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0 1
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In the above equations, we use a probit model to describe the selection process. In our dataset, 

the criteria of match offers are usually attributes of schools and projects. (e.g. grade level, 

primary area, etc.) Thus, our previous regression equation can be transformed to: 
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To answer our second research question, we replace our dependent variable with 

log(DoubleDonationijt). DoubleDonation is twice amount of donation for projects with match 

offers, which is actual amount received by teachers, while the donation only includes 

contribution from donors. If the impact of match offer to DoubleDonation is positive, it means 

match-funding can speed up the crowdfunding process and thus improve the success rate. 

The donation dynamics can not only influence the following donations, but also has a 

moderating effect on the impact of match offer. These moderating effects can be another 

explanation of underlying mechanism of match-funding. Thus, we modify our baseline 

regression by adding the interaction terms of Match with campaign objective, cumulative 

donated proportion and days left. 
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5. Results and Discussions

The first set of analyses examines the impact of match offer on actual donation amount of donors. 

The significantly positive coefficient indicates that match offer can do more than doubling your 

impact. The intuition behind this phenomenon is that crowding out effect of match offers may 

exist, but match offers have much stronger positive stimulus on donors, which still makes donors 

donate more than they would without match offers. Examining other coefficients, we find that 

larger objective, smaller donated proportion and smaller days left, which refer to higher urgency 

of the project, are correlated with larger contribution from donors.  
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Besides the positive effect on donors’ donation amount, match offer can also speed up donation 

process and increase success rate with the evidence from model 2. When including the 

contribution from match offer, we find the overall donation amount is much higher with match 

offer. It suggests that match offer can accelerate the financing process to some extent. As the 

actual donation needed is lower, projects with match offer are more likely to succeed, which can 

help with future projects from the same teacher (Althoff and Leskovec, 2015). 

Table 2. Impact of Match Offers and Moderating Effects 

Model 1 

DV: 

log(Donation) 

Model 2 

DV: log(Double 

Donation) 

Model 3 

DV: 

log(Donation) 

Model 4 

DV: log(Double 

Donation) 

Intercept 
3.301*** 

(0.026) 

3.302*** 

(0.026) 

3.305*** 

(0.026) 

3.304*** 
(0.026) 

Match * Launch 
0.169*** 

(0.020) 

0.841*** 

(0.020) 

0.161*** 

(0.024) 

0.837*** 

(0.024) 

Launch 
0.159*** 

(0.024) 

0.159*** 

(0.024) 

0.158*** 

(0.024) 

0.158*** 

(0.024) 

Objective 

(Unit=$1,000) 

0.030*** 

(0.002) 

0.029*** 

(0.002) 

0.026*** 

(0.002) 

0.026*** 

(0.002) 

CumDonors 
-0.007***

(0.000)

-0.007***

(0.000)

-0.007***

(0.000)

-0.007***

(0.000)

Duration 

(Unit=100 days) 

0.048***

(0.003)

0.048***

(0.003)

0.047***

(0.003)

0.047***

(0.003)

CumProp 
-0.676***

(0.008)

-0.678***

(0.008)

-0.676***

(0.009)

-0.675***

(0.009)

DaysLeft 

(Unit=100 days) 

-0.043***

(0.003)

-0.043***

(0.003)

-0.041***

(0.003)

-0.042***

(0.003)

CumProp * DaysLeft 
-0.008*

(0.004)

-0.008*

(0.004)

-0.008*

(0.004)

-0.008*

(0.004)

 -0.120***

(0.011)

-0.123***

(0.011)

-0.113***

(0.011)

-0.117***

(0.011)

Match * Objective / / 
0.022***

(0.005)

0.022***

(0.005)

Match * CumProp / / 
-0.017

(0.017)

-0.033*

(0.017)

Match * DaysLeft / / 
-0.013

(0.011)

-0.011

(0.011)

Controls 

School Metro √ √ √ √ 

Focus Area √ √ √ √ 

Resource Type √ √ √ √ 

Grade Level √ √ √ √ 

Poverty Level √ √ √ √ 

Donor Experience √ √ √ √ 

Time √ √ √ √ 

In model 3 and model 4, we focus on the moderating effect of campaign progress factors 

including objective, donated percentage and days left. Our results show that while the 
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moderating effect of latter 2 factors are not significant at a confidence level of 95%, projects 

with higher objective can benefit more from match-funding. This is another important 

understanding of the speed up effect of match offer. 

6. Conclusions

The purpose of the current study is to determine the impact of match-funding on contribution of 

donors in online donation-based crowdfunding market. This study has found that generally 

match offer can stimulate donors to donate more, thus doing more than doubling your impact. It 

can also speed up the donation process by lowering actual objective. 

The findings of this research provide insights for project owners and crowdfunding platforms 

who introduce match-funding to corporate with large companies. However, due to lack of data 

on donors attracted by match offer who prefer not to contribute without it, we could potentially 

underestimate the speeding up effect of match offer. Furthermore, the probit model of match 

decision may not have complete explanatory power. Further research could usefully explore the 

attraction effect of match offer and do more robustness checks on the selection bias. 
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Good Deed or Greed? The Role of Social Cause and Monetary Reward in Interactive Social 

Media Campaigns 

Abstract 

To induce greater engagement in social media campaigns, companies often incorporate social 

causes. They may also provide extrinsic rewards as an incentive for participation. Drawing from 

the psychology literature on self-presentation, we hypothesize that including cause-related 

elements in a campaign will tend to increase engagement, but that the increase will be lesser when 

extrinsic rewards are offered, due to the desire to appear intrinsically motivated. We further 

hypothesize that the effects will be the strongest for users who are highly motivated to manage 

their impressions or have a high need for self-esteem. We use laboratory experiments to confirm 

the proposed interaction and obtain mixed results for the proposed moderators. 

Keywords: social media, engagement, user-generated content, social cause, self-presentation 

1. Introduction

Social media has become an essential channel for disseminating product or pricing information,

advertising messages, and brand stories. Though prior literature has examined features of social

media content that drive user engagement (Lee et al., 2018), it focuses on one-directional messages,

in which user engagement is limited to commenting, reacting, or sharing the message. In contrast,

many successful social media campaigns (e.g., Coca-Cola’s “ShareACoke”, TOMS’

“OneDayWithoutShoes”) emphasize more interactive engagement in the form of user-generated

content (UGC). Despite the theoretical and practical importance of understanding what features

make such campaigns successful, there is a dearth of existing research focusing on these campaigns.

We investigate how specific features of interactive social media campaigns influence engagement. 

More specifically, we ask the following: Do cause-related elements—information portraying a 

firm’s involvement in or advocacy of a social cause—or extrinsic rewards (i.e., payment for 

participation) influence user engagement in an interactive social media campaign? If so, why? We 

focus on these two features for several reasons. First, the impact of social causes in brand 

messaging has proven controversial: they can enhance brand value and consumer purchase intent, 

but can also trigger consumer skepticism (Du et al., 2010). Prior studies have obtained mixed 

results in which social media messages about social causes induce ‘sharing’, but not ‘likes’ or 

‘comments’ (Lee et al., 2018). Our goal is to resolve this ambiguity in the specific context of 

interactive social media campaigns. Second, extrinsic rewards are generally assumed to motivate 

user engagement, but some studies have cast doubt on their impact (Sun et al., 2017). Moreover, 

some (offline) cause-related campaigns had provided extrinsic rewards (e.g. Coca-Cola’s “Helping 

Beautify Texas”). In a similar vein, combining the two features in an interactive social media 

campaign may be a viable strategy, but it is unclear how they might jointly influence user response. 

2. Hypotheses Development

Self-presentation and impression management refer to processes by which individuals attempt to

control the impressions others form of them (Leary and Kowalski, 1990). Due to the ease of

manipulating images, online environments are especially conducive to active impression

291



management by individuals hoping to present socially desirable images (Jensen Schau et al., 2003). 

Participating in an interactive social media campaign represents an opportunity for one to create 

UGC that reflects such images. Along similar lines, a motivation for self-identification—an act of 

defining one’s self by manipulating one’s image—has been shown to be a key driver of UGC 

(Christodoulides et al., 2012). Thus, interactive campaigns should result in greater engagement 

when they contain elements that enable users to create a desired image. One such element is the 

integration of social causes. Given that engaging in prosocial acts can produce a socially desirable 

image, a campaign that integrates social causes provides an opportunity to manage impression. 

Users who encounter such a campaign will recognize the opportunity and be more likely to engage. 

On the other hand, participating in a campaign for extrinsic rewards is less useful for creating a 

socially desirable image, because observers may infer the motivation as simply a “greedy” desire 

to obtain the reward. When rewards are present, therefore, the inclusion of cause-related elements 

will be less beneficial for engagement. Extending this idea further, we suggest that the inclusion 

of both cause-related elements and extrinsic rewards in a campaign may be counterproductive, due 

to the misattribution of intrinsic motivation. Prior research indicates that endowing a reward can 

discourage prosocial behavior by discounting intrinsic motivation (Bénabou and Tirole, 2006). 

Along similar lines, we argue that users will attribute participation in a cause-related campaign 

with monetary rewards to extrinsic rather than intrinsic motivation, thus deterring the effort to 

create socially desirable images. Together, these arguments suggest the following interaction 

hypotheses: 

Hypothesis 1a: The effect of cause-related elements on user engagement in an interactive social 

media campaign depends on the level of extrinsic rewards. 

Hypothesis 1b: Including cause-related elements in an interactive social media campaign 

increases (decreases) user engagement, when no rewards (rewards) are provided. 

We investigate two process variables that may explain our interaction hypotheses. Impression 

management motivation is an individual’s motivation to manage the impressions others form of 

him or her. According to Grant and Mayer (2009), strong impression management motives tend to 

induce behaviors that simultaneously help others and safeguard one’s reputation. If impression 

management underlies the influence of cause-related elements on engagement with an interactive 

campaign (as argued above), then the effect should be especially pronounced among users with 

strong impression management motivation. Second, we consider the role of self-esteem. 

Individuals with low self-esteem lack confidence in their worthiness and feel a need for self-

enhancement, which can be achieved (in part) by managing impressions. Users with low self-

esteem engage more frequently in online activity and self-promotional content in particular 

(Mehdizadeh, 2010). Applied to our setting, a social media campaign with cause-related elements 

provides an opportunity to enhance self-esteem by creating a socially desirable image and 

improving perceptions of self-worth. Thus, users who are high in need for self-esteem will be more 

likely to grasp the opportunity. Stated formally: 

Hypothesis 2: The effect of cause-related elements on engagement is stronger for users who are 

1) higher in impression management motivation or 2) have greater need for self-esteem.
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3. Experiment

We utilized a 2x2, between-subjects design that crossed cause-related content and monetary

reward. The four treatment conditions are summarized in Table 1.

3.1 Stimuli 

Subjects in the study were presented with a realistic Barnes and Noble (B&N) Facebook post that 

described an interactive social media campaign, whose content differed depending on conditions. 

Figure 1 shows the post that was presented in the cause-related, reward-present condition; 

participants in the other three conditions saw the same post with the third paragraph (cause) or 

fourth paragraph (reward) omitted. We chose the brand, campaign task, and social cause based on 

a preliminary survey with 100 subjects recruited from Amazon Mechanical Turk (MTurk).  

Cause-related element 

R
ew

a
rd

 

No Yes 

No Base 

(n=51) 

Cause 

(n=52) 

Yes Reward 

(n=57) 

Both 

(n=59) 

Table 1. 2X2 Between-subjects design 

3.2 Procedure and Measures 

We recruited 276 subjects (male=123, female=153) from MTurk. The cover story described an 

online media firm that was requesting help in evaluating a social media campaign. Before 

continuing, subjects completed attention check questions about the cover story. The next screens 

presented a full screen of a Facebook page in which the campaign post was embedded, followed 

by an expanded screen that showed only the post. After examining the post, subjects completed 

attention check questions about the campaign task, cause-related element, and reward. Next, they 

completed the measures described below, along with ancillary measures and demographic items.  

Our dependent variable, user engagement, was measured by two questions regarding willingness 

to participate in the campaign: 1) “how motivated…” and 2) “how likely would you be to share 

your favorite book on your wall, as requested by the campaign”. As supplemental measures, we 

also measured willingness of subjects to share the campaign to their own wall, to share the 

campaign to a friend’s wall, and to tag friends in the campaign post. Measures for impression 

management motivation and need for self-esteem were adapted from questionnaires used in 

previous literature (Kim et al., 2012; Schneider and Alderfer, 1973); Cronbach’s alphas for both 

measures showed high scale reliabilities (.899; .889). A cause manipulation check asked subjects 

about the involvement of the brand in three social causes (including the correct answer, supporting 

Figure 1. Screenshot of the stimulus for Both condition
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the blind). A reward manipulation check asked subjects to evaluate whether people would be likely 

to participate in the given campaign for “mostly intrinsic” reasons or “mostly extrinsic” reasons. 

4. Results

Subjects who missed any attention check question more than twice were excluded from the

analysis, leaving a usable sample of 219 subjects. Examination of the manipulation checks

revealed that subjects in the cause conditions perceive B&N as more involved in supporting the

blind (3.84 vs. 2.58; p<.001), and subjects in the reward conditions perceived the motivation of

participants as more extrinsic (3.68 vs. 2.34; p<.001). Thus, both manipulations were successful.

Because the two items measuring willingness to participate were highly correlated, we averaged 

them to form a single measure. Means and standard deviations are shown in Table 2.  

Base Cause Reward Both 

Willingness to participate 4.21 

(2.35) 

5.15 

(2.43) 

6.47 

(2.41) 

5.59 

(2.39) 

Table 2. Means (Standard deviations) of willingness to participate by condition 

4.1 Effects of Cause and Reward 

We conducted a two-way ANOVA with cause and reward as the predictors. Results, as in Table 

3, revealed evidence of a main effect for reward but not for cause. Most importantly, results also 

revealed evidence for a cause*reward interaction effect.  

Variable(s) Sum of Squares df Mean Square F-value Sig. 

Cause  1.200e-06 1 1.200e-06 0 1.000 

Reward 94.998 1 94.998 16.541 .000*** 

Cause * Reward 49.033 1 49.033 8.538 .004*** 

Table 3. Test of between-subjects effects on willingness to participate. p<.01*** 

Confirming H1a, the interaction effect indicates that the effect of cause-related elements on 

participation depended on the presence of extrinsic rewards. Follow-up contrasts revealed that 

cause had a positive effect on participation when no reward was present (p=.047), but a negative 

effect on participation when reward was present (p=0.036). Together, these results confirm H1b.  

4.2 Process Mechanism 

To test H2, we conducted two-way ANOVAs with impression management motivation and need 

for self-esteem included as moderators.  Results did not reveal evidence for an interaction of cause-

related elements and impression management motivation (p=.56), nor did they reveal evidence of 

an interaction of cause-related elements and need for self-esteem (p=.88). However, results 

revealed evidence of an unexpected three-way cause*reward*impression management interaction 

effect (F=3.31, p=.071), as well as an unexpected three-way cause*reward*need for self-esteem 

interaction effect (F=3.35, p=.069). Figure 2 depicts the pattern of means for those low and high 

in impression management motivation (75th percentile and 25th percentile, respectively). The 

marginal three-way interaction can be interpreted as follows: the interaction of cause and reward 

was not observed for those low in impression management motivation (p=.899), but it was 

observed for those high in impression management motivation (p=.004). 

294



Figure 2. Moderating effect of impression management motivation 

Figure 3 depicts the pattern of means for those low and high in need for self-esteem. The marginal 

three-way interaction can be interpreted as follows: the interaction of cause and reward was not 

observed for those low in need for self-esteem (p=.391), but it was observed for those high in need 

for self-esteem (p=.001). 

Figure 3. Moderating effect of need for self-esteem 

Although H2 was not supported, these results suggest an alternative process. In the absence of a 

reward, only the users high in need for self-esteem and impression management motivation 

recognize the value of exploiting a cause to enhance their impressions. In addition, only these users 

consider the fact that receiving a reward for their “good deeds” may appear greedy. Therefore, 

these users are more responsive to a cause (in the absence of a reward) and the interplay between 

a cause and an extrinsic reward. These results delineate the concern for self-presentation as the 

reason for the joint impact of cause-related elements and rewards on user engagement in interactive 

social media campaigns. 

5. Conclusion

The present research examined how cause-related elements and rewards influence engagement in

interactive social media campaigns. Using a realistic experiment, we demonstrated that adding a

cause-related element to a campaign can induce greater engagement, but that the effect disappears
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(and even reverses) when an extrinsic, monetary reward is provided. Furthermore, we identified 

impression management and self-esteem concerns as possible drivers of these effects.  

To the extent that our findings are robust, they offer several implications. Extending broader 

research on social media advertising and brand messaging to the context of interactive social media 

campaigns, we document how and why specific features influence user engagement. 

Supplementing prior, mixed findings, we reveal not only a positive effect of cause-related elements 

on user engagement, but also the disappearance of the positive effect in the presence of extrinsic 

rewards. As such, we provide insight regarding how two conflicting motivations interact. More 

broadly, we contribute to research on motivators of UGC in marketing-relevant domains, and we 

identify interactive social media campaigns as a viable communication channel for cause-related 

marketing. Our results also suggest practical implications for firms seeking to increase user 

engagement with social media campaigns: e.g., when a campaign’s goal is to communicate 

advocacy for a social cause, providing rewards may be imprudent. 
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Awareness of actual usage time and users’ smartphone usage 

Abstract 

With the popularity of smartphones and the abundance of mobile apps, smartphone addiction 

has become an increasingly important social issue. Existing research largely focuses on 

designing intervention-based apps and verifying their effectiveness at the behavioral level. Few 

studies explore the underlying mechanism and the intervention effect on different users. This 

paper explores whether and how the awareness of usage time affects users’ smartphone usage 

and analyzes which type of users are more effectively affected. The results show that awareness 

of usage time reduces usage, especially for addictive apps, and the decreases are higher for 

heavy users and users with lower usage time entropy. This paper understands the impact 

mechanism of the awareness of actual usage time and lays the foundations for large-scale 

personalized intervention of smartphone addiction. 

Keywords: Mobile computing, smartphone addiction, time distortion, cognitive dissonance 

theory 

1. Introduction
With the advances of telecommunication technologies, smartphones have become a necessity of

individuals’ daily lives. The number of smartphone users has been rapidly climbing in the past

few years. Smartphones have evolved from a wireless telecommunication device to a

multi-purpose computing device, delivering diverse services such as social networking,

entertainment, searching and shopping. While smartphones enrich and facilitate people’s lives,

they also generate adverse effects.

A salient adverse effect is the excessive use of smartphones or smartphone addition. 

Smartphones are always within arm’s reach. Users are likely to use the cell phone compulsively, 

exhibiting an addiction-like behavior (Takao et al., 2009). Studies show that smartphone 

addiction disturbs people’s daily life (Olufadi, 2015), even harms their physical and 

psychological health (Thomee et al., 2011). Thus, research on smartphone addiction and proper 

intervention is crucial for regulating users’ usage behavior and improving users’ living quality. 

One possible cause of smartphone addiction is ‘time distortion’ (Lin et al., 2015). Time 

distortion refers to the phenomenon that users’ perceived duration is significantly different from 

their actual usage duration (Lin et al., 2015). In the context of smartphone usage, users may be 

immersed in an alternative reality created by mobile content during the consumption. Their 

psychological clock is relatively slower than the actual clock. As a result, users may 

underestimate their usage time, which contributes to the forming of smartphone addictions (Turel 

et al., 2018). Thus, the key to alleviate smartphone addiction is to get users out of their 

psychological clocks. One possible way is to remind users of their actual usage time. 

This study aims to explore two research questions: (1) whether and how the awareness of actual 

usage time affect users’ smartphone usage? (2) which type of users are more effectively affected? 

The first research question aims to verify the existence of the time distortion phenomenon and 
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understand users’ reduction actions for smartphone usage with the shock. And the second 

research question, aiming to explore the behavioral characteristics of users who are more 

effectively influenced by the awareness of actual usage time, can lay the foundations for 

personalized intervention of smartphone addiction. 

Existing research on smartphone addiction and intervention is still scarce. Löchtefeld et al. (2013) 

designed an application which allows users to set rules to restrict their usage, and studied how 

users use the limit intervention strategy. Ko et al. (2015) designed a group-based intervention 

app based on social support, and analyzed changes of users’ usage and self-efficacy after using 

the intervention app. Besides, Hiniker et al. (2016) designed an intervention app using strategies 

of adding a timer, timeout and a daily prompt about what users want to accomplish. And results 

show that the app can help achieve users’ goals associated with smartphone usage reduction. 

However, existing research mainly focuses on designing intervention-based apps and verifying 

their effectiveness at the behavioral level. Limited research explores the underlying mechanism 

and intervention effect on different users. Besides, most existing research is carried out through 

deployment study, thus, the analytical results may be biased. Using large-scale observation data 

in real context, this study aims to explore the impact mechanism of certain intervention strategy 

on users’ smartphone usage and analyze its’ intervention effect on different users. 

2. Theory and Hypothesis Development
2.1 Cognitive dissonance theory

Cognitive dissonance theory concerns the inconsistency between individual’s behavior and

thinking (Festinger, 1957). When there exists inconsistency, the individual is in a state of

cognitive dissonance and feels uncomfortable. This stimulates the individual to reduce

dissonance by changing attitudes, perceptions or behavior (Festinger, 1957). Modifying attitudes

or perceptions is the most common way to mitigate dissonance (Matz et al. 2008). This is

because in most situations, individual's behavior cannot be undone or changed (Harmon-Jones &

Harmon-Jones, 2007). For example, when a user receives a product, his perceived satisfaction is

not consistent with his expectation. If returning the product is not an option, he may adjust his

expectation to alleviate cognitive dissonance.

Prior literature has studied how to alleviate cognitive dissonance by changing behavior. 

Dickerson et al. (1992) examine users’ response in a dissonance-arousing context. In the 

hypocritical scenario, the users were first required to recall their past wasting water behavior and 

then publicly commit water conservation. They found that users in the hypocritical scenario took 

much shorter showers than those in the control group. 

2.2 Hypothesis development 

Time distortion suggests that users tend to underestimate their smartphone usage time (Lin et al. 

2015). That is, there is an inconsistency between perceived usage time and actual usage time. 

According to the cognitive dissonance theory, when users are aware of actual usage time, 

cognitive dissonance will occur and consequently users will experience discomfort. Users may 

reduce their smartphone usage to alleviate dissonance. Lin et al. (2015) also found that the 

degree of underestimation was positively correlated with actual smartphone usage time. That is, 

users with more usage time will underestimate the time to a greater extent. Thus, with the 

awareness of actual usage time, users will modify their behavior and reduce future usage. In 
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addition, users with more smartphone usage suffer a higher level of cognitive dissonance, 

leading to a larger magnitude of reduction. Therefore, we hypothesize: 

H1: Awareness of actual usage time reduces users’ smartphone usage. 

H2: Users with more usage time reduce more usage with the awareness of actual usage 

time. 

Although cognitive dissonance can motivate users to change their smartphone usage behavior, 

many studies show that habit and perceived behavioral control play an important role in 

behavioral change (Schwanen et al., 2012; Tobias & Robert, 2009; Rhodes et al., 2012). Habit 

refers to users’ behavior without formal thinking or decision-making (Rhodes et al., 2012). 

Behavior with strong habit strength can be performed without too much thinking, while 

performing the behavior which contradicts habit is considered difficult (Tobias & Robert, 2009). 

Thus, although being aware of actual usage time, users with stronger smartphone usage habits 

reduce less usage. As the past behavior is an important indicator of habit (Mullan et al., 2016), 

users with strong smartphone usage habits mean that they regularly use smartphones in the past 

(Danner et al., 2011), resulting in a relatively stable usage time. Thus, the entropy of usage time 

is used to measure the habit strength. A lower entropy of usage time means a strong smartphone 

usage habit. Above all, users with lower entropy of usage time reduce less smartphone usage 

with the awareness of actual usage time. 

On the other hand, a lower entropy of usage time also indicates that the user has a higher control 

ability over smartphone usage behavior to a certain extent. Users with higher control ability are 

more likely to change behavior as expected (Rhodes et al., 2012). Therefore, stimulated by the 

awareness of actual usage time, users with lower entropy of usage time reduce more smartphone 

usage. Therefore, we have the following competing hypotheses: 

H3a: Users with lower entropy of usage time reduce less usage with the awareness of actual 

usage time. 

H3b: Users with lower entropy of usage time reduce more usage with the awareness of 

actual usage time. 

Prior research on smartphone addiction shows that social network applications and entertainment 

applications (such as game, video) are more addictive (Jeong et al. 2016). While using these 

addictive apps, users are more likely to experience flow. Time distortion is one of the direct 

consequences of flow experience (Chou & Ting, 2003). Thus, heavy users of addictive apps are 

not only more likely to experience time distortion but the extent of time distortion is greater, 

which leading to a higher degree of cognitive dissonance. On the other hand, addictive apps will 

generate guilty when spending too much time on them, thus it will produce higher degree of 

cognitive dissonance. Therefore we expect that users reduce usage for these addictive apps: 

H4: Compared with non-addictive apps, users tend to reduce usage for addictive apps 

(such as social network and entertainment apps) with the awareness of actual usage time.  

3. Research Setting, Data and Model
3.1 Natural experiment setting and Data

IOS 12 system released on September 18, 2018, introduces Screen Usage Time function (SUT

function). This function enables users to check their usage time on different applications in real

time and provides users with weekly usage reports. By default, IOS 12 pushes a notification
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about screen usage time to a user on Sundays. So every user will be aware of their actual usage 

time after they update their Iphones to IOS 12 for up to a week. Our dataset consists of the 

application usage data of 6,000 users in China from September 1st 2018 to October 11st, 2018. 

Users’ application usage data include user ID, start time, end time, app name and user’s location. 

We also collected the demographic information such as age and gender. 

3.2 Model 

To test our hypotheses, we need to compare users’ usage behavior before and after the update. 

Because users may choose to update IOS12 system, the adoption decision of IOS12 system may 

be endogenous. We therefore use the difference-in-difference (DID) model in combination with 

Propensity Score Matching (PSM) to analyze users behavior before and after the updating. The 

treatment group in this study is composed of 1500 users who updated the IOS12.0 system on or 

before September 30th, while the control group is composed of users who did not update IOS12 

system during the observation period (including 1500 Apple users and 3000 Android users). In 

order to compare between the treatment group and the control group, we adopt matching strategy 

to match the non-treated users and the treated users according to observed characteristics 

including age, gender and average usage time before the release of ISO12. 

To analyze the changes of usage time before and after the updating, the estimation equation for 

user  in time period  is constructed as follows: 

(1) 

where  represents user ’s average smartphone usage time at the period . 

equals to 1 if user  has updated IOS12.0 system on or before September 30th, and 0 otherwise. 

, equal to 1, if the time period is after the updating for treatment and control groups, and 

0 otherwise.  is the DID estimator, which measures how usage time of treatment group 

changes after the updating compared with the control group.  includes users’ age, gender and 

average usage time before the release of IOS12. We also analyze the changes of usage time on 

various types of apps before and after the updating using an estimation equation similar to model 

(1) except that users’ average usage time on various types of apps are used in PSM and main

model.

To analyze the behavioral characteristics of users who are more effectively affected, we use the 

model (2) and (3) for treatment group as follows. 

(2)

(3) 

(4) 

where , calculated according to equation (4), is the percentage of 

changes in usage time after the updating compared to the usage time before the updating (If a 

user's usage time increases, this value is negative).  here includes user ’s age and gender. 

,  represent user ’s average usage time, the usage time 

entropy before the release of IOS12. The usage time entropy is calculated as: 

(5)

where is the percentage of usage time for user at the day . 
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4. Analytical results
We use model (1) to estimate the treatment effect of IOS12.0 system adoption on users’ usage

time. Table 1 shows that users’ overall usage time reduces significantly by around 2.36% after

the updating (matching with replacement). Specifically, there is no significant change in the

usage time within a week after the updating, but users' usage time reduces significantly by

around 3.45% beyond a week after the updating. This may because some users are not aware of

Screen Usage Time function in the first few days after the updating. Above all, H1 is supported.

In addition, we find that the results are generally consistent under different matching strategies.

For example, when we conduct matching with replacement using common support requirement

and a closer caliper size, users’ overall usage time reduces by around 2.52% and their usage time

reduces by around 3.91% beyond a week after the updating.
Table 1. The changes of usage time before and after the updating. 

Matching strategy Within a week Beyond a week Overall 

With replacement -0.0094 (0.0142) -0.0345* (0.0136) -0.0236* (0.0115)

Without replacement -0.0079 (0.0139) -0.0322** (0.0133) -0.0214* (0.0114)

With common support requirement and caliper size set to 0.05 

With replacement -0.0096 (0.0145) -0.0391*** (0.014) -0.0252** (0.0119)

Without replacement -0.0080 (0.0139) -0.0328** (0.0133) -0.0217* (0.014)
Note: This table shows the DID estimator and standard errors in parentheses. *p<0.1, **p<0.05, ***p<0.01 

We use model (2) to analyze the relationship between the user's average usage time and the 

percentage of changes in usage time for treated users. Table 2-1 shows that the percentages of 

changed time for all apps and addictive apps are positively related to average usage time, which 

suggests that users with longer usage time have a higher ratio of usage time reduction (H2 is 

supported), and mainly focus on reducing addictive apps usage. We use model (3) to further 

analyze the relationship between the usage time entropy and the percentage of changed usage 

time for treated users. Table 2-2 shows that within a week, the percentage of changed time for 

additive apps is not significantly correlated with usage time entropy after the updating. This may 

because the time entropy not only reflects users' habit strength on smartphone usage, but also 

reflects users' control ability over smartphone usage. User habit strength and user's control ability 

over smartphone usage have opposite effects on behavioral change, thus under the influence of 

these two factors, time entropy may have no significant effect on the percentage of changed 

usage time. However, after a week, the percentage of changed time is significantly negatively 

correlated with the usage time entropy after the updating (H3b is supported). This may be 

because users’ habits are broken at this time, making the influence of habits on users’ behavior is 

not significant. However the user's control ability over smartphone usage behavior, as a personal 

trait that cannot be easily changed, mainly affects user's behavior. 
Table 2. The relationship between behavioral characteristics and the percentage of changed usage time. 

Table 2-1. The standardized coefficients for average_usage in model (2). 

All apps Addictive apps Non-addictive apps 

Within a week 0.280*** (0.038) 0.199*** (0.038) -0.045 (0.039)

Beyond a week 0.301*** (0.038) 0.217*** (0.039) -0.021 (0.039)
Table 2-2 The standardized coefficients for average_usage and time_entropy in model (3). 

All apps Addictive apps Non-addictive apps 

Within a week 

Average usage 0.271*** (0.039) 0.197*** (0.040) -0.043 (0.041)
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Time entropy 0.033 (0.038) 0.008 (0.039) -0.007 (0.040)

Beyond a week 

Average usage 0.327*** (0.039) 0.244*** (0.040) -0.027 (0.041)

Time entropy -0.100*** (0.038) -0.098** (0.039) 0.022 (0.040) 
Note: The standard errors in parentheses. *p<0.1, **p<0.05, ***p<0.01 

We use model (1) to further estimate the treatment effect of IOS12.0 system adoption on users’ 

usage time for various apps. Table 3 shows the overall usage time of social and entertainment 

apps are significantly reduced by around 5.78% and 8.98%. Thus, hypothesis 4 is supported.  
Table 3. The changes of usage time for different types of apps before and after the updating. 

Within a week After a week Overall 

Social -0.0244 (0.0213) -0.0918*** (0.0235) -0.0578*** (0.0161)

Reading and reference -0.0372 (0.0340) -0.0614* (0.0371) -0.0129 (0.0242)

Entertainment 0.0372 (0.0504) -0.1176** (0.0516) -0.0898* (0.0465)

Stock finance -0.0383 (0.0630) -0.0561 (0.0585) -0.0597 (0.0507)

Creativity 0.0703 (0.1920) 0.064 (0.2078) 0.0536 (0.1604) 

Health -0.2023* (0.117) -0.1537 (0.1239) 0.0170 (0.8710) 

Other classes 0.0658** (0.0317) 0.0199 (0.0334) -0.0125 (0.0228)
Note: This table shows the DID estimator and standard errors in parentheses *p<0.1, **p<0.05, ***p<0.01 

5. Discussion and conclusion
In this paper, using application usage data, we analyze the impact of the awareness of actual

usage time on users' smartphone usage. We find that awareness of the actual usage time can

stimulate users to use less, especially for addictive applications such as social and entertainment

apps. Besides, with the awareness of actual usage time, heavy users and users with lower usage

time entropy reduce more usage.

Our findings have significant implications for large-scale smartphone addiction intervention. 

Firstly, it is effective to invest in the development of phone addiction intervention app with time 

reminder function. Secondly, the awareness of actual usage time is more effective for users with 

long usage time and low usage time entropy. Therefore, for users without these behavioral 

characteristics, other strategies should be considered. 
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Sponsored Data Plans: Adoption or Not by Content Providers 

Abstract 

Mobile telecom carriers (MTCs) provide sponsored data plans to Internet content providers (CPs). 

By the sponsored data plan, CPs usually pay subsidization fees to MTCs and end-users (EUs) have 

free access to the content of CPs via the Internet. We develop an economic model to analyze the 

market conditions where MTCs and CPs should provide or adopt sponsored data plans. We model 

both monopoly and duopoly market scenarios of the CPs. We consider nonlinear pricing 

mechanism and the dynamic changes of both the number of EUs and the average demand of mobile 

data. We find that under sponsored data plan, the MTC’s discount to CPs should be lower than a 

threshold. CPs’ decision on adopting sponsored data plan depends on the effect of sponsored data 

plan. Our results show that the system consisting of the MTC and CP has a stronger 

competitiveness than a single MTC or a single CP. 

Keywords: Sponsored data plan, Content provider competition, System welfare, Game theory, 

Pricing discrimination 

1. Introduction
With the swift popularization of 4G and the advent of 5G technologies, the total volume of data

traffic on the mobile network has been growing rapidly. In response to this fast-growing data traffic

and the changes of some macro-economic factors 1 , mobile telecom carriers (MTCs) have

commonly designed and provided sponsored data plans for internet content providers (CPs). For

example, in January 2014, AT&T announced its sponsored data plan at the Consumer Electronics

Show, allowing CPs to pay for the bandwidth that EUs use while accessing its content. Most major

MTCs are involved in sponsored data plans all over the world, such as Verizon, Sing Tel, T-Mobile,

China Telecom, China Unicom, China Mobile, Airtel, Telefonica and so on. MTCs deliver value

to EUs through the networks without being involved in planning, selling, provisioning, or servicing

the services, which are commonly known the over-the-top (OTT) services (Green and Lancaster

2007). In order to gain more profits, the MTCs have an incentive to charge CPs who have a greater

willingness to pay than EUs as the “OTT” companies. One way to do this is the so-called

“sponsored data plan”.

In this paper, we analyze sponsored data plan within an economic framework. We attempt to 

study how the MTC should give a discount of Internet access fee to the CPs under the data 

subsidization plan, and whether the CPs should adopt the sponsored data plan or not, given the 

subsidization fee. We consider both a monopoly CP and duopoly CPs market scenarios. We 

consider the nonlinear pricing mechanism for MTCs and CPs and the effect of sponsored data plan 

are explained from a dynamic perspective (i.e., we consider the changes of the total number of 

EUs and the average data traffic each EU consumes due to the provision of sponsored data plan). 

In this paper, we will address the questions on the adoption of the sponsored data plan with regard 

to the conditions, governance, and privileges to both CPs and the MTC. In particular, 

1 In the USA, the FCC’s net neutrality rules were officially repealed on December 14, 2017 to loosen regulations on large 

telecommunications companies, promoting the development of sponsored data plans. Besides, in China, MTCs are being asked to 

speed up and cut costs, which makes the MTCs more intended to provide sponsored data plans. 
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1) What are the market conditions for revenue maximization when sponsored data plans are

provided by MTCs. 

2) What are the market conditions for the adoption of sponsored data plans by advertising

revenue CPs (in either monopoly or duopoly settings). 

3) How the consumer behavior in terms of the consumption of data traffic and the enlargement

of user market size affects MTC’s and CP’s decisions. 

4) What are the market conditions for welfare maximization when sponsored data plans are

adopted by the system consisting of the MTC and CP. 

2. Literature review
Sponsored data plan has been investigated in a variety of different contexts. There are mainly two

streams of studies in extant literatures on sponsored data plan. The first stream focuses on quality-

sponsored data (QSD) issue (Hande et al. 2009). In the QSD model, CPs chooses to subsidize the

quality, i.e. rate of data delivery. The second stream is about traffic-sponsored data program, in

which CPs only sponsor the flow of data bytes without associating with service quality. Some of

the prior models consider the condition where there is a monopoly CP (Andrews et al. 2013,

Andrews et al. 2014). Some of the prior models consider the condition where there are a few CPs

but do not capture the competition among CPs (Wong et al. 2015, Jin et al. 2015). Some of the

prior models consider the condition where there are two competing CPs (Cho et al. 2016, Zhang

and Wang 2014, Zhang et al. 2015). In this paper, we consider both the conditions where there is

a monopoly CP and two duopoly CPs.

3. Monopoly Setting
3.1 Sponsored Data Model for Monopoly CP

The monopoly MTC provides mobile Internet access service to EUs and charges EUs with 𝑝𝑚𝑎

per unit of data traffic. The average user demand for data traffic of a content is 𝑄𝑑𝑡. User access

fee rate is a convex function of data traffic, thus we define 𝑝𝑚𝑎 = 𝑓𝑚𝑎(𝑄𝑑𝑡), and 𝑓′𝑚𝑎 ≤ 0,

𝑓′′𝑚𝑎 ≥ 0. For simplicity, we define the access fee rate as 𝑝𝑚𝑎
𝑛𝑠𝑑 when an EU consumes 𝑄𝑑𝑡

𝑛𝑠𝑑 data

traffic before the provision of sponsored data plan, and the access fee rate as 𝑝𝑚𝑎
𝑠𝑑  when an EU

consumes 𝑄𝑑𝑡
𝑠𝑑  data traffic after the provision of sponsored data plan, and 𝑄𝑑𝑡

𝑠𝑑 ≥ 𝑄𝑑𝑡
𝑛𝑠𝑑 . Thus,

𝑝𝑚𝑎
𝑠𝑑 = 𝑝𝑚𝑎

𝑛𝑠𝑑 × (1 − 𝑟𝑚𝑎
𝑠𝑑 ), 0 ≤ 𝑟𝑚𝑎

𝑠𝑑 < 1 is the discount the MTC gives to the CP. The total profit

function of MTC when there is no sponsored data plan and when there is a sponsored data plan are

as follows: 𝜋𝑀𝑇𝐶
𝑛𝑠𝑑 = 𝑝𝑚𝑎

𝑛𝑠𝑑 × 𝑄𝑑𝑡
𝑛𝑠𝑑 × 𝑁𝐸𝑈

𝑛𝑠𝑑, 𝜋𝑀𝑇𝐶
𝑠𝑑 = 𝑝𝑚𝑎

𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝑠𝑑 .

The monopoly CP adopts the advertising revenue model. The CP charges advertisers a usage-

based per-packet price 𝑝𝑎𝑑. The ad pay rate is defined as a convex function of total data traffic: 

𝑝𝑎𝑑 = 𝑓𝑎𝑑(𝑄𝑑𝑡 × 𝑁𝐸𝑈), and 𝑓′𝑎𝑑 ≤ 0, 𝑓′′𝑎𝑑 ≥ 0. For simplicity, we define the ad pay rate as 

𝑝𝑎𝑑
𝑛𝑠𝑑 and 𝑝𝑎𝑑

𝑠𝑑  before and after the adoption of sponsored data plan, and 𝑝𝑎𝑑
𝑠𝑑 = 𝑝𝑎𝑑

𝑛𝑠𝑑 × (1 − 𝑟𝑎𝑑
𝑠𝑑),

0 ≤ 𝑟𝑎𝑑
𝑠𝑑 < 1 is the discount the CP gives to its advertisers. The total profit of the CP when there

is no sponsored data plan and when there is a sponsored data plan are as follows: 𝜋𝐶𝑃
𝑛𝑠𝑑 =

𝑝𝑎𝑑
𝑛𝑠𝑑 × 𝑄𝑑𝑡

𝑛𝑠𝑑 × 𝑁𝐸𝑈
𝑛𝑠𝑑 , 𝜋𝐶𝑃

𝑠𝑑 = 𝑝𝑎𝑑
𝑠𝑑 × 𝑄𝑑𝑡

𝑠𝑑 × 𝑁𝐸𝑈
𝑠𝑑 − 𝑝𝑚𝑎

𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝑠𝑑 .

The EUs’ average demand for data traffic is 𝑄𝑑𝑡 and market size or total user number is 𝑁𝐸𝑈. 

When the sponsored data plan is not provided, the average data traffic demand is 𝑄𝑑𝑡
𝑛𝑠𝑑, and total

user number is 𝑁𝐸𝑈
𝑛𝑠𝑑 . Under sponsored data plan, the average data traffic demand is raised to a

higher level 𝑄𝑑𝑡
𝑠𝑑 ≥ 𝑄𝑑𝑡

𝑛𝑠𝑑, and 𝑄𝑑𝑡
𝑠𝑑 = 𝑄𝑑𝑡

𝑛𝑠𝑑 × (1 + 𝑟𝑑𝑡
𝑠𝑑), 𝑟𝑑𝑡

𝑠𝑑 ≥ 0 is the incremental ratio of the

average data traffic demand. Meanwhile, the market size or total user number is enlarged 
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(𝑁𝐸𝑈
𝑠𝑑 = 𝑁𝐸𝑈

𝑛𝑠𝑑 × (1 + 𝑟𝐸𝑈
𝑠𝑑)), the market expansion ration 𝑟𝐸𝑈

𝑠𝑑 ≥ 0 indicates the market expansion

effect of the sponsored data plan. The effect of sponsored data plan is denoted by 𝑟𝑑𝑡
𝑠𝑑 and 𝑟𝐸𝑈

𝑠𝑑.

3.2 Results and Analysis: A Monopoly CP 

LEMMA 1. Under a sponsored data plan, there is an upper bound for the MTC to discount to CP 

when MTC wants to get positive benefits from sponsored data plan. MTC’s discount rate must 

meet 𝑟𝑚𝑎
𝑠𝑑 ≤ 1 −

1

(1+𝑟𝑑𝑡
𝑠𝑑)×(1+𝑟𝐸𝑈

𝑠𝑑 )
. 

When there is a monopoly MTC and a monopoly CP, only when the revenue with sponsored 

data plan is larger than the revenue without the sponsored data plan would the MTC provide the 

sponsored data plan, i.e., 𝜋𝑀𝑇𝐶
𝑠𝑑 ≥ 𝜋𝑀𝑇𝐶

𝑛𝑠𝑑 . The MTC cannot give a very big discount to the CP if

MTC wants to get positive benefits from the sponsored data plan. 

LEMMA 2. Under sponsored data plan, there is an upper bound for CP’s discount to 

advertisers when the CP wants to gain more profits from sponsored data plan. CP’s discount rate 

must meet 𝑟𝑎𝑑
𝑠𝑑 ≤ 1 −

𝑝𝑎𝑑
𝑛𝑠𝑑

(1+𝑟𝑑𝑡
𝑠𝑑)×(1+𝑟𝐸𝑈

𝑠𝑑 )
+𝑝𝑚𝑎

𝑛𝑠𝑑(1−𝑟𝑚𝑎
𝑠𝑑 )

𝑝𝑎𝑑
𝑛𝑠𝑑 . 

From the CP’s perspective, only when the revenue with sponsored data plan is larger than the 

revenue without the sponsored data plan would the CP adopt the sponsored data plan, i.e., 

𝜋𝐶𝑃
𝑠𝑑 ≥ 𝜋𝐶𝑃

𝑛𝑠𝑑 . If the CP adopts the sponsored data plan, in order to attract advertisers, the CP can

give discounts to advertisers. But the discount the CP makes to advertisers should be limited by an 

upper bound. We find that the better the effect of sponsored data plan, the higher incentive the CP 

will have to adopt the sponsored data plan. 

In reality, there are systems consisting of a MTC and CPs, such as Alphabet (Google and Google 

Fiber are Wholly-owned subsidiaries of Alphabet), Comcast and UNC Universal (Comcast has a 

majority stake in NBC Universal), AT&T (AT&T acquired Time Warner and AppNexus). By 

taking the MTC and the CP as a system, we analyze the system’s gain condition and come up with 

Lemma 3. 

LEMMA 3. Under the sponsored data plan, when CP’s discount to advertisers is not bigger 

than a threshold, i.e. 𝑟𝑎𝑑
𝑠𝑑 ≤ 1 −

𝑝𝑚𝑎
𝑛𝑠𝑑+𝑝𝑎𝑑

𝑛𝑠𝑑

𝑝𝑎𝑑
𝑛𝑠𝑑×(1+𝑟𝑑𝑡

𝑠𝑑)×(1+𝑟𝐸𝑈
𝑠𝑑 )

, the sponsored data plan can be beneficial 

to the system. The CP determines the system’s total profit, and the MTC determines the allocation 

of profit between MTC and CP. 

We find that the system’s profit is dependent on the CP’s advertising revenue rather than MTC’s 

subsidization fee. Besides, the system has a higher incentive to implement the sponsored data plan 

than the CP. The system can use the discount of the subsidization fee or the discount of the 

advertising fee to prevent MTCs or CPs from providing or adopting the sponsored data plan. Hence, 

the system has a stronger competitiveness than a single MTC or CP. 

4. Duopoly Setting
4.1 Sponsored Data Model for Duopoly CPs

The market structure and entities in a competitive market are as follows: a monopoly MTC, two

competing CPs (CP-A, CP-B) and a mass of EUs. The MTC has four options: 1) do not provide

the sponsored data plan, e.g. neither CP is allowed to subsidize, which is labeled as (N, N); 2)

allow only CP-A to subsidize, which is labeled as (S, N); 3) allow only CP-B to subsidize, which

is labeled as (N, S); 4) allow both CPs to subsidize, which is labeled as (S, S). The two competing

CPs are heterogeneous with regard to their intrinsic values: {𝑉𝐴, 𝑉𝐵}. Without loss of generality,
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we assume that 𝑉𝐴 ≥ 𝑉𝐵 (CP-A is more popular among EUs than CP-B). The characters of the

three entities are summarized in Table 1, 2 and 3. 

Table 1 MTC’s profit in the four cases 

Case MTC’s profit 

N, N 𝜋𝑀𝑇𝐶
𝑛𝑠𝑑 = 𝑝𝑚𝑎

𝑛𝑠𝑑 × 𝑄𝑑𝑡
𝑛𝑠𝑑 × 𝑁𝐸𝑈

𝑛𝑠𝑑

S, N 𝜋𝑀𝑇𝐶
𝑠𝑑−𝐴 = 𝑝𝑚𝑎

𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝐴_𝑠𝑑 + 𝑝𝑚𝑎
𝑛𝑠𝑑 × 𝑄𝑑𝑡

𝑛𝑠𝑑 × 𝑁𝐸𝑈
𝐵_𝑛𝑠𝑑

N, S 𝜋𝑀𝑇𝐶
𝑠𝑑−𝐵 = 𝑝𝑚𝑎

𝑛𝑠𝑑 × 𝑄𝑑𝑡
𝑛𝑠𝑑 × 𝑁𝐸𝑈

𝐴_𝑛𝑠𝑑 + 𝑝𝑚𝑎
𝑠𝑑 × 𝑄𝑑𝑡

𝑠𝑑 × 𝑁𝐸𝑈
𝐵_𝑠𝑑

S, S 𝜋𝑀𝑇𝐶
𝑠𝑑−𝐴𝐵 = 𝑝𝑚𝑎

𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝑠𝑑

Table 2 CPs’ profits in the four cases 

Case CPs’ profits 

N, N 𝜋𝐶𝑃
𝐴_𝑛𝑠𝑑 = 𝑝𝑎𝑑

𝐴_𝑛𝑠𝑑 × 𝑄𝑑𝑡
𝑛𝑠𝑑 × 𝑁𝐸𝑈

𝐴_𝑛𝑠𝑑
, 𝜋𝐶𝑃

𝐵_𝑛𝑠𝑑 = 𝑝𝑎𝑑
𝐵_𝑛𝑠𝑑 × 𝑄𝑑𝑡

𝑛𝑠𝑑 × 𝑁𝐸𝑈
𝐵_𝑛𝑠𝑑

S, N 𝜋𝐶𝑃
𝐴_𝑠𝑑 = 𝑝𝑎𝑑

𝐴_𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝐴_𝑠𝑑 − 𝑝𝑚𝑎
𝑠𝑑 × 𝑄𝑑𝑡

𝑠𝑑 × 𝑁𝐸𝑈
𝐴_𝑠𝑑

,𝜋𝐶𝑃
𝐵_𝑛𝑠𝑑 = 𝑝𝑎𝑑

𝐵_𝑛𝑠𝑑 × 𝑄𝑑𝑡
𝑛𝑠𝑑 × 𝑁𝐸𝑈

𝐵_𝑛𝑠𝑑

N, S 𝜋𝐶𝑃
𝐴_𝑛𝑠𝑑 = 𝑝𝑎𝑑

𝐴_𝑛𝑠𝑑 × 𝑄𝑑𝑡
𝑛𝑠𝑑 × 𝑁𝐸𝑈

𝐴_𝑛𝑠𝑑
,𝜋𝐶𝑃

𝐵_𝑠𝑑 = 𝑝𝑎𝑑
𝐵_𝑠𝑑 × 𝑄𝑑𝑡

𝑠𝑑 × 𝑁𝐸𝑈
𝐵_𝑠𝑑 − 𝑝𝑚𝑎

𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝐵_𝑠𝑑

S, S 
𝜋𝐶𝑃

𝐴_𝑠𝑑 = 𝑝𝑎𝑑
𝐴_𝑠𝑑 × 𝑄𝑑𝑡

𝑠𝑑 × 𝑁𝐸𝑈
𝐴_𝑠𝑑 − 𝑝𝑚𝑎

𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝐴_𝑠𝑑
, 

𝜋𝐶𝑃
𝐵_𝑠𝑑 = 𝑝𝑎𝑑

𝐵_𝑠𝑑 × 𝑄𝑑𝑡
𝑠𝑑 × 𝑁𝐸𝑈

𝐵_𝑠𝑑 − 𝑝𝑚𝑎
𝑠𝑑 × 𝑄𝑑𝑡

𝑠𝑑 × 𝑁𝐸𝑈
𝐵_𝑠𝑑

Table 3 Number of EUs in the four cases 

Case The number of EUs 

N, N 𝑁𝐸𝑈
𝐴_𝑛𝑠𝑑 =

𝑉𝐴

𝑉𝐴+𝑉𝐵 × 𝑁𝐸𝑈
𝑛𝑠𝑑, 𝑁𝐸𝑈

𝐵_𝑛𝑠𝑑 =
𝑉𝐵

𝑉𝐴+𝑉𝐵 × 𝑁𝐸𝑈
𝑛𝑠𝑑

S, N 𝑁𝐸𝑈
𝐴_𝑠𝑑 =

𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑

(𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐵
× 𝑁𝐸𝑈

𝑛𝑠𝑑 + (𝑁𝐸𝑈
𝑠𝑑−𝑁𝐸𝑈

𝑛𝑠𝑑),𝑁𝐸𝑈
𝐵_𝑛𝑠𝑑 =

𝑉𝐵

(𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐵
× 𝑁𝐸𝑈

𝑛𝑠𝑑

N, S 𝑁𝐸𝑈
𝐴_𝑛𝑠𝑑 =

𝑉𝐴

(𝑉𝐵+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐴
× 𝑁𝐸𝑈

𝑛𝑠𝑑,𝑁𝐸𝑈
𝐵_𝑠𝑑 =

𝑉𝐵+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑

(𝑉𝐵+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐴
× 𝑁𝐸𝑈

𝑛𝑠𝑑 + (𝑁𝐸𝑈
𝑠𝑑−𝑁𝐸𝑈

𝑛𝑠𝑑)

S, S 𝑁𝐸𝑈
𝐴_𝑠𝑑 =

𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑

𝑉𝐴+𝑉𝐵+2×𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑 × 𝑁𝐸𝑈
𝑠𝑑, 𝑁𝐸𝑈

𝐵_𝑠𝑑 =
𝑉𝐵+𝑝𝑚𝑎

𝑛𝑠𝑑×𝑄𝑑𝑡
𝑛𝑠𝑑

𝑉𝐴+𝑉𝐵+2×𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑 × 𝑁𝐸𝑈
𝑠𝑑

4.2 Results and Analysis: Duopoly CPs 

LEMMA 4. (1) When 0 ≤ 𝑟𝑚𝑎
𝑠𝑑 ≤ 1 −

1

(1+𝑟𝑑𝑡
𝑠𝑑)

, it is optimal for the MTC to provide the sponsored 

data plan for both CPs (S, S). (2) When 𝑟𝑚𝑎
𝑠𝑑 = 1 −

1

(1+𝑟𝑑𝑡
𝑠𝑑)

, 𝜋𝑀𝑇𝐶
𝑠𝑑−𝐴 = 𝜋𝑀𝑇𝐶

𝑠𝑑−𝐵 = 𝜋𝑀𝑇𝐶
𝑠𝑑−𝐴𝐵 > 𝜋𝑀𝑇𝐶

𝑛𝑠𝑑 .

(3) When 1 −
1

(1+𝑟𝑑𝑡
𝑠𝑑)

≤ 𝑟𝑚𝑎
𝑠𝑑 ≤ 1 −

1

(1+𝑟𝑑𝑡
𝑠𝑑)

×
𝑉𝐵+𝑝𝑚𝑎

𝑛𝑠𝑑×𝑄𝑑𝑡
𝑛𝑠𝑑

(𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑+𝑉𝐵)×𝑟𝐸𝑈
𝑠𝑑 +𝑉𝐵+𝑝𝑚𝑎

𝑛𝑠𝑑×𝑄𝑑𝑡
𝑛𝑠𝑑 , the MTC

allows only CP-B to subsidize packets is optimal (N, S). (4) Otherwise, when 1 −
1

(1+𝑟𝑑𝑡
𝑠𝑑)

×
𝑉𝐵+𝑝𝑚𝑎

𝑛𝑠𝑑×𝑄𝑑𝑡
𝑛𝑠𝑑

(𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑+𝑉𝐵)×𝑟𝐸𝑈
𝑠𝑑 +𝑉𝐵+𝑝𝑚𝑎

𝑛𝑠𝑑×𝑄𝑑𝑡
𝑛𝑠𝑑 ≤ 𝑟𝑚𝑎

𝑠𝑑 ≤ 1, the MTC does not allow either CP to

subsidize packets is optimal (N, N). 

Lemma 4 shows that different values of MTC’s discount to CPs correspond to MTC’s different 

optimal strategies. From the MTC’s perspective, providing the sponsored data plan for the more 

popular CP (CP-A) is not always optimal. 

LEMMA 5. (1) When the MTC provides sponsored data plan for both CPs, there exist dominant 

strategy equilibrium outcomes. (2) When the MTC provides sponsored data plan only for CP-A, 

CP-A’s discount rate to his advertisers should meet 𝑟𝑎𝑑
𝐴_𝑠𝑑 ≤ 1 −
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𝑝𝑎𝑑
𝐴_𝑛𝑠𝑑×

𝑉𝐴

𝑉𝐴+𝑉𝐵+𝑝𝑚𝑎
𝑛𝑠𝑑×((1+𝑟𝐸𝑈

𝑠𝑑 )−
𝑉𝐵

(𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐵
)

𝑝𝑎𝑑
𝐴_𝑛𝑠𝑑×(1+𝑟𝑑𝑡

𝑠𝑑)×((1+𝑟𝐸𝑈
𝑠𝑑 )−

𝑉𝐵

(𝑉𝐴+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐵
)

. (3) When the MTC provides sponsored data plan 

only for CP-B and CP-B’s discount rate to its advertisers should meet 𝑟𝑎𝑑
𝐵_𝑠𝑑 ≤ 1 −

𝑉𝐵

𝑉𝐴+𝑉𝐵

(1+𝑟𝑑𝑡
𝑠𝑑)×((1+𝑟𝐸𝑈

𝑠𝑑 )−
𝑉𝐴

(𝑉𝐵+𝑝𝑚𝑎
𝑛𝑠𝑑×𝑄𝑑𝑡

𝑛𝑠𝑑)+𝑉𝐴
)

−
𝑝𝑚𝑎

𝑛𝑠𝑑(1−𝑟𝑚𝑎
𝑠𝑑 )

𝑝𝑎𝑑
𝐵_𝑛𝑠𝑑 . 

The two competing CPs make their decisions depending on MTC’s decision. From one CP’s 

perspective, only when the revenue with the sponsored data plan is larger than the revenue without 

the plan will the CP adopt the sponsored data plan. Particularly, when MTC provides sponsored 

data plan to both CPs, different values of the effect of sponsored data plan correspond to different 

dominant equilibrium outcomes (See Figure 1). CPs should pay close attention to the effect of 

sponsored data plan. 

5. Discussion and Managerial Implications
Firstly, this paper makes unique contributions to the literature of sponsored content. We have

proposed a modeling framework that captures the nonlinear price mechanism and the dynamic

change of consumer behavior. Prior models almost use the linear pricing mechanism (Andrews et

al. 2013, Andrews et al. 2014, Jin et al. 2015, Cho et al. 2016, Zhang and Wang 2014) and almost

do not consider the dynamic change of consumer behavior. Secondly, our findings have important

managerial implications. From

the MTC’s perspective, it is not

always optimal to provide

sponsored data plan for the more

popular CP, which is contrary to

common sense. From CPs’

perspective, CPs should focus on

the effect of sponsored data plan

to makes decisions on whether to

adopt the plan. Thirdly, our

findings have important policy

implications. Our results show

that the system consisting of the

MTC and CP has a stronger

competitiveness than a single

MTC and a single CP. The system

can use the discount of the

subsidization fee or the discount

of the advertising fee to prevent

MTCs or CPs from providing or

adopting the sponsored data plan.

This kind of result may break the

level playing field, which is of

interest to the market regulator. Figure 1  Equilibrium outcomes in terms of the effect of 

sponsored data plan 
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6. Conclusion
In this paper, we analyze conditions where there is a monopoly CP first and two duopoly CPs. We

consider nonlinear pricing mechanism of Internet access fee and advertising revenue fee and the

dynamic changes of both the number of EUs and the average data demand. We find that from the

MTC’s perspective, MTC should make his decisions depending on the effect of sponsored data

plan. From the monopoly CP’s perspective, it is the effect of sponsored data plan that determines

whether the CP should adopt the sponsored data plan. If the MTC and CP merge, the system has a

stronger competitiveness. From the two duopoly CPs’ perspective, one CP’s decision whether to

adopt the sponsored data plan will affect the other CP’s strategy. When MTC provides sponsored

data plan to both CPs, there exists dominant equilibrium outcomes. The effect of sponsored data

plan, the CPs’ gross valuations, revenue-generation rates and discount rates will all affect the

equilibrium outcomes.

Besides, it is important to discuss in the future how the results can be generalized to other 

settings such as where there are competing MTCs and where the EUs multi-home CPs. In reality, 

there are many MTCs and there exists competition among MTCs, and EUs usually visit various 

websites (i.e., EUs multi-home CPs). For example, an EU can be considered to multi-home CPs 

when he accesses email on Gmail and watches videos on YouTube. Thus, we will consider the 

competition among MTCs and the multi-homing of EUs in our future study. 
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Abstract 

Paid-knowledge products are becoming increasingly popular in the digital world. However, 

practitioners and researchers still know little about how to operate a knowledge marketplace 

effectively. Based on the literature of knowledge market, this study builds a structural model to 

examine the effects of seller-, product-, and platform-related factors on consumer demand for 

paid-knowledge products. The results indicate that the social relationship of sellers and the Q&A 

interaction of products increase consumer demand, while the free content generated by sellers and 

the unconditional refund policy endorsed by the platform have heterogeneous, i.e. both positive 

and negative, effects. A further analysis based on topic modeling suggests that the background of 

sellers and the topic of products also have significant impacts on demand. 

Keywords: Paid-knowledge, knowledge market, social relationship, structural model 

1. Introduction
Internet users have long been enjoying the benefits of free knowledge from crowdsourcing and

sharing. However, the generic economic value in knowledge and the basic endogenous supply and

demand relationship determines a reasonable transfer from users to suppliers, especially for high-

value knowledge. With the penetration of peer-to-peer mobile payments, a cohort of start-ups

including Zhihu, Fenda, iGet, etc., have attempted to establish a paid-knowledge marketplace that

allows users to trade knowledge for money; the “pay-for-knowledge” economy burgeons.

One of the most critical questions for practitioners operating paid-knowledge marketplaces is the 

mechanism for the demand generation of paid-knowledge products. Comparing to traditional 

products, either physical or digital, knowledge products possess a number of distinct features, i.e. 

perishability, un-returnability, and usage complexity, etc. The demand generation rules for 

traditional products may thus not apply to knowledge goods. Therefore, it is crucial for 

practitioners to understand the demand generation rules in the knowledge market to make very 

fundamental decisions on its operation. 

Leveraging data from the largest paid-knowledge platform in China, this study recovers the 

demand generation of paid-knowledge products. The empirical results indicate that consumer 

demand in a paid-knowledge marketplace is affected by 1) the social relationship of and the free 

content generated by the seller; 2) the interaction design of the product; 3) the unconditional refund 

policy endorsed by the platform. In addition, in our context of live streaming knowledge sharing, 
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consumers are more price-sensitive to post-broadcasting than pre-broadcasting products. A further 

analysis based on topic modeling suggests a significant impact on demand from the introduction 

of seller background and product topic.  

2. Literature of Knowledge Market
Our work contributes to the literature stream of knowledge market, which holds that knowledge

can exist in objectified and embodied forms and can be produced, searched, and traded/exchanged

like other commodities (Davenport and Prusak 2000). A knowledge marketplace is a mechanism

for distributing knowledge-based products. However, as knowledge products possess a number of

special features, the operation of knowledge market is faced with challenges seldom met by

traditional commodity markets (Davenport and Prusak 2000, Muller et al. 2002).

First, valuable knowledge resources are scarce and buyers cannot explicitly observe who has the 

knowledge they need, so the marketplace must be large enough and provide rich information about 

sellers and their products to reduce the cost of matching demand with supply. Second, since most 

knowledge assets are perishable, knowledge products, especially those about contextual 

knowledge, must be produced and distributed in a timely manner. Third, knowledge products are 

often credence (or experience) goods that cannot be returned or recalled, therefore, reducing 

consumers’ uncertainty and, thus, establishing their confidence is critical for managers to facilitate 

transactions. Furthermore, as the usage of knowledge products is complex and requires the 

cognitive engagement of the receiver, how to facilitate consumers’ knowledge acquisition process 

and improve their consumption experience is also a challenge regarding the operational efficiency 

of a knowledge marketplace. Last but not least, the majority of cost of knowledge products comes 

from the fixed costs of first-production. Once produced, they could be reproduced (digitally) at an 

extremely low marginal cost. A reasonable market design that could balance consumer demand 

between existing and forthcoming products and ensure a sufficient supply of new products are 

extremely important to make the knowledge marketplace sustainable.  

Even though several innovative market designs have been proposed and implemented to reconcile 

the unique features of knowledge product, prior research rarely examines the effectiveness of those 

designs, especially regarding demand generation. Our study, thus, complements to this research 

stream by disentangling the demand generation mechanism of knowledge products. Based on the 

findings, our study further sheds lights on the design of knowledge marketplaces.   

3. Research Context
We empirically investigate the demand generation of Zhihu Live, a leading paid-knowledge

marketplace (platform) in China. Launched by Zhihu in May 2016, this platform offers knowledge

products in the form of live-streaming lecture-sessions or speeches (hereinafter called lectures)

around almost any topics that speakers (i.e. sellers) would like to share. According to the records,

a lecture by Ge Jin had attracted more than 30, 000 buyers and generated more than 150, 000 yuan

in revenue four months after the platform was established. By the end of 2017, there had been

about 5 million transactions made on Zhihu Live.

Zhihu Live has several unique market designs to make itself compatible with knowledge products. 

First, by integrating with the well-established free knowledge-sharing platform Zhihu, Zhihu Live 

not only attracts a large body of sellers and buyers, but also provides rich information about the 
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sellers to reduce information asymmetry, particularly buyer’s uncertainty. Second, this platform 

uses live-streaming techniques to enable sellers to distribute a product in real time while producing. 

This preserves the time-sensitive value of contextual knowledge at large. Third, by engaging the 

audience in the production process (i.e., co-production), it also improves the personalization of the 

content and consumers’ sense of presence and involvement during the knowledge acquisition 

process. Fourth, to reduce consumers’ risk aversion, the platform launched a seven-day 

unconditional refund policy. According to the policy, within seven days of purchase (or the end of 

the broadcasting), consumers can ask for an unconditional full-refund if they have listened to no 

more than 15 voice messages (a typical live-streaming lecture session has 76 voice messages on 

average). Finally, to utilize the low marginal cost nature of knowledge products, Zhihu Live also 

sells copies of a product after the live broadcasting, making the sales periods divided into two 

phases: pre- and post-broadcasting.  

The product pages, as shown in Figure 1, are in general consistent across the two sale phases. For 

either pre- or post-broadcasting, consumers can view the speaker’s profile and gain information 

like his/her number of followers and answers on Zhihu, following the link of the speaker’s name. 

By scrolling down the product page, consumers will see the platform-endorsed features of the 

product, such as whether it supports seven-day unconditional refund and, further, the introduction 

of the lecture and the speaker (not shown in the figure). The price is displayed on first sight. 

However, post-broadcasting products have additional information including live content summary 

statistics (audio length, the number of Q&A, and the number of attachments) and review score (if 

there are sufficient number of reviews), which doesn’t exist for pre-broadcasting products. Pre-

broadcasting products, on the other hand, have an expected time of broadcasting.   

Pre-broadcasting Post-broadcasting 

Figure 1. Home Pages for pre- and post-broadcasting products 

We collect data from Zhihu Live in 2017. Lectures not broadcasted as scheduled or not through 

voice are excluded (only a small fraction). We aggregate the sales data for each product by week. 

The description and the summary statistics of key variables are shown in Table 2.  

Table 2. Key Variables 

Variable Description 
Pre-broadcasting Post-broadcasting 

Mean SD Mean SD 

𝑁𝑒𝑤𝑆𝑎𝑙𝑒𝑠𝑖𝑡  Sales of product 𝑖 in time 𝑡 80.65 474.01 15.32 174.67 

𝑃𝑟𝑖𝑐𝑒𝑖𝑡  Price of product 𝑖 in time 𝑡 14.32 16.71 15.36 16.27 

𝐹𝑜𝑙𝑙𝑜𝑤𝑒𝑟𝑠𝑖𝑡  Number of followers of the speaker 24032.87 64211.67 37214.04 85343.56 

𝐴𝑛𝑠𝑤𝑒𝑟𝑠𝑖𝑡 Number of answers generated by the speaker 148.45 290.58 207.98 415.96 

𝐸𝑥𝑝𝑖𝑡 Number of live lectures held by the speaker 2.69 3.79 3.40 3.88 
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Variable Description 
Pre-broadcasting Post-broadcasting 

Mean SD Mean SD 

𝑅𝑒𝑓𝑢𝑛𝑑𝑖𝑡 Whether product 𝑖 supports refund in time 𝑡 0.44 0.50 0.11 0.32 

𝐿𝑒𝑛𝑔𝑡ℎ𝑖 Audio length of product 𝑖 (if ended) 67.74 33.56 

𝑅𝑒𝑝𝑙𝑦𝑖 Number of Q&A of product 𝑖 (if ended) 18.61 26.54 

𝐴𝑡𝑡𝑎𝑐ℎ𝑖 Number of attachments of product 𝑖 (if ended) 17.68 21.84 

4. Model
Because Zhihu Live largely dominates the live streaming paid-knowledge market, there is very

little external information about its products and no competitors on the market. Consumers make

purchase decisions mainly using information provided by the platform. Therefore, we define each

week on Zhihu Live as one separate market 𝑡. We further note that pre- and post-broadcasting

products satisfy the needs of different consumer groups. Pre-broadcasting products target

consumers who want to participate, i.e., care more about personalization and socialization, whereas

post-broadcasting products are provided for consumers who care more about the content and

instant gratification. In fact, their product attributes even differ. Therefore, we further separate out

post-broadcasting products as another series of markets and estimate two separate structural

models of consumer demand for pre- and post-broadcasting products.

We use a random coefficient multinomial logit model to describe the data-generation process 

(Berry et al. 1995, Nevo 2000, Zheng et al. 2016). In particular, we model consumers to make 

purchase decisions based on the observable product attributes provided by the platform. 

Consumers construct their own expected utility based on the information input and choose one 

product that maximizes their utility. The utility that consumer 𝑖 chooses product 𝑗 in market 𝑡 

is defined as: 

𝑢𝑖𝑗𝑡 = 𝛼𝑖𝑃𝑗𝑡 + 𝑋𝑗𝑡𝛽𝑖 + 𝜉𝑗𝑡 + 휀𝑖𝑗𝑡. (1) 

Here, 𝑃𝑗𝑡 is the price for product 𝑗 in market 𝑡, 𝑋𝑗𝑡 is a vector of other observable attributes of 

product 𝑗 in market 𝑡, 𝛼𝑖 and 𝛽𝑖 are the random coefficients that account for heterogeneous 

consumer preferences and follow the distribution below: 

(
𝛼𝑖

𝛽𝑖
) =  (

α̅
�̅�

) + ∑𝑣𝑖, 𝑣𝑖  ~ 𝑀𝑉𝑁(𝑂, 𝐼). (2) 

We use 𝜉𝑗𝑡  to account for information about product 𝑗  in market 𝑡  that is observed by 

consumers but not by researchers, and 휀𝑖𝑗𝑡 to denote consumer- and choice- specific unobserved 

information. We assume 휀𝑖𝑗𝑡 to follow type-I extreme value distribution. By defining the product 

level mean utility as 𝛿𝑗𝑡 = �̅�𝑃𝑗𝑡 + 𝑋𝑗𝑡�̅� + 𝜉𝑗𝑡 and the utility of choosing outside products as 0, 

the market share for product 𝑗 in market 𝑡 is: 

𝑠𝑗𝑡(𝛿𝑗𝑡, 𝜃1, 𝜃2) = ∫
exp (𝛿𝑗𝑡+[𝑃𝑗𝑡,𝑋𝑗𝑡]∑𝑣𝑖)

1+∑ 𝑒𝑥𝑝 (𝛿𝑚𝑡+[𝑃𝑚𝑡,𝑋𝑚𝑡]∑𝑣𝑖)
𝐽
𝑚=1

𝑑(𝑃(𝑣𝑖)) (3) 

Note that some product attribute variables are endogenous because a seller may purposely adjust 

product attributes according to information unobserved by researchers, 𝜉𝑗𝑡 . To deal with this 

problem, we first construct a set of BLP-style instruments, including the average attribute value of 

other products in the market, and the average attribute value of other products in the same topic 

category in the market. In addition, we apply Villa-Boas-Winer style instruments (Zheng et al. 
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2016), which are the lagged terms of endogenous variables in our case, because the unobserved 

demand shock 𝜉𝑗𝑡 (e.g. the promotion of the speaker) might be related to the attributes of the 

product in time period 𝑡, but cannot affect its attributes in time period 𝑡 − 1.  

5. Results
Table 3 reports the estimation results for pre- and post-broadcasting products. Note that, due to the

nonlinearity of the multinomial logit transformation and the integration of random coefficients, the

sign of the marginal effect of a variable may differ from the sign of its mean parameter (Zheng et

al. 2016). We use both instrument variables for our model estimation.

Table 3 Estimation Results 

Pre-broadcasting market Post-broadcasting market 

Variable Mean S.E. Variability S.E. Mean S.E Variability S.E. 

𝑃𝑟𝑖𝑐𝑒𝑖𝑡 0.011 0.114 0.001 1.241 -0.205*** 0.029  0.011 1.994 

𝐹𝑜𝑙𝑙𝑜𝑤𝑒𝑟𝑠𝑖𝑡 0.709*** 0.118 0.142 1.305 0.806*** 0.104  2.651*** 0.133 

𝐴𝑛𝑠𝑤𝑒𝑟𝑠𝑖𝑡 -0.376*** 0.059 0.816*** 0.276 -0.117*** 0.030  0.047 1.175 

𝐸𝑥𝑝𝑖𝑡 -0.161** 0.069 0.128 0.929 -0.169*** 0.035  0.004 1.697 

𝑅𝑒𝑓𝑢𝑛𝑑𝑖𝑡 -1.271*** 0.236 1.152*** 0.400 -1.056*** 0.190  0.024 3.893 

𝐿𝑒𝑛𝑔𝑡ℎ𝑖  0.044 0.086  0.105** 0.464 

𝑅𝑒𝑝𝑙𝑦𝑖  0.206*** 0.055  0.008 1.570 

𝐴𝑡𝑡𝑎𝑐ℎ𝑖 -0.218*** 0.073 0.488*** 0.080 

𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 -7.537*** 0.181 0.438 0.872 -11.178*** 0.117 0.138 0.370 

We find that, first, consumers are price-sensitive for post- but not pre-broadcasting products. This 

result indicates that the incremental value of live streaming, such as timeliness, content 

personalization, sense of social presence and engagement, etc., is important for consumers and, 

thus, the operation of knowledge market. Second, the number of followers of the seller has a 

significant positive effect on consumer demand, indicating that the social relationships that one 

accumulates online can bring in monetary gains. In addition, considering the variability parameter, 

the number of answers contributed by the seller might have negative or positive effects on 

consumer demand, suggesting that free content have substitution as well as complementary effects 

on the sales of paid-knowledge products. Third, the mean effect of the refund policy is negative 

yet its degree of variability is high. It indicates that, although an unconditional refund policy can 

signal the quality and goodwill of the seller, it may also result in consumers’ exiting behavior and 

opportunistic behavior, i.e., get part of the content for free, because once consumed, a knowledge 

product cannot be returned or recalled. Finally, for post-broadcasting products, the number of 

replies has a positive effect on consumers’ demand. This finding indicates that consumers who 

cannot join the discussion also value the interaction between the speaker and the audience. As a 

result, engaging the audience in the production process not only provides value to those who 

participate, but also subsequently to those who purchase after the live-broadcasting. 

6. Counterfactual Analysis and Extended Analysis
To quantify the monetary value of social relationships, we conduct a counterfactual analysis.

According to the results, a 10% increase in the number of followers would, on average, lead to a

revenue increase of 10.30 yuan for pre-broadcasting products and 6.32 yuan for post-broadcasting

products.
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We then estimate the value of Q&A. According to the results of the counterfactual experiment, 

having one additional Q&A interaction during broadcasting would increase the revenue of post-

broadcasting products by 0.82 yuan (per week). In comparison, extending the broadcasting time 

by one minute would lead to a revenue increase of 0.06 yuan, suggesting that the value of one 

Q&A roughly equals that of 14 minutes-broadcasting.  

We further analyze the textual description on product home pages using LDA topic modeling 

(details omitted due to page limit). By including product attributes extracted from the LDA topic 

modeling and re-estimating the structural model, we find that in the pre-broadcasting market, the 

introduction of the seller’s professional background has a significant effect on consumer demand, 

and that products related to the topic of career development can gain significantly larger market 

share than other topics. These results indicate that consumers are the most willing to pay for 

profession-related knowledge that works in the short run. 

7. Discussion
This study contributes to the literature in several aspects. First, although there are many studies

discussing the effects of user-generated content (UGC) on consumer behavior, its value for content

producers is rarely quantified. Our study thus adds to this stream of literature by revealing the

monetary value of sharing knowledge. Second, we contribute to the literature of social relationship

by examining the effect of online social relationships on the sales of paid-knowledge products,

thus providing a quantitative measure of the value of social relationships. Finally, the research on

knowledge market is still limited and mostly theoretical. By examining several market design

innovations and recover the demand generation of paid-knowledge products empirically, this study

fills the gap in the literature on knowledge market to a large degree.

The results of this study also offer important managerial implications. First, managers should 

proactively integrate and utilize sellers’ background information from external sources to reduce 

consumers’ uncertainty. For example, Mancx, a platform for people to buy answers to business 

questions, encourages users to verify themselves with LinkedIn for the purpose of expert 

credibility and demand-supply matching. Second, our study provides insights on refund policy for 

paid-knowledge platforms. Although a refund policy can signal the seller’s goodwill and quality, 

managers should bear in mind its potential negative impacts, as knowledge products naturally 

suffer from opportunistic behavior (because they cannot be returned or recalled).  
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Distance and Local Competition in Mobile Geofencing 

Abstract 

This paper studies advertising performance in geofencing, a practice where mobile users are 

targeted within a pre-defined virtual geographic boundary around an advertiser’s establishment. 

The analysis emphasizes the impact of distance (between the focal establishment of the geofence 

and a mobile user) and local competition (defined as the number of alternative establishments in 

the consumer’s vicinity zone) on consumer click and conversion responses. We develop a two-

stage choice model and apply it to a unique data set of geo-targeted ad impressions provided by 

one of the largest location-based marketing agencies in the United States. The results suggest that 

local competition matters in the click stage, while distance influences the propensity of conversion. 

Quantitatively, having one more competitor in the consumer vicinity zone lowers the click-through 

rate by 1.03%, whereas a one-mile increase in distance is associated with a 17.64% decrease in 

conversion rate. We also find a significant interactive effect, whereby a greater degree of local 

competition amplifies the negative impact of distance on the likelihood of conversions. 

Additionally, product differentiation ameliorates distance and competition effects, while 

unplanned buying during off-peak hours makes these effects more prominent. Our results provide 

guidance on how advertisers can utilize real-time analytics to account for distance and local 

competition to enhance their return on advertising spend, on mobile go-targeting.  

Keywords: location-based advertising, geofencing, competition, hierarchical Bayes 

1. Introduction
The growing significance of GPS-enabled devices continues to drive demand for location-based

services, projected to reach $70 Billion worldwide by 2021. As users spend more time on their

mobile devices, advertising budgets are also migrating to the mobile platform. Industry observers

estimate that location-targeted mobile ad spending in the United States alone is projected to grow

from $20 Billion in 2018 to $32 Billion in 2021, a 21.1% compound annual growth rate during

this period (BIA/Kelsey 2017). The typical milieu for such advertising is mobile apps that provide

location-based services, such as Yelp and Foursquare for local businesses, and Uber and Lyft for

ride-sharing services. The promise of location-based adverting is enabling advertisers to target

consumers at the right time and the right place, when they might be most responsive to the

messaging. McKinsey Global Institute (2011) estimates that location-based services will account

for $100 billion in revenues for service providers and over $700 billion of value to end consumers.

With the ability to exploit proximity and immediacy, location-based services are at the heart of

online-to-offline (O2O) commerce, which has been recognized as a "trillion-dollar opportunity"

(Inc 2017).

Given its economic significance, increased attention is being directed toward mobile 

location-based advertising (LBA henceforth), both in the information systems (e.g., Fang et al. 

2015) and marketing literatures (e.g., Chen et al. 2017; Fong et al. 2015). Much of the prior 

research has investigated the relationship between mobile coupon redemption and various 

contextual factors, such as geographical crowdedness (e.g., Andrew et al 2016), timing (e.g., Luo 

et al. 2014), and specific consumer segments (e.g., commuters in Ghose et al. 2018a). Among all 

the factors, distance, despite being measured in different ways, is perhaps the one that has drawn 

the most attention from researchers (e.g., Cho et al. 2011; Luo et al. 2014; Molitor et al. 2017; Qiu 
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et al. 2018). The consistent results suggest that the farther the targeted user is distant from the focal 

establishment, the lower the likelihood of a positive response to targeting. Yet, geofencing 

campaigns in practice use an arbitrary geofence radius, without considering other location-specific 

factors, such as population, income levels, or local competition.  

Local competition is expected to play a significant role in affecting the performance of 

location-based advertising. Intuitively, the larger the number of alternatives available to a 

consumer, the lower the likelihood that the consumer will respond to a geo-targeting ad from the 

advertising establishment. In the economics literature, the intensity of competition can be modeled 

as the number of competitors in a focal segment (e.g., Bresnahan and Reiss 1991; Danaher et al. 

2008). Due to the popularity of location-based services, advertisers are able to know exact 

consumer location, making it possible to observe the level of competition in a consumer’s 

geographical proximity. Thus, we define local competition, as measured by the number of similar 

establishments in consumer vicinity, and incorporate it into our analysis. Accordingly, we have 

two spheres of influence: 1) a geofence centered on the focal establishment, which defines the 

distance to consumers, and 2) vicinity zones, each of which is centered on a particular consumer’s 

location, which determines the level of local competition. The current geofencing practice tends 

to configure static geographic boundary. With increasingly powerful real-time analytics 

capabilities, advertisers should exploit the varying levels of local competition, beyond the existing 

focus on geofence radius. Our study is motivated to addresses the following research questions: 

How do distance and local competition affect consumer responses to mobile advertising? How do 

distance and local competition interact in affecting consumer responses? How do these impacts 

vary across the different stages of the consumer journey (i.e., click and conversion decisions)? 

How can advertisers increase their return on advertising spend, by optimizing for distance and 

local competition in their geo-targeting strategies? 

2. Literature
The key to the success of mobile marketing is its ability to leverage both content and context, i.e.,

targeting users at the right place and the right time with the right content (Kenny and Marshall

2000). Context can include factors such as geographical proximity, competitive landscape, types

of medium, surrounding environments, and specific consumer segments. Prior work has examined

the role of various contextual factors in LBA performance, mainly using empirical approaches.

For example, Luo et al. (2014) study mobile short message service (SMS) targeting in a field

experiment incorporating both temporal effect (i.e., coupon expiration) and geographical effect

(i.e., proximal locations). Andrews et al. (2016) further demonstrate that the performance of

mobile targeting also depends on physical environments of consumers such as crowdedness.

Moreover, Fong et al. (2015) investigate geo-conquesting, whereby a focal advertiser pushes ads

to consumers near a specific competing establishment (i.e., within a competitive location).

Utilizing a randomized field experiment, they find that offering deeper discounts in the

competitor’s proximity leads to increased sales, whereas doing the same in the focal advertiser’s

vicinity reduces the returns due to profit cannibalization. Fang et al. (2015) discover that a theater

can further boost its sales by running geofencing with price promotions. In line with this finding,

a discount effect also exists in local search advertising after controlling for the effects of ranking

and distance (Molitor et al. 2017).

This study distinguishes itself from the related literature in the following three aspects. 

First, complementary to the prior research, we study two critical yet underexamined contextual 

factors in location-based advertising: distance and local competition. A novel contribution of our 

work is that we consider the intensity of local competition in consumer vicinity zones, while 
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controlling for the actual distance between consumers and the focal establishment.  The impact of 

local competition, to the best of our knowledge, has not yet been systemically studied in the LBA 

literature. Second, much of prior research specifically looks into effect of promotions delivered 

via short message service (e.g., Fang et al. 2015) or a particular app (Ghose et al. 2018). We 

examine consumer response to location-based ads in a more general setting, a vast network of 

mobile apps for both Android and iOS platforms. Third, in contrast to prior work that observes 

responses from consumers near one single establishment (Fang et al. 2015; Luo et al. 2014) or two 

competing stores (Dubé et al. 2017; Fong et al. 2015), we are able to obtain large-scale 

observations across multiple cities in the United States. Our generalizable results, powered by the 

data richness, provide new insights into local competition in location-based advertising. 

3. Data
The data used for our research are provided by one of the largest location-based marketing agencies

in the United States, which runs geofence campaigns for a large number of advertisers. The data

cover millions of impressions handled by the agency during the month of March 2017. It is

important to point out that the advertising campaigns included in our dataset correspond to pure

geofence targeting, and do not include campaigns using other types of targeting based on

demographics or user trajectory (e.g., geocookie targeting). This allows us to focus on geofence

advertising performance, without other confounding targeting activities.

Our dataset captures impressions at the geofence-device-app level (i.e., an impression is 

placed in an app banner on a user device, located within a particular geofence). Each observation 

in our dataset contains various characteristics of the publisher, geofence, and user device. Publisher 

attributes include the type of app, and impression size in pixels. Geofence details include the 

identity of advertiser and the center of the geofence (i.e., establishment location). User device 

characteristics include latitude/longitude coordinates, device manufacturer, and operating system. 

We use the Haversine formula to compute the actual distance between the device and establishment 

latitude/longitude locations. 

To characterize the level of local competition in a consumer’s vicinity, we collect 

supplementary data from Yelp, one of the largest information aggregators for local businesses. 

Using Yelp Fusion Search API, we search for local businesses providing services similar to our 

focal consumer within a five-mile vicinity zone. As illustrated in Figure 4, Consumer D who 

receives a geofencing ad from the focal advertiser have other alternatives in her proximity. 

Moreover, we use the Google Reverse Geocoding API to translate the latitude/longitude 

coordinates of the establishment into the corresponding zip code. As control variables, we retrieve 

median income and population size at the level of ZIP code Tabulation Area (ZCTA) from 

American Community Survey data (United States Census Bureau 2015). Our analysis focuses on 

one of the largest restaurant chains in the United States. We specifically choose this advertiser for 

the following two key reasons. First, the restaurant industry is one of the heaviest users of geofence 

advertising (Thumbvista 2015). Second, local competition in the dining industry can be accurately 

characterized, because the alternatives to the focal restaurant, in different price ranges, can be 

clearly identified through local search services like Yelp and Google Maps. 

4. Empirical Model
We develop a hierarchical Bayes model to examine consumer responses in the context of mobile

geofencing campaigns. Specifically, we quantify the impacts of distance, local competition, and

the interactions between the two on click and conversion decisions, after controlling for consumer

characteristics and publishers’ attributes. We further control for unobserved heterogeneity at the

geofence level with the hierarchical specification. Our modeling framework is that, upon seeing
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an impression, a consumer first decides whether to click on the ad; if a click occurs, she then 

decides whether to convert. The conversion is proxied by further actions on the landing page of 

the advertiser, including checking the menu, requesting directions, scrolling down the screen for 

more information, and so on. The distinct phases underlying the two consumer decisions are 

referred to as the click stage and the conversion stage, respectively. In the click stage, the observed 

consumer response (i.e., whether to click) on Impression j associated with the Geofence i is binary 

and can be coded as follows: 

𝑌𝑖𝑗
𝑐𝑙𝑐𝑖𝑘 = {

1, 𝑖𝑓 𝑐𝑙𝑖𝑐𝑘;
 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

Similarly, we use the following coding rule for the observed outcome (i.e., whether to click) in the 

conversion stage: 

𝑌𝑖𝑗
𝑐𝑜𝑛𝑣𝑒𝑟𝑡 = {

 1, 𝑖𝑓 𝑐𝑜𝑛𝑣𝑒𝑟𝑡;
 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

Following random-utility theory, we specify consumer utility of clicking on Impression j 

associated with Geofence i as: 

𝑈𝑖𝑗
𝑐𝑙𝑖𝑐𝑘 = 𝑈𝑖𝑗

𝑐𝑙𝑖𝑐𝑘∗
+ 𝜀𝑖𝑗

  = 𝛽𝑖0 + 𝛽𝑖1ln(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗) + 𝛽𝑖2ln(𝑁𝑜𝑂𝑓𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑖𝑗) + 

𝛽3𝑖ln(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗) ∗ ln(𝑁𝑜𝑂𝑓𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑖𝑗) + 

𝛽4ln(𝑀𝑒𝑑𝐼𝑛𝑐𝑜𝑚𝑒𝑖) + 𝛽5ln(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖) + 𝛽6𝑖𝑂𝑆𝑖𝑗 + 𝛽7𝐿𝑎𝑟𝑔𝑒𝐼𝑚𝑝𝑖𝑗 +

𝛽8𝐶𝑎𝑡𝐸𝑛𝑡𝑖𝑗 + 𝛽9𝐶𝑎𝑡𝑆𝑜𝑐𝑖𝑎𝑙𝑖𝑗 + 𝛽10𝐶𝑎𝑡𝐺𝑎𝑚𝑒𝑖𝑗 + 𝜀𝑖𝑗. 

Assuming that  𝜀𝑖𝑗  follows a standard normal distribution, we have a standard binary probit 

specification: 

Pr(𝑌𝑖𝑗
𝑐𝑙𝑖𝑐𝑘 = 1) = Pr(𝑈𝑖𝑗

𝑐𝑙𝑖𝑐𝑘∗
+ 𝜀𝑖𝑗 > 0) = Φ(𝑈𝑖𝑗

𝑐𝑙𝑖𝑐𝑘∗
),

where Φ denotes the cumulative density function (CDF) of a standard normal distribution. A 

consumer would click on the ad (i.e., 𝑌𝑖𝑗
𝑐𝑙𝑖𝑐𝑘 = 1), if the latent utility of clicking 𝑈𝑖𝑗

𝑐𝑙𝑖𝑐𝑘 > 0; the

consumer would not click otherwise. 

If a click occurs in the first stage, the consumer would be redirected to the advertiser’s 

landing pages where she decides whether or not to take further actions. We specify the following 

utility function for consumers’ conversion decision, conditional on the occurrence of a click: 

𝑈𝑖𝑗
𝑐𝑜𝑛𝑣𝑒𝑟𝑡 = 𝑈𝑖𝑗

𝑐𝑜𝑛𝑣𝑒𝑟𝑡∗
+ 𝜁𝑖𝑗

= 𝛾𝑖0 + 𝛾𝑖1ln(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗) + 𝛾𝑖2ln(𝑁𝑜𝑂𝑓𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑖𝑗) + 

   𝛾3𝑖ln(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗) ∗ ln(𝑁𝑜𝑂𝑓𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑖𝑗) + 

   𝛾4ln(𝑀𝑒𝑑𝐼𝑛𝑐𝑜𝑚𝑒𝑖) + 𝛾5ln(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖) + 𝛾6𝑖𝑂𝑆𝑖𝑗 + 𝜁𝑖𝑗.

We assume 𝜁𝑖𝑗 follows a standard normal distribution, resulting in the following binary probit 

model with conditional probability: 

Pr(𝑌𝑖𝑗
𝑐𝑜𝑛𝑣𝑒𝑟𝑡 = 1 | 𝑌𝑖𝑗

𝑐𝑙𝑖𝑐𝑘 = 1) = Pr(𝑈𝑖𝑗
𝑐𝑜𝑛𝑣𝑒𝑟𝑡∗

+ 𝜁𝑖𝑗 > 0) = Φ(𝑈𝑖𝑗
𝑐𝑜𝑛𝑣𝑒𝑟𝑡∗

).

While we have specified two separate equations for the two consumer choices, the 

interdependence between the two has not yet been formally discussed. It is reasonable to suspect 

that some unobserved factors, such as weather, may influence the two decisions simultaneously. 

Ignoring this potential interdependence between the two decisions could bias the estimation results. 

Accordingly, we flexibly allow the error terms in the click and conversion models to be correlated 

by assuming (
𝜀𝑖𝑗

𝜁𝑖𝑗
) = BVN ((

0
0

) ,  (
1 𝜌
𝜌 1

)), where BVN denotes a bivariate normal distribution, 
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and 𝜌 captures the correlation between the two sets of error terms. The standard deviations of 𝜀𝑖𝑗 

and 𝜁𝑖𝑗 are fixed at 1 in order to obtain binary probit specifications, and the parameter ρ is the 

correlation coefficient to be estimated. 

5. Results
Our results for click and conversion responses to geofence advertising are presented in Table 1. In

the click stage, the coefficient of distance is not statistically significant. The local competition

variable is negative and significant. The coefficient estimate for the distance-competition

interaction term suggests that these two factors do not jointly affect click responses. The coefficient

of 𝑖𝑂𝑆𝑖𝑗 is insignificant, showing no systematic difference in the click performance between iOS

versus Android devices. 𝑙𝑛(𝑀𝑒𝑑𝐼𝑛𝑐𝑜𝑚𝑒𝑖𝑗) is insignificant, while 𝑙𝑛(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖) is positive

and significant. Considering the demographics of geofence zones, the click performance is better

in more populated areas but not different across neighborhoods with different income levels.

Large-size impressions are clicked less often by consumers. The coefficients for app categories

suggest that entrainment and gaming apps garner a relatively higher click-through rate as compared

to social media or other apps. This could be driven by a natural match between dining businesses

and consumer segments, such as millennials, interested in entertainment and gaming.

Table 1. Estimating Click and Conversion Response 

Click Conversion 

𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 -0.362 (0.124)*** -0.988 (0.250)***

ln(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗) -0.081 (0.319) -0.126 (0.036)***

ln(𝑁𝑜𝑂𝑓𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑖𝑗) -0.518 (0.207)*** -0.017 (0.012)***

ln(𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗) ∗ ln(𝑁𝑜𝑂𝑓𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝑠𝑖𝑗) -0.085 (0.176) -0.028 (0.005)***

ln(𝑀𝑒𝑑𝐼𝑛𝑐𝑜𝑚𝑒𝑖) -0.025 (0.028) -0.035 (0.036)

ln(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖) -0.037 (0.016)*** -0.036 (0.024)

𝑖𝑂𝑆𝑖𝑗 -0.135 (0.107) -0.233 (0.054)***

𝐿𝑎𝑟𝑔𝑒𝐼𝑚𝑝𝑖𝑗 -0.029 (0.034)

𝐶𝑎𝑡𝐸𝑛𝑡𝑖𝑗 -0.082 (0.011)***

𝐶𝑎𝑡𝑆𝑜𝑐𝑖𝑎𝑙𝑖𝑗 -0.015 (0.019)

𝐶𝑎𝑡𝐺𝑎𝑚𝑒𝑖𝑗 -0.243 (0.066)***

𝜌 0.176 (0.067)*** 

𝑁 210,217 

Note: Results from the bivariate probit model of Section 4. *** indicates significance at 1%. 

In the conversion stage, distance turns out to be significant. The negative sign shows that 

consumers are sensitive to distance when deciding whether or not to take further actions after 

clicking an ad. Thus, distance matters only in the second stage but not in the first one, consistent 

with the research findings (e.g., Luo et al. 2014; Molitor et al. 2017) as well as the anecdotal 

evidence for the restaurant industry (YP Marketing Solutions 2012). It is worth noting that 

competition is insignificant in the conversion stage. Moreover, the interaction between distance 

and the number of competitors is significant at 0.01 level, and shows that these two factors amplify 

each other. In other words, a consumer is less interested in the advertiser’s restaurant when it is 

farther from her and when there are more alternatives nearby. Regarding other control variables, 
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consumers using Apple iOS devices appear to have lower propensity to convert, implying that the 

advertiser is not attractive to this specific consumer segment. Other demographics have no effect 

on the conversion rate. 

Using the coefficient estimates in Table 1, we can quantify the economic significance of 

distance, local competition and other controls. Since interpreting the coefficients in a probit model 

is not as straightforward as in logit models, we have to derive the marginal effects of each variable 

of interest while fixing other variables at their mean levels. Quantitatively, having one more 

competitor in the consumer vicinity decreases click-through rate by a margin of 1.03%, ceteris 

paribus. On the contrary, distance has a negative impact on conversion rate, whereas competition 

does not. The estimation results indicate that the conversion rate would drop by a large margin of 

17.64% if the consumer is one mile further away from the focal advertiser establishment, all else 

equal. Entertainment and gaming apps are associated with a higher click-through rate with margins 

of 23.47% and 85.23%, respectively. Finally, iOS consumers are less likely to take conversion 

actions than other device users by a margin of 25.49%. 

5. Conclusion
These results are relevant to practitioners, and have implications for the design of location-based

strategies. Whereas advertisers in our dataset used simple heuristics for geo-targeting users (i.e.,

target all devices running particular apps within the geofence), one can conceive of richer strategies

that take into account distance and local competition. Such strategies are becoming more feasible

by the day, as more powerful real-time analytics capabilities are deployed for this purpose. In this

regard, our results show distance and competition have varying significance across decision stages:

competition is critical for click-through, but distance is all-important at the time of conversion.

Our results should help advertisers more precisely determine the size of geofence zones and

provide managerial insights for dynamic geo-targeting or location-based couponing, if applicable.

For instance, advertisers are encouraged to decompose a macro-geofence defined by arbitrary

radius into several micro-geofences conditional on the intensity of local competition. Moreover,

considering local competition would enable advertisers to be more cost-efficient at building brand

awareness in the click stage, leading to more fruitful conversions downstream. This is particularly

important for new brand advertisers, or for sellers of high-involvement products or services like

car dealers or real estate agencies. To further improve the performance of geofence advertising,

advertisers should not only consider overall competition but recognize the importance of product

differentiation as well. Highlighting differentiated products on ads may help alleviate the

substitution effect from competing alternatives. For example, a restaurant advertiser could display

seasonal menus in ads, rather than common everyday items, to enhance real and perceived

differentiation. As to time-of-day effects, our results indicate that advertisers should be passive at

off-peak hours due to low purchase propensity of consumers who are less responsive to advertising

during those time periods. For example, a restaurant should avoid allocating excessive geofence

advertising budgets between 1 and 6 PM because the demand is relatively low. In addition, the

effects of distance and competition are amplified during off-peak hours, further lowering the

effectiveness of geofencing. Therefore, it is desirable for advertisers to reduce geofence radii and

target smaller zones to compensate the low click-through and conversion rates during less busy

off-peak hours. Finally, our robustness checks indicate that the results should be applicable to other

online-to-offline settings, such as grocery stores, pharmacy, general retailers, and other service

providers like auto repair, hair salons, plumbers, and the like.
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Predicting Stock Price Movements via Multi-relational Inter-firm Networks 

Abstract 

Predicting stock movements is challenging, but has attracted tremendous amount of attention from 
both practitioners and researchers. Meanwhile, firms are connected with each other in a multi-
relational network that consists of multiple types of relationships. Such multi-relational 
connections could provide helpful signals for the prediction of a firm’s stock movement. Using 
real-world supply and competition networks among almost three thousand firms, this research 
predicts a firm’s stock movements by leveraging performance of other firms in such a multi-
relational inter-firm network. We show that features based on a firm’s network peers can improve 
the prediction of the firm’s future stock price movements. 

Keywords: Stock Return Prediction, Supply Chain Networks, Multi-relational Networks, 
Network Communities, Network Embedding  

1. Motivation and Research Questions
For many decades, predicting stock returns has attracted investors’ and researchers’ interest. While
this is a challenging problem, due to its relevance, previous research has attempted to explain stock
returns by analyzing not only historical financial data, but also additional external information like
social media (Luo, et al. 2013) (Rechenthin, et al. 2013) (Nguyen, et al. 2015), search logs (Luo,
et al. 2013)  (Agarwal, et al. 2017), and supply chains  (Hendricks and Singhal 2005)  (Agarwal,
et al. 2017), among others. Additionally, firms are now connected with each other in a multi-
relational network exhibiting different types of relationships among the same set of nodes. Supply
chain and competition networks capture two important aspects of such relationships, and have an
impact on a firm’s performance (Merschmann and Thonemann 2011)  (Vanichchinchai and Igel
2011) (Ferrier and Lee 2002).

Our study integrates multi-relational inter-firm networks into the prediction of stock movement 
and attempts to answer the following research questions: Does the stock price movement of other 
firms in a multi-relational inter-firm network help to predict a focal firm’s stock price 
movement? If so, what type(s) of inter-firm network is more predictive of the focal firm’s 
stock price movement? Answers to these questions will help investors predict stock price 
movement, and also provide managers of a focal firm with a more granular understanding of the 
impact that business partners have on the firm’s performance, thereby enhancing their decision-
making process. 

To answer these questions, we built a multi-relational inter-firm network that consists of a 
supply chain network and the corresponding competition network. We proposed and evaluated a 
set of predictive models and network-based features for a focal firm’s stock movement. 

2. Data Collection and Networks Construction
Our data collection for inter-firm networks starts with 27 seed firms that are ranked by Supply
Chain Gartner Top 50 (Gartner Inc. 2015) and are publicly traded in U.S. stock markets. Data was
collected form Mergent Horizon (http://www.mergentonline.com). This database provides
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companies’ basic information (e.g., Ticker Symbol, Industry Sector, and Country), financial data 
(e.g., Net Income and Revenue), lists of suppliers, lists of customers, lists of competitors, and 
product overlap with competitors, among others. Using the 27 firms as seeds for a snowball 
sampling approach, we retrieved information about customers and different levels of suppliers of 
each seed company. With the total set of companies in the supply chain network, we collected the 
list of competitors of each of these companies to build our competition network. Figure 1 presents 
the structure of the complete web-scraping process for the two networks. 

Figure 1. Structure of the complete web-scraping process for the two networks 

We constructed a multi-relational inter-firm network with 2,826 nodes (firms) that combines 
the supply chain network of all the seed companies along with the competition networks among 
the 2,826 firms. The two networks share the same set of nodes (2,826 firms) and different sets of 
edges. Figure 2 visualizes these two networks and Table 1 presents a summary of the main network 
metrics including number of nodes, number of edges, average degree, diameter (maximum of the 
shortest path length between any two nodes), and size of the largest connected component (LCC). 
A connected component is a subnetwork with a path (edge directions ignored) between any pair 
of nodes. 

(a) Supply Network (b) Competition Network
Figure 2. Supply and competition networks. Node colors represent network communities 

Number of 
Nodes 

Number of 
Edges 

Average 
Degree 

Diameter 
Size of LCC 

(%) 
Supply Chain 

Network 
2,826 20,721 14.66 15 100 

Competition 
Network 

2,826 11,276 7.98 15 86.8 

Table 1. Summary of basic network metrics. 

322



We also collected 18 months of daily stock prices for each company in the network from the 
Center for Research in Security Prices (CRSP) and Yahoo Finance. Our predictive models were 
built over Period 2 (last 6 months), while Period 1 (first 12 months) was used for parameter 
estimation of our predictive model. The networks we initially created using only data from 
Mergent Horizon are unweighted. We assigned weights to each edge based on similarities in 
historical stock movement. 

3. Predictive Model
For the predictive analysis, we started by defining a group of 105 focal firms, which combines the
27 seed companies and the SP100. With the multi-relational network among the 2,826 firms, and
their stock prices over 18 months, we built and evaluated a set of supervised classification models
for the 105 focal firms to illustrate the predictive power of a focal firm’s network neighbors.

3.1. Model Setup 
To improve the prediction of a focal firm’s stock movement, we proposed a set of predictive 
models that identify the focal firm’s peers in different ways. The features included in the prediction 
consist of i) Network Features designed based on the stock price movement of the firms (peers) 
our models identified from the multi-relational network and ii) Baseline Features (related to 
financial performance of a firm (Fama and French 1996) (Carhart, 1997)  (Goyal and Welch 
2003)). If we build one predictive model for each of the 105 focal firms, we can directly use the 
stock movement of all that firm’s network peers as features. However, this means each model 
could have different number of features as each firm could have a different number of peers. To 
build one unified model that can be applied to different firms once it is learned, we adopted a 
binning approach. As for our target variable, the stock returns of each peer was discretized based 
on their historical standard deviation. All the peers identified by each model are then combined 
into a fixed-length vector, so that their stock returns can be included into the classifiers. 

A summary of the proposed models is presented in Table 2. Model 1 starts including only 
baseline features, while Model 2 adds all the firm’s direct neighbors (i.e., customers, suppliers and 
competitors) in our multi-relational network. Model 3 goes beyond direct neighbors and includes 
also the 2-hop neighbors of the focal firm in the supply network (i.e., their tier-2 suppliers and 
customers). Going further, and to leverage the network structure, we include Model 4, which 
identifies similar peer companies based on network embeddings (Perozzi, et al. 2014), and Model 
5 where we use network community detection algorithms (Leicht and Newman 2008). We chose 
the hyper parameters of our embedding models using cross-validation on Period 1. Using cosine 
similarity over the resulting embeddings, we chose the top K most similar peers of each focal 
company to be included in the prediction. For a fairer comparison, models 4 and 5 include the 
same K number of peers, defined by the sizes of the communities identified in Model 5. 

We ran four classifiers for the 105 focal firms to illustrate the predictive power of the identified 
peers. We defined a three-class categorical target variable (going up, down, or staying the same) 
indicating considerable stock price movement of a particular company from one day to the next. 
These classes were defined based on each company’s historical stock return. We discretized the 
observed numeric daily stock returns of each company based on the historical standard deviation 
of its stock returns (Period 1). 
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Table 2. Description of the proposed models. 

3.2. Results 
To evaluate the predictive power of the proposed network-based models, we compared their 
performance (macro-AUC) with the performance of Model 1 (which only includes the Baseline 
Features) and used leave-one-company-out cross-validation. Table 3 shows these results for our 
three-class prediction. The starts represent the p-value of a t-test comparing the macro-AUC of 
each proposed model versus the baseline model. 

Table 3. Performance (Macro-AUC) comparison of the proposed models for the three-class prediction. 

The comparison results revealed that random forest performs better than the other classifiers. 
One can see that the proposed Model 2 (direct-neighbors-only) outperforms the baseline model for 
all the classifiers. Meanwhile, the other proposed models are considerably better than Model 2. 
Models 4 and 5, which carefully choose the peers to include, outperform Model 3 even when the 
latter includes a larger number of peers. The results show that analyzing the performance of a focal 

Model Description Baseline Features
Peers identified from 
Competition Network

Peers identified from 
Supply Chain Network

Model 1 Baseline Model
- Market return
- Focal firm's stock price
- Focal firm's stock return

Model 2 Direct Neighbors
- Market return
- Focal firm's stock price
- Focal firm's stock return

Direct neighbors 
(competitors)

Direct neighbors (suppliers 
and customers)

Model 3 2-hop Neighbors
- Market return
- Focal firm's stock price
- Focal firm's stock return

Direct neighbors 
(competitors)

All firms 2 hops away from 
the focal company

Model 4 Network Embeddings
- Market return
- Focal firm's stock price
- Focal firm's stock return

Direct neighbors 
(competitors)

K most similar peers based 
on network embeddings 

Model 5 Community Detection
- Market return
- Focal firm's stock price
- Focal firm's stock return

Direct neighbors 
(competitors)

Peers in the focal firm's 
network community

Model 5a
Community Detection - 

Excluding Suppliers

- Market return
- Focal firm's stock price
- Focal firm's stock return

Direct neighbors 
(competitors)

Peers in the focal firm's 
network community. 
Excluding suppliers

Model 5b
Community Detection - 
Excluding Customers

- Market return
- Focal firm's stock price
- Focal firm's stock return

Direct neighbors 
(competitors)

Peers in the focal firm's 
network community. 
Excluding customers

Model 5c
Community Detection - 
Excluding Competitors

- Market return
- Focal firm's stock price
- Focal firm's stock return

Peers in the focal firm's 
network community

Classifier Model 1 Model 2 Model 3 Model 4 Model 5

LASSO 0.546 0.572 *** 0.578 *** 0.585 *** 0.575 ***

Artificial Neural Networks 0.518 0.553 *** 0.574 *** 0.583 *** 0.578 ***

K-NN 0.543 0.566 *** 0.601 *** 0.626 *** 0.640 ***

Random Forest 0.637     0.646    0.676 0.724 *** 0.752 ***

*p-value<0.05, **p-value<0.01, ***p-value<0.001
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firm’s neighbors in its multi-relational inter-firm network improves the prediction of its stock 
movement compared to baseline features used in the financial literature. 

Table 4. Contribution to prediction performance (Macro-AUC). 

To understand how different types of peers contribute to the stock price movement prediction 
of a focal firm, we ran our classifiers excluding suppliers, customers, and competitors one group 
at a time. From Table 4, we can see the highest decrease in prediction performance for 3 of the 
classifiers when customers are excluded, highlighting their predictive power. 

4. Conclusions and Future Work
This paper contributes to the literature on stock price predictions by leveraging information from
multi-relational networks that a firm is in. Based on data we scraped from a database, we
constructed a large-scale multi-relational inter-firm network that incorporates a supply chain
network and the corresponding competition network. We proposed and designed network-based
features that reflect the performance of different types of network neighbors of a focal firm.
Experimental results suggest that these network features can significantly improve the prediction
of stock movement compared to baseline features used in the financial literature. The results
highlight the importance of business partners for a focal firm’s performance in different ways and
provide managers with additional knowledge to make better decisions.

This study has its limitations. First, our prediction models focused only on companies that trade 
in US stock markets. Additional sources of reliable financial information can be explored to build 
a much larger inter-firm network beyond the US. Second, one day (24 hours) is a somewhat 
arbitrary unit of time lag for information flow and stock-price adjusting. Potential extensions of 
the study could explore if our approach would work differently with different time lags (e.g., hours 
or more than one day). From a methodological perspective, we want to explore deep learning 
models to include time-series data not only from one day before but further in the past. 
Additionally, we can explore graph models with different ways to combine information from 
network neighbors. The found relationship between the stock price of a focal firm and its 
neighboring companies in our multi-relational network could improve managerial decisions 
related to both its financial performance and risk. Finally, future work could also include the design 
of a trading strategy based on our findings to accentuate their practical relevance for the finance 
industry too. 
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Abstract 

The emergence of a sharing economy increases the utilization of existing 

products/services and reduces the consumption of new resources. We develop an 

analytical model to study how a sharing platform chooses from three business modes 

(B2P, P2P and hybrid modes). The market conditions include three factors: consumers’ 

type, consumers’ preference and product costs. When the proportion of high-type 

consumers is high enough, B2P is the optimal mode for the sharing platform; when the 

proportion of two types of consumers is approximately equivalent, B2P and P2P are the 

optional optimal modes, when the product cost is low or high, P2P is the optimal mode, 

when the product cost is moderate, B2P is the optimal mode; When the proportion of 

high-type consumers is low, B2P and hybrid mode are the optional optimal modes, when 

the product cost is low or high, hybrid mode is the optimal mode, when the product cost 

is moderate, B2P is the optimal model. With the heterogeneity of consumers increases, 

the possibility of choosing B2P mode for sharing platform will increase, and the 

possibility of choosing P2P mode will decrease. 

Key words: sharing platform, business mode, self-operated products  

1. Introduction

In e-commerce retailers, it is very common for platforms to provide self-operated 

products. For example, Amazon sells a large amount of products though its self-

operated mode (amazonbasics). However, for a sharing platform, it seems that the 

platform does not need to provide self-operated products. Because the sharing platform 

was originally created to allow consumers to share idle products other than produce 

new products. Until now, in almost all transactions, Uber did not use its own car, and 

Airbnb did not use its own house. But in recent years, we have been surprised to find 

that some shared platforms are beginning to offer self-operated products. In the field of 

travel, on February 22 this year, German auto giants BMW and Daimler jointly 

announced that they will jointly invest 1 billion euros to jointly establish five travel 

joint ventures to challenge Uber, Waymo and Didi and other car sharing platforms. 

Previously, BMW’s sharing car program “DriveNow” already used self-operated cars. 

Therefore, we want to explore whether the sharing platform need to invest in self-

operated products. 

Schor (2014) argues that the sharing platform should be classified according to two 

dimensions including ‘market orientation’ and ‘market structure’, because these two 

dimensions can reflect the business mode of the sharing platform. He divides the 

sharing platform into two types according to their orientation: profitable and non-profit 

platforms. He also divides the sharing platform into two types according to their 
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structure: P2P (person to person) and B2P (business to person) platforms. According to 

Schor’s classification, we have four types of sharing platform, i.e. (P2P, non-profit 

platform), (P2P, profitable platform), (B2P, non-profit platform), (B2P, profitable 

platform). For example, the first type platform is represented by NeighborGoods which 

is a P2P platform for sharing daily necessities. Product owners can obtain rental income, 

while the platform doesn’t extract commission fees. Uber, RelayRides and Spinlister 

are representative enterprises for second type of platforms; Maker Space is one of the 

third type of platform which provides the workspace for people who are connected with 

common interests (usually computers, mechanics, technology, science, digital art, or 

electronics) to get together, socialize and collaborate. Mobike and Zipcar are 

representative enterprises for fourth type of platforms, they adopt self-operated mode 

to make consumers enjoy more convenience, although the initial investment is 

expensive. 

Now only the patterns of sharing platforms are classified, but there are few studies on 

how to choose the appropriate mode for the platform. We consider a market with a third-

party sharing platform, and consumers who can either purchase the product directly 

from the manufacturer or transact in the sharing platform. We build a theoretic model 

to analyze the optimal mode for the sharing platform. We also analyze the consumers 

consumption decisions to purchase or lease the product, as well as their consumption 

level.  

We find that when the proportion of high-type consumers is high enough, B2P is the 

optimal mode for the sharing platform; when the proportion of two types of consumers 

is approximately equivalent, B2P and P2P are the optional optimal modes, when the 

product cost is low or high, P2P is the optimal mode, when the product cost is moderate, 

B2P is the optimal model; When the proportion of high-type consumers is low, B2P and 

hybrid mode are the optional optimal modes, when the product cost is low or high, 

hybrid mode is the optimal mode, when the product cost is moderate, B2P is the optimal 

model. With the heterogeneity of consumers increases, the possibility of choosing B2P 

model for sharing platform will increase, and the possibility of choosing P2P model 

will decrease. 

The remainder of the paper is organized as follows. In section 2, we review the related 

literature. Section 3 introduces B2P mode. We analyze the P2P and hybrid modes in 

section 4. In section 5, we compare three business modes. Section 6 concludes our paper. 

2. Literature review

2.1 Online platform strategy

In recent years, the platform business model has been the focus of scholars in different 

fields. Research on the business model of the platform mainly focuses on the field of e-

commerce. There are two types of tactics for intermediaries such as Amazon and 

Alibaba as follow: one is to provide the buyers and sellers with trading channels as the 

marketplace, and the other is similar to a reseller, which buys a product or service from 

a provider before selling it to the consumer. Hagiu and Wright (2015) argue that the 

most significant difference between the two modes is the distribution of control; the 
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control of the first model (including pricing, advertising and customer service, etc.) lies 

with the supplier, while the retailer model’s control lies entirely with the retailer. From 

the pricing point of view, these two strategies are the agency model and the wholesale 

model. Abhishek et al. (2015) find that agency selling is more efficient than reselling 

and leads to lower retail prices; sales in the electronic channel lead to a negative effect 

on demand in the traditional channel; additionally, e-tailers prefer agency selling. 

Kwark et al. (2013) study the impact of agency and wholesale models on online 

retailers' profit when online retailers provide product reviews. They find that the agency 

model and the wholesale model have potential impacts on online retailers' profits but 

with opposite effects. Hao and Fan (2014) study the agency model and the wholesale 

model in the e-book market; they find that the price for e-book readers and social 

welfare are lower in the agency model than in the wholesale model and that total 

consumer surplus is slightly higher in the agency model. Sohn et al. (2008) and Liu et 

al. (2010) both indicate that for the supply chain, information sharing can be beneficial 

for the participants. 

2.2 The two-sided market 

The two-sided market literature mainly studies pricing strategy in platform setting. 

Rochet and Tirole (2003) study how the price allocation between two sides of the 

market is affected by various factors, including platform governance, end users’ cost of 

multihoming, platform differentiation, platform’s ability to use volume-based pricing, 

the presence of same-side externalities, and platform compatibility. The authors further 

provide a road map to the two-sided market literature and present new results (Rochet 

and Tirole, 2006). Parker and Van Alstyne (2005) study strategic information product 

pricing and design issues characterizing the two-sided network externalities. 

Economides and Katsamakas (2006) study the optimal two-sided pricing strategy for 

the technology platforms. Chou et al. (2012) study the pricing of a platform to jointly 

determine the selling price of the platforms (hardware) sold to consumers and the 

royalty charged to content developers for content (software). Recent studies extend 

platform research to a broad setting. Hagiu and Spulber (2013) introduce investment in 

first-party content as a strategic variable for two-sided platforms and show the interplay 

with platforms’ pricing strategies. Hao et al. (2017) develop a two-sided market model 

to analyze the platform owner’s optimal advertising revenue-sharing (agency) contract 

with an app developer.  

The net neutrality debate is also discussed as an economic issue from the perspective 

of two-sided market. Economides and Tag (2012) develop a model of two-sided market 

to asses the effects of the Internet departing from net neutrality. Cheng and 

Bandyopadhyay (2011) specifically discuss who are gainers and losers of abandoning 

net neutrality. Guo et al. (2012) find that although abandoning net neutrality sometimes 

increases consumer surplus and broadband market cove, it reduces innovation. Guo et 

al (2013) explore a complete spectrum of broadband network management options 

based on the supply and demand sides of the market. Guo and Easley (2016) examine 

the link between network neutrality and content innovation on the Internet.  

Cai et al. (2012) investigate the joint impact of exclusive channels and revenue sharing 

on suppliers and retailers in a complementary goods market, where the suppliers sell 
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products and the retailers sell complementary goods/services simultaneously. 

From the perspective of a sharing platform, this paper studies the choice of the platform 

in three business modes (B2P, P2P and hybrid modes). 

3. Business to person model (platform)

Considering a profitable sharing platform, there are three business modes to choose

from. If the bussiness to person (B2P) business mode is selected, the platform adopts

the self-operated mode, which means that the platform purchases the products from the

manufacturer and leases them to consumers. If the person-to-person (P2P) business

model is selected, the platform adopts the mode of sharing between consumers. High-

type consumers can lease the the product which is idle to low-type consumers through

the platform after purchasing the product. The rental price is determined by the market

mechanism. If the platform take B2P and P2P hybrid business mode, the platform

provide a proportion of products itself, high-type consumers buy products from

manufacturers, and platform can buy a quantity of products from product manufacturers

and leases them to the low-type consumer. The platform benefit from both its self-

operated products and commission fees from transactions between consumers.

From the perspective of the platform, we assume that the cost of products purchased by

high-type consumers or the sharing platform from manufacturers remains unchanged,

which can also be understood as the manufacturer's pricing of products. Our study does

not consider the manufacturer's product pricing decisions, and assumes that the price is

an exogenous variable. The rest will be omitted.

We consider a sharing market with product sharing and the platform adopts the business

to person model (B2P). Consider the size of consumers in the market is 1 and consumers

are differentiated by their preference towards the products as follows: a proportion of

𝛼 high-type consumers whose preference towards the product is 𝜃𝐻, and a proportion

of (1 − 𝛼)  low-type consumers, whose preference towards the product is 𝜃𝐿 . The

consumers’ utility from consuming the product comes from the time they consume it

(Becker 1965). Assume that the life span of the product is 1. Let 𝑡 ∈ [0,1] denote the

time that consumers consume the product. Then, a consumer who consumes the product

for a period of time 𝑡  obtains a benefit of 𝜃𝑖𝑡 , where { , }i H L  , and incurs an 

opportunity cost of 
𝑡2

2
 , which is an important factor affecting product consumption

(Fred (1973), Shaw (1992)). Therefore, we can write the consumer’s utility function as 

𝑣𝑖(𝑡) = 𝜃𝑖𝑡 −
𝑡2

2
. Denote r as the rental fee. If both two types of consumers choose to

use products leased from the platform, the decision problem for two types of consumers 

are as follows: 

max
t∈[0,1]

𝑣1 ⋅ (t) = 𝜃𝑖t −
𝑡2

2
− t𝑟 , ⅈ ∈ [𝐻, 𝐿].

The optimal consumption time and maximum value from consuming the product are 

then as follows: 

𝑡𝑖
∗ = 𝜃𝑖, 𝑣𝑖

∗ =
𝜃𝑖

2

2
− 𝑐.
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If consumers choose to buy products from manufacturers, the decision problem is: 

max
t∈[0,1]

𝑣1 ⋅ (t) = 𝜃𝑖t −
𝑡2

2
− c.

The optimal consumption time and value are as follows: 

𝑡𝑖
∗ = 𝜃𝑖, 𝑣𝑖

∗ =
𝜃𝑖

2

2
− 𝑐.

If the platform adopts the B2P model, the platform will be profitable only if 

consumers are willing to participate in the B2P market and choose to lease products. 

we find that there are three potential market cases: (1) both types of consumers choose 

to lease products from the platform rather than buy products from the manufacturer; (2) 

high-type consumers choose to lease products from the platform, while low-type 

consumers choose not to lease or buy the products; (3) high-type consumers choose to 

buy products, while low-type consumers choose to lease products from the platform.  

Comparing the equilibrium profit of the platform in three cases, we can get the optimal 

decision of the platform under the B2P model as follows: 

Proposition 1: when a sharing platform adopts B2P bussiness model, the optimal case 

for the platform is case 3 (lemma 3) when the product cost and proportion of high-

type consumers is low; the optimal case for the platform is case 1 (lemma 1) when 

the product cost and proportion of high-type consumers is reletively high; the optimal 

case for the platform is case 2 when the product cost and proportion of high-type 

consumers is high (lemma 2). 

（a） 0.7, 0.2H L = =      （b） 0.8, 0.4H L = =     （c） 0.85, 0.6H L = =  

Figure 1. Optimal case for a sharing platform in different product cost and proportion of high-type 

consumers 

Figure 1(a) shows that when two types of consumers have highly different evaluations 

of products, case two is the optimal one under most market conditions. Figure 1(b) 

shows that when the difference between the two types of consumers' evaluation of 

products is reletively small, the market scope of case one and two is dominant, while 

the case three is narrowing. Figure 1(c) shows that the difference between the two types 

of consumers in the product evaluation is small enough, the market scopes in which 

case one and case three are dominant are greater, and the market scopes in case one and 

case two are equivalent. 
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6. Conclusion

We build a theoretic model to analyze the optimal mode for the sharing platform. The 

comparison of the three business models shows that when the proportion of high-type 

consumers is high enough, B2P is the optimal model: when the product cost is low, B2P 

(case 1) is the optimal model; when the product cost is high, B2P (case 2) is the optimal 

model. When the proportion of two types of consumers is equivalent, B2P and P2P 

modes are the optional optimal modes: when the product cost is low or high, P2P mode 

is the optimal; when the product cost is moderate, B2P mode is the optimal. When the 

proportion of high-type consumers is low, the hybrid mode and B2P are the optional 

optimal modes: when the product cost is low or high, the hybrid mode is the optimal; 

when the product cost is moderate, B2P mode is the optimal. As the heterogeneity of 

product evaluation between the two types of consumers increases, the possibility of the 

B2P mode dominanting increases, while the possibility of the P2P mode dominanting 

decreases. 
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Abstract 

Shared mobility services, which allow users to make point-to-point trips on an as-needed basis, 

have drastically impacted people’s travel behavior in the last few years. In this study, we propose 

a decision choice model to examine the factors that influence the restaurant choice of individuals 

who use shared mobility services. Our model incorporates key elements from the spatial 

interaction model and the theory of the individual decision making from economics. We analyze 

individuals’ travel behavior using trip-level data, along with point of interest data, restaurant 

reviews and average prices, and travel route characteristics. We find that the effect of proximity 

of a restaurant depends on the total distance of the trip. For shorter trips, an individual is less 

likely to choose a restaurant that is further away. However, if an individual decides to travel long 

distance to a restaurant, she is more likely to choose a restaurant that is further. Additionally, with 

increasing travel distance (or competition) there is a decreased preference for a restaurant with 

a higher price. The quality (online reviews) of a restaurant does not seem to have a significant 

impact on the choice of the restaurant. Implications of the study are discussed. 

Keywords: shared mobility, spatial interaction model, decision choice model, quality and 

competition 

1. Introduction
Shared mobility has become a global phenomenon in the transportation industry over the last few

years. It broadly refers to the shared use of any transportation means such as a vehicle, bike, scooter,

etc (Shaheen et al., 2015). This concept originated in Europe where the first car sharing program

(Shaheen et al., 1998) was launched in 1948 in Zurich, Switzerland, and the first shared bike

system was established in 1965 in Amsterdam, Netherlands.1 Since then, shared mobility systems

have expanded rapidly all over the world over the past decades. Recent advancements in mobile

technologies and digital platforms have further pushed the frontier of this phenomenon. Among

the shared mobility applications, dockless bike-sharing service suddenly became popular in 2016

(Qi et al., 2018). A few companies (such as Lime, Mobike, Spin, Uber) have recently started

operating in many cities across the United States. Unlike traditional dock-based bike rent/share

programs, services offered by these companies allow a customer to use a smart phone app to locate

and unlock a bike nearby and ride it to the destination where he/she parks and locks the bike,

making the bike available for other customers to use. The adoption of dockless bike-sharing service

is rapid. Anecdotal evidence shows that dockless bike trips account for about 6.8% of all modal

trips in China (Cui, 2018). City of Scottsdale, Arizona, reported 55,000 dockless bike rides in its

1 https://www.theguardian.com/cities/2016/apr/26/story-cities-amsterdam-bike-share-scheme 
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first two months of operation; the average travel distance per trip is 1.35 miles with an average 

travel time of approximately 10 minutes.2 

On-demand shared mobility service offers a flexible, low-cost, and alternative mode of 

transportation, which can drastically impact people’s mobility and travel behavior. For example, 

using dockless bike share, people have the opportunity to visit businesses and amenities that 

otherwise would not be possible by walking. It also extends the distance and the reach of public 

transit by providing an effective “last-mile” solution to the connectivity problem in cities.  Some 

users have also reported that they drive less by using bike share, which could potentially reduce 

traffic congestion and parking space use. While shared mobility service has the potential to 

improve the efficiency of short-distance urban travel and create a positive impact on the 

community and environment, there is little research on how exactly it impacts the preferences of 

user’s mobility choice and the associated trip behavior with such choice.   

Figure 1: Illustration of an Individual Trip with Decision Choice (O: Origin, D: Destination, D1, 

D2, D3: Alternative Restaurants, Blue Line: Actual Route from O to D) 

In this paper, we propose a decision choice model to understand why an individual, starting from 

a location, chooses to travel to a particular restaurant (as opposed to other alternatives in close 

proximity of the origin). Figure 1 illustrates an example of a real trip and restaurant choice made 

2 http://www.scottsdaleaz.gov/Asset72379.aspx 
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by an individual. In the figure, the green dotted O represents the starting location (origin) of the 

individual. The red dotted D represents the destination restaurant that was chosen. The blue route 

represents the shortest bike route of the trip. D1, D2, and D3 are alternative restaurant choices. For 

each restaurant, the numbers in each black rectangle record the average price per person, the 

quality measures, and the distance (in meters) between the origin and that restaurant. Our model 

incorporates the key elements from the spatial interaction model and the theory of the individual 

decision making from economics. We analyze the individual’s travel behavior using trip-level data 

from dockless bike sharing in Shanghai, along with point of interest data, restaurant reviews and 

average prices, and travel route characteristics. We find that an individual is less likely to choose 

a restaurant as the number of alternative restaurants (i.e., competition) increases or the trip distance 

to the restaurant increases. The quality of the restaurant also matters. The individual not only 

prefers high-quality restaurant, but also is willing to travel additional distance to a restaurant with 

better service quality. 

The rest of the paper is organized as follows. In Section 2, we discuss the theoretical foundations 

and formulate our hypotheses. Section 3 describes our data and empirical models. Section 4 

presents the model results and discusses the findings. Section 5 offers concluding remarks. 

2. Theoretical Foundation and Hypotheses
2.1 Theory of Individual Decision Making

Individual decision making is a rich topic and has been studied by various disciplines to analyze

the choices and behaviors of individual agents. One of the classical approaches (Mas-Colell et al.,

1995) to model individual choice behavior is the preference-based approach, which characterizes

a decision maker’s preference over a set of possible choices with certain rationality axioms and

analyzes the consequences of these preferences for her choice behavior. In this setting, economists

(e.g., Simon, 1955; Mas-Colell et al., 1995) typically develop models to study the decision choices

of individual as a utility maximization problem subject to certain constraints (e.g., physical and

budget constraints). The utility function is usually defined to represent the individual preference

ordering over a set of possible choices. Depending on the context and the problem at hand, various

specifications of the utility function have been proposed in the literature. Economists generally

believe that the price of a product, the quality of the product, the price and quality of related

products (competition) are major factors affecting the individual utility and the decision-making

process. Changes in income and wealth also affect consumer choices. Other things being equal,

consumers are more willing to choose product with better quality, lower price, or a combination

of the two.

Consumer behavior models are another approach to study individual purchase decisions. These 

models usually combine both economic and psychological models, and are used by marketing 

professionals to understand how various attributes affect buying behavior. Marketing researchers 

(e.g., Kotler 2000) introduced a five-stage model to describe the consumer buying process: 

problem recognition, information search, evaluation of alternatives, purchase decision, and post 

purchase behavior. At each stage, important factors that may affect buyer behavior are identified. 

Sprotles and Kendall (1986) developed a consumer style inventory model and identified several 

distinct decision-making styles including quality conscious, brand conscious, price conscious 

consumers. Based on the above discussions, we hypothesize that: 

H1: An individual is more likely to choose a restaurant with a higher quality. 
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2.2 Spatial Interaction Model 

Spatial interaction involves flow of people, goods, resources or information from one location to 

another (Smith, 1975). It covers a range of movement including daily commuting, retail store visits, 

and migration. A set of classic models have been developed to understand and quantify spatial 

interaction among places. Drawing on Newton’s Law of Gravitation, Wilson (1971) developed 

gravity models and argued that spatial interaction between two places is proportional to their 

attractiveness and decays with distance. Gravity models have been applied and extended to study 

a range of spatial interaction, including retail shopping. Another theoretical framework for 

modeling spatial interaction is based on Stouffer’s (1940) intervening opportunities model, which 

states that the amount of people going to a place is proportional to the number of opportunities at 

the place and inversely proportional to the number of intervening opportunities that exist between 

an origin and the place.  

In addition to opportunities that exist between an origin and destination, Fotheringham (1983) 

introduced the notion of competing destinations. When a destination is surrounded by multiple 

destinations of a similar type, due to competition, the probability that the spatial interaction 

between an origin and that destination decreases. Spatial competition has been tested in retail 

markets (Davis 2006), popularity of tourism destinations (Hanink and Stutts 2002), and 

communication markets (Guldman 1999). Therefore, we hypothesize: 

H2: An individual is more likely to choose a restaurant if the number of the alternative restaurants 

(competition) decreases. 

H3: An individual is more likely to choose a restaurant that is closer in proximity. 

3. Data and Empirical Model
Our data comes from a number of sources. We obtained a random sample of all bike trips in

Shanghai from a popular dockless bike-sharing company during the month of August, 2016.  The

data set contains a total of 102,361 trips. For each trip, the data captures the geolocation of the

origin and the destination, the start and the end time of the trip, along with the rider identifier and

the bicycle identifier. The second source of our data is the point of interest (POI) data in Shanghai

city. The POI data contains all the point of interests (dining, shopping, business center, hotel,

government building, transportation hub, bank, university) and their geolocations in Shanghai. The

POI data was collected from Gaode (also known as AutoNavi) map3 with the latest update in 2015.

We further supplemented the POI data to include another major point of interest category,

residential areas, in Shanghai. For each residential area, we extracted the average housing price

per square meter from anjuke.com, one of the top online real estate marketplaces. The third source

of our data is the restaurant review data from dianping.com (a Chinese daily deals and local

reviews site that is similar to the US-based Yelp). We obtained review ratings (such as taste,

environment, food quality), the average price per person, as well as other characteristics (including

restaurant category, promotion offers, whether the restaurant belongs to a chain) for each restaurant

in Shanghai in August 2016. Finally, we obtained the shortest bike route data (including the bike

route distance and the time it takes to bike from an origin to a destination) for each trip from Baidu

Maps.

3 Gaode Map is one of the top map service providers in China. 
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We integrated the above sources of data by first mapping an individual trip’s origin and destination 

to the nearest POI and residential area based on their geolocations. This allows us to infer an 

individual’s trip purpose and travel behavior because a person who uses dockless bike-sharing 

service can park the bike as close as possible to the destination.4 We then filtered our data to 

include only those trips that originated from a residential area and ended at a restaurant. We merged 

the residential data and the restaurant review data discussed above with the residential-to-

restaurant trip data. Additionally, for each trip, we created a matching sample of hypothetical trips 

that include all restaurants of the same type (based on dianping.com restaurant category) within a 

1.5 KM radius of the origin. These hypothetical trips would represent potential destination choices 

(restaurants) a bike rider has, but chose not to go. This matching design is an example of case-

control matching (Allison, 2005), in which trips within each match group differ on the dependent 

variable (i.e., restaurant choice). 

Our final data set contains a total of 7,723 observations with 1,406 distinct trips; on average each 

actual residential-to-restaurant trip has about 5 matching alternative restaurants (trips) that are of 

the same category but were not chosen by an individual. Table 1 presents the summary statistics 

of the data set. Subsequent correlation analysis of variables shows that service rating, environment 

rating, food rating, and stars that a restaurant received on dianping.com are highly correlated; trip 

distance and trip duration are highly correlated; origin to restaurant distance and duration are 

highly correlated. 

Table 1: Summary Statistics of Data 

Variable Mean Std. Dev. Min Max 

1. Choice 0.182 0.386 0 1 

2. Trip distance (log meters) 3.247 0.281 2.241 4.315 

3. Trip duration (minutes) 17.301 19.143 3 356 

4. Origin to restaurant distance (log meters) 3.12 0.239 1.505 4.316 

5. Origin to restaurant duration (seconds) 453.453 260.147 9 6264 

6. Residential price per sq meter (log RMB) 4.81 0.147 3.954 5.404 

7. Number of alternative restaurants each trip 12.288 8.904 1 47 

8. Average price per person (log RMB) 1.551 0.411 0 3.454 

9. Stars 3.576 0.488 0 5 

10. Service rating of restaurant 7.028 0.909 0 9.3 

11. Environment rating of restaurant 7.061 0.945 0 9.3 

12. Food rating of restaurant 7.254 0.912 0 9.2 

13. Promotion offer 0.039 0.195 0 1 

14. Chain restaurant 0.249 0.432 0 1 

15. Number of reviews (log) 2.101 0.775 0 4.478 

Our data is clustered at the trip level. The dependent variable is choice, which is binary and takes 

a value of “1” if an individual chooses a restaurant and “0” otherwise. Within a cluster (trip), there 

is one chosen restaurant (i.e., choice = 1) and many other alternative restaurants (i.e., choice = 0). 

The trip level independent variables include trip distance, which measures the proximity of the 

4 While we would not know with certainty if a bike rider started at one POI and ended at another POI using only the geolocation 

data of the trip, we did a number of things to mitigate this concern. This includes identifying all nearby POIs within various radius 

(50 meters, 100 meters, 200 meters) of the origin and the destination; verifying the start and the end time of the trip against the 

business hours of the POIs. 
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chosen restaurant to the origin; the residential housing price, which could indicate the social 

economic status of bike riders; the number of alternative restaurants for each trip, which measures 

the competition intensity of restaurants from the origin of the trip. The restaurant level independent 

variables include the geospatial distance (and travel time) from the origin to a restaurant; the 

service, environment, food, and overall star ratings of a restaurant, which are quality measures 

from dianping.com; the price per person, which measures the cost of dining at a restaurant and 

could also signal quality. We also control for whether a restaurant belongs to a chain and whether 

a restaurant is offering promotions at the time of the trip. 

 

Given the case-control design, we used conditional logit models in our empirical analysis (Allison, 

2005). Equation (1) specifies the complete empirical model. 

Pr(𝐶ℎ𝑜𝑖𝑐𝑒𝑖𝑗 = 1) =
𝑒

𝜷𝒙𝒊𝒋

𝑒𝜷𝒙𝒊𝟏+ 𝑒𝜷𝒙𝒊𝟐+⋯+𝑒
𝜷𝒙𝒊𝒋𝒊

 , (1) 

where xij is a vector of restaurant level input variables (such as average price per person, origin to 

restaurant distance, environment rating) for trip i and restaurant j,  is a vector of coefficients. In 

order to capture the effects of cluster level variables (such as competition, trip distance), we include 

interactions between these variables and the restaurant level variables. 

 

4. Analysis and Results 
The above conditional logit models can be estimated using PROC LOGISTIC with the STRATA 

statement in SAS (Allison, 2005). Table 2 presents the results of the conditional logit models. 

Table 2: Results of Conditional Logit Model 

Variables Model 1 Model 2 Model 3 

Origin to restaurant distance 3.197 (0.210) *** -109.50 (6.192) *** -109.60 (6.222) *** 

Average price per person 0.853 (0.163) *** 8.577 (3.474) ** 8.268 (3.491) ** 

Stars -0.006 (0.085) -0.523 (1.833) -0.483 (1.854) 

Origin to restaurant distance * Trip 

distance  35.692 (1.988) *** 35.727 (1.998) *** 

Average price per person * Trip 

distance  -2.271 (1.099) ** -2.178 (1.105) ** 

Stars * Trip distance  0.213 (0.589) 0.185 (0.595) 

Origin to restaurant distance * 

Competition  0.117 (0.045) *** 0.118 (0.045) *** 

Average price per person * 

Competition  -0.049 (0.028) * -0.0495 (0.028) * 

Stars * Competition  -0.015 (0.016) -0.012 (0.017) 

Promotion offer   0.466 (0.214) ** 

Chain restaurant   0.062 (0.114) 

Order out   0.150 (0.114) 

Group purchase   -0.131 (0.113) 

-2 LL 3027.47 2103.37 2095.79 

Number of trips 1406 1406 1406 

Observations 7723 7723 7723 

Max re-scaled R2 0.1159 0.4234 0.4257 

***p < 0.01; **p < 0.05; *p < 0.1; † p < 0.15, Standard errors in parenthesis.  
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We find some interesting observations and mixed empirical evidence for our three hypotheses. 

Specifically, the coefficient for the star rating of a restaurant is not significant but those for the 

origin to restaurant distance and the average price per person are both positive and significant. 

This means that star rating has no impact on the choice of the restaurant. Individuals are more 

likely to choose a restaurant that is slightly further and/or has a higher person per person. These 

results may seem a little counter-intuitive, but can be explained fairly easily. Shared dockless bikes 

are convenient and extend travel distances, thus individuals are willing to travel additional distance 

to a restaurant within a given trip. A higher price of a restaurant may signal higher quality of the 

restaurant (Gerstner, 1985), thus also increasing the probability of choosing that restaurant. 

 

To further investigate how the trip-level distance and competition influence restaurant choice, we 

included interaction terms of those variables with restaurant-level variables in the regression 

(Model 2). We see a highly significant negative effect of the trip distance * price interaction (or 

competition * price interaction), indicating that with increasing travel distance (or competition) 

there is a decreased preference for a restaurant with a higher price. The main effect of the origin 

to restaurant distance is significant and negative in Model 2, but the interaction effect of the origin 

to restaurant distance * trip distance (or origin to restaurant distance * competition) is significant 

and positive. This indicates that for shorter trip distance, an individual is willing to choose a 

restaurant that is closer. But once the trip distance is above a certain level (for example, trip 

distance > 10^3.06 = 1148 meters), an individual using dockless bikes does not mind travel 

additional distance to a restaurant. Finally Model 3 includes control variables in the regression. 

We see that there is an increased preference for a restaurant that has a promotion offer. In all three 

models, the star rating of the restaurant does not have a significant effect. 

 

5. Conclusion 
Shared mobility represents an innovative transportation strategy that allows users to make short 

distance trips on an as-needed basis without the hassle of traditional transportation modes. The 

recent rise of on-demand ride-sharing systems (Uber, Lyft, Lime, Mobik, Bird, Jump) is having 

transformative impacts on travelers’ attitudes, mobility choices, and behavioral responses to a wide 

range of daily activities. In this study, we developed a decision choice model, based on the theory 

of individual decision making and the spatial interaction model, to examine the restaurant choice 

behavior of individuals using dockless bike-sharing system. We assembled a unique data set that 

combines the point of interest data, the geospatial information, and the online restaurant review 

data with the actual bike trips in Shanghai. Our preliminary analysis provides interesting 

theoretical and practical implications about the consumer buying process when evaluating a 

restaurant, specifically on how food quality, price, location, and competition would influence the 

purchase decision. 

 

There are a few limitations and potential extensions of the study. We assume that an individual 

would visit a restaurant if it is the nearest POI to her bike drop-off location because we do not have 

the actual transaction record of the individual at the restaurant. While we have performed 

additional checks to mitigate the concerns of this assumption. Caution must be exercised when 

generalizing our findings to other consumer purchasing contexts. Additionally, we did not track 

and model consecutive decision choices (trip chaining) of individuals, i.e., where do consumers 

go after they dine at a restaurant. We call for future research to study this important question. 
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Predicting Financial Risk Using Non-Financial Data: Design and Evaluation 

of a Predictive Analytics Framework  

Abstract 

Predicting financial risk is a long-lasting challenge in consumer finance industry. Existing 

predictive models rely heavily on structured credit data but fail to work on customers with thin 

credit data. We follow a design science approach and propose a framework to predict financial 

risk with non-financial data (i.e. smartphone usage behavior, short message, and customer 

social network). Based on the kernel theory of Predictive Analytics, this paper details a design 

framework which demonstrates how to connect myriad unstructured and structured data, how to 

generate useful features from non-financial data, and how to train them with machine learning 

methods. We conduct multiple experiments to evaluate the performance of this framework and 

find empirical support for our design principles and the final predictive model. This paper 

contributes to financial risk literature by proposing potential causal connections and to design 

science literature by demonstrating how to gain predictive power from non-financial data. 

Keywords: Financial risk prediction, non-financial data, behavioral data, predictive analytics, 

design science, machine learning  

1. Introduction
Using “big data” to predict consumer behavior is becoming increasingly important for modern

firms. Methods such as data mining and machine learning have been widely used to achieve this

task. This approach usually works well when the available big data is closely related to the

outcome of interest. However, in many cases structured relevant data is deficient or totally

unavailable. Therefore, practitioners and researchers are endeavoring to take advantage of

unconventional or seemingly irrelevant data to achieve the same purpose (Zhang, et al., 2016).

To solve this practical question and enlighten the design science theory of using unconventional

data, this paper advances a design science approach to demonstrate how to build a predictive

model which can utilize unconventional data in the context of online lending. We choose online

lending as the problem domain because it is a long-lasting topic in the consumer finance industry

and this industry is among the pioneer industries that utilize big data technologies. To predict

online loan default risk, existing models mainly take advantage of highly relevant data, such as

FICO score, payment history, income, default history etc. (Lessmann et al. 2015). Although

these models have been strengthened by advanced machine learning methods and remain widely

used in the finance industry, they have two major issues: (1) structured credit data is not always

available so they are not as useful when the loan applicants have thin credit data; (2) the

predictive power of these models is capped because these models don’t consider other data

sources. One way to solve these two problems is to involve non-financial data/unconventional

data into these models, which is the focus of this study. Several existing studies have examined

this topic from different perspectives. For example, Lin et al. (2013) finds that friendship

network can be used to infer loan default risk. However, our study proposes a unified design

science framework on multiple data sources (rather than one factor or one area), details the data

processing and model building procedures, and tests it with real business data.
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The research objective of this study is to develop a predictive model to evaluate online lending 

default risk using non-financial data. The major design challenges are how to extract useful 

features from non-financial data and how to use these features to predict loan default risk. To 

solve these two problems, we adopt a design science approach and utilize predictive analytics as 

the kernel theory. Predictive analytics refer to “the building and assessment of a model aimed at 

making empirical predictions.” (Shmueli & Koppius, 2011). It includes two components, which 

are the empirical predictive models and the methods for evaluating predictive power. It also 

provides a well-defined procedure to create a predictive model, which exactly deals with the 

design challenge of this study. Based on predictive analytics framework, we first exact new 

features from three non-financial data sources, i.e. within-app browsing data, short message data, 

and social network data, and then build first-layer predictive model within each data source. As 

we will show later, specific first-layer classifier is selected to fit the unique characteristics of 

each data source and feature structure. We further combine individual predictive models into one 

second-layer predictive model and use it as the final design artifact. At last we evaluate our 

design choice at each step and the final artifact with real business data.  

The theoretical contributions of this study are two-fold. First, it contributes to design science 

theory by demonstrating how to exact useful features and build predictive models from 

unconventional data. This study finds that theory-based features have better predictive power 

than raw features and that specific predictive method should be used to fit different data sources 

and feature structures. Second, it contributes to the theory of consumer finance by exploring new 

connections between non-financial features and loan default risk. Because the features used in 

the predictive model are generated from non-financial data, they are not likely to be identified in 

a traditional theory-building approach and may provide insights on understudied causal 

connections. This study finds that loan default risk is related with (1) how customers apply loans 

with smartphone apps, (2) how customers interact with financial institutions through short 

messages, and (3) how customers are connected with each other in a social network. The 

practical implication of this study is that it helps build a more powerful loan default risk 

predictive model, which can not only reduce credit risk of loan issuing institutions but also 

increase financial inclusion for customers with thin credit features. In the following sections, we 

organize this paper according to suggestions from Gregor and Hevner (2013) and Goes (2014).  

2. Hypotheses
Due to the page limit we skip the literature review on financial risk predicting and factors that

influence the predicting. Based on the design approach of the predictive analytics, we have two

explicit hypotheses to test in this study.

H1: Combined with specific first-layer predictive models, new features generated from 

non-financial data outperform original features of non-financial data. 

H2: Predictive models on non-financial data provide comparable prediction power to 

predictive models on financial data.  

3. A Predictive Analytics Framework for Financial Risk Prediction
3.1 Framework Overview

We propose and introduce a framework for predictive analytics of loan default risk, which,

essentially, combines behavioral language analysis and natural language processing within a

specific finance scenario. It contains four parts from the bottom to the top (as shown in Figure 1):
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(1) Raw data collection. We collect and clean data with different structures through ID-mapping,

knowledge mapping to build a unified data input model. We skip detailed introduction of this

step because it is quite common and doesn’t bring in a design science contribution of this study.

(2) Feature generation. According to specific data structure and data meaning, we apply multiple

data mining technologies to extract original features and generate new features. These features

are used to construct a high-dimensional user financial image and feed into first-layer predictive

models (classifiers/algorithms/learners). In addition, we detail the feature generation process in

this section and exhibit sample features in each data domain. Feature generation is the foundation

for our contribution in design science theory and consumer finance theory.

(3) Individual predictive models. We first select machine learning algorithms and train individual

predictive models within each data domain. Due to page limitation, we will just briefly introduce

why we prefer certain algorithms to the others and mainly introduce the winning algorithms.

(4) Ensemble predictive model. We eventually combine predictions from individual models into

a final model by using an ensemble classifier. This ensemble predictive model is the final design

artifact that is used in real business. We skip the design process of the ensemble predictive model

because it simply follows common practice.

3.2 Feature Generation and Individual Predictive Models 

3.2.1 Within-APP Browsing Data Domain 

As customers interact with websites or smart phone apps, firms can capture a series of actions 

and status which may implicitly contain customers’ habits, motivations, and purposes. However, 

such behavioral flow data (such as the time customers stay on the page, the number of clicks on 

the screen, etc.) are mostly weakly-structured and high-dimensional data compared to traditional 

credit data (e.g. own a house or a car, etc.). How to extract features or patterns from this type of 

behavior flow data is the major design challenge in this data domain. 

Traditional ways tend to flatten all features into the customer level but it is not feasible or 

efficient in this scenario because even one event type (e.g. register, ID verification, loan 

application) may have multiple actions. Flattening all features may dramatically increase data 

dimension and slowdown machine learning models. Several studies propose some other 

approaches, including a RNN-based approach and a CNN-based approach. In addition to the 

RNN-based approach, extracting the Markov transition probabilities from the event sequence can 

preserve the information in the inter-relationships among sequential activities. We thus create a 

MTF (Markov Transition Field) to maintain this information and feed it into a CNN classifier. 

This approach complements the main RNN-based approach and contribute to the final individual 

predictive model. See Zhang et al. (2018) for more details about the design framework.  

3.2.2 Short Message Data Domain 

As customers interact with financial institutions, short messages are created to communicate 

financial activities such as money withdraw or deposit and financial status such as credit line or 

current balance. Although containing valuable information, these are not well-structured data. 

Therefore, the major challenge is how to extract useful features from massive text files. 

Although natural language processing is not a new topic, in the field of financial risk, the value 

of text data has not been mined for a long time. Following common practice of natural language 

processing in other areas, an effective solution is to (1) extract templates/dictionaries from a 

sample of short texts, (2) use these templates to build a knowledge base, (3) use the knowledge 

base to exact/generate features from all short texts, and (4) use the features to train a predictive 
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model. To focus on important contents, we actually borrow the idea of explicit representation 

and label key entities only. Similar as traditional approach, we keep word level and length level 

knowledge base to exact features. To deal with the variety and/or rapid change of text pattern, we 

in addition represent the knowledge base with an explicit hierarchical vector. The hierarchical 

design enables fuzzy searching, facilitating different levels of searching keys to give delineation 

of the short text from various aspects. The vectorized mechanism, serving as a specific layer in 

the hierarchical structure, extracts the pattern of the key entities from the short text and hence 

keeps semantical structure into consideration during searching. The hierarchical vectorized 

design thus enable us to exact more meaningful patterns.  

 

3.2.3 Social Network Data Domain 

Customers can form a complicated social network through these connections and relationships 

generated by individual features. These features include customer-related information such as 

mobile number, home/company address, emergent contacts and device-related information such 

as device id, wifi access, GPS coordinates, etc. Although graph theory is mature enough to 

analyze a social network, the challenge is that the network here is built on multiple 

logics/connections. For example, customer A and B are connected either because of sharing the 

same company address or same wifi access.   

To solve this problem, we apply bipartite graph to represent this customer social network. It 

contains two types of nodes: one is defined as application node to represent application-related 

information such as application time, loan decision, etc.; the other is defined as information node, 

such as email, number, address, equipment, etc. Nodes of the same type cannot be directly 

connected, but are associated by the other type of node. The edge indicates a relationship type. 

For example, one application decision is associated with one applicant company address while 

the same company address may also be associated with another application decision.  
Based on the aforementioned graph, we create three types of features. Local features measure the 

statistical characteristics of n-order neighborhood around the application node. Given the ego 

network, we use three graph metrics to evaluate the local network structure, including degree, 

quadrangle, and density. Global features takes into account historical labeled fraudulent nodes 

and use this knowledge to infer a primary default probability for the unlabeled application nodes. 

Personalized page rank algorithm is used to spread default from the labeled default application 

nodes to information nodes, and then to unlabeled application nodes. This process is 

proportionally to the relationship strength while simultaneously assigned decaying weights on 

past defaults. The following characteristics are then calculated: the default probability of the 

current application, the max value and average value of the probability of the neighbor node. 

This feature generation process makes theoretical sense since default exhibits homophily effect, 

which suggests that default customers are often more socially connected. Mismatch features are 

defined by anecdotal evidence and human experts. In risk management, finding leads for 

mismatch is an effective way to detect fraud and default. We consider two aspects of mismatch: 

One is caused by inconsistent information collected from different channels. Jaccard distance is 

used to quantify the similarity of a given type of information from different data sources. The 

other type is caused by conflicting information collected in the rest of network. 

 

4 Evaluation  
4.1 Extracted Features versus Original Features 

 

349344



In this section we test Hypothesis 1, which is whether the new features generated by our 

proposed approach outperformance original features in each data domain. The experiment works 

in this way: we first train our predictive model with different sets of features and then check 

AUC and KS scores of each model with the testing data. As can be seen in Table 1, our proposed 

feature generation approach plus its specific machine learning algorithm always outperforms 

original features plus the same machine learning algorithm. This experiment confirms the 

predictive value of non-financial data and supports our design choice. Detailed experiment 

design is omitted due to space limitation but available upon request.  
Table 1: Experiment Results on Individual Predictive Model 

Individual Predictive Model Model Description Test AUC Test KS 

Data Domain: Within-App Browsing Data 

Baseline KNN + DTW 
K Nearest Neighbor classifier based on features generated by 

Dynamic Time Warping  
0.552 0.142 

Baseline MLP Multilayer Perceptron based on flattened features 0.560 0.167 

Proposed RNN 
Recurrent Neural Network classifier based on features encoded 

with sequential layers 
0.602 0.203 

Proposed RNN + CNN 

Recurrent Neural Network classifier based on features encoded 

with sequential layers plus Convolutional Neural Network classifier 

based on features represented by Markov Transition Field  

0.621 0.216 

Data Domain: Short Message Data 

Baseline Regular Expression LightGBM classifier based on features generated by Regular 

Expression of short messages 
0.692 0.288 

Proposed Hierarchical 

Vectorized Representation 

LightGBM classifier based on features represented by hierarchical 

vectors 
0.693 0.290 

Data Domain: Social Network Data 

Baseline Individual Feature LightGBM classifier based on individual features only 0.710 0.300 

Proposed Graph Analysis 
LightGBM classifier based on both individual features and 

graph-based three types of features 
0.750 0.380 

 

4.2 Non-financial Data-based Predictive Models 

In this section we test Hypothesis 2, which is whether the performance of predictive models 

using non-financial data can be comparable to the performance of predictive models using 

financial data. Since we have both individual predictive model and the final ensemble model, we 

first test the performance of individual model respectively and then test the overall performance. 

For individual predictive models, we use the best configuration of feature generation and 

machine learning algorithm as shows in Table 2. The experiment covers the period from 

2017/10/10 to 2017/10/31, including 8887 default customers and 38432 good customers. We 

train each model with 75% of the total population and measure model performance in testing 

data with AUC (area under the ROC curve) score, KS (Kolmogorov Smirnov) score and overall 

accuracy ((true positive + true negative) / total observations). Because for the same customer 

population we don’t have strong financial data to build baseline predictive model (model 1), we 

use the value range of AUC, KS, and accuracy from existing studies that are investing loan 

default rate predictive models in similar context.   

The performance of individual models is ranging from 0.57 to 0.69 in terms of AUC score and 

from 0.11 to 0.28 in terms of KS score. The ensemble model achieves the highest performance 

among all models, indicating that three individual predictive models don’t perfectly overlap with 

each other. In other words, each individual model and the underlying data domain can provide 

unique contribution the final predictive power. To better compare the performance of models 2-5, 

we show the ROC (Receiver Operating Characteristics) curve in Figure 2 Among three data 

domains, the predictive model on short message data has the best performance. However, 

combining all three data domains can further improve predictive power, which validates the 
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power of “big data”. The overall performance of our predictive analytics framework (model 5) is 

very close to predictive models based on strong financial data (model 1), which confirms the 

promise of using non-financial data to predict loan default risk. Although we cannot test the 

predictive power of models on both financial data and non-financial data, it is very likely 

non-financial data can complement financial data in predicting loan default. 
Table 2: Experiment Results on Ensemble Predictive Model 

Model No. Model Description Test AUC Test KS Test Accuracy 

1 Predictive model based on strong financial data or a single 

traditional credit score 

   

2 Proposed RNN+CNN predictive model  on within-app browsing 

data 

0.62 0.18 0.63 

3 Proposed Hierarchical Vector model on short message data 0.69 0.28 0.68 

4 Proposed Graph Analysis model on social network data 0.57 0.11 0.63 

5 Combination of Models 2-4 0.71 0.31 0.69 

6 Combination of Models 1-4    

7 Multiple predictive models on strong financial data 0.75-0.82 NA. 0.68-0.86 

Note: model 7 results come from Jin and Zhu (2015) and Jiang et al. (2018) 

  
Figure 1: The Overview of the Predictive Analytics Model                Figure 2: ROC Curve 
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The Impact of Platform Rapid Release on Third-Party App Evolution: 

An Empirical Study on Firefox  

Abstract 

The success of platform-based software ecosystem depends critically on the co-evolution of 

platform and third-party applications. Leveraging on the change of platform release governance 

on Firefox, this paper examines the impact of Rapid Release process on the extent of app evolution 

(app responsiveness and app size change). Drawn on boundary resource perspective, we theorize 

how Rapid Release process as social boundary resource influences the extent of app evolution, 
and how this relationship influenced by the utilization of technical boundary resource, i.e., 

platform-specific API. Using a unique longitudinal dataset in Firefox, we prepare to empirically 

examine the hypotheses. This paper aims to extend the understanding of platform governance 

impact on platform-third-party coordination in platform-based ecosystems. 

Keywords: Platform-based software ecosystem, Platform governance, App evolution, Rapid 

Release, Boundary resource 

1. Introduction
Major software companies such as Apple, Google, and Mozilla, adopt the platform-based model,

allowing third-party developers to contribute applications (apps) upon focal platforms like iOS

system and Firefox web-browser. The success of platform-based software ecosystem depends

critically on the coordination between the platform and third-party apps to co-evolve (Tiwana et

al. 2010; Adner 2016). Coordination failure in co-evolution that app evolution may not be in sync

with new releases of the platform influences user experience due to app incompatibility issue. The

strategical choice of platform release strategy is thus a critical governance concern.

In March 2011, Firefox browser made a critical change to its release strategy. It adopted the Rapid 

Release strategy to release a new version in "exactly" every six weeks in March 2011. Under this 

new practice, it’s the underlying changes in the platform release process. Firefox makes regular 

releases based on a fixed release schedule and introduces a new channel for feature stabilization. 

The change ignited discussions among developers, users and researchers, raising concerns 

regarding its impacts on product quality (Khomh et al. 2012), testing and bug fix (Costa et al. 

2017) as well as usage (Song et al. 2018).  

The objective of this study is to examine the impact of platform release process from the 

perspective of third-party app developers. To provide better user experience of platform product, 

it’s critical for platform owners to not only care themselves but also to pay serious attention to 

third-party apps that co-evolves within the whole ecosystem (Adner 2016; Tiwana et al. 2010). 

Thus, the change of release strategy can only be considered a successful move for the platform 

when third-party app developers keep pace with the platform. An app update in sync with platform 

new release plays a critical role in platform-third party coordination to satisfy users ‘needs. 

Moreover, it’s also important to consider size change in successive app updates that reflects the 

size of update change (Arisholm and Briand 2006). To attract and retain users in a competitive app 

market, app updates are encouraged to contain more changes with new features and modifications 
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as they evolve over time. The size change of app update that captures the workload of app 

developers in their updating activities also matters for developers’ resource deployment. To better 

understand app evolution in the context of software ecosystems, we draw on the software evolution 

literature (Chapin et al. 2001; Atkins et al. 2002) and examine the extent of app evolution from 

two aspects of updating behaviors: i.e. app responsiveness and size change. Few empirical studies 

considering app evolution such as release interval (Boudreau 2012) and evolution speed (Tiwana 

2015) in IS research. However, these indicators of app evolution from an independent perspective 

above cannot show the synchronized app updates with platform. To fill this gap, we define app 

responsiveness as the extent to which app updates in sync with platform releases (Atkins et al. 

2002) and size change as the extent to which app modifications made to an update (Bergin and 

Keating 2003).  

In IS literature, there is an emerging stream of research on governance practice in platform-based 

software ecosystem (e.g., Tiwana et al. 2010). The platform owner (such as the Firefox core 

community) plays the governor role by providing boundary resources to transfer capabilities to 

third-party developers (Ghazawneh and Henfridsson 2010, 2013). Drawn on the boundary resource 

perspective, we conceptualize Rapid Release process as social boundary resource that is able to 

transfer knowledge about platform release arrangement to app developers. Moreover, platform-

specific API (application programming interface) is well recognized as the technical boundary 

resource to provide access to platform architecture (Bianco et al. 2014). It would be meaningful 

and interesting to examine the interaction of different boundary resources in the context of 

platform-based ecosystems. To the best of our knowledge, there lacks proper discussion on app 

evolution as a result of governance practice. Thus, we aim to investigate whether switching to 

Rapid Release process has an impact on the extent of app evolution (app responsiveness and app 

size change) and how platform-specific API usage by an app affects such impact.  

2. Theoretical Background and Hypotheses Development
Boundary resource perspective treats tools, regulations, and governance practices as resources to

facilitate and coordinate platform development that involves multiple parties (Ghazawneh and

Henfridsson 2010, 2013). The power of these resources lies in the abilities to transfer knowledge

and capabilities to third-party app developers in order to facilitate coordination within the

ecosystem (Rudmark and Ghazawneh 2011; Eaton et al. 2015). To allow app integration with

platform technical architecture, technical boundary resources such as APIs and software tools are

designed to ensure third-party apps work upon the platform (Ghazawneh and Henfridsson 2013;

Bianco et al. 2014). Meanwhile, the knowledge boundary also exits between the platform owner

and app developer who belongs to the third-party organization. Social boundary resource is a

means to transfer knowledge about coordinating third-party development, including platform

guidelines, documentation and training materials, etc. (Ghazawneh and Henfridsson 2013). It acts

as an interaction between the platform owner and app developers for better understanding and

communication towards collaboration (Bianco et al. 2014).

Based on this perspective, we conceptualize the Rapid Release process as social boundary resource 

that transfers knowledge of platform release planning and facilitates interaction to coordinate third-

party development. First, Rapid Release process clearly transfers knowledge about platform 
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release arrangement through a predictable release schedule to app developers. Thus, app 

developers have a better understanding of platform release new pattern (Rudmark and Ghazawneh 

2011), which help developers to prepare in advance. Second, Rapid Release process introduces a 

new channel for feature stabilization, which also acts as a means of interaction adaptable for 

individual needs (Bianco et al. 2014). As a result, third-party developers are able to test forth-

coming features and provide useful feedback to the platform in advance, thus improving app 

responsiveness.  

H1: Rapid Release process has a positive effect on app responsiveness. 

Due to the better understanding of platform release arrangement, app developers are able to 

identify new release pattern with regular and minor changes. Thus, app developers can easily 

follow the similar “rhythm” to make smaller modifications in updates. Moreover, the new channel 

for feature stabilization as a means of interaction allows app developers to offer individual 

comments to efficiently improve the platform product. In doing so, positive feedbacks may also 

help the platform to avoid problematic and immature features before releases launched (Rudmark 

and Ghazawneh 2011). As a result, app developers can focus on stable features to make targeted 

changes without large-scale updates. 

H2: Rapid Release process has a negative effect on app size change. 

Platform-specific APIs are well-defined and standard interfaces that grant easy access to platform 

architecture for third-party apps (Tiwana et al. 2010). Higher platform-specific API usage by an 

app shows higher modularity that allows app developers to avoid ripple effects from possible 

changes of the platform and other parts when updating apps (Tiwana 2015). In addition, platform-

specific APIs also directly offer highly-usable packaged functions linked to platform services for 

app developers without complex programming and specifications (Ghazawneh and Henfridsson 

2013). Thus, app developers who highly depend on platform-specific APIs can make a quick 

response by utilizing technical support (Choi. et al. 2018).  

H3: Platform-specific API usage has a positive effect on app responsiveness. 

Supported by platform-specific APIs, app developers can directly replace or discard specific APIs 

to complete app updates without complex programming and modifications (Bianco et al. 2014). 

As a result, higher usage of platform-specific API by app decreases the size change in successive 

updates. Moreover, the modular design of APIs also ensures the smooth integration with platform 

architecture and simplifies the updating activities without complicated changes to overcome ripple 

effects (Tiwana 2015), indicating less size change of app updates.   

H4: Platform-specific API usage has a negative effect on app size change. 

Considering the different roles of two types of boundary resources in facilitating third-party 

development, app integration with platform architecture facilitated by technical boundary 

resources (e.g. platform-specific APIs) provide support for app developers to cross the knowledge 

boundary when utilizing social boundary resources. First, apps with more platform-specific APIs 

tend to be more adaptable to platform changes because app developers are more familiar with the 

existing platform architecture (Bianco et al. 2014). Combined with a better understanding of 
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platform release arrangement through Rapid Release process, app developers who adopt more 

APIs can have a comprehensive understanding of both platform design and organizing principles 

(Tiwana et al. 2010). As a result, it may minimize the coordination difficulties of third-party 

developers to keep pace with platform release. Specifically, it’s easier for them to identify key 

features of each regular release that may influence their app compatibility so as to make quick and 

target changes of app updates, indicating higher app responsiveness and less size change. Second, 

supported by higher modularity of app, developers can actively engage in feature testing via the 

new stabilization channel by avoiding ripple effects and complex programming (Tiwana 2015). 

As a result, it may enhance the interaction between platform owner and app developers through 

effective feedback in the trial and error process upon the new channel (Choi. et al. 2018). The focal 

changes in app developers’ concerns are more likely to be refined by platform so that app 

developers can save preparation time and coding efforts. As a result, app responsiveness may 

become higher and the size change of app updates may decrease more. 

H5: Platform-specific API usage has a positive moderating effect on the relationship between 

Rapid Release process and app responsiveness.  

H6: Platform-specific API usage has a negative moderating effect on the relationship between 

Rapid Release process and app size change. 

3. Data and Methodology 
The empirical analysis is carried out in the context of Mozilla Firefox, as a leading desktop web-

browser ecosystem in the world. It allows third-party developers to create multiple apps that 

complement the web-browser service. Firefox switched to Rapid Release strategy in March 2011 

and it provides us a proper context to explore the governance impact on app updating behavior. 

For simplicity, we use the term “rapid release” to refer to platform new version under this strategy. 

The first rapid release is Firefox 5 launched in June 2011, which is treated as an exogenous shock 

for third-party developers. 

Table 1. Description of Variables 
Variable Definition and Computation 

APP_UPD 

DV 

Dummy variable, whether app be updated or not (=1 for an update, = 0 for not update)  

RE_TIME The number of weeks when the app first update (e.g., at time T) in a version-window. If there's no 

update, RE_TIME = length of version window (week) 

CD_RATE The rate of code size change (absolute value) between two successive app updates. (LN)  

AFT_RR  

IV 

Dummy variable, whether platform new release is under rapid release process or not (=1 rapid release 

after Firefox 5, = 0 traditional release before Firefox 5)  

API_NUM Number of platform-specific APIs used by an app (LN) 

APP_SIZE 

Control 

Code size of an app (LN)  

APP_AGE Number of weeks the app had been in the Firefox app market (LN)  

APP_RAT  The average value of user ratings (i.e., 0-5) for each app  

APP_DL Number of downloads for each app (LN) 

PLA_DL Total number of app downloads in the platform (LN) 

MINT Market intensity, number of total apps of the same type in the app market (LN)  

Category Dummy variable, the category of apps in the market (e.g., bookmarks, alerts-updates) 

Using a longitude dataset of Firefox from June 2009 to August 2013 (105 weeks covering 1,042 

apps), we construct panel data aggregated at version-window of Firefox to capture update 

synchronization between platform release and third-party apps. For each version-window, it starts 

from the beginning week of a platform release and ends before the next adjacent release. Each 
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observation shows a third-party app of Firefox and contains all variables in a given version-

window. The variables used in our study are described in Table 1. 

We estimate a Cox mixed-effects model (Arora et al. 2010) that regresses app responsiveness 

(measured as the hazard rate) on the release process type and platform-specific API usage. The 

Cox mixed-effects model is specified as follows: 
ℎ𝑖(𝑡) = 𝜎𝑖 · ℎ0(𝑡) · exp (𝛽1𝐴𝐹𝑇_𝑅𝑅 + 𝛽2𝐴𝑃𝐼_𝑈𝑆𝐸 + 𝛽3𝐴𝐹𝑇_𝑅𝑅 × 𝐴𝑃𝐼_𝑈𝑆𝐸 + 𝛾𝐶ontrols)   (1)

where 𝜎𝑖 represents the random effect for each individual app and it is assumed to be Gaussian

distributed. Regarding app size change, we adopt fixed-effects model (FE) to analyze the impact 

of platform Rapid Release process on size change (measured as the change rate of code size upon 

app update in sync with platform). We thus specified the following FE: 

𝑦𝑖𝑡= 𝛼𝑖  + 𝛽1𝐴𝐹𝑇_𝑅𝑅𝑖𝑡 + 𝛽2𝐴𝑃𝐼_𝑈𝑆𝐸𝑖𝑡 + 𝛽3𝐴𝐹𝑇_𝑅𝑅𝑖𝑡  × 𝐴𝑃𝐼_𝑈𝑆𝐸𝑖𝑡  + ∑ 𝛽𝑘𝑋𝑘,𝑖𝑡 + 𝜀𝑖𝑡

𝑘

  (2) 

where 𝑦𝑖𝑡 represents the logarithm of dependent variable size change for an app i at time t;  𝛼𝑖

is the unknown intercept for each app that denotes all time-invariant individual heterogeneity. 

4. Discussions
In this paper, we aim to investigate the impact of Rapid Release process as platform social

boundary resource on the extent of app evolution within platform-based ecosystem. Specifically,

we build on boundary resource perspective to develop a research model that examines this main

effect and its contingent effect upon platform-specific API usage on app evolution. We expect the

results to be consistent with our hypotheses. Given the switch of platform release process to a more

standard and concentrated way, app developers may tend to adjust iterative app updating style to

follow with platform release pattern. This better understanding helps app developers to prepare in

advance and also make micro-modifications in updating process of app evolution. Effective

knowledge transfer through the interaction channel allows app developers to focus on the changes

that related to individual needs to save time and efforts. Platform-specific API as technical

boundary resource support app developers to quickly evolve since its modular design and access

to platform architecture. Considering the interplay between two types of boundary resources,

platform-specific API usage can facilitate more effective knowledge transfer when app developers

interacting with the platform owner so as to enhance third-party development coordination.

This study may make important contributions to the literature streams in platform-based ecosystem 

governance and boundary resource perspective. First, drawn on boundary resource perspective, it 

enhances our understanding regarding the impact of platform governance practice on platform-

third party coordination as a response to Ghazawneh and Henfridsson (2010, 2013) and Yoo et al. 

(2010). Second, we further extend the boundary resource perspective to examine the interacting 

effect of two different boundary resources. Third, this paper adds to the existing literature that 

considers platform-third party coordination within software ecosystems. Practically, this study 

aims to provide useful guidelines for platform owner and app developers on how to coordinate 

third-party development by providing and utilizing different boundary resources.  
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Abstract 
Although online open innovation communities have been an important strategy to leverage the 
crowd wisdom of users to improve the company innovation, what and how to improve the idea 
quality from users have remained a challenge. Based on the literature of creativity and motivation 
crowding theory, this study examines the role of developmental feedbacks and users’ past success 
on idea quality to address this challenge. With the data from MIUI forum, an online open 
innovation community on Andriod system innovation for Xiaomi, we empirically tested the effects 
of developmental feedbacks that a user received or gave in the prior period on idea quality, and 
how users’ past success negatively moderates such effects. The results show that the developmental 
feedbacks received from the company experts or given by the user in the prior period have positive 
effects on idea quality and users’ past success crowds such effects out.  

Keywords: Motivation crowding theory, Developmental feedbacks, Online open innovation 
communities 

1. Introduction
Setting up and managing online open innovation communities have become an important strategy
for companies to leverage the power of users to empower innovation in the research and design
process. Online open innovation communities, such as Dell IdeaStorm, refer to the online
platforms that enable the interaction among users and experts of the companies to generate, discuss
and collaborate on ideas related to product or services(Bayus 2013). The members of online open
innovation communities often are those who have experience of products or services of the
companies.On the one hand, members can post new ideas about the products, the functionalities,
or fixing problems of the existing products. On the other hand, members can interact with other
peer users or company experts on how they feel, think or want to do with products, functionalities
or services. In addition, company experts can act as an agent or protocol of the company with the
privilege to highlight or grant acknowledgments to the posts or ideas of high quality.
The success of online open innovation communities depends on more than the volume of
participation among users and company experts; the key challenges are how to get high-quality
ideas that can be helpful or adopted to the research and design of the companies. Prior literature
has tried to explore what factors affect the idea quality in the online open innovation communities,
for example, text characteristics (idea popularity, the length, number of links or images) of the idea
and the idea contributor’s characteristics such as prior participation or success rate (Bayus 2013;
Li et al. 2016). Although prior studies have identified the positive or negative effects on idea
quality, there are two research gaps yet to be explored. First, prior literature has been looking at
the volume of interaction and popularity of the ideas but miss to understand how member
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interaction or feedbacks may function as a kind of supportive leadership to inspire or fuel intrinsic 
motivation to contribute. Second, in the online open innovation communities where users can 
propose ideas repeatedly(Bayus 2013), such as Dell IdeaStorm, users can accumulate success or 
failure experience and develop long-term relationships with the companies and other users. Prior 
literature has identified the direct effects of the past success experience but overlooks how such 
accumulated experience may also lead to unexpected changes to other motivating factors on idea 
quality.  
To address the research gaps, this study introduces the concepts of developmental feedbacks in 
supportive leadership and creativity research (Shalley et al. 2004; Zhou and Shalley 2015) and 
motivation crowding theory (Frey and Jegen 2001) to understand three research questions related 
to online open innovation communities as follows: How do developmental feedbacks that users 
received from the company experts and peers in the open innovation communities affect the idea 
quality? How do users’ developmental feedback behaviors affect the idea quality? How does the 
past success the users have gained in the open innovation communities affect the relationships 
between the developmental feedback and the idea quality? 

2. Theoretical background: developmental feedbacks, intrinsic and extrinsic motivations
Developmental feedbacks refer to feedback messages that convey helpful and valuable information
which enables the feedback receivers to learn, develop, and make improvements on the tasks
(Shalley et al. 2004; Zhou and Shalley 2015). Developmental feedbacks can improve team
creativity as part of supportive leadership; for example, supervisors provide developmental
feedbacks to inspire workers to learn and advance in the creative tasks (Joo and Park 2010). Unlike
evaluative feedbacks based on performance, developmental feedbacks are informative and do not
create pressure in performance expectation. The development of feedbacks can improve the
relationship between the supervisor and the coworkers and lead to commitment (Joo and Park
2010). In addition, developmental feedbacks may enhance people’s intrinsic motivation to perform
tasks at work, especially for tasks requires creativity (Shalley et al. 2004). Intrinsic motivations
refer to “doing something because it is inherently interesting and enjoyable” (Ryan and Deci 2000),
which enhances creativity at work (Joo and Park 2010).
Extrinsic motivations refer to doing something because of a separate goal from the task itself, such
as money, praise, and fame(Ryan and Deci 2000). In the online open innovation communities, past
success refers to the experience that users’ ideas were adopted by the company experts. Such
success experience reflects the social acknowledgment from the companies towards the users’
contribution based on the evaluation from the company experts. Therefore, different from
developmental feedbacks, past success acts as a kind of evaluative feedbacks on users’
performance and becomes an extrinsic motivator to contribute.
According to the motivation crowding theory (Frey and Jegen 2001), there is a dynamic between
extrinsic and intrinsic motivations: the power of one’s intrinsic motivation to do something may
be shifted or diluted with the increase of extrinsic motivation. Such effect is supported by empirical
evidence that the extrinsic motivations such as financial incentives crowd out people’s intrinsic
motivation to share content in the online communities (Vilnai-Yavetz and Levina 2018).

3. Research model and hypotheses
To address the research questions, we propose a research model, as shown in Figure 1, to explore
the relationship between developmental feedbacks, past success and idea quality. Similar to
performing creative tasks in organizations(Joo and Park 2010),  proposing ideas requires
knowledge and contexts that can support creativity. In the online open innovation communities,
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company experts can provide developmental feedbacks that cover a variety set of knowledge 
including how feasible, such ideas can be implemented, how the companies evaluate and concern 
about the ideas, as well as insider knowledge of the companies, such as what actions companies 
may conduct according to the topics. Developmental feedbacks, as a non-judgemental yet 
informational feedbacks, enable users to enrich their knowledge in related to relevant and creative 
ideas to the open innovation communities. Such feedbacks can enhance the transparency of the 
design process of the company and increase their knowledge about the companies by reading, 
enrich or reflecting on such insider information from the company experts. Along with such 
activities, users become more cognitively absorptive and intrinsically engaged with the idea 
proposal activities, and increase their creativity performance in idea proposal subsequently(Shalley 
et al. 2004). Therefore, we propose that:   

H1. Developmental feedbacks that a user received from company experts in the prior 
period increases his/her idea quality.  
 

 
Figure 1 Research model 

Based on the prior literature, intrinsic motivations can enhance people’s creativity performance 
(Shalley et al. 2004). The idea quality can be considered as creativity performance which reflects 
how well a user can propose a novel, feasible and useful ideas related to the products. 
Developmental feedbacks are informational rather than judgemental, which can free feedback 
receiver from the evaluation pressure and enhance his or her intrinsic motivations(Zhou and 
Shalley 2015). Compared with company experts, although peers cannot provide the internal 
knowledge related to the product development, peers’ developmental feedbacks can cover 
different users or customers’ unique feelings, thoughts or actions about the ideas that the feedback 
receiver (or the user) proposed. Such non-judgemental feeling, thoughts, and actions can expand 
the user’s current knowledge repository about the product itself, or the consumption experience of 
other peers. By reading and reflecting on the developmental feedbacks, users become more 
engaged and intrinsically motivated to improve their creativity performance, that is, their idea 
quality in the online open innovation communities in the subsequent period. (Zhou and Shalley 
2015). Therefore, we propose that:  

H2. Developmental feedbacks that a user received from peers in the prior period increases 
his/her idea quality.  
Prior literature in supportive literature focuses on the effect of developmental feedbacks from the 
receivers’ perspective but overlooks the providers can also benefit from their feedbacks giving 
behaviors (Joo and Park 2010). Giving developmental feedbacks, as a kind of knowledge 
contribution in the online communities(Wasko and Faraj 2005), is a pro-social behavior motivated 
by one’s intrinsic motivations (Adamic et al. 2008; Qiu and Kumar 2017) in the open innovation 
communities. In order to propose developmental feedbacks, a member needs to become mentally 
engaged in the topics and ideas in the online open innovation communities. The more a user 
engages in proposing ideas and topics, the more likely he or she intrinsically motivates to think 
and explore different ideas related to the products, which enhances the likelihood that he or she 

360355



can propose high-quality ideas in the subsequent period (Shalley et al. 2004). Therefore, we 
propose that:  

H3. Developmental feedbacks that a user contributed in the prior period increases his/her 
idea quality.  
According to motivation crowding theory(Frey and Jegen 2001), the effect of intrinsic motivations 
can be crowded or shifted when extrinsic motivations increase. Users’ past success reflects how 
many external acknowledgments are received from the company experts to signal the idea adoption. 
The higher the past success, the stronger the extrinsic motivations a user may perceive as the 
acknowledgments are more expected as external rewards or positive reinforcement of his 
contribution (Ryan and Deci 2000). Therefore, the more past success a user has, the more likely 
he or she may expect to receive success by proposing ideas but less to fulfill the intrinsic 
motivations. Based on the motivation crowding theory(Frey and Jegen 2001), the more users 
consider contributing in a way to gain acknowledge or expect external rewards, the less likely the 
person intrinsic motivation can play a role in motivating a specific behavior. Therefore, the effect 
of intrinsic motivation from receiving or giving developmental feedbacks becomes less prominent 
on motivating the idea quality in the online community.  
H4. User’s past success moderates the effects of company expert’s developmental feedbacks on 
idea quality in such a way that the effects are weaker for users with (vs. without) past success.  
H5. User’s past success moderates the effects of peer’s developmental feedbacks on idea quality 
in such a way that the effects are weaker for users with (vs. without) past success.  
H6. Users’ past success moderates the effect of user’s developmental feedbacks on idea quality in 
such a way that the effect is weaker for users with (vs. without) past success.  

4. Research design, data analysis and results

4.1 Data and measure  
Data were collected from the MIUI forum, which was founded and operated by Beijing Xiaomi 
Technology to encourage users to contribute their ideas on the innovation of MIUI mobile phone 
operating system. MIUI forum as an online open innovation community accelerates the iterative 
innovation in Xiaomi to enhance user experience. Online crawler using Python 3.6.1 was used to 
collect 109840 ideas submitted by users from Jan. 1, 2012 to Dec. 31, 2015, in the one of the sub-
section of MIUI forum on New Functions discussion (http://www.miui.com/forum-38-1.html). 
In terms of the measure, we measure idea quality as a binary variable that high-quality idea denotes 
as 1 whereas low-quality idea as 0 depending on whether the ideas are implemented by companies 
(Bayus, 2013)’s operation of idea quality. In the MIUI forum, ideas with the stamp of "included," 
"processed," and "resolved" are regarded as adopted by companies.  
For developmental feedbacks, we calculate developmental scores for each comment based on the 
features extracted from developmental feedbacks coded by domain experts in the following steps. 
First, we asked two experts to label 2,000 developmental feedbacks from the comments as the 
ground truth. Second, we removed the stop words and numbers to reduce the noises. Third, we 
adopted Stanford CoreNLP to segment Chinese characters into phrases to build the vector space 
for each comment. Then, we calculated the centroid of the vectors of the 2,000 developmental 
feedbacks using the average. Lastly, we calculated the developmental scores of the remaining un-
coded comment using the cosine similarity between the centroid and that feedbacks’ vector. The 
developmental scores are continuous and range from 0 to 1, where 1 means the highest 
developmental and 0 absolute non-developmental. Company expert’s developmental feedbacks 
are measured with aggregated developmental scores of total comments that are contributed by the 
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company experts in response to all the ideas of the user within 7 days before the contribution date 
of the user. Peer’s developmental feedbacks are measured the sum of developmental scores of 
total comments that are contributed by the peers in response to all the ideas of the user within 7 
days before users’ current idea is proposed. Current idea contribution date. User’s developmental 
feedbacks are measured as the sum of developmental scores of total comments that are contributed 
by the users in response to peers’ ideas within 7 days before users’ current idea contribution date. 
Successful experience, the moderating variable, is operationalized by the total amount of the ideas 
that are implemented within 7 days before users’ current idea contribution date. Finally, there are 
six control variables on the idea quality. Idea length refers to the number of words contained in 
each of the idea postings. Idea richness refers to the total number of pictures, videos, and links 
contained in each of the idea postings. Views refer to the total number of times that an idea is read. 
Comments refer to the total number of reviews on the specific idea. Ratings refer to the total scores 
of the specific idea. Same day submissions refer to the total number of ideas a user submitted on 
the same day. Year dummy variables are used to control the intrinsic differences caused by 
different subject year. 

4.2 Data analysis 
Here we provide a brief statistical summary of the variables included in the research model.Idea 
quality, ranging from 0 to 1, scores an average of 0.068 with SD of 0.25. For each idea, the 
company experts’ developmental feedbacks range from 0 to 0.26 with a mean of 0.001 and an SD 
of 0.006; the peer’s developmental feedbacks range from 0 to 2.429 with a mean of 0.003 and an 
SD of 0.006; the company experts’ developmental feedbacks range from 0 to 0.9 with a mean of 
0.002 and an SD of 0.016. Past success, ranging from 0 to 6, has an average of 0.039 and an SD 
of 0.257. 
The analysis is conducted at the idea level. Given the dichotomous nature of the dependent variable, 
we employ the logistic model for our data analysis. The maximum likelihood estimation (MLE) 
method is used to estimate the coefficients of the independent variables. The research model 
formula is shown as follows: 

  Pr (Idea qualityi)    = β + β ∗ Company expert’s developmental feedbacks
+ β ∗ Peer’s developmental feedbacks
+ β ∗ User’s developmental feedbacks + β ∗ Successful experience
+ β ∗ Company expert’s developmental feedbacks ∗ Successful experience
+ β ∗ Peer’s developmental feedbacks ∗ Successful experience + β
∗ User’s developmental feedbacks ∗ Successful experience
+ β ∗ Idea length + β ∗ Idea richness + β ∗ Views
+ β ∗ Comments +β ∗ Ratings + β ∗ Same day submissions

+ γ ∙ (Year dummy variable ) + ϵ

Note: i denotes the user, t denotes the idea submission date，and bt (before t) denotes the time before the idea submission date, j 
denotes the year.

As shown in Table 1, the company expert’s developmental feedbacks are positively correlated with 
idea quality (βcompany expert’s developmental feedbacks=4.528, p<0.05), so Hypothesis 1 is supported. Peer’s 
developmental feedbacks is positively correlated with the idea quality (βpeer’s development of feedbacks= -
0.156, p>0.05). Thus Hypothesis 2 is not supported. User’s developmental feedbacks is positively 
correlated with idea quality (βuser’s developmental feedbacks=2.27, p<0.001), so Hypothesis 3 is supported. 
The moderation effect of past success has a significant effect on the relationship between the 
company expert’s development feedbacks and the idea quality (βpast success*company expert’s developmental 
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feedbacks = -4.307, p<0.05). Thus, Hypothesis 4 is supported. The moderation effect of past success 
has a significant effect on the relationship between the peer’s developmental feedbacks and idea 
quality (βpast success*peer’s developmental feedbacks = -3.346, p<0.001). Thus, Hypothesis 4 is supported. Thus, 
Hypothesis 5 is supported. The moderation effect of past success has a significant effect on the 
relationship between the user’s development feedbacks and the idea quality (βpast success*user’s 

developmental feedbacks = -3.386 p<0.001). Thus, Hypothesis 6 is supported. 
 

Table 1. Estimation results 
Variables Model 1 

Company expert’s developmental feedbacks 4.528(2.21)* 

Peer’s developmental feedbacks -0.156(0.64) n.s. 

User’s development of feedbacks 2.27(0.636) *** 

Past success 0.761(0.046)*** 

Company expert’s developmental feedbacks* Past success -4.307(1.86)* 

Peer’s developmental feedbacks* Past success -3.346(0.92)*** 

User’s development of feedbacks* Past success -3.386(1.02)*** 

Control variables  

Idea length 0.06(0.008)*** 

Idea richness 0.234(0.028)*** 

Views -0.138(0.02)*** 

Comments 0.283(0.019) *** 

Ratings 0.127(0.027)*** 

Same day submissions -0.088(0.048)n.s. 
Time dummies Included 
Log-likelihood -22228.851 

X2(df) 1417.07***(17) 

Pseudo R-squared 0.0309 

N 92301 

Note: Robust standard errors in parentheses. The coefficients for categorical variables are not shown for brevity. 
         ***significant at 1%, **significant at 5%, *significant at 10%, n.s. no significant  

5. Conclusion  
According to the results, five out of the six hypotheses proposed are supported except for 
Hypothesis 2, the effect of peers’ developmental feedbacks on idea quality in the subsequent period. 
There are two major contributions based on the findings of this study. First, this study contributes 
to the online open innovation communities by introducing two new streams of literature: 
developmental feedbacks from creativity literature and the motivation crowding theory to develop 
the research model and get empirical evidence. Second, this study finds the interaction effects 
between the developmental feedbacks, past success and idea quality. Such findings suggest 
companies can introduce developmental feedbacks to effectively enhance the idea quality, 
especially for users with low success experience in online open innovation communities.  
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Personal Credit Scoring using Macro Economy Variables  
and Feature Selection 

 
Abstract 

 
We examine the effectiveness of machine learning techniques in selecting features and macro 
variables in improving the performance of predicting credit risk. Random forest (RF) and XGBoost 
are applied to select the most useful features and reduce the dimensionality in the preprocess step 
and their effects are compared with two traditional feature selection methods. We also examine 
the influence of macro variables, i.e. Gross Regional Product (GRP), Gross Regional Product 
Index (GRP Index), GRP per capita, average number of employees, average salary of employees 
and illiteracy rate, on the default probability prediction. Empirical results on a real-world credit 
data set show that most of macro variables can statistically significantly improve the performance 
of models in predicting default probability. Moreover, illiteracy rate is correlated with default 
probability positively which implies the importance of education’s effect on people behavior. 
 
Keywords: Credit scoring, Default probability, Macroeconomic information, Feature selection  
 
 
1. Introduction 
In financial field, risk management is an important topic over decades due to for banks, P2P 
lending and many financial institutions. According to a report released by RNCOS in 2009, i.e. 
China credit card market outlook to 2013, the outstanding level of credit card debt totaled RMB75 
billion, total line of credit is more than RMB630 billion as of the end of 2007. China issued more 
than 50 million credit cards during 2008, taking the total number of credit cards in circulation to 
over 150 million. From the US Federal Reserve Flow of Funds data released on June 11, 2009, 
consumer credit outstanding reached $13.63 trillion as of the fourth quarter of 2008 in US. Making 
correct decisions in consumer lending is of great significance economically.  
In credit scoring fields, many researches concentrate on algorithms and ensemble methods to 
improve the performance of classifiers. (Lessmann et al. 2015) suggest that the attention maybe 
should move from default probability models to other problems, such as data quality and variable 
selection. This study gives attention to the effects of some feature selection methods and macro 
information on default prediction problems. 
 
1.1 Feature Selection in Consumer Credit Scoring 
Credit data sets usually have enormous variables some of which do not contribute to the credit 
scoring. Feature selection can remove redundant/irrelevant variables, help to understand the 
underlying principle of the classification problem and improve performance of classifiers.  
In credit scoring area, traditional feature selection methods have been widely employed, such as 
F-score, Linear Discriminant analysis, t-test, Logistic regression (LR) and decision tree (DT). 
Machine learning methods have been widely used as classifiers in consumer credit scoring. (J. and 
P. 2000) compare a variety of methods including: probit regression(PR), DT, neural network (NN) 
and K-nearest-neighbors (KNN), in estimating default on a mortgage loan data set from a 
commercial bank. (Kruppa et al. 2013) compare RF, KNN and bagged KNN with LR and tune LR 
on a credit data set. Some machine learning methods can provide variable importance measures 
and help to select variables. In credit scoring field, several literatures explore the effectiveness of 
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machine learning methods in feature selection. (Bellotti and Crook 2009b) find that SVM is 
competitive and can be used for feature selection. RF and XGBoost as tree-based machine learning 
methods don’t receive adequate attention in selecting features in consumer credit scoring. Though 
(Yeh, Lin et al. 2012) examine the effectiveness of RF in obtaining the important variables and the 
proposed model surpasses the listing benchmark models. It is about the corporate credit rating, not 
the consumer credit rating. As a matter of fact, there are many literature employing RF to select 
features in bioinformatics area. (Diaz-Uriarte and de Andres 2006) use RF to select possible set of 
genes and RF shows excellent performance in classification problems.  
XGBoost is an improved algorithm based on the gradient boosting tree and it is widely recognized 
in the machine learning competitions. According to (Chen and Guestrin 2016), 17 out of 29 
winning solutions used XGBoost in challenges hosted on Kaggle in 2015 and all winning teams in 
the top 10 used it in KDD Cup 2015. XGBoost is adopted to select features in various fields. (Liu 
et al. 2016) adopt XGBoost to rank features in predicting who will be regular loyal buyer for E-
Commerce.  
Therefore, the first research question is to examine the effectiveness of RF and XGBoost as feature 
selection methods in improving the performance of consumer credit scoring by comparison with 
traditional feature selection methods. 
 
1.2 Macro Variables in Consumer Credit Scoring 
There are several literatures regarding the relationship between default and macroeconomic 
variables in credit scoring. (Bellotti and Crook 2009a) conduct analysis on a credit card data 
including macroeconomic variables. Results show that interest rate and unemployment rate yield 
a modest improvement in predicting default probabilities. (Butaru et al. 2016) combine consumer 
trade line, credit bureau and macroeconomic variables which are about labor statistics and home 
price index to predict delinquent accounts. Though above studies examine effects of 
macroeconomic variables on credit risk prediction, they don’t consider GDP related variables. In 
corporate credit rating, (Bonfim 2009) finds that macroeconomic variables, such as GDP, GDP 
growth rate, can improve the corporate default probabilities considerably. Macroeconomic 
variables, such as GRP, GRP Index and GRP per capita are explored in consumer credit scoring. 
GRP and GRP Index reflect the aggregate economic status and may be biased by the regional 
population, while GRP per capita removes the impact of population. High GRP related variables 
often means a high level of economic development and a high living cost. Therefore, we suppose 
the higher of these three variables are, borrowers in these places have more difficulties in paying 
back loans on time. 
Besides macroeconomic factors, inhabitants are subject to the effects of education and income 
status which may influence delinquency. Hence, average number of employees, average salary of 
employees and illiteracy rate are studied in this paper. We don’t presuppose any influence of 
average number of employees on paying back and consider it as a reference variable to examine 
the validity of the analysis. Average salary of employees indicates income level of borrowers and 
the higher the average salary is, the more capable borrowers are of paying back. Illiteracy rate 
represents the basic educational level. Since education can regulate people’s behavior and we 
assume that the higher education a person gets, the less likely to default. The second research 
question is whether these macro variables will influence borrowers’ repayment behavior and 
contribute to better results of prediction models.  
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3. Data and Data Preprocess
Our credit data come from HouBank which serves as a P2P lending platform and has more than
10 billion RMB in loans till June 2018. There are 31525 observations of accounts that have applied
loans successfully from September 2015 to March 2017.

3.1 Data 
Though there are 838 variables in total, some are severely missing and impossible to impute. 
Variables whose missing values are more than or equal to 70% are deleted directly and only 48 
variables whose missing values are less than 30% are considered as independent variables in the 
analysis. An observation is labeled as a bad borrower (represented as Default=1) if it was at least 
120 days in arrears. Observations that are not in arrears and those not in arrears for more than 120 
days were labeled as good (represented as Default=0). 1634 observations are labeled as bad, 29891 
observations are labeled as good and default label is the dependent variable. 

3.2 Data Preprocess 
To mitigate the effect of missing data, we replace missing numerical variables with mean values 
and missing categorical variables with mode values. Categorical variables are discrete and it is 
meaningless to compare their values, 14 categorical variables are converted into 165 dummy 
variables. To avoid multicollinearity and dummy variable trap, we drop 14 original categorical 
variables and delete one dummy variable for each categorical variable. Thus, there are 194 
variables left in our data set. All variables are normalized to values in the range between 0 and 1. 

4. Feature Selection
Feature selection is the combination of feature space, it is not easy to handcraft features though
the number of features is limited. RF and XGBoost are employed to evaluate feature importance
and they acquire almost the same rank even though feature importance derived from two methods
are different. Then, feature importance is sorted in descending order and top 50 features are
selected as input variables which are indicated as ML. Top 50 variables and macro variables are
indicated as ML_Mac. Similarly, variables selected by F-score and mutual information are
indicated as F, F_Mac, MI and MI_Mac. Significant variables at 99 percent confidence level in
logistic regressions are listed in Table 1 and are the input variables of prediction models.
Coefficients of common variables in different feature subsets have same signs and are reasonable
which can be considered as robust.
For LR on ML and ML_Mac, Pseudo R-squared is 0.052 and 0.058 respectively which is improved
by 11.5% indicating that macro variables can improve the explanatory power largely. GRP, GRP
per capita and GRP Index have positive effects on default probabilities. The coefficient of average
salary of employees is positive and high, which is sensible for the reason that high-salary usually
means the high ability to repay. Results also show borrowers in high illiteracy rate cities are more
likely to be delinquent. Borrowers in low illiteracy rate areas receive more education on average
and are well-behaved generally in comparison with that in high illiterate areas. They tend to fulfill
their repayment contract. This result can prove the importance of education from a new viewpoint.
Coefficients of GRP in ML_Mac, F_Mac and in MI_Mac are 0.33, 0.25 and 0.36. Coefficients of
average salary are -0.36, -0.22 and -0.30 respectively. Average salary and GRP are relatively large
demonstrating they have significant effects on default behavior and can improve model
performance. Illiteracy rate is significant in two models.

Table 1 Significant variables in logistic regression 
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Features ML ML_Macro F F_Macro MI MI_Macro 
JUNE_QUERYTIMES 0.21 0.21 0.16 0.16 

flag_stability_c -0.14 -0.13 -0.13 -0.13 -0.13 -0.12
flag_specialList_c 0.28 0.28 0.27 0.27 0.28 0.28 
flag_applyloanstr 0.11 

IR_M12_IDPH_MAIL_N 0.08 0.08 0.08 0.08 
als_m12_MAX_TOT_allnum -0.28 -0.29

EDU_EXP_ Bachelor -0.10 -0.11
GENDER_Male 0.12 0.12 0.09 0.08 0.13 0.12 
HASCAR_Yes -0.17 -0.16 -0.13 -0.13 -0.14 -0.14

HOUSETYPE_Rent 0.09 0.07 0.07 
HOUSETYPE_ReservedFundsMortg -0.11 -0.11 -0.14 -0.14

MARRYTYPE_MarriedwithChild -0.09 -0.09 -0.08 -0.08 -0.15 -0.14
MARRYTYPE_Single -0.10 -0.10

SALE_CHANNEL_Direct 0.11 0.14 0.09 0.11 
UNITKIND_Wholesale&Retail 

Trade 
0.08 0.08 

NOTCAN_CREDITS -0.09 -0.11
NO_CAN_HISTORY_MAX -0.19 -0.2 -0.21 -0.22 -0.26 -0.27

LTY_OVERDUES -0.08 -0.07 -0.08
WORK_LN -0.10 -0.09

THREE_QUERYTIMES 0.0827 0.0755 
BUSINESSTYPE_WhiteCollar 0.12 0.12 0.12 0.12 

BUSINESSTYPE_ReservedFunds -0.1561 -0.138
CITY_XiaMen 0.13 0.17 0.14 0.16 0.14 0.18 
CITY_BaoDing 0.07 0.08 

CITY_BiJie -0.17 -0.17
CITY_ChuZhou 0.07 0.08 
CITY_FuZhou 0.1 0.09 0.10 0.09 
CITY_HeFei 0.07 0.07 

CITY_HengShui -0.14 -0.14
CITY_NanNing -0.12
CITY_RiZhao -0.13 -0.13

CITY_XianYang 0.07 0.07 
CITY_XingTai -0.1

CITY_YinChuan -0.11
CITY_ZhengZhou 0.09 0.06 0.11 0.06 

CITY_ShiJiaZhuang 0.06 0.07 
GRP 0.33 0.25 0.36 

GRP_Per_Capita 0.13 
GRP_Index 0.12 0.12 

Average_Salary -0.36 -0.22 -0.30
Illiteracy_Rate 0.09 0.1 

5. Results & Discussion

5.1 Model Measurement 
AUC (Area under the Receiver Operating Characteristic curve) and KS (Kolmogorov-Smirnov) 
are measures of discriminative performance and are widely adopted in comparing binary classifiers 
in credit scoring discipline (Bequé et al. 2017; Fernandes and Artes 2016).  
5.2 Results and Discussions 
In order to get robust results of the prediction model, 10-fold cross validation is conducted. 10 
numbers are set as the random seeds to split data each time so as to repeat the results. The 10 
random seeds are [137, 582, 867, 821, 782, 64, 261, 120, 507, 779]. Results are shown in Table 2. 
We can see that mean of AUC & KS of models with macro variables are larger than models without 
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macro variables. In contrast with model without considering macro variables, KS is improved by 
3%~4% and AUC is improved by 0.14%~1.5% significantly, demonstrating that macro variables 
can improve the model performance. Though other models are superior to baseline model, 
Model_M_N and Model_MI_M are inferior to it, indicating that feature selection methods does 
not enhance the predictive performance all the time and coincideing with (Liang et al. 2015). 
Improvements of macro variables may be just the result of random splitting effects, ANOVA 
analysis is used to test macro variables improve the prediction performance statistically 
significantly and results are presented in Table 3. Nearly all P-values are less than 0.01 except that 
of the KS in Model_ML is 0.0491, which indicates that the difference between two models are not 
caused by random effects. Hence, we can say that these macro variables can improve the 
discriminative performance of credit scoring models significantly. 

Table 2 Results of Credit Scoring Models 
Random 

Seeds 
Model_ML Model_ML_Mac Model_F Model_F_Macro Model_MI Model_MI_Mac Model_Base 

AUC KS AUC KS AUC KS AUC KS AUC KS AUC KS AUC KS 
137 0.6689 0.2534 0.6785 0.2650 0.6843 0.2700 0.6857 0.2867 0.6569 0.2346 0.6631 0.2486 0.6668 0.2593 
582 0.6688 0.2554 0.6785 0.2674 0.6852 0.2760 0.6854 0.2857 0.6570 0.2355 0.6629 0.2479 0.6662 0.2585 
867 0.6692 0.2576 0.6786 0.2655 0.6844 0.2709 0.6855 0.2793 0.6576 0.2398 0.6632 0.2486 0.6670 0.2590 
821 0.6685 0.2573 0.6789 0.2682 0.6841 0.2741 0.6849 0.2787 0.6570 0.2373 0.6632 0.2446 0.6670 0.2547 
782 0.6691 0.2555 0.6792 0.2718 0.6853 0.2761 0.6861 0.2887 0.6576 0.2422 0.6640 0.2477 0.6673 0.2569 
64 0.6688 0.2590 0.6793 0.2640 0.6840 0.2789 0.6850 0.2819 0.6568 0.2402 0.6632 0.2487 0.6668 0.2566 
261 0.6688 0.2597 0.6792 0.2661 0.6854 0.2759 0.6861 0.2867 0.6572 0.2419 0.6639 0.2471 0.6667 0.2539 
120 0.6681 0.2547 0.6773 0.2658 0.6845 0.2710 0.6852 0.2799 0.6572 0.2424 0.6639 0.2462 0.6661 0.2520 
507 0.6682 0.2551 0.6790 0.2643 0.6836 0.2761 0.6848 0.2814 0.6571 0.2433 0.6638 0.2520 0.6671 0.2496 
779 0.6689 0.2536 0.6792 0.2684 0.6831 0.2724 0.6851 0.2844 0.6565 0.2380 0.6624 0.2412 0.6670 0.2513 
Mean 0.6687 0.2561 0.6788 0.2667 0.6844 0.2741 0.6854 0.2833 0.6571 0.2395 0.6634 0.2473 0.6668 0.2552 

%1 0.29% 0.38% 1.79% 4.50% 2.64% 7.44% 2.78% 11.04% -1.46% -6.13% -0.52% -3.10% - - 

%2 - - 1.50% 4.11% - - 0.14% 3.36% - - 0.95% 3.23% - - 
1 Percentage improvements compared with baseline model. 
2 Percentage improvements compared with corresponding model without macro variables. 

Table 3 ANOVA Analysis Results 
Methods Model_ML Model_F Model_MI 

 F PR(>F) F PR(>F) F PR(>F) 
AUC 2071.77 0.0000 12.28 0.0025 967.89 0.0000  
KS 4.45 0.0491 39.81 0 34.12 0.0000  

 
6. Conclusion 
In this paper, machine learning as the feature selection methods are studied and effects of macro 
variables on credit scoring models are examined. Firstly, RF and XGBoost evaluate feature 
importance separately and achieve almost the same ranking. Furthermore, the selected features are 
sensible from the point of experience. It is a nice attempt to evaluate feature importance besides 
the traditional feature selection methods in credit scoring area. Their performance is slightly better 
than that of mutual information, but worse than that of F-score. 
Secondly, macro variables are found to be helpful in improving the credit scoring model 
significantly. External environment has subtle impacts on people’s behavior and it may influence 
their credit performances, we collect some macro variables, GRP, GRP Index, GRP per capita, 
average number of employees on the job, average salary of employees and illiteracy rate. These 
macro variables are found to increase the explanatory power of logistic regression model by about 
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10%. Logistic prediction models considering the macro variables achieve better discriminative 
performance than models without considering macro variables. These macro data are accessible 
from the economic information dataset or statistical yearbook, a new information source is 
provided to find explanatory variables for credit scoring.  
Besides, some meaningful findings are derived. Borrowers in high GRP places are more likely to 
be delinquent because high GRP usually implies high living cost in these places and high living 
cost causes difficulty in repaying loans on time. Higher average salaries in areas indicates higher 
repayment ability so borrowers there are less likely to default. Illiteracy rate represents the 
educational level and it has a positive effect on default probability. The influence of education on 
delinquent behavior is imperceptible. It adds new evidence to the importance of education and the 
implication for policy-makers and society is to put more effort and attention on education. 
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Abstract 
 

Inventory management is always an important factor for companies to optimize their profit. 

Herding effect, scarcity effect and time pressure are essential ways that consumers’ strategic 

behavior affect firms’ decision. In this paper, we focus on inventory reveal policy on online flash 

sales platforms, where products are sold in limited time with limited amount. Flash sales platforms 

adopt different policy on inventory reveal. Many platforms reveal inventory at all time, while 

others reveal inventory information only when the product has low inventory level. We build a 

model on inventory reveal problem and study three different inventory reveal policies: conceal 

inventory at all time, reveal inventory at all time, and a threshold policy. We compare their 

performance and find out how much the optimal policy can make the firm better off. 

 

Keywords: inventory reveal, flash sales, threshold policy, consumer learning, scarcity 

 

1. Introduction 
Recently, many flash sales platforms emerged online, such as Amazon’s lightning sales, Groupon, 

Taobao’s Taoqianggou. Products on flash sales are usually discounted with limited amount 

available and have to be bought within a time limit. It acts as a promotion method for online shops 

and shops can strategically set discount, amount and time limit to optimize their profit. While 

similar in many ways, flash sales platforms differ from each other in the information they reveal 

to customers. Many platforms provide real time inventory information (Cui et al., 2019), while 

some platforms provide inventory information only when inventory is low (Wagner et al. 2018). 

Under different platform policies, sales of products are different. 

 

Inventory management has always been an important factor for traditional companies to optimize 

their profit. Consumers can assess product quality through observational learning, i.e., consumers 

learn quality from others (Banerjee, 1992; Bikhchandani et al., 1992). Also, low inventory creates 

the panic that the product may not be available in the future and attract more customers which is 

known as scarcity effect (DeGraba, 1995). However, maintaining low inventory also increases the 

risk of stock-out, which results in lost sales. Hence, inventory management is important for 

companies, both offline and online. 

 

While traditional inventory management is well studied, few researches has been conducted on 

online inventory management. We want to fill in this research gap by studying how firms’ profit 

change when adopting different policies of inventory reveal on flash sales platforms. We build a 

model of inventory reveal on flash sales and study 3 policies in our work: conceal inventory at all 

time, reveal inventory at all time, and a threshold policy. We compare their performance and find 

out how much firms can improve by adopting optimal policy. 
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2. Literature Review 
Our work is closely related with the literature of consumers’ strategic behavior and firms’ strategy 

leveraging inventory to optimize their profit. 

 

Herding behavior, or observational learning, refers to the phenomenon that a consumer can infer 

the quality of a product by others’ behavior, thus updating her prior belief of the product’s quality 

and do what others do. Banerjee shows that an equilibrium exists under a simple model of herding 

(Banerjee, 1992), and Bikhchandani et al. derive equilibrium when information cascade occurs 

(Bikhchandani et al., 1992). Recently, many researches are conducted to find empirical evidence 

of herding behavior in various fields. Herzenstein et al. find that lenders have higher propensity to 

lend to borrowers with more bids in Peer-to-Peer loan market (Herzenstein et al., 2011). Cai et al. 

identify herding effect in restaurant dining using field experiments (Cai et al., 2009). Cui et al. 

design a field experiment and find evidence of herding effect in online flash sales of Amazon (Cui 

et al., 2019). Wagner et al. also show that herding effect exists in a leading online flash sales 

platform (Wagner et al., 2018). Our paper is inspired by empirical work on online flash sales 

market, and to our knowledge, is the first research to study optimal inventory reveal policy on 

online flash sales market. 

 

Besides herding, consumers’ enthusiasm to buy a product with low inventory could also be driven 

by scarcity effect. When inventory level is low, consumers receive the information that the product 

may not be available at a lower price in the future, thus inducing a “buying frenzy” among 

consumers (DeGraba, 1995). Stock and Balachander find that firms can adopt a “scarcity effect” 

to signal high quality of their product and increase sales (Stock and Balachander, 2005). Cachon 

et al. find evidence of scarcity effect in automobile market (Cachon et al., 2018). Scarcity also 

takes place in online flash sales, where low inventory attracts more sales (Cui et al., 2019). 

 

Time pressure is another factor that can affect consumer decisions. When consumers’ time to make 

purchase decisions is limited, they feel time pressure and the information they can process 

decreases (Iyer, 1989). In our context, flash sales limit time that discounted products are available, 

thus forcing customers to make decisions with limited information. 

 

In response to strategic consumer behavior, firms make optimal decisions on inventory. Gaur and 

Park find asymmetry in consumer learning has a significant impact on the optimal service levels 

(Gaur and Park, 2007). Kabra et al. use a structural demand model to study consumer’s behavior 

on the trade-off between accessibility and availability in bike-share system (Kabra, 2018). Our 

research is closely related to literature in this field, and we investigate firms’ best inventory reveal 

policy with strategic customers. 

 

In online flash sales, as discounted products are available with limited quantity in limited time, if 

inventory information is revealed, we’d expect that herding effect and scarcity effect shape 

demand together with time pressure. As revealed inventory can potentially increase or decrease 

demand, firms can optimize sales by strategically revealing inventory. To our knowledge, we’re 

the first to analyze optimal inventory reveal policy in online flash sales. 

 

371366



3. Model
We study the optimal inventory reveal policy of a firm conducting flash sales. Assume that the

sale starts with 𝑆 units of inventory and lasts 𝑇 time periods, and demand is a Poisson process.

The mean demand rate of this Poisson process is decreasing in time due to time pressure. If

inventory is revealed, as herding effect and scarcity effect indicate that larger sales (lower

inventory) attracts more customers, we assume that the mean demand rate of this Poisson process

is decreasing in inventory. Assume that price and initial inventory level are chosen previously, and

the firm only need to optimize sales.

When inventory is not revealed, the mean demand rate is referred to as normal rate, which we 

denote as 𝜃(𝑡). If inventory is revealed, we denote the demand rate when sales is 𝑑 as 𝜆𝑑(𝑡).

Denote Γ as expected total demand from flash sales. 

We consider 3 policies: not revealing inventory at all time (always conceal); revealing inventory 

at all time (always reveal); reveal inventory once sales hit a threshold (threshold policy). We 

consider these 3 policies in following subsections. 

3.1 Always Conceal 

For sales which always conceal their inventory, we can derive probability of having 𝑗 sales at 

time 𝑡, 𝑃𝑗(𝑡), as follows:

𝑃𝑗(𝑡 + Δ𝑡) = (1 − 𝜃(𝑡)Δ𝑡)𝑃𝑗(𝑡) + 𝜃(𝑡)Δ𝑡𝑃𝑗−1(𝑡) + 𝑜(Δ𝑡), 0 < 𝑗 < 𝑆
𝑃𝑗(𝑡 + Δ𝑡) − 𝑃𝑗(𝑡)

Δ𝑡
= −𝜃(𝑡)Δ𝑡𝑃𝑗(𝑡) + 𝜃(𝑡)Δ𝑡𝑃𝑗−1(𝑡) +

𝑜(Δ𝑡)

Δ𝑡
, 0 < 𝑗 < 𝑆 

Let Δ → 0: 
𝑑𝑃𝑗(𝑡)

𝑑𝑡
= −𝜃(𝑡)𝑃𝑗(𝑡) + 𝜃(𝑡)𝑃𝑗−1(𝑡), 0 < 𝑗 < 𝑆

Similarly, for 𝑗 = 0 and 𝑗 = 𝑆: 
𝑑𝑃0(𝑡)

𝑑𝑡
= −𝜃(𝑡)𝑃0(𝑡)

𝑑𝑃𝑆(𝑡)

𝑑𝑡
= 𝜃(𝑡)𝑃𝑆−1(𝑡)

Boundary condition is: 

𝑃0(0) = 1, ∑ 𝑃𝑗(𝑡)

𝑆

𝑗=0

= 1 

Let Θ(𝑡1, 𝑡2) = ∫ 𝜃(𝑡)𝑑𝑡
𝑡2

𝑡1
. Solve the differential equations, we have: 

𝑃𝑗(𝑡) = 𝑝(𝑗, Θ(0, 𝑡)), 0 ≤ 𝑗 < 𝑆

𝑃𝑆(𝑡) = 𝑃(𝑆, Θ(0, 𝑡))

where 𝑝(∙, 𝜇)  and 𝑃(∙, 𝜇)  are the probability mass and complementary CDF of Poisson 

distribution with mean 𝜇. 

The expected total revenue is: 

Γ1(𝑆, 0, 𝑇) = ∑ 𝑗𝑃𝑗(𝑇)

𝑆

𝑗=0

= Θ(0, 𝑇) ∙ (1 − 𝑃(𝑆 − 1, Θ(0, 𝑇))) + 𝑆 ∙ 𝑃(𝑆, Θ(0, 𝑇)) 

372367



where Γ1(𝑠, 𝑡1, 𝑡2) denotes expected total revenue in 𝑡 ∈ (𝑡1, 𝑡2) when total units for sale is 𝑠. 

 

3.2 Always Reveal 

For sales which always reveal their inventory, we can derive probability of having 𝑗 sales at time 

𝑡, 𝑃𝑗(𝑡), in a similar way: 

𝑑𝑃𝑗(𝑡)

𝑑𝑡
= −𝜆𝑗(𝑡)𝑃𝑗(𝑡) + 𝜆𝑗−1(𝑡)𝑃𝑗−1(𝑡),   0 < 𝑗 < 𝑆 

𝑑𝑃0(𝑡)

𝑑𝑡
= −𝜆0(𝑡)𝑃0(𝑡) 

𝑑𝑃𝑆(𝑡)

𝑑𝑡
= 𝜆𝑆−1(𝑡)𝑃𝑆−1(𝑡) 

Solve the differential equations, we have: 

𝑃0(𝑡) = 𝑒− ∫ 𝜆0(𝑡)𝑑𝑡
𝑡

0  

𝑃𝑗(𝑡) = 𝑒− ∫ 𝜆𝑗(𝑡)𝑑𝑡
𝑡

0 ∫ 𝑒∫ 𝜆𝑗(𝑠)𝑑𝑠
𝑠

0 𝜆𝑗−1(𝑠)𝑃𝑗−1(𝑠)𝑑𝑠
𝑡

0

, 1 < 𝑗 < 𝑆 

𝑃𝑆(𝑡) = ∫ 𝜆𝑆−1(𝑠)𝑃𝑆−1(𝑠)𝑑𝑠
𝑡

0

 

We don’t have a closed form solution with arbitrary 𝜆𝑗(𝑡). However, if 𝜆𝑗(𝑡) takes a special form, 

we have following proposition. 

 

Proposition 1: When demand rates follow the rule that 𝜆𝑗(𝑡) = 𝑎𝑗𝜆0(𝑡), (𝑎0 = 1, 𝑎𝑆 = 0, 𝑎𝑖 ≠

𝑎𝑗  𝑓𝑜𝑟 𝑖 ≠ 𝑗), we can find close form solution of 𝑃𝑗(𝑡). Let 𝐴0(𝑡1, 𝑡2) = 𝑒
− ∫ 𝜆0(𝑠)𝑑𝑠

𝑡2
𝑡1 , then: 

𝑃0(𝑡) = 𝐴0(𝑡) 

𝑃𝑗(𝑡) = (∏ 𝑎𝑖

𝑗−1

𝑖=0

) (∑
1

∏ (𝑎𝑘 − 𝑎𝑖)0≤𝑘≤𝑗,𝑘≠𝑖
(𝐴0(0, 𝑡))

𝑎𝑖

𝑗

𝑖=0

),   (1 ≤ 𝑗 ≤ 𝑆) 

 

Under condition of demand rates in Proposition 1, we can calculate expected total revenue Γ2 as: 

Γ2(𝑆, 0, 𝑇, 0) = ∑ 𝑗𝑃𝑗(𝑇)

𝑆

𝑗=0

= ∑ (∑
𝑖 ∏ 𝑎𝑚

𝑖−1
𝑚=0

∏ (𝑎𝑘 − 𝑎𝑗)0≤𝑘≤𝑖,𝑘≠𝑗

𝑆

𝑖=𝑗

) (𝐴0(0, 𝑇))
𝑎𝑗

𝑆

𝑗=0

 

where Γ2(𝑠, 𝑡1, 𝑡2, 𝑑) denotes expected total revenue in 𝑡 ∈ (𝑡1, 𝑡2) when inventory at time 𝑡1 

is 𝑠 and sales at time 𝑡1 is 𝑑. 

 

3.3 Threshold Policy 

Under threshold policy, the firm doesn’t reveal inventory if current total demand is less than a 

threshold. We denote the threshold to reveal inventory as 𝛼. Suppose that the 𝛼-th sale occurs at 
(𝜁, 𝜁 + 𝑑𝜁). Let 𝑄𝑗(𝑡|𝜁) denote the probability density of having 𝑗 sales in addition to 𝛼 sales 

at time 𝑡 where 𝑡 ∈ (𝜁, 𝑇). Then: 
𝑑𝑄𝑗(𝑡|𝜁)

𝑑𝑡
= −𝜆𝑗+𝛼(𝑡)𝑄𝑗(𝑡|𝜁) + 𝜆𝑗+𝛼−1(𝑡)𝑄𝑗−1(𝑡|𝜁),   0 < 𝑗 < 𝑆 − 𝛼 

𝑑𝑄0(𝑡|𝜁)

𝑑𝑡
= −𝜆𝛼(𝑡)𝑄0(𝑡|𝜁) 
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𝑑𝑄𝑆−𝛼(𝑡)

𝑑𝑡
= 𝜆𝑆−𝛼−1(𝑡)𝑄𝑆−𝛼−1(𝑡|𝜁) 

Boundary condition is: 

𝑄0(𝜁|𝜁) = 1, ∑ 𝑄𝑗(𝑡|𝜁)

𝑆−𝛼

𝑗=0

= 1 

Under this policy, the expected total sales will be: 

Γ3(𝑆, 0, 𝑇, 0, 𝛼) = ∫ (∑(𝛼 + 𝑗)𝑄𝑗(𝑇|𝜁)

𝑆−𝛼

𝑗=0

) 𝜃(𝜁)𝑝(𝛼 − 1, Θ(0, 𝜁))𝑑𝜁
𝑇

0

+ ∑ 𝑥 ∙ 𝑝(𝑥, Θ(0, 𝑇))

𝛼−1

𝑥=0

 

= ∫ Γ2(𝑆 − 𝛼, 𝜁, 𝑇, 𝛼)𝜃(𝜁)𝑝(𝛼 − 1, Θ(0, 𝜁))𝑑𝜁
𝑇

0

+ Γ1(𝛼, 0, 𝑇) 

where Γ3(𝑠, 𝑡1, 𝑡2, 𝑑, 𝛼) denotes expected total revenue in 𝑡 ∈ (𝑡1, 𝑡2) when remaining units for 

sale at time 𝑡1 is 𝑠, sales at time 𝑡1 is 𝑑, and threshold of revealing inventory is 𝛼. If 𝜆𝑗(𝑡) 

and 𝜃(𝑡) takes special forms, we have analytical solutions. 

 

Proposition 2: When demand rates follow the rule that 𝜆𝑗(𝑡) = 𝑎𝑗𝜃(𝑡), (𝑎𝑆 = 0, 𝑎𝑖 ≠ 𝑎𝑗  𝑓𝑜𝑟 𝑖 ≠

𝑗), we can find close form solution of 𝑃𝑗(𝑡). Let 𝐴(𝑡1, 𝑡2) = 𝑒
− ∫ 𝜆0(𝑠)𝑑𝑠

𝑡2
𝑡1 , then: 

Γ3(𝑆, 0, 𝑇, 0, 𝛼) = ∑ (∑
𝑖 ∏ 𝑎𝑚+𝛼

𝑖−1
𝑚=0

∏ (𝑎𝑘+𝛼 − 𝑎𝑗+𝛼)0≤𝑘≤𝑖,𝑘≠𝑗

𝑆−𝛼

𝑖=𝑗

) (
1

1 − 𝑎𝑗+𝛼
)

𝛼

𝐵(𝛼, 𝑎𝑗+𝛼)(𝐴(0, 𝑇))
𝑎𝑗+𝛼

𝑆−𝛼

𝑗=0

 

+Γ1(𝛼, 0, 𝑇) 

where 𝐵(𝛼, 𝑎𝑘) = (1 − (∑
((1−𝑎𝑘)Θ(0,𝑇))

𝑛

𝑛!

𝛼−1
𝑛=0 ) (𝐴(0, 𝑇))

1−𝑎𝑘
). 

 

4. Results 

We compare performance of three policies in section 3. To simplify, we take 𝜃(𝑡) = 𝜃0𝑒
𝑡

𝜏, and 

𝜆𝑗(𝑡) = 𝑎𝑗𝜃(𝑡).We also set the relative demand rate 𝑎𝑗 as a arithmetic progression for 0 ≤ 𝑗 ≤

𝑆 − 1. The optimal policy under these conditions is the threshold policy with 𝛼 = min
𝑎𝑗>1

𝑗, as in this 

way shop can maintain higher demand rate when inventory is high, and switch to revealing 

inventory when inventory is low. 

  
Figure 1: Relative expected sales between all reveal 

and all conceal policy 

     
Figure 2: Relative expected sales between threshold 

policy and all reveal policy
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We set 𝑆 = 10, 𝑇 = 1, 𝜏 = 2, 𝜃0 = 5 . Let �̅� =
1

𝑆
∑ 𝑎𝑛

𝑆−1
𝑛=0  and 𝑑 =

𝑎𝑆−1−𝑎0

2
. We investigate 

relative performance between all conceal policy and all reveal policy. The result is in Figure 1.   

When mean demand rate �̅� is small and diversion 𝑑 of demand rates is large, all conceal policy 

is better than all reveal policy. If we replace all reveal policy by threshold policy, the improvement  

we can make is shown in Figure 2. When mean demand rate is large, the improvement we can 

make is small, but when mean demand rate is small and diversion of demand rates is large, 

threshold policy is much better than all reveal policy.

 

5. Conclusions 
In our paper, we compare the performance of 3 inventory reveal policies of online shops: all 

conceal policy, all reveal policy, and threshold policy. With a simple form of demand rate function, 

we find that all reveal policy is not always better than all conceal policy. Even when mean demand 

rates are equal, all conceal policy leads to more sales than all reveal policy. Threshold policy is 

the best policy under our simple form of demand, and it can make significant improvement when 

mean demand rate of different inventory levels is low and diversion of demand rates of inventory 

levels is large. Thus, we suggest that if shops could only choose to reveal or conceal inventory at 

all times, they may earn more profit by adopting all conceal policy when mean demand rate is low 

and diversion of demand rates is high. We also suggest shops adopt threshold policy as it is always 

the optimal policy, and they can make much more profit in same conditions that all conceal policy 

is better than all reveal policy. 
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Abstract 

As a representative practice of the sharing economy, the ride-hailing platform effectively alleviates 

the conflict between supply and demand in traditional taxi market. In recent years, some ride-

hailing companies have chosen to transform their closed platforms based on the B2C mode into 

open platforms based on the B2C&C2C hybrid mode. According to the theory of two-sided markets, 

this paper constructs the pricing model of ride-hailing platform under the closed-platform strategy 

and the open-platform strategy. By comparing the optimal profit of the ride-hailing company under 

different strategies, we explore whether the traditional closed platform should adopt an open 

strategy which allows private cars to participate. Our research illustrates the impact of network 

effects on pricing strategy and finds the optimal strategy in different situations. 

Keywords: Sharing economy, Two-sided markets, Ride-hailing platform, Opening strategy 

1. Introduction
The Sharing Economy is a socio-economic ecosystem built around the sharing of human and

physical resources. As a representative industry of the sharing economy, ride-hailing service can

effectively alleviate the contradiction between supply and demand in the taxicab market. Ride-

hailing is the act of requesting a ride service from a driver by means of the ride-hailing app, which

is called platform in the paper, from a handheld smartphone. According to statistics, as of the end

of 2017, the number of ride requestors in China has reached 289 million, and the volume of ride-

hailing market transaction has reached 200 billion yuan. Faced with such a huge demand, many

companies begin to lay out the ride-hailing market.

“Shenzhou Zhuanche” was launched in 2015 and adopts the B2C business mode of 

“professional driver, professional vehicle”. That is, the company not only has a trading platform 

but also owns vehicles and professional drivers to serve passengers. In this mode, company earns 

profits by charging passengers for its owned vehicles providing services. On September 22, 2016, 

Shenzhou Company officially released the “U+ open platform” strategy, announcing open traffic, 

technology and brand resources to eligible private car owners. Through the “U+ open platform” 

strategy, Shenzhou has realized the transition from a B2C closed platform to an open platform of 

B2C&C2C hybrid mode. On the one hand, the addition of private cars can help the platform attract 

more customers, and thus increase the company's profit. On the other hand, private cars seize the 

platform's order resources, which may reduce the total profit of the company. Therefore, whether 

the company should open the platform to private cars becomes an important strategic decision-

making problem. This problem raises several questions: (1) Should the closed platform of the B2C 

mode be transformed into an open platform with a mixture of B2C&C2C mode? (2) Considering 

the two-side network effects, what is the optimal pricing strategy for the online ride-hailing 

platform? (3) What effect does the two-side network effects have on the platform? This study aims 
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to answer these questions and sheds some light on the choice and design of profit models for a 

platform. 

 

2. Literature Review 
Our study is mainly related to two streams of research. The first related stream looks at the sharing 

economy. Some foreign scholars have studied the definition, type of division and the motivation 

of participation in the sharing economy (Teubner 2014; Hamar 2016). Other scholars focus on the 

impact of the sharing economy in specific life and production areas. For example, Martin and 

Shaheen (2011) conducted a survey on car sharing and found that shared cars can reduce the 

number of home vehicles. Georgios Zervas et al. (2014) conducted an empirical study of Airbnb's 

impact on the hospitality industry to explore the economic impact of the sharing economy on 

existing companies and found that the emergence of a shared economy would lower hotel prices 

and benefit all consumers. Thomas A. Weber (2018) analyzed the pricing strategy and whether 

consumers choose to participate in the sharing economic market in the case of shared and unshared 

economic markets through an iterative model. The second related stream involves the studies on 

two-sided markets. Belleflamme et al. (2009) study the pricing strategies of two-sided markets in 

the presence of negative intra-group network effects and the impact of negative intra-group 

network effects on the market entry of new platforms. Chen, Fan et al. (2016) consider the 

influence of the network effect and compare how the brokerage model and advertising model affect 

the revenue of the platform, the buyer’s payoffs, the seller’s payoffs and social welfare. In contrast 

to these papers, We studied the closed and open platform strategies of the platform under the 

influence of network effects. 

 

3. Model  
This paper constructs a ride-hailing platform similar to “Shenzhou Zhuanche”. The participants of 

the platform mainly include passengers, platform company and private car drivers. In this part, we 

construct the utility model of the passengers and the profit model of the private car driver and the 

platform company under the closed-platform strategy and the open-platform strategy. 

In the strategy 𝑖(𝑖 ∈ {𝑐, 𝑜}), the passenger's utility is 𝑈𝑖 . Following the relevant research 

(Shengli Li, 2010), the utility function of passengers is: 

𝑈𝑖 = 𝑣𝑖 − 𝑝𝑖 − 𝛼𝑀𝑖 + 𝛽𝑁𝑖.                          (1) 

where 𝑣𝑖 is the passenger's willingness to get ride-hailing service under strategy 𝑖, and 𝑣𝑖 is 

uniformly distributed on [0,1], i.e., 𝑣𝑖~𝑈[0,1]; 𝑝𝑖 is the price of ride-hailing service; 𝛼 is the 

intensity of the negative same-side network effect; 𝛽 is the intensity of the positive cross-side 

network effect; 𝑀𝑖  is the number of passengers on the platform under strategy 𝑖; 𝑁𝑖  is the 

number of service vehicles on the platform when the ride-hailing company adopts the strategy 𝑖. 
Under the closed-platform strategy, the platform do not allow private car owners to join the 

platform, but instead provide ride-hailing services by purchasing their own cars. The number of 

platform owned cars is 𝑛1𝑐. In this case, the total number of service vehicles on the platform is 

equal to the number of platform owned vehicles, i.e., 𝑁𝑐 = 𝑛1𝑐. Under this strategy, the platform’s 

revenue comes from providing services to passengers by its own cars. While there are some costs. 

The fixed cost per platform owned car, such as purchasing vehicles, hiring drivers, is 𝜇1, so the 

fixed cost of the platform is 𝜇1𝑛1𝑐 . And the operating cost of the platform is affected by the 

number of platform owned vehicles. The larger the number of vehicles, the more complex the 
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system, and then the higher the operating cost, so the platform’s operating cost is 
1

2
𝜇2𝑛1𝑐

2. The 

profit of the platform is: 

𝛱𝑐 = 𝑀𝑐�̅�𝑝𝑐 − (𝜇1𝑛1𝑐 +
1

2
𝜇2𝑛1𝑐

2).                        (2) 

where �̅�  is the average ride-hailing services demand per passenger. 𝜇1  is the fixed cost per 

platform owned car and 𝜇2 is the coefficient of operating cost. 

Under the open-platform strategy, the number of platform owned cars is 𝑛1𝑜, and the number 

of private cars joining the platform is 𝑛2. The total number of service vehicles on the platform is 

equal to the sum of the number of platform owned vehicles and the number of private cars joining 

the platform, i.e., 𝑁𝑜 = 𝑛1𝑜 + 𝑛2. Under this strategy, private cars joining the platform may seize 

the order resources from the platform, and the platform also charge the individual drivers for a 

commission fee. As a result, the platform collect revenue from the platform owned car service and 

the commission fee of private cars. Then, the total profit of platform is: 

𝛱𝑜 = 𝑀𝑜�̅�𝑝𝑜[1 − 𝛾1(1 − 𝛾2)] − (𝜇1𝑛1𝑜 +
1

2
𝜇2𝑛1𝑜

2).                (3) 

where 𝑛1𝑜 is the number of platform owned vehicles under the open-platform strategy; 𝛾1 is the 

proportion of orders for private cars on the platform; 𝛾2 is the ratio of commission rate charged 

by the platform. 

Under the open strategy, private car owners decide whether to participate in the platform based 

on the profits obtained from the platform. The profit earned by the private car owners who 

participate in the platform is: 

 𝜋𝐷 =
𝑀𝑜�̅�𝑝𝑜𝛾1(1−𝛾2)

𝑛2
− 𝑘.                             (4) 

where 𝑛2 is the number of private cars joining the platform; 𝑘 is the fixed cost of the private car 

joining the platform, which is uniformly distributed on [0, 1], i.e., 𝑘~𝑈[0,1]. 

 

4. Results under Two Different Strategies 
 

4.1 Platform is Closed 

When the platform is closed, the platform's equilibrium pricing model is: 

𝑚𝑎𝑥
𝑝𝑐

𝛱𝑐 = 𝑀𝑐�̅�𝑝𝑐 − (𝜇1𝑛1𝑐 +
1

2
𝜇2𝑛1𝑐

2 )                       (5) 

s.t. 𝑝𝑐 > 0,𝑀𝑐 ≥ 0 

According to formulas (1) and (5), the platform’s optimal price, the equilibrium number of 

passengers and the maximum profit are: 

{
 
 

 
 𝑝𝑐

∗ =
1+𝛽𝑛1𝑐

2

𝑀𝑐
∗ =

1+𝛽𝑛1𝑐

2(1+𝛼)

𝛱𝑐
∗ =

�̅�(1+𝛽𝑛1𝑐)
2

4(1+𝛼)
− 𝜇1𝑛1𝑐 −

1

2
𝜇2𝑛1𝑐

2

.                         (6) 
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By the first-order condition of 𝛱𝑐
∗, that is Π𝑐

∗′(𝑛1𝑐) = 0, we can have the optimal number of

platform owned cars, and have Proposition 1. 

�̅�1𝑐 =
�̅�𝛽−2𝜇1(1+𝛼)

2𝜇2(1+𝛼)−�̅�𝛽2
 (7) 

Figure 1. the Impact of the Number of Platform Owned Cars on the Platform’s Profit 

Proposition 1. When platform adopts the closed-platform strategy, (a) if the intensity of cross-side 

network effect is in the range 
2𝜇1(1+𝛼)

�̅�
< 𝛽 < 𝑚𝑖𝑛 {1,√

2𝜇2(1+𝛼)

�̅�
}, there is an optimal number of

platform owned cars �̅�1𝑐. In this case, if the number of platform owned cars is less than �̅�1𝑐, the 

optimal profit of platform increases with the number of cars on it (region I). Otherwise, if the 

number of cars is more than �̅�1𝑐, the optimal profit of platform decreases with the number of cars 

on it (region II). (b) If the the intensity of cross-side network effect is not in the range 

(
2𝜇1(1+𝛼)

�̅�
, 𝑚𝑖𝑛 {1,√

2𝜇2(1+𝛼)

�̅�
}), the optimal profit of platform decreases with the number of cars 

on it (region III). 

4.2 Platform is Open 

When the platform is open, the platform's equilibrium pricing model is: 

𝑚𝑎𝑥
𝑝𝑜
∗
 𝛱𝑜 = 𝑀𝑜�̅�𝑝𝑜[1 − 𝛾1(1 − 𝛾2)] − 𝜇1𝑛1𝑜 −

1

2
𝜇2𝑛1𝑜

2 (8) 

s.t. 𝑝𝑜 > 0, 𝑀𝑜 ≥ 0

According to formulas (1) (4) (8), we have the platform’s optimal price, the equilibrium 

number of passengers and the maximum profit of the platform. 

{

𝑝𝑜
∗ =

(1+𝛽𝑛1𝑜)√1+𝛼

2√1+𝛼−𝛽√�̅�𝛾1(1−𝛾2)

𝑀𝑜
∗ =

1+𝛽𝑛1𝑜

2+2𝛼−𝛽√�̅�𝛾1(1−𝛾2)√1+𝛼

𝛱𝑜
∗ =

�̅�(1−𝛾1(1−𝛾2))(1+𝛽𝑛1𝑜)
2

(2√1+𝛼−𝛽√�̅�𝛾1(1−𝛾2))2
− 𝜇1𝑛1𝑜 −

1

2
𝜇2𝑛1𝑜

2

.   (9) 

Under the open strategy, private cars seize the order resources on the platform and cause losses 

to the platform. To compensate for the losses, the platform charge commission fee to the private 
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cars. Therefore, we analyze the impact of the proportion of orders private cars seize and the 

commission rate on the platform’s optimal profit, then, we have Proposition 2. 

 

Figure 2. the Impact of the Proportion of Orders and the Commission rate on Platform’s Profits 

Proposition 2. When platform adopts the open-platform strategy, (a) If the proportion of orders 

occupied by the private cars is l𝑎𝑟𝑔𝑒 ( �̅�1 >
�̅�𝛽0

2

4(1+𝛼0)
), the platform should charge the private car 

owners, there is a threshold of commission rate for platform (�̅�2=1 −
4(1+𝛼0)

�̅�𝛽0
2𝑟1

). In this case, if the 

commission rate is less than �̅�2, the optimal profit of platform increases with the commission 

increases (region I). Otherwise, if the commission rate is larger than 𝑟2̅, the optimal profit of 

platform decreases with the commission rate increases (region II). (b) If the proportion of orders 

occupied by the private cars is s𝑚𝑎𝑙𝑙 (�̅�1 <
�̅�𝛽0

2

4(1+𝛼0)
), the optimal profit of platform decreases with 

the commission rate increases (region III), in this case, 𝑡he platform should be open to private 

car’s owner for free. 

 

4.3 Closed-platform Strategy vs. Open-platform Strategy 

By analyzing the impact of same-side network effect and cross-side network effect on the optimal 

price, the equilibrium number of passengers, and platform’s optimal profit, we have Proposition 3. 

Proposition 3. Under the closed-platform or open-platform strategy, (a) as the intensity of the 

negative same-side network effect increases, the optimal price do not increase, but the number of 

passengers and the optimal profit of the platform decrease. (b) as the intensity of the positive cross-

side network effect is strengthened, the optimal price, the number of passengers and the optimal 

profit of the platform increase. 

Then, we compare the optimal profits of platform under the closed and open strategies and find 

the optimal strategy that the platform should adopt in different situations. We have Proposition 4. 

Proposition 4. In the monopoly case, if the proportion of orders occupied by the private cars is 

small, the platform should adopts the open-platform strategy to get more profits, if the proportion 

of orders occupied by the private cars is large, the platform should adopts the closed-platform. 
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5. Conclusion 

Based on the theory of two-sided markets, this paper constructs the pricing model of the online 

ride-hailing platform under the closed strategy and the open strategy, and studies the influence of 

network effects on the platform’s pricing strategy. Then, we compare the optimal profit of the 

platform under the closed strategy and the open strategy to explore whether the traditional closed 

platform should adopt an open strategy. Our study shows that under both the closed strategy and 

the open strategy, the positive cross-side network effect has a positive impact on the platform’s 

price, profit, and market size, while the negative same-side network effect has a negative effect on 

them. When the order resources occupied by private cars are small, the platform should choose the 

open-platform strategy. Under the open strategy, if the private car occupies very few order 

resources, the platform should open platform to private car owners for free. Otherwise, it is better 

for the platform to charge the private car’s owners a commission fee. 
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Abstract 
 

In a contingent free-shipping strategy (CFS) that involves e-retailers waiving shipping fees for 

transactions above a price threshold, online shoppers typically search for filler items purposefully 

to reach the threshold. While most e-retailers have neutral attitude toward these fill-in purchase 

behavior, some retailers try to increase the transaction volume and basket size by recommending 

filler-items to the customers. In this study, supported by a research context that e-retailer shift its 

filler items policy from neutral into encouraging recommendation system, we explored how the 

availability of filler-item recommendation affected customers’ purchase behavior. We found that the 

encouraging policy led to approximately 3% more transactions compared with the neutral policy. 

However, the encouraging policy also had negative effects: 80% of the newly added transactions 

were purposeful fill-in purchases with benefits for e-retailers that were marginal, or even negative. 

A further profit analysis reveals that encouraging policy for filler items outperforms the neutral one 

only if the shipping cost is lower than CN¥16.40.  

 
Keywords: Online Shopping, Contingent Free-Shipping, Filler-item Recommendation, Fill-in 

 

1. Introduction 

Designing a shipping charge policy is a constant challenge for e-retailers. The most common 

type of shipping charge policy is free shipping when the transaction value exceeds a certain 

threshold amount (Boone and Ganeshan 2013). This contingent free-shipping (CFS) strategy 

motivates customers to buy more to avail themselves of the free shipping, thus increases the average 

value of a customer transaction (Boone and Ganeshan 2013). However, being unable to meet the 

threshold is primarily why customers abandon their online shopping carts (Schindler and Morrin 

2005).  

Lowering the threshold of free shipping may retain customers by facilitating their reaching of 

the cutoff bar. However, this may increase the financial loss of e-retailers because they must cover 

more of the shipping cost (Jiang et al. 2013). Many e-retailers have experimented with the free-

shipping threshold to determine the optimal trade-off between the cost of lost business (high cutoff 

levels) and that of shipping (low cutoff levels) (Leng and Parlar 2005). In addition to attempting to 

optimize the threshold of free shipping, another option is to help customers reach the threshold more 

easily; for example, recommending small-value filler items to make the total purchase exceed the 

threshold with the bare minimum required. Filler-item recommendations can reduce customers’ 

search costs and make reaching for the CFS threshold more convenient, leading to less shopping 

cart abandonment, which may offset the loss of shipping charges over the long term (Kukar-Kinney 

and Close 2010).  

However, to the best of our knowledge, this encouraging policy for fill-in purchase is not 

frequently used by ecommerce websites. Most e-retailers have a neutral attitude toward fill-in 

purchases: They allow customers to organically search for filler items to meet the threshold of free 

shipping but do not provide filler-item recommendations. This could be because the double-edged 

value of filler items recommendation system. A timely filler-item recommendations help customers 

reach the CFS threshold more easily and lead to less shopping cart abandonment. However, its true 

benefits for e-retailers may be trivial given the marginal utility of a filler item to a basket (purchase) 

is low, or even negative after the shipping cost is considered (Koukova et al. 2012). Particularly, if 

filler-item recommendation system always encourages customers to conduct purposeful fill-in 

purchase, it is very possible that the negative side of filler-item recommendation system 
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overshadows its positive value. Therefore, a deep exploration of filler-item recommendations is 

essential for practitioners.  

The limited application of encouraging policy about filler-items in practice could be also due 

to the less investigated fill-in purchase behavior. The understanding about fill-in purchase is more 

or less anecdotal, or self-experience based. The relevant academic investigation is rare even fill-in 

purchase is a common phenomenon under contingent promotion or discount ($20 off when above 

$100). It would be helpful to guild e-retailers make the decision if we could empirically quantify 

how the fill-item recommendation changes customers’ fill-in purchase behavior. In this study, we 

access to a natural experiment data set that comes from an e-retailer who changes its filler-items 

policy from neutral policy into encouraging one. The context affords an opportunity to examine 

how filler-item recommendations affected customers’ fill-in purchase behavior. Specifically, we 

investigated the following: (1) How does customers’ transaction structure change under the CFS 

and encouraging filler-item recommendations policy? (2) Are filler-item recommendations effective 

means of preventing customers from abandoning their shopping cart? (3) Under CFS, do customers 

tend to make more fill-in purchases when encouraging policy is available? What is the marginal 

benefit of the encouraging policy compared with neutral filler-item policies? 

The e-retailer in this study started to recommend filler items to customers on a shopping cart 

web page after it raised the free-shipping cutoff level from a relatively low level to a relatively high 

one. The before-and-after new policy transaction data were collected from this natural experiment. 

We ran a difference-in-difference (DID) model to investigate the changes of customers’ basket size 

choices and filler-item purchase after the new policy. Then we modeled the basket size selection of 

customers with an Ordered Probit model. 

2. Research Data

We obtained data from a leading e-retailer in China. On January 15, 2013, the e-retailer raised 

its free-shipping cutoff level from a relatively low level (CN¥19, or US$3) to a relatively high level 

(CN¥99, or US$16) for non-VIP customers, while VIP customers (a status obtained through a quite 

high number of accumulated purchases and other related criteria, it is not easy to gain the VIP status) 

continued receiving free shipping. To alleviate the negative effect of the raised threshold, this e-

retailer began to recommend filler items to customers on the shopping cart web page to help them 

reach the threshold.  

The e-retailer defines filler items as grocery products that have a value lower than CN¥20 and 

are more likely to be consumed repeatedly. When customers add a commodity to their shopping 

cart, the shopping cart page appears with randomly selected filler items displayed at the bottom of 

the web page when the shopping cart total is less than CN¥99. For each transaction, we matched all 

items in the transaction with the 2,000-filler-item pool to identify and count the filler items. Despite 

that the system did not record whether a filler item was chosen from the recommendation system 

or an organic purchase process, the e-retailer records the time when customers add each commodity 

into the shopping cart. We developed an algorithm to approximately identify whether the filler item 

is from recommendation system based on the assumption that if an item was added into the shopping 

cart very quickly, it’s very likely this item was picked from the recommendation systems. This 

algorithm is confirmed by e-retailer that any purchase within one minute are very likely from 

recommendation system. 

Our dataset contains 3,120 customers, with their transaction data from June 1, 2012, to 

December 31, 2013. Among these customers, 685 were VIP customers who had been provided free 

shipping since June 1, 2012. The other 2,435 were non-VIP customers who were affected by the 

new CFS policy. We dropped the customers who changed from non-VIP into VIP in our observation 

time window (16 customers in total), which helps us avoid the endogeneity of VIPs’ pursing 

decision with their regular purchase choice decision. Eventually, we obtained approximately 53,000 

transaction records in 84 weeks.  

The main objective of this study was to quantify how the new policy affected customers’ 

purchase behavior, particularly regarding the role of filler items recommendation on purchase 

behavior changes. After the new CFS threshold implementation, several customers may decide to 

exit the e-retailer platform due to the shipping fees, and the remained customers have different 

purchase behaviors for subsequent transactions responding to CFS. Specifically, if customer i 
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decides to remain, he or she must choose the basket size at time t. Customers has three choices at 

this stage:  (a) Size 1: lower than the CFS threshold and paying the shipping fee; (b) Size 2: barely 

above the threshold to avoid the shipping fee (e.g., fill-in purchase); and (c) Size 3: a large basket 

size that is far above threshold, either because the inclusion of large-value product (one item priced 

higher or equal to CN¥99) or an organic requirement for multiple small-value items. We defined 

these three choices of basket size to examine whether the availability of filler-item 

recommendations made Size 2 choices more substantial. 
3. Purchase Behavior Analysis after the New Policy 

On average, VIP customers purchased more than the non-VIP customers did, both before and 

after the new CFS threshold initiation. This is reasonable as they became VIPs because of their 

higher purchase rates. Few VIP customers exited the e-retailer platform after the new CFS threshold. 

However, approximately 30% (791) of non-VIP customers did not engage in any transactions from 

January 15 to December 31, 2013. These are disloyal customers who may have churned and 

shopped elsewhere. Since we have VIP customers, who will not be influenced by the new shipping 

policy, as the control group, we apply a DID model to formally capture the changes of non-VIP 

customers’ basket size choices and filler-item purchase after the new policy. For the other control 

covariates, most of them were based on or adopted from Lewis (2006), which can be classified into 

three types as listed below: (1) customers’ RFM variables; (2) the historical transaction pattern 

characteristics such as the average number of items (Avg_Numitem) and basket diversity 

(Avg_Diversity) in the previous basket, to control customers’ inherent transaction habit; and (3) 

customers’ demographic information such as City DPI, Child, and Tenure. We also included time 

covariates (e.g. Holiday) to control the time effects.  

We further explored the effect of filler-item recommendations on basket size choice. Table 1 

lists the statistics of three basket sizes for all customers. The results revealed that the basket size 

pattern of VIP customers is consistent before (39.11%, 4.37% and 56.52% for size 1, size 2 and Size 

3 respectively) and after (38.31%, 5.71%, 55.98%) the new CFS policy, whereas the basket size 

choice structure of non-VIP is largely impacted.  

Table 1. Basket Size Choice Comparisons between VIP and Non-VIP Customers 

 Size 1 Size 2 Size 3 
Average 

α2 

Size 3 with 

small-value 

items 

Size 3 with 

high-value 

items 

VIP 

customers 

Before 
No. of 

transactions 

4,489 

(39.11%) 

502 

(4.37%) 

6,486 

(56.52%) 
136.18 

1,496 

(13.03%) 

4,990 

(43.49%) 

After 
No. of 

transactions 
7,022 

(38.31%) 
1,046 

(5.71%) 
10,260 

(55.98%) 
137.33 

2,010 
(10.97%) 

8,250 
(45.01%) 

Non-VIP 

customers 

Before 
No. of 

transactions 

4,709 

(49.94%) 

587 

(6.23%) 

4,132 

(43.83%) 
118.86 

870 

(9.23%) 

3,262 

(34.60%) 

After 
No. of 

transactions 
472 

(6.37%) 
1,088 

(14.69%) 
5,847 

(78.94%) 
115.13 

1,221 
(16.48%) 

4,626 
(62.46%) 

The new CFS policy also motivates customers to purchase more filler items. We could learn 

from Table 2 that the before and after filler-item purchase pattern of VIP customers, again keeps 

stable across all three size purchase. For non-VIP customers, the change of filler-item transaction 

ratio of Size 1 and Size 3 is also insignificant. However, the filler-item transaction ratio of Size 2 

increased from 33.05% into 85.94%, and the number of filler-item numbers increased from 0.40 to 

2.14, with both values being the highest among the three choices. 

Table 2. Filler-Item Purchase Behavior Comparisons between VIP and Non-VIP Customers 

 Size 1 Size 2 Size 3 
Size 3  

with small-value 

items 

Size 3  
with high-value 

items 

VIP 

customers 

 

Before 
Filler-item transaction ratio 28.05% 49.60% 12.86% 40.31% 4.63% 

No. of filler items 0.29 0.80 0.18 0.58 0.06 

After 

Filler-item transaction ratio 29.81% 52.10% 12.56% 44.73% 4.73% 

No. of filler items 0.31 0.83 0.17 0.62 0.06 
No. of filler items from 

recommendation 
0.005 0.046 0.006 0.025 0.0012 

Non-VIP 

customers 

Before 
Filler-item transaction ratio 16.82% 33.05% 15.59% 30.00% 11.74% 

No. of filler items 0.32 0.40 0.21 0.51 0.13 

After 
Filler-item transaction ratio 24.58% 85.94% 23.35% 62.49% 13.01% 

No. of filler items 0.48 2.14 0.37 1.19 0.15 
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No. of filler items from 
recommendation 

0.017 0.266 0.025 0.116 0.0013 

Table 3 reports the DID analysis results, which confirms the findings in Tables 1and 2. 

Table 3. DID Analysis Results 
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model (7) 

If_Size 1 If_Size 2 If_Size 3 

If_Size 3 
with small-

value items 

If_Size 3 
with high-

value items 

If_filleritem 
Num_fillerite

m 

Probit☆ Probit Probit Probit Probit Probit OLS 

β1 (NonVIP) 0.101*** 
(0.007) 

0.023*** 
(0.004) 

-0.125*** 
(0.007) 

-0.039*** 
(0.004) 

-0.091*** 
(0.007) 

-0.034*** 
(0.006) 

0.027*** 
(0.008) 

β2 (Time) -0.008 

(0.006) 

0.016*** 

(0.003) 

-0.005 

(0.006) 

-0.021*** 

(0.004) 

0.015*** 

(0.006) 

0.011** 

(0.005) 

0.011* 

(0.006) 

β3 (NonVIP×Time) -0.381*** 

(0.004) 

0.054*** 

(0.007) 

0.328*** 

(0.007) 

0.107*** 

(0.009) 

0.263*** 

(0.009) 

0.149*** 

(0.010) 

0.347*** 

(0.015) 

Control variables Included Included Included Included Included Included Included 

Log Likelihood -12,170.79 -11,361.44 -15,706.03 -16,997.57 -15,452,34 -16,347.51 – 

R2/Pseudo R2 0.274 0.231 0.215 0.207 0.221 0.212 0.243 

Observation 46,640 46,640 46,640 46,640 46,640 46,640 46,640 
☆

Marginal effects are directly reported for all Probit models. * p < 0.10, ** p < 0.05, *** p < 0.01.

4. Effects of Filler-item Recommendation on Basket Size Choices

We next analyze the effects of filler-item recommendation system on customers’ basket size 

choices. Given we are interested in customers’ fill-in purchase after the new CFS, only the 

transactions after the new CFS by both VIP and non-VIP customers were included in our analysis. 

Because the three choices for the basket size (Yit) are ordered from small to large, we modeled the 

probability that customer i chooses basket size j at time t as an Ordered Probit model. To test 

whether the filler-item recommendations affected the basket size choice, we introduce two variables: 

the first is If_Recomd, i.e. whether a customer picked at least one filler item from the filler-item 

recommendation system in the basket. The second is the interaction of If_Recommend and NonVIP. 

As a robustness check, we replaced the binary variable If_Recomd by Num_Recomd, i.e., the 

number of filler items from the filler-item recommendation system in the basket. Since other 

(organic) filler item purchase (not picked from recommendation) would certainly influence 

customers’ size 2 or size 3 choice, we also included variable Num_Filleritem and the interaction of 

Num_Filleritem and NonVIP. We used the same control covariates as in the DID analysis. 
*
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where α1 is the CFS threshold of CN¥99. Defining α2 was challenging in this study. Arbitrarily 

setting a fixed α2 would lead to a bias because each transaction may have its own boundary to fill 

in. We set α2 as a flexible value that changed with the product combination of baskets, to capture 

the differences among transactions. Specifically, in a basket containing N products, we sorted the 

items by the order of shopping cart adding time, and defined 
( ) ( 1,2,..., )p k k N

 as  the price of 

the kth product. We then computed α2 as 
1

2 1 1

1 1 1

( ) , ( ) ( )
N N N

k k k

p k where p k and p k  


  

    
 . (2) 

For the transactions that include at least one item above ¥99, by definition, are Size 3 choice. 

The assumption of this definition is that for a purposeful fill-in purchase, customers would not be 

motivated to buy any additional commodity after they reach the CFS threshold.  

Table 4. Estimation Results on Customers’ Basket Size Choices 
Model (1) Model (2) Model (3) Model (4) 

ω1 (NonVIP) 1.087*** 

(0.266) 

0.978*** 

(0.223) 

0.884*** 

(0.200) 

0.815*** 

(0.186) 

ω2 (If_Recomd) 0.198** 

(0.091) 

0.197*** 

(0.090) 

ω3 (NonVIP×If_Recomd) 0.044*** 

(0.013) 

0.042*** 

(0.012) 

ω4 (Num_Recomd) 0.096*** 0.095*** 

385380



(0.034) (0.034) 

ω5 (NonVIP×Num_Recomd) 0.043** 

(0.022) 

0.041** 

(0.020) 

ω6 (Num_Filleritem) 0.101*** 

(0.031) 

0.100*** 

(0.031) 

0.094*** 

(0.028) 

0.090*** 

(0.027) 

ω7 (NonVIP×Num_Filleritem) 0.254*** 

(0.070) 

0.249*** 

(0.066) 

0.217*** 

(0.064) 

0.206*** 

(0.060) 

Control variables included included included included 

Log Likelihood -7,129.12 -7,015.40 -6,931.67 -6,882.54

Observation 25,735 25,735 25,735 25,735

* p < 0.10, ** p < 0.05, *** p < 0.01.

The estimation results are shown in Table 4.Overall, if customers purchased more filler items 

from recommendation system, or purchase more filler items through organic purchase process 

(displayed by Num_Filleritem and its interaction with NonVIP), they have a higher likelihood to 

engage in a large transaction. To enhance our interpretation of the results, we computed the marginal 

effects of these variables for each choice in the ordered Probit model. We found that, for non-VIP 

customers, the elasticity of Num_Recomd for Size 2 and Size 3 choices were 0.00744 and 0.00024, 

respectively, suggesting that if the number of filler-items from recommendation system increased 

by 1%, the probability of choosing Size 2 increased by 0.744% and the probability of choosing Size 

3 increased by 0.024%. These results suggested that the effects of filler-item amounts have an 

inverted-U shape among three choices. 

5. Counterfactual Analysis of Filler-item Recommendation

We then investigate what would happen if a filler-item recommendation system were not 

provided (i.e., neutral policy), that is, how many of transactions would be abandoned. To quantify 

the effects of filler-item recommendation, we perform the counterfactual analysis by removing all 

the filler items from recommendation system, i.e. manually set Num_Recomd into 0 in the original 

dataset, and then calculate how the probability of customers’ purchase size choices change with 

Ordered Probit model. Figure 1 lists the simulated results from recommendation policy into neutral 

policy. We did not include the Size 3 with high-value items in this simulation because removing 

filler items from this type of purchase will not lead to the shopping cart abandonment given this 

type of transactions includes at least one item above CN¥99 and are always shipping free.  

Figure 1. Counterfactual Size Choice from Encouraging Policy into Neutral Policy 

We calculated the possible changes across three size choices if we remove the filler-item 

recommendation system. We could learn for the change of choice probability of VIP customers is 

small. Given VIP customers do not pay the shipping fee, we assume none of these new added size 

1 transaction would be abandoned. For non-VIP customers, the number of Size 2 and Size 3 

(comprised by small-value items) transactions shifted into Size 1 transactions are 201 and 61 

respectively, which means the number of Size 1 would increase 262. Besides, 68 of Size 3 

transactions with small-value items would shift to Size 2 if without the filler-item recommendation 

system, hence the final number of Size 2 and Size 3 (comprised by small-value items) transactions 

are 955 and 1,092 respectively. Among the incremental 262 of Size 1 transactions, because not all 

non-VIP customers are willing to pay the shipping fee, thus some of these Size 1 transactions would 

be abandoned. We computed the abandonment ratio of incremental Size 1 transactions by tracking 

whether the customers of these incremental transactions had ever made a Size 1 purchase after the 

new CFS initiation. If they had, we posited that these customers were willing to pay shipping fees 

and not abandon their transactions. Otherwise, their incremental Size 1 transactions were treated as 
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abandoned. We learned that 220 of them would be abandoned according this rule. Thus, for non-

VIP transactions, the transactions in the neutral policy decreased by approximately 3% (= 

220/7,407) compared with the filler-item recommendation policy of this study. 

This finding suggested that filler-item recommendation has a positive effect on stimulating 

more transactions by a magnitude of approximately 3%. However, after examining the structure of 

these abandoned 220 transactions, 80% were Size 2 transactions. If the e-retailer does not provide 

the filler-item recommendations (neutral policy), 176 of the Size 2 transactions and 44 of the Size 

3 transactions (220 transactions in total) would be abandoned. Hence, the proportion of Size 2 

transactions that were abandoned was 80% (= 176/220). The marginal benefits of these newly added 

Size 2 transactions for e-retailers could be small or even negative after the shipping costs are 

considered.  

The e-retailer in this study charged CN¥5 as a shipping fee for each transaction, which does 

not satisfy the free-shipping criterion after the new shipping policy. Moreover, we interviewed the 

CIO of this e-retailer and learned that the average shipping cost is approximately CN¥10 for each 

transaction. In addition, our data showed that the average basket sizes of Size 1, Size 2, and Size 3 

transactions for non-VIP customers were CN¥64.5, CN¥115.1, CN¥139.9 (for Size 3 transactions 

with small-value items), and CN¥193.1 (for Size 3 transactions with high-value items), respectively. 

Given the product’s marginal profitability (excluding the shipping cost) is approximately 10%, we 

calculated the retailer’s revenue in different policies. Particularly, profit was calculated as follows: 

(1) Size 1: profit = transaction number × (average basket size × 10% + shipping charge – shipping

cost); and (2) Size 2 and Size 3: profit = transaction number × (average basket size × 10% – shipping

cost).  The final profit simulation results are shown in Figure 2, which shows that in the cost and

profit structure of this e-retailer, overall, the encouraging policy is the optimal strategy to maximize

its profit; although for Size 1 transactions, it may not be the best policy.

Figure 2. Retailer’s Profits in Different Policies 

Finally, we listed and compared two profit equations for the encouraging and neutral policies. 

We found that when the shipping cost is larger than CN¥16.40, neutral is better than encouraging; 

otherwise, the encouraging policy outperforms the neutral policy.  

6. Conclusion

Supported by the research dataset of a nature experiment, this study empirically examined how 

filler-item recommendations affected customers’ purchase behavior in a CFS strategy. Specifically, 

this study investigated whether filler-item recommendations are an effective policy for reducing the 

probability of customers abandoning their shopping cart, and whether purposeful fill-in purchasing 

would be encouraged by filler-item policies. The results suggest that both answers were affirmative. 
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Abstract 
 

There are a lot of health rumors on social media that can lead to misunderstandings, health risks, 

and negative health behaviors. Understanding what makes health rumors credible becomes an 

important research topic. Based on elaboration likelihood model (ELM), this study aims to 

explore the impact of three information cues (quality cues, attractiveness cues, and affective 

polarity) on the credibility of health rumors, under different levels of health literacy and 

personal involvement. We conduct an online experiment and obtain data from 218 participants. 

The preliminary results show that the quality cues and attractiveness cues of health rumors have 

negative impacts on credibility. Dread health rumors are more credible than wish rumors. 

Health literacy has a significant negative moderating effect between quality cues and health 

rumor credibility, and personal involvement has a significant positive moderating effect between 

attractiveness cues and health rumor credibility. This study offers insights on the intervention of 

social media health rumors. 

 

Keywords: Information cues, Online health rumors, Information credibility, ELM, Moderated 

multiple regression 

 

1. Introduction 
With the rapid growth of online health information, the Internet has become an important 

channel for people to obtain health information. People can access health information through 

e-mail, social media, health websites, professional forums and social Q&A communities. 

Especially on social media, user generated content (UGC) has changed the form of information 

production and dissemination. People can easily generate, obtain and share health information. 

The wide dissemination of health information has increased people's health knowledge and 

contributed to individual disease self-diagnosis and management. 

 

However, although online health information brings much health knowledge to people, it is also 

mixed with a huge amount of health rumors. Rumors are defined as "unverified and 

instrumentally related information statements in circulation" (DiFonzo and Bordia 2007). 

Rumors may include unsubstantiated facts, biased interpretation of facts or deliberate deception 

results. According to the impact on people, rumors can be generally divided into dread and wish 

rumors (Chua and Banerjee 2018). The huge user base and convenient access and sharing of 

information on social media provide fertile ground for the breeding of health rumors. The 

widespread of health rumors will confuse people’s health information seeking, and may further 

lead to serious health outcomes. 

 

In recent years, the credibility of health information has attracted great attention from IS scholars 

(Li and Suh 2015; Ma and Atkin 2017). Given the online health information quality is generally 
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problematic, the evaluation of information credibility becomes the main concern of Internet users 

(Metzger et al. 2003). Previous studies on online information credibility have focused on the 

issues such as website design, authoritativeness of authors, medium interactivity, argument 

strength, and information quality (Li and Suh 2015; Zhang et al. 2015; Sin, 2016). On the one 

hand, laymen are not familiar with medical knowledge and practice. On the other hand, most 

health information posts on social media are UGCs and have similar styles (Gao et al. 2015). 

Therefore, it is necessary to take the information cues as the main indicator for internet users to 

judge the credibility of health information.  

Based on the elaboration likelihood model (ELM), this paper studies how information cues in 

health rumors affect Internet users’ perceived credibility. Two research questions are proposed: 

(1) Which information cues (peripheral and/or central variables) of health rumors can affect

Internet users' credibility judgment? (2) How do Internet users' ability and motivation moderate

the impact of these variables? Our findings can help social media managers or policymakers

intervene in the spread of health rumors.

2. Brief Literature Review
In Web 2.0 era, social media makes rumors spread faster and broader. The prevalence of health

rumors in social media will lead to confusion, anxiety, information overload and adverse

consequences for public health. The existing research mainly investigates the influencing factors

of health rumor credibility from two aspects: recipient characteristics and rumor information

characteristics (Chua and Banerjee 2018). However, prior work mainly focuses on external

characteristics of health information, such as source, author, article length, repost numbers, links

and images (Zhang et al. 2015; Chua and Banerjee 2018). Yet few studies have been focusing on

how health rumor information cues impact on information credibility.

Information cues are considered as information points that allow consumers to differentiate 

products or make more informed decisions (Resnik and Stern (1977). Information cues are a 

series of indicators reflecting the effect of information content, and their existence can be 

evaluated objectively (Hasley and Gregg 2010). Resnik and Stern (1977) put forward 14 cues to 

determine the level of advertising information. Information cues are used in credibility studies of 

product advertising, online reviews and social media information (Verbeke and Ward 2006; 

Baek et al. 2012; Wang et al. 2019). Relevant studies have shown that quality cues (Li and Suh 

2015), attractiveness cues (Kansal, 2013) and affective polarity (Wang et al. 2019) can arouse 

greater interest of recipients, which can further affect their judgment. 

3. Theoretical Model and Research Hypothesis
ELM is a theory that focuses on how individuals respond to information content (Petty and

Cacioppo 1986). It provides a useful theoretical framework for explaining the change of attitudes

of information recipients. ELM suggests that attitude and behavior changes among individuals

may be caused by two kinds of influence routes: central route and peripheral route (Petty and

Cacioppo 1986). The central route requires people to carefully consider the information content

cues, while the peripheral route involves the heuristic cues outside the information. Furthermore,

the degree of persuasion from central route and peripheral route also varies from recipient's

motivation and ability. The theoretical model is shown in Figure 1.
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Figure 1. The theoretical model 

3.1 Central Route 

Information quality has always been considered as an important factor affecting users' perceived 

information credibility (Cheung et al. 2012). In ELM, information quality generally refers to the 

strength of the argument in the information perceived by the recipient. If Internet users read the 

information carefully and feel the cues reflecting the quality, they will have a more positive 

attitude towards the information reliability (Li and Suh 2015). Therefore, in such context, we 

expect rumors that contain more quality cues should be considered more credible. 

H1: Quality cues have positive effects on health rumors credibility. 

Attractiveness cues refer to images or the emotional elements in information that attract users' 

attention (Kansal, 2013). In the context of health rumors, we pay more attention to the attractive 

emotional elements of information content. These cues convey personalized or user-oriented 

emotions. Research shows that when recipients feel the attractive emotional elements in 

advertising information, they hold more positive attitudes towards information (Chandy et al. 

2001). Thus, we expect health rumors with more attractiveness cues should be perceived to be 

more credible. 

H2: Attractiveness cues have positive effects on health rumors credibility. 

3.2 Peripheral Route 

According to ELM, peripheral cues can be classified as another route that affects the 

decision-making of information recipients. Peripheral cues refer to factors other than information 

content. Based on the literature, we choose affective polarity as the peripheral route variable, 

which can be extracted from the information title (Wang et al. 2019). Affective polarity (positive, 

negative or both) of online information is considered to be an important factor affecting 

information dissemination. Dread health rumors instill fear in the recipient, while wish rumors 

bring hope to the recipient. In our case, affective polarity of information is usually classified as 

fear or hope. The theory of negativity bias holds that negative information often has a greater 

impact on individual cognition than positive information (Chua and Banerjee 2018). 

H3: Dread health rumors are more credible than wish rumors. 

Affective polarity 
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3.3 Recipient Variables 

According to ELM, recipients’ ability and motivation determine the influence of central 

variables or peripheral variables on information reliability. Health literacy refers to an 

individual's ability to understand health information. The rumor theory identifies personal 

involvement as the main motivation for people to spread rumors (Allport and Postman，1947).  

ELM suggests that when recipients have the ability and motivation to read information content, 

they are more likely to notice the role of central cues, thus affecting their credibility judgment. 

People with higher health literacy can better understand and evaluate health information. 

Similarly, people with higher personal involvement are more interested in understanding health 

information. Therefore, central cues have greater impacts on credibility judgments when people 

have higher ability and motivation. 

H4: The effect of quality cues on health rumors credibility is stronger when both the recipient’s 

health literacy (H4a) and personal involvement (H4b) are higher. 

H5: The effect of attractiveness cues on health rumors credibility is stronger when both the 

recipient’s health literacy (H5a) and personal involvement (H5b) are higher. 

However, when receivers lack the ability and motivation to understand health information, they 

tend to use peripheral cues to make reliability judgments. In general, the title of information can 

convey its affective polarity to recipients, which plays an important role in the dissemination of 

information. Hence, when the recipients' health literacy and personal involvement are at low 

levels, they are expected to rely more on the affective polarity to make judgements. 

H6: Affective polarity’s effect on health rumors credibility is stronger for recipients with lower 

levels of health literacy (H6a) and personal involvement (H6b). 

4. Methods
In this study, four health rumors were selected from China's Internet anti-rumor platform

(piyao.org.cn), which spread widely on social media. Research assistants encoded health rumors

as fear or hope based on information titles. They coded the number of scientific research

institutions, scientific journals and statistics that appeared in the information content as quality

cues. Expressions of exaggeration and inducement in information content were coded as

attractive cues. Furthermore, we conducted an online experiment. 230 participants were publicly

recruited from the social media, and each participant was exposed to four health rumors.

Participants were asked to report their age, gender, education, health literacy, personal

involvement and perceived credibility through a questionnaire. Personal involvement and

perceived credibility measurements are adapted from Chua and Banerjee (2018) and Flanagin

and Metzger (2007) respectively, and all items were measured on a 5-point Likert scale. Health

literacy was measured by the NVS scale developed by Weiss et al. (2005). The scale contains an

ice-cream food label and six related questions, and with a score 1 for the correct answer and 0 for

the wrong answer.

5. Results
218 participants completed the experiment. Each of them was tested for perceived credibility of

four health rumors. The data set contains 872 data cases. Table 1 presents the variables and their

descriptive statistics.
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Table 1. Descriptive Statistics of Key Variables 

Variable Mean s.d. min max 1 2 3 4 5 6 

Credibility 3.62 1.00 1 5 1.00 

Quality cues 3.25 1.09 2 5 -0.18 1.00 

Attractiveness cues 3 0.71 2 4 -0.15 -0.32 1.00 

Affective polarity 0.5 0.5 0 1 -0.07 -0.69 0.71 1.00 

Health literacy 4.68 1.47 0 6 -0.14 0.00 0.00 0.00 1.00 

Personal involvement 3.84 0.85 1 5 0.56 -0.21 -0.04 0.03 0.00 1.00 

We used multiple regression method to estimate the effect of each variable on credibility 

perception. In this study, variables were centralized. Meanwhile, moderated multiple regression 

was used to test the moderating effect of recipient variables. All calculations were finished 

viastata15. 

The results of regression analysis are shown in Table 2. Model 1 examined the effects of three 

information cues and five control variables on the credibility of health rumors. When the 

recipient judges the credibility of health information, the quality cues and attractiveness cues in 

the information content have a negative impact. This can be explained by the fact that fake health 

information on social media usually contains fake authorities and exaggerated descriptions. 

Therefore, Internet users are skeptical about the quality and attractiveness cues in health rumors. 

Hypotheses 1 and 2 were reversely supported. Consistent with previous studies (Wang et al. 

2019), dread health rumors are more credible than wish rumors. Hypotheses 3 were supported.  

Models 2, 3 and 4 were used to study the moderating effects of recipients’ ability and motivation. 

According to model 2, health literacy has a significant negative moderating effect between 

quality cues and health rumor credibility. People with high health literacy have the ability to 

assess whether the quality cues in health rumors are true or not. Hypotheses 4a were reversely 

supported. Personal involvement has a significant positive moderating effect between 

attractiveness cues and health rumor credibility (Model 3, 4). People with high involvement in 

health rumors are more motivated to carefully understand the information content, and can 

identify attractiveness cues. In this regard, hypotheses 5b were supported. 
Table 2. Results of Regression Analyses 

Model 1 Model 2 Model 3 Model 4 

Quality cues -0.22*** -0.39*** -0.22*** -0.23***

Attractiveness cues -0.10† -0.09 -0.12* -0.12**

Wish rumor -0.41*** -0.64*** -0.42*** -0.42***

Female -0.10† -0.05 -0.13* -0.12*

Age 0.01** 0.02*** 0.01** 0.01**

Education -0.03 0.02 -0.05† -0.02†

Health literacy (HL) -0.09*** -0.10*** -0.09***

HL × Quality cues  -0.07** -0.03

HL × Attractiveness cues  -0.00 -0.02

HL × Wish rumor  -0.11 -0.06

Personal Involvement (PI) 0.60*** 0.59*** 0.59***

PI × Quality cues -0.02 -0.03

PI × Attractiveness cues 0.13† 0.13*

PI × Wish rumor -0.05 -0.06

Constant 3.46*** 2.78*** 3.65*** 3.47***

Adjusted R-squared 0.38 0.16 0.37 0.38

Note: † p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001 
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6. Conclusion
This study contributes to the online health rumor literature with the investigation of the effect of

information cues on the credibility of health rumors. At the same time, the moderating effect of

information recipients’ ability and motivation is considered. It extends previous online health

rumor research. In addition, this paper adds to our understanding of people's perception of health

rumors. The findings of this study can help social media managers or policymakers intervene in

health rumors to reduce the negative consequences.
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Abstract 
Previous research has demonstrated that Twitter can be effective tools during crisis 

communication. Although it is generally believed that message framing strategies impact on 

information sharing or retweetability, limited research has been conducted to empirically verify 

the relationship between linguistic styles and retweetability. This paper attempts to explore the 

impacts of message framing patterns on retweet frequency. We focus on examining how 

information richness, affect intensity, and relevance influence information sharing behavior 

during the disaster communication. 

Keywords: Social Media, Crisis Communication, Information Sharing 

1. Introduction
Publics increasingly use social media channels during natural crisis events and, consequently,

social media have increasingly gained credibility as information sources. Microblogging, such as

Twitter, has become a prominent social media platform for generating and consuming

user-generated contents, even during crises. Individuals on Twitter can post a tweet with links

and hashtags that are limited to 140 characters, on which social interactions can be made by post,

reply, mention, or retweet functions. Previous studies well documented that, during all stages of

crisis and risk situations, individuals engage in various forms of interaction and communication

on Twitter, for the purpose of sense-making and uncertainty reduction (Acar et al. 2011; Bruns et

al. 2012).

Research on the use of Twitter on crisis communication has demonstrated that the content of the 

communicated information predicts information sharing behavior. However, prior studies have 

focused on specific aspects of the content features (Sutton et al. 2014; Son et al. 2019). The 

literature on crisis communication and information processing demonstrates three salient factors 

in a natural crisis context: affective tone, informational richness, and relevance. The objective of 

this study is to investigate how the three factors influence information sharing behavior during 

natural crises. 

2. Hypotheses Development
2.1 Effects of Affect on Retweetability

At the level of individual communication, extant research has dealt with the role of affective

message framings in social media communication. Previous studies on marketing and

communication literature demonstrated that affective dimensions of messages on Twitter could

trigger more attention and participation (Smith et al. 1996). Evidence from crisis communication

literature suggests that exposure to affect-related message cues influences individuals’ attitude

toward information sharing (Acar et al. 2011; Bruns et al. 2012; Utz et al. 2013). Such emotional

394389



framing on crisis communication is given preference over rationale appeals or functional 

message. Emotional content drives positive assessment and evaluation. Such emotional states 

can influence the decision-making process towards a more heuristic style of information 

processing. The emotional tone will have a positive and measurable impact on information 

sharing behavior. Thus, we proposed the following to examine the role of affect tone on disaster 

crisis communication:  

H1. Message cues indicative of affect tone predict retweetability. 

2.2 Effects of Information Richness on Retweetability 

Information richness refers to the amount of content and quality of information that can be 

delivered during a communication. It is based on whether the communicator uses diverse terms 

to describe a single event (Pennebaker et al. 2001). Psychological research shows that language 

that is rich in linguistic features are associated with expertise, implying that richness language is 

associated with transparency. Even though a tweet contains a terse message, additional 

information can be enriched by using hashtags and URLs. Prior studies show that individuals 

prefer tweet message with a high informational value over ones with low informational value 

(Rudat et al. 2014). A set of message cues indicative of information richness reflect whether a 

tweet message contains adequate and analytical information. Prior studies showed the 

importance of such informational functions in social media conversations on health and political 

topics (Boyd et al. 2010; Suh et al. 2010; Sutton et al. 2015; Sutton et al. 2014). A recent study 

shows that tweets enriched by using hashtags and more words are diffused faster during disaster 

events (Son et al. 2019). Several studies also showed that individuals are more likely to retweet 

messages with higher informational value on crisis communication (Acar et al. 2011; Bruns et al. 

2012). Hence, we proposed the following to examine the role of information richness on disaster 

crisis communication:  

H2. Message cues indicative of information richness predict retweetability. 

2.3 Effects of Relevance on Retweetability 

Relevance refers to how well a focal message represents personally relevant topics or is 

presented in style appropriate to the message recipients. Prior studies show that individuals are 

more likely to engage in conversations and discussions when message topics are personally 

relevant information such as family and death (Chen et al. 2014; Hirsh et al. 2009). During 

disaster events, presence of relevance language or personal concerns in a tweet may effectively 

convince the audience to share information with others due to the appearance of family and death 

related topics. Hence, the use of relevance language would lead to individuals’ information 

sharing behavior. Thus, we proposed the following to examine the effect of relevance on 

information sharing. 

H3. Message cues indicative of relevance predict retweetability. 

3. Data and Methodology
3.1 The Study Event

To test our hypotheses, we use a dataset of tweets and retweets posted during the 2013 Colorado

floods. According to the incident report, the 2013 Colorado flood officially started on September
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9, 2013, and ended on September 24, 2013. It affected thousands of lives and many communities. 

Our dataset contains 106,479 original tweets from September 11 to September 29, 2013. 

 

3.2 Metrics Measurement and Analytical Approach 

A computerized text analysis package called the Linguistic Inquiry and Word Count (LIWC) was 

employed to systematically analyze each of the tweet samples. LIWC maintains 

psychometrically validated internal dictionaries, which are mainly used to extract the features of 

the linguistic traits (Pennebaker et al. 2001). LIWC text analysis software uses a word count 

strategy in which it searches for words from over 80 language categories (Tumasjan et al. 2010). 

Such dictionaries containing over 4,500 words are the core element of the LIWC program, 

ranging from pronoun categories to positive and negative emotional ones. LIWC is developed to 

infer emotional tone, cognitive style, and social behavior by measuring the extent words 

associated with a set of psychological and linguistic dictionaries. LIWC has been used for 

various academic research, in areas such as the study of persuasion, advertising, and business 

communication. For instance, linguistic style dimensions (e.g., person pronouns, articles), 

aspects of psychological constructs (e.g., affect words, cognition words), dimensions of personal 

concerns (e.g., family, friend relation words), perceptual processes (e.g., hear and listen) have 

been used in previous studies of political communication (Tumasjan et al. 2010), crisis 

communication (Bruns et al. 2012), and disaster event (Kryvasheyeu et al. 2016). We believe 

that LIWC is a suitable approach to analyzing tweet samples, as it contains dictionaries that 

focus on function words that reflect the linguistic style, as well as content words. 

 

3.3 Measures 

Affect tone was measured by the LIWC categories of feel and anxiety. Information richness was 

operationalized by the six categories: word, letter, hashtag, URL, authenticity, and number. 

Relevance was measured by the LIWC categories: money, family, death, and risk. The outcome 

variable, retweetability, was measured by the rewet count collected thought Twitter API. 

 

Table I. Results of hurdle model for Twitter data. 
 

  Zero Portion Count Portion 

 D.V. Estimate (SE) OR z value p Estimate (SE) IRR z value p 

 (Intercept) -2.5584(0.0983) 0.0713 -24.964 
*** -2.054e+01(38.130) 0.0000 -0.055 ** 

Affect 
Feel -0.0199(0.0093) 0.9825 -1.898  4.574e-02(0.0016) 1.0468 2.714 

** 

Anxiety 0.0310(0.0123) 1.0315 2.272 
* -7.801e-02(0.0236) 0.9250 -3.292  

*** 

Richness 

WPS 0.0554(0.0033) 1.0570 16.618 
*** 2.469e-02(0.0059) 1.0250 4.138 

*** 

Letter count 0.0040(0.0006) 1.0040 6.250 
*** 1.431e-02(0.0011) 1.0144 12.050 

*** 

Hashtag count 0.2189(0.0097) 1.2447 38.494 
*** 1.899e-01(0.0106) 0.8270 17.967 

*** 

URL count -0.1570(0.0201) 0.8547 -7.717 
*** -2.080e-01(0.0320) 1.2312 -6.448 

*** 

 Authenticity 0.0011(0.0006) 1.0011 1.667  2.955e-03(0.0011)  1.0030 2.558 
** 

 Number 0.0058(0.0025) 1.0018 0.703 
* 5.505e-02(0.0043) 1.0566 12.850  

*** 

Relevance Money topic -0.0122(0.0025) 0.9982 2.371  -5.693e-02(0.0108) 0.9447 -5.176 
*** 

 Family topic -0.1257(0.0128) 0.8728 -9.794 
*** 6.345e-02(0.0236) 1.0788 2.678 

** 

 Death topic -0.1832(0.0112) 0.8330 -16.217 
*** -9.509e-02(0.020) 0.9127 -4.470 

*** 

 Risk topic 0.0132(0.0058) 1.0090 1.484 
* 2.715e-02(0.0027) 1.0275 2.589 

** 

 Log(theta)     -1.999e+01(38.1304) 0.0000 -0.054  

The estimate/coefficient (SE), exponent of coefficient (OR and IRR), z and p-values (*p < 0.05, **p < 0.01, ***p < 0.001) are shown 
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3.4 Choice of Hurdle Model 

A challenge in many studies investigating a tweet’s retweetability is that Twitter datasets have 

many zeros in the retweet data. Similarly, a large number of tweets in our 2013 Colorado flood 

dataset are not retweeted, so the number of retweets per tweet in our sample data is highly 

skewed with excessive zeros. Thus, we employ a hurdle model to deal with the zero-inflation 

issues and to explain both the zero and non-zero counts in the current study. 

4. Results
Table I shows the results from both the zero and count portions of the hurdle model. The

zero-hurdle model predicts whether a disaster-related tweet leads to a retweet. Tweets with more

words and longer sentences are more likely to be retweeted than shorter ones. Such tweets also

contain more hashtags and elicit anxiety. Retweeting less likely occurs in tweets that contain

more URLs and include both family and death related topics. Based on the count part of the

hurdle model, the model that predicts the number of retweets, a tweet predicts more sharing or

retweeting when it contains more words and hashtags, includes feeling-related valences, has

family and risk-related topics. A tweet is less likely to accumulate retweets when it uses an

anxious tone and contain death and money-related topics. Looking across both parts of the hurdle

model, several message framing patterns show inconsistent effects for information sharing

behavior. The family-related topic is not important for crossing the initial hurdle of getting at

least one retweet, but then their presence correlates with higher retweet frequency. On the

contrary, anxiety message framing discourages retweeting, indicating that cues of anxiety help

disaster tweets get at least one tweet but not many retweets.

5. Discussion
We explored a set of factors associated with information sharing during the natural crises. The

literature on crisis communication and information processing demonstrates three message

framing factors in a natural crisis context: affect tone, information richness, and relevance. We

operationalized the three factors based on the text analytic approaches. We find that information

richness, affect intensity, and relevance influence information sharing behavior during disaster

communication. Our study offers practical implications for Twitter users and emergency

authorities when disseminating information via social media platforms. First, individuals in

disaster-affected areas may leverage the impacts of the framing strategies through the lens of our

research model. We demonstrate the significance of information richness that increases the

likelihood of higher retweet frequency. Message framing with hashtag, authenticity, and number

cues is an effective strategy, indicating that objective message framing is a crucial driver of

virality in disaster crises. Second, Twitter users are advised to understand a set of affect language

and to balance language factors that are essential for information sharing behavior. Our study

confirms the varying effect of different affect tones in disaster-related tweets. This empirical

study advances research on social media use during natural crises by demonstrating how

message framing patterns influence information sharing behavior during disasters.
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Abstract 

 
With the deepening of researches on electronic word-of-mouth (eWOM), the topic of online 
comment content has received more and more attention. However, existing researches paid little 
attention to the different language expression form of the given information. In order to fill this 
gap, this research explores the effect of contrastive information structure in ambivalence review 
(i.e. the order of the positive content and negative content) on consumers’ attitude towards 
product. We find that framing of the contrastive information structure will affect consumers’ 
attitude. Compared with the negative-positive framing (cons-pros), consumers have a lower 
evaluation towards the product on the positive-negative framing (pros-cons), due to concerning 
about the later information of contrastive information structure. The theoretical contribution and 
practical significance of the research are also discussed. 
 
Keywords: Online review, Information structure, Ambivalence review, Product attitude 
 
1. Introduction 
With the huge improvements of eWOM systems, online product reviews, as a typical type of 
eWOM, provide large amounts of products and services related information (Chen and Xie 2008; 
Mudambi and Schuff 2010; Clemons et al 2006). Consumers can rely on these reviews to predict 
product quality, construct product attitude and make purchase decisions (Awad and Ragowsky 
2008; Pavlou 2006). Improvements of review contents will significantly increase sales 
(Dellarocas,2007).  
Previous research on online reviews focused on the effect of overall evaluations, review duration, 
review presentation and reviewer traits factors on consumers’ perception of helpfulness toward 
reviews and attitude toward products (Forman et al. 2008). These researches mostly conducted 
quantitative surrogates toward review contents (Mudambi and Schuff 2010). Recently, 
researches directly on review texts have drawn a great attention (Schindler and Bickart 2012). 
They found review texts’ information valence, emotional arousal, and language style exerted 
influence on consumers’ perception (Chen and Lurie 2013; Yin et al. 2017; Zhang et al. 2016), 
which focus on the content of review texts. In contrast, present research focused on review texts’ 
internal information structure— different language expression form of given information. We 
examine how the contrastive information structure in ambivalence review (i.e. the order of the 
positive content and negative content) on consumers’ attitude towards product. 
Compared with univalent reviews, ambivalence reviews which contain both positive and 
negative evaluation towards different attributes of the product is more helpful for consumers in 
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judgment and decision making (Mudambi and Schuff 2010). Two-sided arguments can increase 
consumers’ perception of information reliability (Bohner et al. 2003), attitudes toward brand 
(Eisend 2006). Amazon (2016) encourages reviewers to share their “feedback (both favorable 
and critical)” about products. Then, if the review contains both positive and negative content, 
does the order have  influence on review readers’ attitudes towards products? Under which 
circumstance (positive first or negative first) will consumers give a higher evaluation towards the 
product? To answer these questions, we conducted two experimental studies. In study 1, we used 
Implicit Association Test (IAT) to explore the implicit attitudes of review readers towards two 
different review contents. In study 2, we directly measure the explicit attitudes of review readers 
towards two different review contents. 
Our research has important theoretical contributions. Firstly, our research is the first to focus on 
the effects of review texts’ information structure. Previous research has focused on the effects of 
review content, which left effects of information structure unexplored. Our research fills this gap. 
Second, our research has been the first to focus on the ambivalence review. Previous research on 
review content valence has mostly distinguished only two review contents which are either 
positive or negative. Third, previous researches on order effect of information presentation target 
at different information. In contrast, our research focuses on the order effect of information 
internal structure. More importantly, we propose a linguistic explanation which offers a new 
perspective to understand the effect. 
Our research also has important practical implications. Firstly, our research offers a new way of 
understanding consumers’ attitudes. To improve consumer attitudes, vendors should 
intentionally guide consumers to write down their reviews in a specific order, not arbitrarily. 
Secondly, consumers show their focus of different aspects by putting different content in certain 
position. Commercial retailers can learn about their preference and recommend suitable products 
to them, which will increase the chance of being accepted. 

2. Theoretical development and hypotheses
2.1 Primacy-recency
Although the research on information structure of review texts has not appeared yet, research on
different information presentation order has been well explored. Many researches have found
that the order of information presentation has important influence on people’s memory and
judgement. If the features were presented in a sequence, the first presented features drew greater
impression than later sequence features, which is called primacy effect (Asch 1946; Forgas 2011).
When people are motivated to deal with the information which is familiar, controversial or
interesting, primacy effect would occur (Haugtvedt & Wegener, 1994). Kesebir (2017)’s
research on the order of linguistic references to the two genders (e.g., men and women vs.
women and men) found that people are inclined to put the more important gender in the former
position. On the contrary, the information in the latter position of sequence also has unique
influence on individual’s judgements which is called recency effect. In the persuasion study, the
second presented information influenced people more in a two series sequence (Fang et al. 2018;
Crano 1977). When people pay little attention to the information or receive unfamiliar questions,
recency effect will occur (Hovland and Mandell 1957; Lana 1961).Several researches have
investigated the order effect of review. Sparks and Browning (2011) found that the initial
information exerted greater effects on booking intention especially when the overall valence was
negative. Presenting negative reviews first would lead consumers to decrease their evaluation,
possibility of choosing and intention to recommend, compared to presenting negative review first
(Nazlan et al. ,2018). However, the primacy effect of reviews comes from different reviews’
information. As for the ambivalence review, both positive and negative content comes from the
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same reviewer. Review readers can easily recall the information presented to them (Nazlan et 
al. ,2018). Due to positive and negative content in one sentence, the memory of positive and 
negative information is almost the same. In this case, the traditional interpretation mechanism of 
order effects (i.e. primacy effect and recent effect) may be no longer suitable. 
2.2 Contrastive information structure 
Different orders of positive and negative content produce two kinds of contrastive information 
structure (i.e. cons-pros and pros-cons). Information Structure (IS) is a phenomenon of 
information packaging that responds to the immediate communicative needs of interlocutors 
(Chafe 1976; Halliday 1967）. As pointed out by Lambrecht (1994), the formal structure of 
sentences is motivated by the requirements of information structure. It is well established in the 
field of linguistics that grounding is usually used during information packaging process. 
Language information has two dimensions: foreground and background (Chafe 1976; Halliday 
1967). Foreground expresses the information that are emphasized or the part that the speaker 
wants the hearer to notice, which is the semantic focus (Krifka 2008; Lambrecht1996). 
Secondary information, which provides related background occurs in the background dimension. 
In contrastive structure, contents before transition are background and contents after transition 
are foreground. Along with that, transition marking words like “but” can effectively attract 
information receivers’ attention to the foreground, telling receivers about the differentiation 
between parts of sentence, thus reducing information processing efforts (Umbach 2005). Even 
when both contents are presented equally (without any subjectively addressed markings), 
ambivalence review’s information structure will lead readers to consider content after transition 
as foreground and pay more attention to it. 
On cons-pros, negative contents are background and positive contents are foreground. 
Consumers are more concerned about the foreground (i.e. positive contents). They depend on the 
positive contents more to evaluate the product. The attitudes of consumers are relatively positive. 
On pros-cons, in contrast, positive contents are background and negative contents are foreground. 
The attitudes of consumers are relatively negative. Above all, we hypothesize that: 

Hypothesis 1: Framing of the contrastive information structure can affect 
consumers’ attitude. 
Hypothesis 2: Compared with cons-pros, consumers have a lower evaluation towards 
the product on pros-cons. 

3. Study1: Implicit association test
To analyze differences in evaluation of products with different review framings, we conducted
an implicit association test (IAT) to verify whether participants have a preference for either kind
of framing. People usually have two different attitudes when perceiving the world: explicit
attitude and implicit attitude. Implicit attitudes are considered to be the judgements under the
control of automatically activated evaluation, without the individual’s awareness of that
causation (Greenwald and Banaji 1995). Implicit association test measures differential
association of 2 target concepts with an attribute (Greenwald et al. 1998). For example, 2
concepts appear in a 2-choice task (e.g., flowers vs, insect), and the attribute is pleasant and
unpleasant. People usually associate flowers with pleasant and insect with unpleasant. When
instructions oblige highly associated categories (e.g., flower + pleasant) to share a response key,
performance (e.g., response time) will be faster than when less associated categories (e.g., insect
+ pleasant) share a key. This performance difference implicitly measures differential association
of the 2 concepts with the attribute (Greenwald et al. 1998). In our present study, if there is no
framework effect, there should be no preference between them. We hypothesized that
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participants presented with cons-pros would react faster to positive words than those presented 
with pros-cons. 
Participants and exclusions. A2 (transition framework: cons-pros vs. pros-cons) within-subject 
design was employed to test our hypotheses. Participants for this study were 161 university 
students from a public university in China (114 female; Mage=21.57, SDage=3.02). Participants 
were recruited from via online platform and offline advertisements. Of all the 161 enrolled in the 
study, 157 (98%) participants completed all IAT and 4 participants quit the experiments because 
of unfixable Internet failure. All participants received a notebook as well as 20 yuan as a reward. 
Materials and Procedure. In the presentation phase of the experiment, participants were 
presented with 2 pages attached with transition framework stimuli. Both the stimuli were about 
an introduction of an air conditioner. In the cons-pros condition, the brand name was ATG. In 
the pros-cons condition, the brand name was BLG. Each review consisted of one positive 
sentence and one negative sentence. In the cons-pros, each review content was arranged as 
positive first and negative second. In the pros-cons, each review content was arranged as 
negative first and positive second. We chose 16 words (8 positive and 8 negative) to describe the 
functional and abstract image of the product. Participants were invited to the laboratory. 
Researchers firstly read the introduction to ask participants to focus attention on the following 
materials and told them if there was any evidence showing participant was answering too fast, 
there would be no rewards. Then the experiment began. The experiment was based on an online 
questionnaire via Qualtrics (https://rucsb.asia.qualtrics.com/jfe/form/SV_3PNcF6TRGZjfVnT). 
The connections between ATG (cons-pros) and positive adjectives or BLG (pros-cons) and 
negative adjectives were compatible judgement and the connection between ATG and negative 
adjectives or BLG and positive adjectives were incompatible judgement. We made score of ‘d’ 
equal the reaction time of compatible judgement minus that of incompatible judgement. 
Greenwald (2013) argued that ‘d’ value was a relatively good scoring measure. Participants 
prefer ATG with positive adjectives when d score is a negative number and prefer BLG with 
positive adjectives when d score is a positive number. There is no preference between ATG and 
BLG when d score is not significant. The ‘d’ value was automatically acquired from the program 
designed by Carpenter et al. (2018). 
Results and Discussion. All participants were unable to guess our experiment intention 
correctly. Their answers for the intention guess were about inaccurate intention of experiment 
including people ability to react, online shopping, half brain function etc. The IAT results were 
analyzed online by the programme of Carpenter’s website. Independent t test showed that there 
was a significant difference between compatible judgement and incompatible judgement (t=-6.37 
df=155, p<.00, Cohen’s d=-0.51). The ‘d’ score mean was -0.27 (SD=0.41). According to 
Greenwald (2013), IAT showed slight preference effect when absolute d score is larger than 0.15 
but smaller than 0.35. The results showed that participants preferred ATG (cons-pros) to BLG 
(pros-cons) which supported our hypotheses. However, there is an alternative explanation of 
order effect that would comprise our experiment validation. There could also be a recency effect 
that may explain our results which means participants prefer more about the latter review and 
have a more impressive attitude to the latter review. 

 
4. Study 2: Counterbalance design 
To rule out the order effect and recency effect and generalize our results from implicit to explicit 
attitudes, we conducted a within-subject counter-balance design. We assumed that participants 
can also express their attitudes explicitly and the effect of transition framework effect could still 
hold. 
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Participants and exclusions. A2 (transition framings: cons-pros vs. pros-cons) within-subject 
counterbalance (A-B-B-A) design was employed to test our hypotheses. Participants for this 
study were 86 university students. Participants were recruited via online platform and offline 
advertisements. Of all the 86 enrolled in the study, 75 (87%) participants completed all test (51 
female; Mage=22.84, SDage=2.47) and 11 participants quit the experiments because of unfixable 
Internet failure. All participants were received a notebook as well as 20yuan as a reward. In the 
presentation phase, participants were presented with the same materials as that of study1 which 
included 2 pros-cons transition framework (brand name: A, D) and 2 cons-pros transition 
framework (brand name: B, C) air conditioner introductions. 
Procedure. The experiment was based on an online questionnaire via Qualtrics 
(https://rucsb.asia.qualtrics.com/jfe/form/SV_bvFdo4OjLqhCNO5). The four framework pages 
were presented to the participants. The presentation sequence was ABCD. For each page, 
participants were asked to read at least two minutes and write down several words to describe the 
brand in order to make sure participants read the review attentively. For each page, participants 
were asked to score their attitude to the air conditioner on a one 7-point item (How much do you 
like the brand X (A/B/C/D) air conditioner?) (1=strongly dislike to 7=strongly like).  
Results and Discussion. All participants were unable to guess our experiment intention correctly. 
Their answers for the intention guess were about inaccurate intention of experiment including 
judgement preference, shopping habits, curiosity etc. The score of A,D and B,C were averaged 
for the score of pros-cons transition framework and cons-pros transition framework. A 
paired-sample t test was conducted to test our hypothesis. Results showed that participants 
preferred cons-pros transition framework (M=3.61, SD=1.21) more than pros-cons transition 
framework (M=3.25, SD=1.01) significantly (t=-2.50, df=74, p=0.015<0.05) which supported 
our hypotheses. The counterbalance design ruled out the potential effect of order effect and the 
results manifested that even under the explicit attitude condition, the transition effect still holds, 
which means the explicit effect of transition is much more powerful than implicit attitude. 

5. Discussion
Reviews texts’ contents exerted influence on consumers’ perception (Lurie 2013; Chen and Lurie
2013; Yin et al. 2017). However, internal information structure of review contents, which is the
different language expression form of the given information is still unexplored. Through two
studies, we found that comparing with cons-pros, pros-cons of online reviews has a negative
effect on consumers’ attitude towards products. Our research is the first to focus on the effects of
review texts’ information structure and the ambivalence review. More importantly, we propose a
linguistic explanation which offers a new perspective to understand the order effect of
information presentation. Our research also has important practical implications for commercial
retailers.
Although our research suggests that framing of the contrastive information structure can affect
consumers’ attitude. However, existing research doesn’t validate the underlying mechanisms,
which is needed to be done in the future work. Second, the number of participants is 247 which
is limited. Future work needs to expand the scope of sample to verify whether the effect is still
existing. Third, we only compare the effect of the two framings. However, comparisons with
comments without transition are valuable, which will help us understand the respective impacts
of these two transitional framings. We will explore this effect in the future work.
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Physician’s Knowledge Contribution and Economic Return in an E-health 

Q&A Platform: A Natural Language Processing Approach and Empirical 

Analysis 

 

 
Abstract 

E-health question and answer (Q&A) platforms have become an increasingly important 

mechanism through which patients seek answers to their medical questions and subsequently 

paid for medical services. However, we do not know to what extent physicians’ knowledge 

contribution in the Q&A platform relates to the paid medical services available on the same 

platform. Based on knowledge spillover theory and using the natural language processing 

approach, we categorize physicians’ knowledge adaptation strategies as generalist, specialist, 

and general specialist according to knowledge depth and breadth they contribute in the Q&A 

platform. The findings reveal that specialists positively influence economic return when a 

specialist’s status is high. More interestingly, generalists and general specialists negatively 

influence economic return when their status or within-domain knowledge contribution is low, 

but positively influence economic return when their status or within-domain knowledge 

contribution is high. Theoretical and practical implications are subsequently discussed. 

Keywords: Online health community, Knowledge sharing behavior, Knowledge network, 

Economic return, Q&A platform 

1. Introduction 

Online health community gradually serves as a primary channel for patient-physician 

communication, in particular for patients with chronic diseases (Barrett et al. 2016). For 

instance, in 2015, about 400 million people are visiting the online health community per month 

in China (iResearch center, 2016). Consequently, via such platforms, physicians have great 

opportunities to earn an extra economic return by utilizing their spare time to engage in online 

medical services, in particular for the one who loses chances in the offline settings, like junior 

physicians (Yan et al. 2016). 

Past literature in online health community highlighted the substantial role of knowledge 

sharing on patients’ choices (Min Zhang 2017). However, limited studies further explore the 

underlying mechanism between knowledge sharing and patients’ choices, which is the focus 

of this study. Due to the feature of OHC that gathers supports from professionals, physicians’ 

knowledge sharing in e-health Q&A sites creates a spillover effect, which earns a higher 

economic return for physicians. Knowledge sharing provides not only rich sources to fulfill 

patients’ informational needs but also cues to retrieval evaluation information (Harper et al. 

2008). Hence, to understand how knowledge sharing maximizes the utility in OHC, we put 

forward our research question: “How do physicians’ knowledge contribution in Q&A sites 

influence physicians’ economic return in medical service platform?”  

Additionally, e-health Q&A sites have a unique feature that breaks medical boundaries 

which enable physicians to contribute their knowledge to any patients in this platform 

voluntarily. Based on sociology literature, individuals’ past experience typecasts them in a 

specific category which may influence others’ evaluations (Zuckerman et al. 2003). Then, 

when physicians answer questions beyond their home domains, this category spanning 

behavior will weaken patients’ willingness to make a transaction with physicians which due to 

the perceived misalignment or misfit between patients’ expectation and physicians’ behavior 

(Negro et al. 2013). Besides, status describes the position of physicians in a specific category 

that may also influence patients’ perception of physicians’ services  (Kacperczyk 2017). Hence, 

to further explore how the impact of knowledge sharing in Q&A platform varies, we put 
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forward our second research question, “How do within-home domain knowledge contribution 

and status influence the impacts of knowledge contribution on physicians’ economic return?” 

To investigate the effect of knowledge sharing in the Q&A platform, we followed 

knowledge spillover and health communication to construct the theoretical model of 

knowledge sharing strategy. To measure knowledge structure, we then adopted a natural 

language processing technique to analyze the answering text and then constructed knowledge 

structure by knowledge depth and breadth. We found that high specialist in Q&A is associated 

with the high economic return when they stay in high status. More interestingly, generalist in 

Q&A platform is negatively associated with the economic return when their status or within-

domain knowledge contribution is low but positively associated with the economic return when 

staying in low status or within-domain. These findings will be essential to fulfill the research 

gaps of the underlying mechanism of knowledge contribution in the context of healthcare. In 

practice, this study will provide guidelines for the design of Q&A sites. 

2. Theoretical Foundation

2.1 Knowledge Spillover in Online Health Community 

One feature of e-health Q&A community is gathering crowd knowledge from professionals by 

questions. This creates a spillover effect that the knowledge in the Q&A platform could be not 

only intentionally but also unintentionally transferred to patients, which brings more chances 

for physicians to earn economic returns (Takeishi 2002). However, the extensive explicit 

elements in the online community also make navigation cues ambiguous, which may decrease 

the effectiveness of spillover effect  (Faraj et al. 2016). Hence, information providers need a 

strategy to make their work visible, which is intended to transfer tacit knowledge. This calls 

for more in-depth aspects of one’s expertise rather than superficial procedures. In our context, 

knowledge shared from physicians enables patients to sense, recognize, and acquire the tacit 

knowledge behind the accomplishment. 

2.2 Knowledge Sharing Strategy in E-health Q&A platforms 

In an online community, physicians’ tacit knowledge is hard to be transferred to patients (Faraj 

et al. 2016) which requires an adaptation strategy to facilitate the knowledge flow and 

maximize the benefits of knowledge sharing (Huang et al. 2013). Since knowledge is 

decomposability, which views knowledge as “an aggregation of independent units between a 

stimulus and a response” (Wilson 1988), a particular domain could be partitioned into pieces 

and sorted according to breadth and depth. Breadth and depth describe the number of topics 

and elaborated information of topics respectively. By adapting the knowledge structure, the 

physician could perform strategies to be a generalist, a specialist, or a general specialist which 

estabilish different levels of breadth and depth.  

Additionally, e-health Q&A platforms break the information sharing boundary among 

diseases which empowers physicians to collaborate with other caregivers in online 

environment independently. Sociology literature posited that category spanning will discount 

individuals’ identity while status will enhance their identity (Zuckerman et al. 2003). Hence, 

we build our research model based on above literature to explore the impact of knowledge 

adaptation strategy on physicians’ economic return and how within-home domain knowledge 

contribution (e.g., answering questions in cross-department) and status influence 

aforementioned relationship.  

3. Research Hypothesis

Patients could perceive high information diagnosticity from deep knowledge by identifying 

information givers’ understanding, knowledge, contextualization ability, and integrating ability 

which benefits individuals by decreasing their searching cost (Mudambi et al. 2010). Broad 

perspective creates a holistic view of knowledge areas that they know something rather than 
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having the ability to handle issues (Majchrzak et al. 2013). Hence, when physicians adopt the 

specialist strategy, they will receive more economic return while less when they adopt a 

generalist strategy. However, when physicians adopt both generalist and specialist, high 

information processing cost will decrease the spillover effect. Hence, we put forward our 

hypothesis: 

Hypothesis 1(H1): Generalist is negatively associated with physicians’ economic return. 

Hypothesis 2(H2): Specialist positively influences physicians’ economic return. 

Hypothesis 2(H2): General specialist negatively influences physicians’ economic return. 

In line with sociology literature, category spanning decreases patients’ perception of fit to the 

category schema, which affect physicians’ evaluation (Kovács et al. 2015). However, status 

could increase patients’ evaluation on physicians’ service (Custodio et al. 2013) which is a 

significant indicator of experience in a specific category. Hence, high status and within home 

domain knowledge will strengthen the positive impacts and weaken the negative impacts of 

physicians’ knowledge structure on patients’ decision. Hence, we put forward our hypothesis: 

Hypothesis 3(H3): Physician status/Within-domain positively moderates the impacts of 

specialist on economic return. 

Hypothesis 4(H4): Physician status/Within-domain positively moderates the impacts of 

generalist on economic return. 

Hypothesis 5(H5): Physician status/Within-domain positively moderates the impacts of the 

general specialist on economic return. 

Figure 1. Theoretical Research Model 

 

4. Dataset and Variables 

We crawled data from an e-health Q&A platform in China, xywy.com, and collected 426,354 

patient-physician interaction text from Q&A part during 104 weeks for 653 physicians who 

registered as family physicians in medical service part. We constructed a panel data for 

chronically-ill patients across a period of 2 years, from 2015 to 2016 during which the platform 

has developed into a mature stage. 

4.1 Textual Analysis of Reviews 

To measure knowledge depth and breadth, we employed a Latent Dirichlet Allocation (LDA) 

model to analyze the patient-physician interaction text (Navid Aghakhani et al. 2017). We 

firstly integrated all the answers in the label of “endocrinology department” as the collection 

of text and dropped all the stop words. Second, we choose topics number based on the 

perplexity of topics and the specific text. Lastly, we identified the final topics based on related 

feature words and obtained the document-topic matrix. 

4.2 Variables 

Dependent variable and independent variables. We calculated the weekly order number of 

family services (Lin 2002). That is, for physician i, we calculated the average order number of 

family physician services. Following measurements from online review literature (Filieri 2015) 

and using LDA, we calculated the total number of topics that messages covered as knowledge 

breadth (Mudambi et al. 2010). We counted the number of words in the top topic and used it 
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as a proxy measure for knowledge depth, (𝑇𝑜𝑡𝑎𝑙𝑤𝑜𝑟𝑑𝑐𝑜𝑢𝑛𝑡)𝑖 ∗ 𝑃𝑖, where 𝑃𝑖 represents the 

coefficient between text and topic (Wu 2017). Further, we grouped the data into high and low 

categories by a median of each variable; we then identified four types of the strategies, 

generalist, specialist, general specialist and no strategy. Lastly, we transferred the categorial 

variable to dummay variable, generalist_dummy, specialist_dummy and general 

specialist_dummy. 

Moderators and control variables. We measure physicians’ past experience by status and 

domain knowledge. We measure physician’s status by their clinical title, like a chief physician. 

We calculated the rate that physicians answer the questions within their domain. To clarify the 

causal relationship between physicians’ knowledge structure and economic return, we included 

several control variables including physicians’ response time to answers (Yang et al. 2015), 

the quantity of knowledge sharing, the number of answers for the same questions (Lu et al. 

2018), and relevance between questions and answers. 

5. Explanatory Econometric Analysis 

5.1 Model Specification 

Based on results from the Hausman test (Hausman 1978) and a method from Wilke (2011), we 

developed a random effect model (RE) which also could include a time-invariant variable, 

status, in our model. We specified the following RE:  

𝐿𝑛(𝑂𝑟𝑑𝑒𝑟_𝑛𝑢𝑚𝑏𝑒𝑟𝑖𝑡)
= 𝛼𝑖 + 𝛽1𝐺𝑒𝑛𝑒𝑟𝑎𝑙_𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑠𝑡𝑖𝑡 + 𝛽2𝐺𝑒𝑛𝑒𝑟𝑎𝑙𝑙𝑖𝑠𝑡𝑖𝑡 + 𝛽3𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑠𝑡𝑖𝑡
+ 𝛽4𝐺𝑒𝑛𝑒𝑟𝑎𝑙_𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑠𝑡𝑖𝑡 × 𝑆𝑡𝑎𝑡𝑢𝑠𝑖𝑡 + 𝛽5𝐺𝑒𝑛𝑒𝑟𝑎𝑙𝑙𝑖𝑠𝑡𝑖𝑡 × 𝑆𝑡𝑎𝑡𝑢𝑠𝑖𝑡
+ 𝛽6𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑠𝑡𝑖𝑡 × 𝑆𝑡𝑎𝑡𝑢𝑠𝑖𝑡 + 𝛽7𝐺𝑒𝑛𝑒𝑟𝑎𝑙_𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑠𝑡𝑖𝑡 × 𝐷𝑜𝑚𝑎𝑖𝑛𝑖𝑡
+ 𝛽8𝐺𝑒𝑛𝑒𝑟𝑎𝑙𝑙𝑖𝑠𝑡𝑖𝑡 × 𝐷𝑜𝑚𝑎𝑖𝑛𝑖𝑡 + 𝛽9𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑠𝑡𝑖𝑡 ×𝐷𝑜𝑚𝑎𝑖𝑛𝑖𝑡

+∑ 𝛽𝑘𝑋𝑘,𝑖𝑡 + 𝛽14𝐷𝑜𝑚𝑎𝑖𝑛𝑖𝑡+𝛽15𝑆𝑡𝑎𝑡𝑢𝑠𝑖𝑡 + 𝑒𝑖𝑡
(𝑘=10,11,12,13)

 

Where 𝛼𝑖  represents the unknown intercept for each entity; 𝛽1, 𝛽2 ,…,𝛽15  denote the 

coefficients for all variables; X denotes control variables, responsiveness, Q&A number, 

competition and relevance; and 𝑒𝑖𝑡  is the error term. We performed natural logarithm 

transformations on variables having a large standard deviation (e.g., order number, 

responsiveness and Q&A number) to endorse the assumption of normality.  

5.2 Empirical Results 

Results in Table 1 show that generalist is negatively associated with economic return (β = - 

0.90, p < 0.001). As expected, accumulated number of Q&A is positively associated with 

economic return (β = 0.06, p < 0.001); Responsiveness is positively associated with economic 

return (β = 0.048, p < 0.001). These results further enhance the reliability of the economic 

model in our research. In Model 2, status positively moderates the relationship between general 

specialist and economic return (β = 0.421, p < 0.001), generalist and economic return (β = 

0.792, p < 0.001), specialist and economic return (β = 0.550, p < 0.1). In Model 3, within-

domain positively moderates the relationship between general specialist and economic return 

(β = 0.589, p < 0.001), generalist and economic return (β =1.20, p < 0.001). 
Table 1. Results of empirical research analysis 

Dependent Variables 

Ln(Order_number) 
Model (1) 

Main effect 
Model (2) 

Moderating effect  

(Status) 

Model (3) 

Moderating effect  

(Within domain) 

General Specialist -0.180(-1.46) -0.203**(-2.446) -0.424***(-4.150) 

Generalist -0.902***(-11.69) -0.170(-1.236) -0.463**(-2.636) 

Specialist 0.010(0.41) 0.174(1.102) 0.210(1.537) 

409404



Status 0.405***(9.063) 0.436***(11.466) 

Within domain -0.165***(-4.600) -0.207***

Ln(QA number) 0.060***(3.309) 0.017***(3.687) 0.017***(3.612) 

Ln(Responsiveness) 0.048***(2.791) 0.043***(6.073) 0.043***(6.159) 

Ln(Competition) 0.024(0.344) -0.094***(-3.217) -0.090***(-3.223)

Status* General Specialist 0.421***(5.404) 

Status *Generalist 0.792***(3.584) 

Status *Specialist 0.550*(1.936) 

Within domain * General Specialist 0.589***(8.166) 

Within domain *Generalist 1.200***(5.180) 

Within domain *Specialist 0.278(0.784) 

Constant 3.080***(24.630) 0.654(1.509) 1.304***(2.970) 

R-squared 0.10 0.502 0.391 

Number of groups 340 340 340 

Number of weeks 104 104 104 

t-statistics in parentheses *** p<0.01, ** p<0.05, * p<0.1 

5.3 Robustness Checks 

We replaced the dummy variable, knowledge sharing strategy, by continuous variables, 

knowledge breadth and depth. Results show that knowledge breadth is negatively associated 

with economic return (β =-0.235, p < 0.001) and knowledge depth is positively associated with 

economic return (β =0.013, p < 0.001) which are consistent with previous results. Status 

positively moderates the relationship between knowledge breadth and economic return (β 

=0.001, p < 0.001). Within-domain positively moderates the relationship between knowledge 

breadth/depth and economic return. Moreover, we also adopted Shannon’s model to measure 

the information structure which evaluated the distribution of information, generalized or 

specialized (Shannon 1948). Results show that dispersed information will decrease physicians’ 

economic return, which is consistent with the main analysis and supports our analysis. 

6. Discussion and Conclusion

Our findings posited that contributing deep knowledge could create more value in OHC. 

However, adapting tacit knowledge into generalized format also works when physician status 

or within-domain knowledge contribution is high. This study theoretically contributes to OHC 

literature to understand knowledge spillover effect that how this knid of OHC creates high 

financial value for physicians. Practically, our study fulfilled the gap to understand the message 

format impacts on patients’ decision in OHC, which provides guidelines for practitioners to 

improve interface design for patient-physician interactions. 
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Do Pictures Provided by Consumers Affect Helpfulness of Online Review? 

Empirical Evidence from Catering Review Platform 
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Abstract 
 

Although pictures are frequently used in online reviews, whether the helpfulness of online 

reviews can be affected by pictures provided by consumers remains unclear. This article applies 

stimulus–organism–response paradigm and uses data from dianping platform to examine the 

relationship between pictures and helpfulness of online reviews. Results show that 

domain-related features and aesthetics quality features positively affect pictures’ valence, and 

aesthetics quality features positively affect pictures’ arousal. Furthermore, valence and arousal 

of pictures affect helpfulness of online reviews. Our work enriches the literature of online review 

and picture mining and also has managerial implications for online review platforms and shops 

on platforms. 

Keywords: Online review, Picture, Helpfulness, Valence, Arousal 

 

1. Introduction 
Along with the rise of Internet and online review platforms, online reviews play a crucial role as 

they are consumer-oriented information that may be helpful in making purchase decision (Park et 

al., 2008). Moreover, perceived usefulness of online review platforms increases when consumer 

reviews are available (Kumar et al., 2006), and online reviews can benefit both shops and 

consumers (Wu et al., 2015). However, reviews with higher helpfulness have stronger effect on 

consumer purchase decisions than other reviews (Chevalier et al., 2004), and the frequent use of 

pictures in reviews makes it more complex to judge the helpfulness of online reviews. Some 

famous online review platforms (e.g., Douban, JD.com, and dainping) not only permit users to 

post pictures with reviews, but also encourage them by offering bonus. For instance, dianping 

offers the honor of “high-quality review” to reviews containing abundant pictures, which can be 

exchanged for bonus points as a discount. Therefore, pictures have become an important part of 

online reviews and may affect helpfulness of online reviews. 

 

Although recent studies have investigated the factors affecting helpfulness of online reviews 

(Mudambi et al., 2010; Baek et al., 2012; Zhu et al., 2014; Shah et al., 2010), the effect of 

pictures has not been well studied. Pictures provided by consumers containing their non-textual 

information may carry consumers’ emotions and leave influence on review readers’ cognition 

and affection as well as textual information (Blackshaw and Nazzaro, 2006;). The present paper 

discusses the effect of pictures on helpfulness by including stimulus–organism–response (SOR) 

paradigm, which treats pictures as environmental cues to affect cognition and affection of review 

readers, and then affect helpfulness. 

 

2. Literature Review 
2.1 Helpfulness of Online Reviews 

Although recent studies have investigated many factors affecting helpfulness of online reviews, 

pictures provided by consumers are not among them. Two kinds of features of texts are judged to 
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have an effect on usefulness: structured (e.g., length and number of words) and unstructured (e.g., 

sentiments) (Mudambi et al., 2010; Baek et al., 2012). Sentiment analysis is a major method for 

online review mining because reviews are generated based on sentiments (Shah et al., 2010). 

Furthermore, valence and arousal exert substantial impact on reader judgements and helpfulness 

of online reviews (Yin et al., 2016). Valence is defined as “the extent to which an individual 

perceives an experience as pleasant or unpleasant”, and arousal is defined as “the extent to which 

an individual is energized by an experience” (Yin et al., 2016). The above factors are all features 

from text mining. Therefore, if corresponding features can be found in pictures, then they are 

likely to influence helpfulness of online reviews. 

 

2.2 Feature Mining of Pictures 

Features of pictures can be categorized into objective and subjective features (Wang et al., 2002). 

Objective features remain consistent over different observers and different viewing conditions, 

including color, sharpness, and shadows (Cerosaletti et al., 2009). Subjective features are 

affected by heterogeneity of observers and viewing conditions, mostly perceived features The 

advantages of using objective features to predict subjective features include the availability of 

mathematically defined measures, ease of calculation, low computational complexity, and 

independence of viewing conditions and individual observers (Wang et al., 2002). Therefore, 

besides viewing conditions and observers, objective features may also affect subjective features. 

 

Among subjective features, valence and arousal are two important features which are common 

features of texts and pictures. Valence and arousal of certain pictures are obtained by asking 

perception of picture viewers, and marked pictures are included into image sets, such as 

International Affective Picture System (IAPS) and Open Affective Standard Image Set (OASIS) 

(Bradley et al., 2007; Kurdi et al., 2017). However, acquisition of valence and arousal of pictures 

beyond the image sets is challenging and requires heavy consumption in manual labeling. In this 

study, we apply machine learning to acquire valence and arousal of pictures. 

 

2.3 SOR Paradigm 

SOR paradigm posits that environmental cues act as stimuli that affect an individual’s affective 

reactions, which, in turn, affect behavior (Mehrabian and Russell 1974). Visual appeal on 

websites, which relates to visual elements, such as pictures, can be viewed as environmental cues 

given that they enhance the look of a website (Heijden et al. 2003). Therefore, it is logical to 

view pictures in online reviews as environmental cues comparing to text. Given the importance 

of consumer task in understanding consumer behavior, environmental psychologists hold the 

view that environmental cues can be categorized as high-task-related and low-task-related cues. 

High-task-relevant cues include “all the descriptors which facilitate and enable the consumer’s 

goal attainment”, can also be referred as task-relevant (TR) cues. Conversely, low-task-relevant 

cues can provide the potential to make the experience more pleasurable, which can be referred to 

as mood-relevant (MR) cues. TR and MR can affect perceived enjoyment, and MR cast a more 

significant influence (Parboteeah et al., 2009).  

 

Although the SOR paradigm has been well applied in exploring shopping behavior, it can also 

help explain the factors of helpfulness of online reviews for measuring consumers’ voting 

behavior. Affective reactions can be reflected by valence and arousal, similar concepts are used 

in research discussing TR and MR (Parboteeah et al., 2009). The definition of valence is highly 
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consistent with that of perceived enjoyment and researchers found that moods can affect arousal 

(Vettehen et al., 2008). Thus, the SOR paradigm can be employed to explore factors affecting 

helpfulness of online reviews. 

3. Research Question and Hypothesis
This article explores whether pictures affect helpfulness of online reviews. If so, then we try to

determine the mechanism by applying SOR paradigm and selecting proper TR and MR cues.

According to the SOR paradigm and our literature review, pictures provided by consumers can

be viewed as environmental cues in online reviews, namely the “stimulus” part. In online review

context, the consumers’ goal is to seek direct information about the item or the service (Park et

al., 2008). On the one hand, TR cues will be the features of pictures that are directly linked with

the item or service; we can refer TR cues as domain-related features. Moreover, MR cues create

the appropriate atmosphere or environment (Eroglu et al. 2001), which is the outcome of

aesthetic quality features including color, sharpness, and shadows (Cerosaletti et al., 2009).

The SOR paradigm illustrates that the stimulus will initially affect organisms’ affection. TR and 

MR cues have positive effect (MR’s effect is stronger) on perceived enjoyment (Parboteeah et al., 

2009), and moods have positive effect on arousal (Vettehen et al., 2008). Given the consistency 

between valence and perceived enjoyment and apply the paradigm to pictures, we propose the 

following hypothesis: 

H1a: The domain-related features have positive effect on pictures’ valence. 

H1b: The aesthetic quality features have positive effect on pictures’ valence. 

H1c: The effect of aesthetic quality features on pictures’ valence is greater than that of 

domain-related features. 

H1d: The aesthetic quality features have positive effect on pictures’ arousal. 

The second part of the SOR paradigm demonstrates that the organisms’ affection will affect the 

behavior, which is voting behavior in online review context. Research in text mining found that 

valence has a positive effect on helpfulness of online reviews (Yin et al., 2016). However, the 

effect of arousal is uncertain. Several studies suggest that intense emotion and high arousal are 

an impediment to reasoning (Oatley and Johnson-Laird 2014), while others suggest the 

non-linear effect of arousal on helpfulness (Yin et al., 2016). We hold the view that high level of 

arousal will harm helpfulness while the low level arousal will benefit helpfulness. So we propose 

the following hypothesis in pictures: 

H2a: The pictures’ valence has positive effect on helpfulness of reviews. 

H2b: The pictures’ valence has non-linear effect on helpfulness of reviews, such that the effect of 

additional arousal is positive when arousal is low, but negative when arousal is high. 

4. Datasets and Variables
We chose dianping platform as our data source and research context because it is the largest local

life service platform and one of the most common online review platforms in China. After

selecting top-100 shops with the highest number of reviews, we collected all the reviews as well

as pictures posted during March 2015 to March 2017. After data preprocessing and cleaning, we

obtained 134080 reviews and 42950 pictures.
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Considering that the rating of reviews on dianping focuses on service, dishes, and price, we 

chose the following domain-related features: presence of waiter or waitress, number of dishes, 

and presence of bill. These features were extracted in a convolutional neural network (CNN), 

with 500 randomly-selected and manually marked pictures to train the model of domain-related 

features. Valence and arousal of pictures are also extracted from CNN, with 900 pictures in 

OASIS to train the model (Kurdi et al., 2017). We used MAPE as loss function and applied the 

model to all the pictures in the dataset. We used number of words, number of pictures, valence, 

and arousal of texts as control variables to determine their effects on helpfulness. Valence and 

arousal of texts were measured using text analysis software, the Revised Dictionary of Affect in 

Language (Whissell 2009). Linear regression and kernel function are used as well to set up the 

Chinese emotional dictionary (Malandrakis et al., 2011). After removing variables with strong 

collinearity, we list the remained variables in Table 1. 
Table 1. Variables, Descriptions and Summary Statistics of the Dataset 

Variable Description Mean S.D. 

DishCount The mean number of dishes of all pictures in a review .97 .82 

Red The mean red value of all pictures in a review 198.82 32.20 
Green The mean green value of all pictures in a review 120.33 60.32 

Blue The mean blue value of all pictures in a review 61.32 71.98 

WordCount The number of words in a review 159.29 116.27 
PicCount The number of pictures in a review 5.47 2.66 

TextVal Valence of text 2.74 .60 

TextAro Arousal of text 3.21 3.97 
PicVal Valence of pictures  4.35 1.21 

PicAro Arousal of pictures 3.64 .85 

Helpfulness Up votes of a review 3.62 5.99 

 

5. Data Analysis and Results 
The results are listed in Table 2. To simplify the conclusion, we use the Model_Val refers to 

model regresses picture’s valence on domain-related and aesthetic quality features, Model_Aro 

refers to model regresses picture’s arousal on aesthetic quality features, and Model_Help refers 

to model regresses online review helpfulness on picture’s valence, arousal and control variables. 
Table 2. Results of Data Analysis 

Variable Model_Val Model_Aro Model_Help Adjusted R
2
 

DishCount .312*** --- --- .768 (Model_Val) 

Red .708*** .012** --- --- 
Green .000 .036 --- --- 

Blue -.009** .037 --- .376 (Model_Aro) 

WordCount --- --- .051*** --- 
PicCount --- --- .021* --- 

TextVal --- --- -.019 --- 

TextAro --- --- -.025 --- 
TextAro2 --- --- -.005 --- 

PicVal --- --- 1.770*** --- 

PicAro --- --- -7.631*** --- 
PicAro2 --- --- 7.594*** .743 (Model_Help) 

Note: ***p<0.01, **p<0.05, *p<0.1, TextAro2 refers to square of TextAro, and PicAro2 refers to square 

of PicAro. 
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As the results show, more dishes appear in the picture, the observer gains more valence from the 

picture. Moreover, the color of red has positive effect while the color blue has negative effect on 

picture’s valence, which means H1a and H1b are supported. The bigger coefficient of Red also 

suggests that H1c is supported. However, only the variable Red has significant effect on picture’s 

arousal with p equals to 0.023, so H1d isn’t perfectly supported. Therefore, there may be more 

potential MR cues unexplored already, which can be a lead for future research. 

 

Furthermore, reviews with high-valence pictures are likely to gain high helpfulness, which is 

consistent with our H2a. Nevertheless, there is an interesting contradiction lies in our H2b. 

Results show that reviews with high-arousal pictures will receive poor up votes and the effect is 

nonlinear and descending, which completely contradicts the conclusion in text mining (Yin et al., 

2016). We suppose it is because different ways of information processing take place when 

human beings deal with texts and pictures. People view pictures with fewer cognitive resources 

than viewing texts (Ausel et al., 1989), so it’s much easier to convince people with high-arousal 

texts than high-arousal pictures. 
 

6. Contributions and Managerial Implications 
The contribution of the article is as follows. First, we present a method applying CNN to acquire 

valence and arousal of pictures beyond the marked image set. Second, we reveal the relationship 

between the objective and subjective features of the posted pictures, thereby enriching the 

literature on picture mining. Third, we include the effect of pictures on online reviews and give 

empirical evidence, which may serve as supplement to literature on helpfulness of online reviews. 

Fourth, we introduce SOR paradigm into catering context and enlarge its application. 

 

The article provides several managerial implications as well. First, shops on online review 

platforms can mine consumers’ expressed emotions from reviews and obtain more valuable 

information compared to merely texts. Second, online review platform can apply certain methods 

to encourage or filter pictures that contribute to high helpfulness, and appeal more consumers to 

the platform. Third, shops can adjust marketing strategies according to the emotions expressed in 

the pictures, thus reducing the risk and cost. 
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Abstract 
 

Collective sentiment deriving from multiple media provides decision-making support for stock 

market participants. Sentiment lexicon is the most critical component for many sentiment 

classification systems. However, most existing lexicons are not applicable to financial domain 

because of the diverse texts with varying language styles and it is more prominent in Chinese. In 

this paper, we propose a unified framework that integrates knowledge extracted from distinct 

language domains for lexicon acquisition. We evaluate our method with a unique dataset that 

consists of three large corpus from different media and comprises over two million tweets and 

headlines of news or reports. The experimental results on three real-world testing sets show that 

our financial lexicons can significantly improve sentiment classification performance compared 

to four baseline lexicons. 

 

Keywords: Sentiment Lexicon, Sentiment Analysis, Stock Market 

 

 

1. Introduction 

Sentiment lexicon comprises words with certain semantic orientation (e.g., positive, negative, or 

neutral) ant it is regarded as a fundamental component of sentiment analysis (SA) system 

(Feldman 2013). SA systems require a domain-specific sentiment lexicon adapted to the 

financial domain and diverse media sources. Building such a polarity lexicon faces two major 

challenges posed by content and language domains (Deng et al. 2017). The first challenge is 

induced by the fact that sentiment orientation of a word is sensitive to content domain, such as 

tourism (Li et al. 2018), finance (Loughran and McDonald 2011) and online products (Cho et al. 

2014). Since various media have their own lexical and syntactical styles, language domain 

challenge emerges when the lexicon is applied to texts derived from different media. Most 

existing lexicons were produced via single media source, e.g., news articles (Yu et al. 2013) or 

microblogging services (Wu et al. 2017). Consequently, their performance of SA in other types 

of media would be restrained in the absence of exclusive knowledge from corresponding 

language domain. 

 

We propose an automated approach to build a stock market lexicon, which is applicable to 

various media in financial domain. We are among the first to build a Chinese financial lexicon 

using a novel and large-scale dataset including aggressive news, analyst reports and user 

comments from Xueqiu, a prevalent social networking site of Chinese stock market. Our work 

contributes to opinion mining research and supports decision-making practices in Chinese stock 

market.   

 

2. Related work 
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There exist three methods for lexicon generation: manual approach, dictionary-based approach, 

corpus-based approach (Liu 2012). The manual approach is inefficient especially in new 

domains since it is time consuming and labor intensive. Most automated approaches initiate with 

a seed lexicon that is compiled manually or built automatically according to some rules. In 

general, these existing lexicons can be divided into two different categories that one is specific to 

a language domain while the other is specific to a content domain. The former captures 

peculiarities of the chosen language domain and the latter extracts exclusive knowledge from 

texts of the given content domain. None of the content-specific lexicons has been derived from 

more than one language domain. Therefore, existing lexicons yield discrepant performance on 

different media.   

   

In this paper, we propose a financial lexicon construction method that addresses the challenges 

caused by aforementioned drawbacks. Within our knowledge, this paper presents the first 

Chinese stock market lexicon built on diverse media texts. 

 

3. Proposed method 

The proposed framework, as shown in Figure 1, consists of three parts: candidate extraction, 

seed lexicon construction and lexicon expansion.  

 

3.1 Candidate extraction 

In the first phase of the proposed framework, we extract candidate words from all the corpus 

subsets respectively. We apply new words detection technique to discover new words emerging 

in texts. We adopt the jieba tool to implement operations including word segmentation, part of 

speech (POS) tagging and removing stop words. Next, a word will be reserved in the candidate 

set if its frequency is higher than the minimum number of occurrences in the corresponding 

corpus. 

 

 
 

Figure 1. The proposed lexicon generation framework 
 

3.2 Seed lexicon construction 

The purpose of this phase is to build a high-quality domain-specific seed lexicon since it is a 

critical component to ensure exceptional performance of resulting sentiment lexicons. Inspired 

by the idea of keyword extraction in natural language processing, we propose a novel method to 

select seed words from the developing corpora.  
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As illustrated in Algorithm 1, we exploit a competitive keyword extraction method: Statistical 

Information Fusion Approach (SIFA) 
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where iw denotes the weight of the candidate word, it represents ratio between number of days 

that the candidate occurs to the total days and ip  stands for the co-occurrence relationship with 

other candidates. if is the number of documents that the candidate occurs in the corpus, N is the 

number of total documents and i jc is the number of texts that the two words co-occur. 

 

3.3 Lexicon expansion 

Firstly, we assign sentiment labels to words in each corpus-specific candidate set with the built 

seed lexicon. Specifically, the semantic orientation is interpreted as difference between the 

average similarity of the candidate with positive seed words and that with negative ones using 

the following formula 

                       
1 1

1 1
( ) ( , ) ( , )

pos negn n

c c i c j

i jpos neg

SO w sim w w sim w w
n n 

                  (2)                                 

where  , 1,2,...,i posw i n and  , 1,2,...,j negw j n are the positive seed set and the negative one, 

respectively and ( , )c isim w w represents the similarity value between the candidate and a seed word. 

If ( )cSO w is positive, the sentiment polarity of candidate cw is positive too, and vice versa. We 

adopt two predominant methods to compute the association strength between words, PMI 

(pointwise mutual information) and Word2vec. The calculation formula of PMI is defined as 

                      
( , )

( , ) log
( ) ( )

i j

i j

i j

p w w
PMI w w

p w p w
                               (3) 

where ( )ip w denotes the probability that word iw occurs in the corpus and ( , )i jp w w represents the 

probability that iw and jw co-occur in the document set. The way of Word2vec to compute 

similarity value is defined as 
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where ( )ivec w is word vector of the trained model and the cosine value represents the similarity 

degree.    

 
 

Secondly, motivated by ensemble learning theory, we propose a unique ensemble mechanism to 

integrate the aforementioned lexicons. Algorithm 2 presents our mechanism.  

  

4. Evaluation procedure 
4.1 Data description  

Table 1.Three types of media data 

Content category Data source Data source description 

Conventional 

news 

Sina Rolling News Sina Rolling News (https://news.sina.com.cn/roll) provides 

up-to-date, aggregated news articles in terms of domestic and 

international issues relating to society, sports, finance, etc. 

Analyst reports Sina Finance Sina Finance, one of the largest financial platforms in China 

(https://finance.sina.com.cn), is developed to render professional 

information services to more than 100 million investors and support 

their decision-making. It remove unnecessary barriers that prevent 

users from accessing information including comprehensive market 

data and company research reports. 

Social media Xueqiu Xueqiu (https://xueqiu.com) is a StockTwits-like social network that 

serves over 12 million investors and traders. Its users can follow 

others without their consent. Moreover, in the community, they can 

post text messages regarding market dynamics or investment 

opinions and acquire personalized content optimized by algorithms.   

 

We evaluated our method on a unique dataset that comprised financial texts with three language 

styles including news articles, company reports and user-generated content. Table 1 summarizes 

the three data sources. We finally obtained 203,910 news headlines, 295,334 report headlines 

posted by 6,584 analysts of 270 securities research institutes and 2,180,157 Xueqiu messages.  

The three corpus subsets are denoted as News, Report and Xueqiu, respectively and their fusion 

dataset is denoted as Ensemble.   
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We used a series of existing lexicons as baselines to compare with our lexicons in subsequent 

sentiment analysis experiments. They are HowNet Sentiment Analysis Word Library (HowNet), 

NTU Sentiment Dictionary (NTUSD), SentiRUC, and Sentiment Word Ontology Library 

(SWOL). 

 

4.2 Experiment procedure 

These ensemble lexicons and other corpus-specific ones are denoted as <corpus 

dataset>_<similarity calculation method>. For instance, Ensemble_VEC means the ensemble 

lexicon generated with Word2vec in similarity computing step. We classified texts that had more 

negative words than positive ones into negative category and the others were classified as 

positive. We manually created three datasets using the real-world texts from aforementioned 

media. They are denoted as Dataset_News, Dataset_Report, and Dataset_Xueqiu respectively.  

 

Table 2. Experiment results 
Lexicon Dataset_Xueqiu  Dataset_News  Dataset_Report 

 Precision Recall F-measure  Precision Recall F-measure  Precision Recall F-measure 

HowNet 0.8462  0.1913  0.3121   0.0746  0.0734  0.0740   0.0796  0.0854  0.0824  

NTUSD 0.6800  0.2957  0.4121   0.3765  0.2936  0.3299   0.4711  0.5158  0.4924  

SentiRUC 0.8710  0.4696  0.6102   0.5447  0.5872  0.5651   0.6481  0.6087  0.6278  

SWOL 0.6792  0.3130 0.4286   0.3032  0.2844  0.2935   0.3893  0.5285  0.4483  

Ensemble_PMI 0.8696 0.6957 0.7729  0.6628  0.7936  0.7223   0.9108  0.7753  0.8376  

Ensemble_VEC 0.8608  0.5913  0.7010   0.7156  0.6927  0.7040   0.8097  0.7943  0.8019  

Xueqiu_PMI 0.9394  0.5391  0.6851   0.6827  0.7156  0.6988   0.8133  0.7722  0.7922  

Xueqiu_VEC 0.8841  0.5304  0.6630   0.7165  0.6376  0.6748   0.8528  0.7152  0.7780  

Report_PMI 0.7708  0.3217  0.4540   0.6122  0.3693  0.4607   0.9458  0.6076  0.7399  

Report_VEC 0.7358  0.3391  0.4643   0.5627  0.4633  0.5082   0.8631  0.6582  0.7469  

News_PMI 0.6753  0.4522  0.5417   0.7255  0.5940  0.6532   0.8099  0.6203  0.7025  

News_VEC 0.6818  0.3913  0.4972   0.6221  0.5550  0.5867   0.7821  0.6361  0.7016  

 

5. Results and discussion 

5.1. Main results 

Table 2 presents the performance of existing lexicons, our ensemble lexicons and corpus-specific 

ones in our experiments. The main results show that our ensemble lexicons achieved the best 

performance on three testing datasets derived from various media. This is because there exists 

domain-specific knowledge with different language expressions. Our method can extract them 

from relevant texts effectively. It reveals the fact that general lexicons are not suitable for new 

and specialized domains such as finance owing to the lack of domain-specific knowledge. For 

instance, in financial tweets, some often used and newly identified words such as “醉了”(drunk) 

and “割韭菜”(cut Chinese chives) convey negative sentiment or pessimistic opinion. However, 

these words have neutral sentiment originally and are not included in most general lexicons.  

 

Moreover, PMI slightly outperformed VEC in most cases. However, the results of report-specific 

lexicons indicate the opposite trend. This is likely due to that headlines of report are mostly short. 

PMI needs to count the co-occurrences between words in sentences and is not feasible in cases of 

too short texts.  

 

5.2. Corpus-level analysis 

In order to explore the contributions of different corpus, Figure 2 compares the results of our 

lexicons with PMI method. We can clearly find that the ensemble lexicon had the highest value 
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of F-measure on three datasets, which explicitly demonstrates the necessity and effectiveness of 

our ensemble framework in integrating diverse corpora. Meanwhile, the lexicon from news or 

report outperformed the other on Dataset_Report and Dataset_News. It provides more evidence 

for the existence of language domain, motivating us to address the posed challenges in our 

research.  

Figure 2. The results achieved by lexicons from different corpus 

6. Conclusion

In this paper, we proposed a unified and flexible framework that can integrate knowledge from

diverse types of media for stock market lexicon acquisition. Experimental results demonstrate

that our lexicons significantly improved the performance of sentiment analysis tasks in finance

domain, showing the potential of our ensemble lexicons for financial applications. For instance, a

decision support system can be established to interpret multiple media content and create

comprehensive sentiment or attention indicators based on financial lexicons.
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Capturing Behavior Dynamics of Video Game Players:  
A Marked Mutually Exciting Point Process Approach 

 
Abstract 

 
Strategic management of game development and promotions relies on the understanding of how 
behavior patterns of players evolve over time. In this study, we propose a point process 
approach – MEMPEIF (Mutually Exciting Marked Point Process with Exogenous Impact 
Function), aiming to effectively capture behavior dynamics of game players and to provide more 
insights on how pertinent real-world events influence their in-game activities. Compared to 
previous models, our approach allows us to simultaneously (1) model interdependencies among 
players’ in-game activities, (2) account for player heterogeneity, and (3) investigate how real-
world events influence behavior patterns of players. Applying our model to an American football 
video game dataset, we find that players’ previous game sessions have a stimulating effect on 
their future playing and purchasing activities, and that real-world events of teams encourage 
players’ future engagement in the game. This study provides managerial implications for video 
game companies to leverage event-driven marketing strategies, and also develops a novel 
framework of analyzing user behavior dynamics under the effects of exogenous events. 
 
Keywords: Behavior dynamics, point process, video game, business analytics 
 
1. Introduction 
Video games have become one of the most vibrant industries in today’s economy. According to 
the Entertainment Software Association (2015), there were 155 million Americans playing video 
games and the total consumer spending, including content, hardware, and accessories, reached 
$22.41 billion in 2014. As the market grows and consumers have a wider array of entertainment 
products to choose to spend their time and money, it is critical for video game developers and 
distributors to understand the behavior patterns of players, so as to strategically manage game 
development and promotions.  
 
However, effectively capturing player behaviors remains a complex challenge. As pointed out in 
the existing literature (Mäntymäki and Salo, 2011), there are strong interdependencies among 
players’ in-game activities, where players’ previous behaviors have stimulating effects on their 
future game engagement. Moreover, although by nature video games are virtual, players are 
human beings living in the real world, whose activities in the game can still be influenced by 
their real-world experiences. 
 
To address these issues, in this study we propose a marked mutually exciting point process 
approach, aiming to effectively capture behavior dynamics of video game players under the 
effects of pertinent real-world events. Compared to previous models (Singh et al., 2011; Xu et al., 
2014), our approach allows us to simultaneously (1) model interdependencies among players’ in-
game activities, (2) account for player heterogeneity, and (3) investigate how pertinent real-
world events influence players’ behavior patterns. 
 
Applying our model to an American football video game dataset, we further investigate players’ 
playing and purchasing dynamics, and how the dynamics are influenced by the real-world 
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performance of teams. Based on the estimation results, we find that both game sessions and 
national football league (NFL) events have an excitation effect on future playing and purchasing 
activities, and that players are more likely to play than purchase in the later stage of the game. 

The rest of the paper is organized as follows. In Section 2, we introduce the dataset used for this 
study and our proposed approach. In Section 3, we discuss the estimation results with our 
interpretation. We conclude the paper with the future directions of current study in Section 4. 

2. Data and Proposed Approach
2.1 Data Overview
The dataset records the purchase, play, and upgrade information for ~60,000 individual players
in an American football video game series over a five-year period. The captured individual user
activities include records of game sessions, purchases of enhancement packs, and activations of
different game versions. For game session data, both activity date and duration of sessions are
recorded; for purchase data, both timestamp and count of purchase are recorded; for activation
data, only date of activation is recorded.

Every late August, the video game company releases a new version of the game. We focus on 
three consecutive versions (2013-2015) because most of purchase incidences occurred during 
this period. We split observations according to different game versions and then remove inactive 
players who have less than 10 game sessions or purchases. Game sessions with a duration of less 
than 5 minutes are also deleted.  

For each player, we further recalculate the timestamp of his activities as the elapsed time since 
his activation of the corresponding game version. Combining game session and purchase data, 
we can construct a panel of player-specific behavior sequences for each active player. Figure 1(a) 
shows reconstructed behavior sequences of a randomly selected player in Version 3. 

In addition to activities of video game players, we have also collected score statistics from NFL 
websites. In this study, we use the average number of big plays per day as the key metric to 
characterize the performance of real-world NFL events. 

2.2 Model Formulation 
Suppose there are  players in total. For each individual player , we represent 
his in-game activities as a set of triplets . Here  is the timestamp of the th 
event,  is the event type (e.g., play or purchase), and  is the event mark (e.g., 
duration of game sessions or counts of purchases). In addition to player behavior sequences, we 
also observe an exogenous real-world event sequence, which can be represented similarly as a 
set of pairs . Here  is the timestamp of the th exogenous event and  is the 
event mark (e.g., daily average number of big plays).  

To capture how the interaction dynamics among different types of player activities evolve over 
time under the effects of exogenous real-world events, we consider each player’s activities as a 
realization of point processes. Specifically, let us denote the cumulative number of type-  events 
for player  up to time  as	 ,	 then we can fully characterize the point processes with the 
following conditional intensity function (CIF): 
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  (1) 

 
where  is player ’s event history up to time . Intuitively, we can interpret  as the 
occurrence rate of events by conditioning on the history of events prior to time . There are three 
terms in the specification of the CIF: (1) the baseline intensity  captures player ’s general 
willingness to initiate a type-  event; (2) the exogenous impact  characterizes the 
excitation effect from a previous exogenous real-world event ; and (3) the response 
function  describes how a previous player activity  stimulates the 
occurrence of type-  event at time . Motivated by Ogata (1988), we further specify the three 
functions in a multiplicative form as follows: 
 

  
 
Here the impact functions  and  quantify the levels of excitation based on event 
marks  and , respectively;  captures the inherent heterogeneity of player behavior 
patterns in the game, with a larger value of  implying stronger tendency of player  to initiate 
in-game activities;  characterizes the direct excitation effect of type-  events in the intensity 
of type-  events;   and  are memory kernel functions which are monotonically 
decreasing over time so as to account for the recency effect of human memory (Ebbinghaus 
1913), i.e., people tend to recall best what has happened most recently. In this study we choose a 
power-law function for the memory kernel, i.e., . Finally, as in Ogata (1988), 
we assume the distributions of associated marks are  and independent of event occurrences. 
 
With all the specifications above, we propose MEMPEIF: a Mutually Exciting Marked Process 
with Exogenous Impact Function to capture player behavior dynamics while taking into account 
the effects from exogenous events.  Figure 1(b) shows the estimated CIF for the same player 
displayed in Figure 1(a) (the parameters of CIF are estimated using methods described in the 
following section).   
 
As Figure 1 shows, when an in-game activity occurs, there is a jump in CIF (i.e., occurrence rate) 
for both types of events (Figure 1(b)), with jump size proportional to the value of corresponding 
event mark. After the occurrence of an in-game activity, the intensity function keeps decreasing 
until the next event occurs. In addition to player activities, exogenous events can also contribute 
to an increase of occurrence rate, which can be seen from the jumps of CIF from Day 40 to Day 
55 in Figure 1(b) when there are no in-game activities. 
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(a) Behavior sequences                 (b) Conditional intensity function   

Figure 1. Behavior sequences and CIF of a randomly selected player in Version 3. 
 

2.3 Estimation Algorithm 
Based on the CIF specified in Eq. 1, we can conduct parameter estimation using maximum 
likelihood approach. Specifically, the log-likelihood of MEMPEIF can be computed as follows 
(Daley and Vere-Jones 2003): 

  (2) 

 
where  and  denote the censoring time and total number of events for player , respectively. 
Note that in Eq. 2 we omit the likelihood of event marks, since they are independent of event 
timestamps and thus can be ignored in the likelihood function. By optimizing Eq. 2, we can 
obtain maximum likelihood estimation of parameters  in our model.  
 
3. Empirical Analyses 
We now apply MEMPEIF to analyze the American football video game dataset described in 
Section 2.1. In this setting, there are  types of player events and one exogenous NFL event 
sequence. To simplify the discussion, we assume the type of game sessions as  and the type 
of purchases as , and denote the NFL events with a superscript . In addition to event 
timestamps, we also observe event marks, which correspond to duration of game sessions, count 
of purchases for player activities, and daily average of big plays for NFL events. 
 
For purchases and NFL events, we specify their impact functions as ; 
whereas for game sessions, motivated by Chen and Tan (2018), we assume it to be in log scale of 
durations, i.e., , in view of their high degree of right skewness. 
 
Table 2 reports the estimation results for parameters 	using the method 
described in Section 2.3.	From Table 2(a), we observe that performance of real-world teams has 
a positive effect on players’ likelihood of both playing game (i.e., ) and purchasing 
enhancement packs (i.e., ). For behavior dynamics of players, the results from Table 2(a) 
show that previous playing activities stimulate future occurrences of game sessions and 
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purchases (recall that parameter  characterizes the excitation effect of event  on event ). 
The values of  and  are much smaller than the values of  and , which implies that 
previous purchases probably don’t have a significant impact on future playing and purchasing. In 
addition to the excitation effects, we can also observe a considerable difference between  and 

, which indicates that general willingness of purchasing decays much faster than that of 
playing. One possible explanation could be that people would have much less intention to 
purchase than play in the later stage of the game. 
 

Table 1: Global parameter estimates for the proposed model 
  Version 1   Version 2   Version 3 
  Play Purchase   Play Purchase   Play Purchase 

(a) Stimulating Effects 
NFL 
Event   

 
  

 
  

 0.032 0.166  0.072 0.038  0.224 0.248 
Play         

 0.989 1.111  1.127 0.944  1.208 1.410 
Purchase         

 0.019 0.010  0.010 0.048  0.0300 0.010 
(b) Decaying Rates of Excitation Function 

NFL 
Event   

 
  

 
  

 3.472 3.653  3.596 3.607  3.379 3.675 
Play         

 3.287 2.664  3.121 3.319  3.371 3.835 
Purchase         

 3.167 2.859  3.221 2.698  3.095 3.167 
(c) Decaying Rates of Baseline Intensity 

         
  0.393 0.966   0.462 0.768   0.381 0.790 

 

 
(a) Game Sessions           (b) Purchases   

Figure 2: Boxplot of estimated initial intention  for different types of behaviors. 
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Examining the boxplot of estimated  in Figure 2, we can further observe that the initial 
intention of playing is larger than that of purchasing, which implies that on average people play 
more frequently than having purchases.  

4. Conclusion
In the current study, we propose a novel marked point process model that is able to capture both
interdependencies among player behaviors and impact from exogenous events. Using maximum
likelihood approach, we estimate the model parameters and demonstrate the excitation effect of
previous game sessions on future playing and purchasing, as well as stimulating effects from
real-world team performance. Sports video game companies can leverage our results to develop
effective event-driven marketing strategies to encourage player engagement, and the model itself
can be further extended to analyze more complex data of user behaviors.

We provide some future directions for further investigation. First, we plan to design a goodness-
of-fit test to assesse the model specification; second, we will leverage recent work in the 
simulation of non-stationary point processes to conduct simulation studies and to predict each 
individual player’s future behavior; third, a more general framework can be proposed to allow 
for inhibitive effects (in addition to stimulating effects) and to incorporate more information 
from exogenous events. 
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The Power of Storytelling: Quantifying the Same-Side Effect of Daily 

Recommendations on Consumption Patterns in Mobile App Store 

Abstract 

Storytelling, as an emerging and novel product recommendation format, has been credited for 

eliciting consumers’ emotional response during decision making. Due to consumers’ limited 

personal involvement with mobile apps, storytelling is gaining traction as a means of promotion 

in mobile app stores. As a promotional mechanism, storytelling is particularly amenable to the 

context of mobile app stores by giving affective meaning to the focal app being promoted and 

strengthening its association with other apps available from these stores. To this end, we 

construct a research model that not only posits how consumers’ demand for related mobile apps 

is shaped by similarity in functional and visual attributes between these apps and the focal app 

being promoted via storytelling, but also sheds light on how the preceding effects could be 

mitigated by within-developer influence. 

Keywords: Storytelling, Same-side effect, Functional Similarity, Visual similarity, 

Within-Developer Influence 

1. INTRODUCTION

Mobile app stores are a digital platform for diffusing mobile apps, a type of information good 

that has permeated our daily lives. In mobile app stores, recommendations of mobile apps are 

conventionally displayed in a fact-based format that highlights key product attributes and/or 

technical specifications (e.g., apps with kinesthetic properties or 3D touch-enabled). Such format 

often neglects the experiential aspect of the decision-making process. More recently however, 

there have been attempts by mobile app stores to turn to storytelling as a means of innovation 

diffusion. For instance, the Apple App Store has introduced the ‘Today’ tab on their main page 

to incorporate unique story elements and collate apps into thematic categories for 

recommendation. By facilitating emotive processing, storytelling exerts a salient effect on 

decision making. As alleged by Schank (1999, p. 12), “[h]uman memory is story-based”: 

information is indexed, stored, and retrieved in the form of stories. Consequently, product 

information can be organized in a story-like format, encompassing elements such as causality, 

contextualization, and meaning. Indeed, past studies have discovered that storytelling, which 

induces an emotive response, enhances individuals’ decision-making process in a variety of 

fields ranging from advertising to branding (Salzer-Mörling 2004). As contended by Earle and 

Cvetkovich (1995), storytelling plays a pivotal role in driving consumption decisions for 

scenarios where there is limited personal involvement on the part of consumers – most goods are 

free, with high levels of perceived homogeneity, and greater susceptibility to close association. 

Yet, despite the touted benefits of storytelling, there is a dearth of research that has explored its 

impact on consumer behavior. We conceive storytelling as the contextualization of product 

recommendations in a thematic fashion that conveys meaning to the individual (Escalas, 2007). 

As noted by Clarizia et al. (2018), contextualization of product usage for a given scenario is an 

effective means of invoking targeted interest in a given product. Since mobile apps resemble 

information goods with low personal involvement, we anticipate that storytelling will not only 

draw consumers’ attention to the focal app(s) being promoted, but also exert a spillover effect on 
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related apps through strengthening their association with the focal app(s). To this end, this study 

endeavors to disentangle the impact of storytelling on consumers’ receptivity towards related 

apps. To test our conjecture, we analyze time-series data extracted from the Apple App Store 

from March 15th, 2018 onwards. Our dataset comprises daily observations of storytelling and 

mobile app downloads. In so doing, we aim to not only offer an in-depth appreciation of the 

effects of storytelling on information goods with similar product attributes, but to also shed light 

on how these effects could be mitigated by within- or cross-developer influence. 

2. THEORETICAL FOUNDATION

2.1  Information Goods and Same-Side Effect 

Characterized by costly development but negligible costs of reproduction and distribution, 

information goods are distinguishable from their physical counterparts (Wei and Nault 2013). As 

asserted by Shapiro and Varian (1999), almost all information goods can be considered 

experience goods, whose utility is realized only after an extended period of actual usage (Wilde 

1981). In contrast to past studies which mainly equate experience goods with non-durable 

services, information goods tend to be durable and reusable (Wei and Nault 2013). But at the 

same time, information goods are identical to experience goods in that its performance can only 

be evaluated after a protracted usage period: it is impossible for developers to credibly describe 

all aspects of the information good in sufficient detail to communicate its true quality. For this 

reason, consumers would normally engage in comparisons of product attributes among 

information goods, a phenomenon labeled as same-side effects. Building on previous work on 

co-diffusive interactions (Dewan et al. 2010), we scrutinize the effects of cross-product 

interactions among related information goods. The term ‘same-side’ is borrowed from prior 

research on two-sided markets (e.g., Rogers 2003) to denote the mutual influence of similar 

products and characterize imitation effects during innovation diffusion. Increasingly, scholars 

have recognized that innovations do not diffuse in isolation and that interactions among 

overlapping innovations are often deterministic of the diffusion trajectories of innovations (Kim 

et al. 2000). In the same vein, we construe same-side effect as the primary driver of innovation 

diffusion for information goods and define it as the extent to which interdependencies among 

existing information goods increases consumers’ likelihood of adopting related information 

goods. Figure 1 depicts our proposed research model that attests to the effects of functional and 

visual similarity between the focal app being promoted through storytelling and related apps on 

the latter’s demand. 

Figure 1. Research Model 

Functional Similarity 

Within-Developer 

Influence 

Demand for Related 

Apps 

H1+ 

H3 - 

Visual Similarity 

H4 - 

H2 - 
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2.2 Hypotheses Formulation 

A common assumption underlying physical goods is that products with similar attributes will be 

favored by consumers (Lefkoff-Hagius and Mason 1993). This linkage between consumers’ 

judgment of similarity and their product preference is the foundation for imitation strategies. 

Researchers have found that consumer product preferences center on three types of physical 

product attributes, namely characteristics, benefits, and image (Lefkoff-Hagius and Mason 1993). 

These attributes however are not fully applicable to the context of mobile apps due to an absence 

of physical characteristics. Cohen (1979) hence employed the term defining attributes to reflect 

attributes that describe a given product and instrumental attributes to represent attributes that 

illuminate its utility, the combination of which essentially convey the functional benefits of the 

product. Conceivably, consumers are more likely to prefer products with greater functional 

overlap (Lefkoff-Hagius and Mason 1993). We therefore hypothesize that: 

Hypothesis 1: Functional similarity between the focal app being promoted and related apps will 

positively influence consumers’ demand for related apps. 

Beyond functional benefits, there are also studies that have accentuated the symbolic aspects of 

product preferences (e.g., Sirgy 1982). Visual attributes are distinct from their functional 

counterparts in that the former entails the appearance or form of mobile apps whereas the latter 

relates to how they work (Seo and Kim 2002). Visual attributes and functional attributes may be 

activated differently when consumers compare information goods (Jiang and Benbasat 2004). 

Highlighting visual attributes of information goods might be disadvantageous for the diffusion of 

related information goods due to the intangibility of such goods: consumers’ evaluation of the 

visual aspects of information goods tend to be highly subjective so much so that they might 

simply go with the focal product under recommendation. We therefore hypothesize that: 

Hypothesis 2: Visual similarity between the focal app being promoted and related apps will 

negatively influence consumers’ demand for related apps.   

Consumers’ diagnosticity and evaluation of information goods from the same developer will 

undoubtedly be shaped by similarity in both functional and visual attributes (Jiang and Benbasat 

2007). However, we expect the effects of functional and visual similarity on consumers’ demand 

for related apps to differ. Whereas visual attributes are analogous with product appearance that is 

directly observable, functional attributes tap into product performance, which is invisible to 

consumers until usage has actually taken place. Performance diagnosis of information goods thus 

demands greater cognitive effort as compared to their visual counterparts. In other words, we 

expect that within-developer influence would cause consumers to display reluctance in 

downloading related apps from the same developer if these apps do not deviate visually from the 

focal app being promoted. Conversely, if the focal app being promoted and a related app belong 

to the same developer, their functional attributes are likely to converge over time due to newly 

added or upgraded features (Wei and Nault 2013). This in turn bolsters the appeal of the related 

app by minimizing consumers’ learning curve. We therefore hypothesize that: 

Hypothesis 3: Within-developer influence will attenuate the positive relationship between 

functional similarity and consumers’ demand for related apps. 

Hypothesis 4: Within-developer influence will attenuate the negative relationship between visual 

similarity and consumers’ demand for related apps. 
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3. METHODOLOGY

3.1 Data Sample and Analysis 

To validate our research model, we will apply OLS regression analysis on a massive dataset 

containing mobile app descriptions and ranking data on the Apple App Store (IOS) (see Table 1). 

Table 1. Description of Datasets 

Dataset Description 

Set I: 

App 

Description 

Descriptive information of all downloadable apps from the China IOS App Store. 

Contains app icons, app screenshots, developers’ ID, textual descriptions, paid or free 

indicator, subcategory type, release date, updating date, and customer reviews for all 

12,000 apps downloadable on the Apple App Store from March 15th to Sep 15th, 2018. 

Set II: 

App Ranking 

Records 

Consists of more than one million records on app ranking (approximately 10,000 

records per day) from March 15th to Sep 15th in 2018, which include real-time ranking 

data for every app on the primary list updated at several time periods during the day. 

Set III: 

“Today” Tab 

Consists of 184 records for ‘Today’ tab from March 15th to Sep 15th (184 days in total), 

each record includes the title, textural story, pictures, and apps’ listing information.  

Independent Variables: The exogeneous variables are functional and visual similarity. 

Although there could be other indicators (e.g., quality of apps, release date, and number of 

versions), they will be incorporated into our data analysis as control variables. Two methods will 

be applied to calculate the degree of similarity between the focal app being promoted and related 

apps: Natural Language Procession (NLP) and Image Recognition. 

Adhering to the approach of Wang et al. (2018), functional similarity is detected by applying 

NLP on the textual descriptions and customer reviews of mobile apps. Each app will be mapped 

to a vector of features with weightings that are calculated based on the appearing frequency of 

each feature in the text. The functional similarity among apps will be computed by taking a 

cosine of their feature vectors. The functional similarity of app i and app j is defined as fij. The 

cosine similarities of all app-pairs form the square matrix F where Fij = fij. 

Visual similarity is detected by conducting image matching analysis on app icons. We apply the 

Scale-Invariant Feature Transformation (SIFT) advocated by Lowe (1999) and adapted by Wang 

et al (2018). It extracts a core set of features (e.g., image scale, rotation, and illumination) from 

an image that mirrors its most crucial and distinctive informational components. We then match 

the image with another image. The visual similarity of app i and app j is defined as vij. The visual 

similarities of all app pairs form the square matrix V where Vij = vij. 

Dependent Variable: We analyze whether the promotion of a focal app affects the demand of 

related apps in terms of download. We approximate the daily download quantity through the 

calibration method by Garg and Telang (2013) that is based on records of mobile app rankings. 

We conduct daily panel analysis based on the mean downloads for the entire day because as 

mobile app rankings are updated at random times and idiosyncratic errors could occur if the 

period of analysis is too short (e.g., 2 hours). The download quantity of app i on day t is 

formulated as Di,t = mean Di,t,m(t), where m(t) refers to the number of ranking records of day t. 

Downloads Deviation: To remove other unobservable time-varying variables, we have to 

calculate the deviation of downloads from normal downloads of day t. The downloads quantity 
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of app i of day t is formulated as DDi,t = Di,t - E(Di,t ) where the previous 60 days (before day t)’ 

download records will be employed to detect the normal download rate E(Di,t ) for day t. Table 

2 offers a summary of variables in our study. 

Table 2. Description of Variables 

Dataset Description Range  Data Method 

Functional Similarity Continuous [0,1] Data Set I Natural Language Procession  

Visual Similarity Continuous [0,1] Data Set I Scale-Invariant Feature Transform  

Within-Developer Influence Binary {0,1} Data Set I / 

Downloads Continuous / Data Set II Calibration method 

Deviation of Downloads Continuous / Data Set II Calibration method 

3.2 Empirical Model 

We will conduct analyses on the daily panel as follows. We denote the download deviation of the 

recommended mobile app i during day t with DDit, where t = 1~ T. We denote the download 

deviation of the related mobile app j during day t with Djt, where t = 1~ T. We modeled DDit as a 

function of mobile app recommendations on the list L (the treatment variable), Dit = αL+ β Dit + 

λi + φt+ εit.  Second, we modeled DDjt as a function of network effect from app i: DDjt = γNi+ β 

Djt + λj + φt+ εjt. Table 3 offers detailed descriptions for all variables in our empirical model. 

Table 3. Description of Variables 

Symbol Noting Consideration 

Dit Time-varying attributes 

of the original app Dit 

Time-varying characteristics of the original app Dit include: Price, 

updating version, release date, and the number of apps from the 

same developer 

Ni Network effect from the 

focal app i, Ni 

Ni includes three dimensions: Functional similarity, visual similarity, 

and within-developer influence 

λi Time-invariant app 

specific heterogeneity 

captured by the app fixed 

effects λi 

Product fixed effects (λi) to control for app specific time-invariant 

heterogeneity, including any observable (e.g., paid/ free pricing 

type) and unobservable time-invariant app characteristics (e.g., 

inherent quality of the app) 

φt Time fixed effects Daily controls (φt) to account for time trends 

εit Other unobserved 

time-varying variables εit 

Unobserved error term (εit) is assumed to be orthogonal to other 

independent variables 

We will ascertain the aggregate effect of the focal app being promoted on consumers’ demand of 

a related app through hierarchical regression analysis. Moreover, we would perform Difference 

in Difference (DID) testing to rule out heterogeneity among mobile apps and utilize Propensity 

Score Matching (PSM) as a robustness check to avoid selection bias and time lag effects. 

4. EXPECTED CONTRIBUTIONS TO THEORY AND PRACTICE 

While past studies have scrutinized the impact of discrete recommendation styles on firms’ own 

products, they have largely ignored the presence of same-side effect on related ones. To this end, 

we advance a research model that postulates how functional and visual similarity among mobile 

apps can shape consumers’ demand for apps associated with a focal app being promoted through 

storytelling. We further describe the design of empirical study for validating our research model 

that is grounded in the similarity detection method advocated by Wang et al. (2018). Findings 
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from this study can thus yield invaluable insights that can be harnessed by mobile app developers 

and store owners to exploit storytelling as a means of diffusing mobile apps. 
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Abstract 

The emergence of online labor markets have enhanced the efficiency in labor sourcing. There are 

two types of job scheme, contract- and contest-based scheme. The growth of online platforms start 

to provide both of two schemes. Employers are allowed to freely choose one of the schemes to post 

their jobs. However, a question is how to choose between two schemes and in which situation 

employers need to use contest- or contract-based scheme. The purpose of this study is to compare 

the utility of contest- and contract-based schemes in online labor markets, using data from a 

platform that provides both two types of schemes. Our results suggest that jobs posted under the 

contract-based scheme tend to generate higher perceived work quality compared to those posted 

under the contest-based scheme. Then, we further investigate possible reasons and related 

moderators.  

Keywords: Online labor markets, Online contest, Contract, Information 

1. Introduction

The emergence and growth of online labor markets, such as Freelancer, Guru, and Upwork, have 

allowed companies to access a global supply of workers, thereby enhancing the efficiency in labor 

sourcing. Currently, there are two main models of crowdsourcing labor in online markets, namely 

contest-based and contract-based models.  

Contract-based scheme is similar to most offline outsourcing scheme. It lets workers bid first and 

allows employers to evaluate workers’ suitability (e.g., capability, prize, duration, etc.) for the job 

on hand. Then, employers select one specific worker to work for them. Employers and workers 

can have full communication after starting the job. When finishing the jobs, the selected workers 

can get payment. Contest-based scheme offers an extremely cost-effective way to receive and 

compare various solutions from many skilled workers. During contests, employers cannot directly 

communicate with workers individually, but online platforms usually allow employers to give 

feedback to submitted solutions. Thus, workers can modify and re-submit their solutions according 

to employers’ feedback comments. At the end of contests, employers can finally choose and pay 

for only the ones they like. Such is the model used by open innovation platforms like Innocentive 

and Kaggle, and companies (e.g., Coca-cola and PepsiCo) that launch competitions with attractive 

prize money to solicit inputs and solutions from the public.1  

In some online labor market platforms, the two schemes are offered together (e.g. Freelancer, 

99design, and Taskcn). Workers can observe both contract- and contest-based jobs on the same 

1  See http://www.coca-colacompany.com/stories/coca-cola-launches-crowdsourcing-challenges-to-find-next-generat and 

http://kwhs.wharton.upenn.edu/2015/05/lays-lesson-in-brand-awareness/ 
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search-result page. From employers’ perspective, choosing one proper scheme is the first decision, 

which they need to make before posting a job. To enhance the utility of these two schemes for 

getting satisfactory job quality, employers may need to make clear when and why to use contract- 

or contest-based schemes.  

Both of the two schemes have benefits and defects. On one hand, the contest-based scheme allows 

employer tap into a large number of experts outside of its organization, and can select the most 

promising solution from multiple submissions. Conversely, while projects completed under the 

contract-based scheme on online labor markets (e.g., Upwork and Guru) are not subjected to 

competitive effects, an employer could only receive the work output from one selected worker. 

Yet, the receipt of a large number of submissions does not necessarily guarantee the highest work 

quality to an employer. With many competing participants, workers expect their individual chance 

of winning a contest to be low, which can de-incentivize them to exert their best effort. On the 

other hand, the contest-based scheme does not allow employers to directly communicate with their 

workers before submitting their solutions. Studies have shown that hiring biases and the inefficient 

matching of workers to tasks on online labor markets are prevalent because of the information 

asymmetry issues that characterize the online context (Chan and Wang 2017; Pallais 2014). In turn, 

the lack of access to a variety of work submissions from multiple workers might be sub-optimal 

for employers. Thus, there is natural tension in the decision to choose between the two competing 

crowdsourcing models. In particular, it is of interest to understand which model produces higher 

work quality, and the specific situations under which that happens.  

Motivated to address this theoretical ambiguity, we seek to develop insights to aid employers and 

workers gain greater utility for their participation on online labor markets. Specifically, our study 

has three main objectives. First, we aim to empirically assess the relative effectiveness of each 

crowdsourcing model on a large global crowdsourcing site. Second, we aim to uncover the 

nuanced conditions by which each scheme would be most suited for enhancing work quality. In 

particular, we examine how job attributes, such as task complexity and payment level, might 

influence the final job quality under each job scheme. Third, on top of these analyses, we attempt 

to shed light on the underlying mechanisms to explain the relationships that are observed in our 

analysis. 

2. Literature Review

There is a growing number of empirical studies on online labor markets. Most of these studies 

focus on only one type of job schemes. They try to understand factors that can enhance the job 

performance/quality within one job scheme. For example, most participants are primarily 

motivated by monetary incentives. Increasing payments can attract more participating workers for 

a contest-based job (Yang et al. 2009, Liu et al. 2014). The increased number of workers can help 

employers to get satisfactory work quality (Terwiesch and Xu 2008, Liu et al. 2014). Similarly, 

the incentive effect (Wage cut) also influence on the online workers’ work quality of contract-

based jobs (Chen and Horton 2014). However, it is still unknown which types of scheme is 

influenced more by incentive effects (payment and prize) and which scheme is better for low-

payment jobs to get higher quality. Furthermore, prior literature has emphasize the positive effect 

of feedback on contests’ solution quality (Wooten and Ulrich 2017, Jian et al. 2019). While as we 

introduced before, information communication is the benefit of contract-based scheme by nature. 

Although lots of studies emphasized the benefits of using contest-based schemes to get more 

choices on solutions (Terwiesch and Xu 2008), there is lack of research compare the utility 

between these two schemes and actually prove which scheme is advanced.  
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3. Research Context and Data Description 

To answer this set of research questions effectively, we have to address several empirical 

challenges embedded in the study context. First, since most of the online labor platforms tend to 

utilize only one type of crowdsourcing model, there could be inter-platform differences if the work 

quality of projects on a contest-based site is contrasted with that from a contract-based site. Second, 

even if the platform is able offer both contest- and contract-based models, there might be inherent 

project differences across the task types. For instance, a translation task could bear different 

evaluation criteria as opposed to a programming task. Finally, on top of these concerns, projects 

posted within the same task type might also bear inter-project differences, making it difficult to 

attribute the differences in outcomes to the crowdsourcing model utilized. 

We attempt to overcome these estimation challenges by relying on data from a crowdsourcing 

platform that simultaneously offers contest and contract based models. Freelancer, one of the 

largest online labor markets, allows employers to post their projects under these two 

crowdsourcing formats. The platform offers eleven main tasks types, including programming, 

design, writing, administrative, translation, and business-related services. To reduce issues of non-

comparability, we focus on tasks posted in the design type jobs. Furthermore, we utilize propensity 

score matching techniques to identify and select statistical comparable projects so that inter-project 

differences can be minimized in our analyses. The design task category has one of the largest 

numbers of projects posted under the contest model, by which we are able to identify and derive 

comparable contest-based jobs to contrast with contract-based ones. Our dataset contains a total of 

25,890 jobs, spanning from January 2016 to December 2016. In our dataset, we observe the actions 

of 19,755 employers and 49,606 workers. 

For each posted job, we have information on number of required skills (Num_skills), prize award 

(Payment), task duration (Duration), task description (Len_des), and number of feedback provided 

by employers in a contest (Num_feedback). In addition, we have information on workers’ and 

employers’ experience, through their registration time (W_tenure and E_tenure). We rely on 

ratings (Quality) given by employers as a main variable to capture satisfaction towards work 

quality. 

4. Econometric Model and Preliminary Results 

To estimate the effect of each crowdsourcing scheme, we estimate a model of the following 

specification:  

𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑗𝑚𝑑 = 𝛽0 + 𝛽1𝑆𝑐ℎ𝑒𝑚𝑒𝑗 + 𝛽2𝐽𝑜𝑏𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠𝑗 

                                 +𝛽3𝐸_𝑡𝑒𝑛𝑢𝑟𝑒𝑗 + 𝛽4𝑊_𝑡𝑒𝑛𝑢𝑟𝑒𝑗 + 𝑀𝑜𝑛𝑡ℎ𝑚 + 𝜀𝑗                 (1). 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑗𝑚𝑑 = 𝛽0 + 𝛽1𝑆𝑐ℎ𝑒𝑚𝑒𝑗 + 𝛽2𝐽𝑜𝑏𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠𝑗 

                                 +𝛽3𝑆𝑐ℎ𝑒𝑚𝑒𝑗 × 𝑃𝑎𝑦𝑚𝑒𝑛𝑡 + 𝛽3𝑆𝑐ℎ𝑒𝑚𝑒𝑗 × 𝑁𝑢𝑚_𝑠𝑘𝑖𝑙𝑙𝑠 

                                 +𝛽3𝐸_𝑡𝑒𝑛𝑢𝑟𝑒𝑗 + 𝛽4𝑊_𝑡𝑒𝑛𝑢𝑟𝑒𝑗 + 𝑀𝑜𝑛𝑡ℎ𝑚 + 𝜀𝑗                 (2). 

Schemej is a binary indicator that denotes job j with ‘1’ if it is crowdsourced under the contract-

based model and by ‘0’ if it is crowdsourced under the contest-based model. JobAttributesj is a 

vector of job-related controls, including the number of required skills (a proxy for job complexity), 

the payment, job duration, and the length of the job description. We also include worker and 

employer tenure to account for their work and hiring experience on the platform. Finally, a month 

fixed effect are utilized to capture idiosyncratic temporal trends. In addition, we added two 
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interaction terms to capture the moderating effects from jobs’ intrinsic attributes, such as payment 

and task complexity.   

Table 1 summarizes our estimation results. We conducted a basis analysis without interaction 

terms (Column 1), and further assess the main relationship with interaction terms (Columns 2-4). 

Across all columns, we see that the contract-based model produces a higher work satisfaction, 

relative to the contest-based model. Interestingly, this relationship is flipped when we consider the 

moderating effect of price (competition prize) in Columns 2 and 4. The negative coefficient for 

the Scheme × Payment interaction indicates that the satisfaction in work quality depends on the 

price/prize. That is, when the financial reward is high, the contest-based model can result in higher 

satisfaction towards work performed than that from a contract-based model. In addition, from the 

positive coefficient for Scheme × Num_skills interaction, we find that as the job requirement 

becomes more complex, the use of a contract-based model would further enhance the satisfaction 

towards the work quality. These set of results remain similar when we utilize a matched sample 

derived under propensity score matching. We also utilize an IV strategy to instrument for price 

and assess the robustness of the main relationships. Results are consistent under this approach as 

well.  

Table 1: Job Scheme and Work Quality 

Rating  (1) (2) (3) (4) 

Scheme (Contract = 1)  0.18578*** 0.21508*** 0.10749*** 0.13521*** 

  (0.01500) (0.02130) (0.03444) (0.03688) 

Num_skills  0.01327** 0.01426*** -0.00251 -0.00226 

  (0.00537) (0.00540) (0.00824) (0.00824) 

Payment  0.00057*** 0.00091*** 0.00053*** 0.00090*** 

  (0.00018) (0.00025) (0.00018) (0.00025) 

Model × Payment   -0.00069*  -0.00075** 

   (0.00036)  (0.00036) 

Model × Num_skills    0.02657** 0.02797*** 

    (0.01052) (0.01054) 

Duration  -0.00037 -0.00048 -0.00056 -0.00069 

  (0.00176) (0.00176) (0.00176) (0.00176) 

DescriptionLength  -0.00017** -0.00016** -0.00017** -0.00017** 

  (0.00007) (0.00007) (0.00007) (0.00007) 

Ln(E_tenure)  -0.00063 -0.00062 -0.00093 -0.00094 

  (0.00265) (0.00265) (0.00265) (0.00265) 

Ln(W_tenure)  0.00927* 0.00947* 0.00971* 0.00995* 

  (0.00510) (0.00510) (0.00510) (0.00510) 

Time effects  √ √ √ √ 

r2  0.02 0.02 0.02 0.02  

N  11152 11152 11152 11152 

Based on these results, we further explore mechanisms of these heterogeneous effects. We tested 

whether payment amount can increase the number of solvers and the diversity of skillsets in the 

worker pool for contest-based jobs, since these factors can enhance competition effects which can 

in turn lead to higher quality work outputs. To this end, we ran two separate regressions for each 

of the two dependent variables, and found that contest payment indeed increases the number of 

participants and variety of skillsets.  

Table 2. Payment and Participation in the Contest-Based Tasks 

 Number of Workers Workers’ Skill Diversity 

Payment 0.23333*** 0.38966*** 

 (0.00396) (0.01016) 
Num_skills -1.27295*** -1.70887*** 

 (0.14982) (0.38487) 
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Duration 0.02029 0.09932 

 (0.03068) (0.07882) 
DescriptionLength -0.01247*** -0.02648*** 

 (0.00179) (0.00459) 

Num_feedback 0.10140*** 0.25954*** 
 (0.01076) (0.02764) 

E_tenure 0.24392*** 0.71513*** 

 (0.06666) (0.17123) 

Employer time invariant Attributes √ √ 

Time Fixed Effects √ √ 

r2 (r2_a) 0.34 (0.34) 0.18 (0.17) 

Aic 72767.53 89212.16 
Bic 72958.49 89403.13 

N 8715 8715 

Further, we tested how increasing number of workers (number of workers’ skill sets) affect 

worker’s effort and job performance in Table 3. We did two separate tests for these two main IV. 

We found that both of them have a significant negative coefficient on the main variable and a 

significant positive coefficient on the square term. These results show that the number of workers 

(workers’ skill sets) increases, project quality decreases first; when the number of workers 

(workers’ skill sets) increases to a high level, project quality then increases. These findings suggest 

that only when a contest has a very high payment amount, it can attract enough diverse workers 

and then obtain better solution quality; otherwise, there are not enough diverse workers and each 

of them may decrease their efforts and then the solution quality will be lower. Therefore, although 

the interaction term, Scheme × Payment, in table 1 has significantly negative coefficient, the 

positive effect of payment on contest-based scheme can only be captured by enough high payment.  

Table 3. The Effect of Number of Workers on Job Quality 

Solution Quality Ologit Ologit 

  (1) (2) (3) (4) 

Num_workers  -0.00281** -0.01094***   
  (0.00120) (0.00288)   

Num_workers2   0.00009***   
   (0.00003)   

Skill_diversity    -0.00245*** -0.00581*** 

    (0.00051) (0.00166) 

Skill_diversity2     0.00001** 

     (0.00001) 

Task Attributes      

Num_skills  -0.00626 -0.01053 -0.00737 -0.00923 

  (0.02001) (0.02007) (0.01996) (0.01998) 

Duration  -0.00235 -0.00252 -0.00211 -0.00223 

  (0.00404) (0.00404) (0.00404) (0.00404) 

DescriptionLength  -0.00032 -0.00032 -0.00034 -0.00034 

  (0.00024) (0.00024) (0.00024) (0.00024) 

Num_feedback  0.01090*** 0.01137*** 0.01142*** 0.01150*** 

  (0.00194) (0.00196) (0.00195) (0.00195) 

E_tenure  -0.05417*** -0.05415*** -0.05318*** -0.05319*** 

  (0.00901) (0.00901) (0.00901) (0.00901) 

      

Employer time invariant Attributes  √ √ √ √ 

Winner time invariant Attributes  √ √ √ √ 

Time Fixed Effects  √ √ √ √ 

Log-likelihood  -7499.794 -7494.557 -7491.039 -7488.681 

aic  15075.59 15067.11 15058.08 15055.36 

bic  15344.35 15342.95 15326.84 15331.2 

N  8715 8715 8715 8715 
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Besides, we evaluated whether information volume is driving the differences between the two 

types of crowdsourcing models. This test is motivated by the fact that the contest-based format 

limits the amount of communication between employers and workers. We therefore examined the 

quality difference between these two types of tasks using paired t-tests for all matched samples, 

low task-complexity tasks, and high-complexity tasks as the volume of information in contest-

based projects varied. We found support for this mechanism in that the difference in ratings 

diminishes as the volume of information (as measured by the amount of feedback provided in the 

contest-based jobs) between the two schemes become comparable. Especially, in high complex 

jobs, the difference between contract- and contest-based schemes are consistently large. Solvers 

need more information to better understand jobs with higher levels of complexity. This result helps 

to answer why the interaction term, Scheme × Num_skills, is positive. The more complex jobs 

need more information communication to get satisfactory job quality.  

Table 4. Information Volume and Quality Difference 

All Low Complexity High Complexity 

Information 

volume 

Mean of 

difference t-statistic p-value 

Mean of 

difference t-statistic p-value 

Mean of 

difference t-statistic p-value 

<20% -0.2241 -7.0917 0.0000 -0.2230 -5.5910 0.0000 -0.2069 -2.6458 0.0085 

20%~40% -0.2473 -7.8893 0.0000 -0.2097 -5.6541 0.0000 -0.2640 -2.9451 0.0034 

40%-60% -0.2425 -7.7577 0.0000 -0.2195 -5.3343 0.0000 -0.2488 -3.5158 0.0005 

60%~80% -0.2018 -6.7853 0.0000 -0.1742 -4.4998 0.0000 -0.2664 -3.9073 0.0001 

>80% -0.0720 -2.3603 0.0183 -0.0567 -1.2726 0.2035 -0.0667 -1.0936 0.2746 

5. Discussion

In this study, we have examined the utility of job schemes (contest- vs. contract-based schemes) 

on the perceived work quality. Surprisingly, we find that overall contract-based scheme has better 

performance than contest-based scheme. The positive effect of contract-based scheme is enhanced 

by task complexity and weakened by payments. The underlining machine is that information 

communication is an important factor to get satisfactory job quality, which is even optimal than 

having more submission choices. Furthermore, we found that although contest-based jobs are 

expected to include more submissions and high quality, the increased number of workers and skill 

diversity reduce workers’ effort. Only when payment is high enough, the positive effect of having 

more alternative solutions can be perceived. As such, we suggest employers carefully choose 

contest-based scheme when their willing-to-pay is not high enough or the task is highly complex. 
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Abstract: This research aims to explore keyword portfolio decisions in search engine 

advertising (SEA) in a framework of Financial Portfolio Theory, with consideration of 

interactions among keywords and uncertainty in terms of advertising performance. By keyword 

portfolio, we refer to how to segment a set of keywords of interest and determine budgeting 

levels upon segments and over keywords. We present a portfolio model and identify the efficient 

frontier for keywords and segments. Using a realworld panel dataset collected from field reports 

and logs of search advertising campaigns, we evaluate the performance of our keyword portfolio 

model and identified efficient frontiers over keywords and segments, against the portfolio used 

by the advertiser and the uniform distribution portfolio. Experimental results show that our 

keyword portfolio approach has consistently lower variability than the two baselines.  

Keywords: keyword portfolio, financial portfolio theory, search engine advertising, joint 

optimization  

1. Introduction
Search engine advertising (SEA) has evolved into one of the most prominent online advertising

channels. According IAB (2018), SEA accounts for 46 percent of the annual internet advertising

revenue ($88 billion) in the United States. In SEA, advertisers have to select and organize

keywords, and place bids over them in order to display their ads on search engine results pages

as responses to relevant queries issued by search users. Undoubtedly, keywords serve as a bridge

linking advertisers, users and search engines in the SEA bio-system (Yang et al. 2019). In SEA,

for advertisers, how to effectively manage keywords is a critical issue.

In the state-of-the-art literature on keywords management, research effort has been 

extensively invested to explore keyword generation (e.g., Qiao et al. 2017) and keyword 

selection (e.g., Rusmevichientong and Williamson 2006, Lu and Zhao 2014). On one hand, there 

are complex interactions among keywords in the situation where multiple keywords are relevant 

to a given query (Feldman and Muthukrishnan 2008). However, major existing work assumes 

that each keyword acts independently, and then makes advertising on keywords in an individual 

way. Such individualized methods tend to overestimate some keywords but underestimate others. 

Thus, they will inevitably lead to deviations and in turn lower advertising efficiencies. On the 

other hand, less attention has been put to keyword decisions related to advertising structures 

defined by major search engines. SEA is distinctly a structural advertising form, compared to the 

flat structure of traditional advertising (Yang et al. 2017). Recent work on keyword grouping 

(e.g., Li et al. 2018) has emerged in this prospect. In addition to the two arguments discussed 

above, the SEA environment and related factors are highly uncertain (Yang et al. 2013). That is, 

advertisers have to make keyword related decisions before obtaining information of keyword 

performance indexes.  

This research aims to explore keyword organization following search advertising structure 

(i.e., keyword portfolio), with consideration of potential interactions between keywords and 

uncertainty in terms of advertising performance. To this end, we assume that each keyword can 

be viewed as a micro-market analogous to a financial asset such as stock, and take advantage of 

the finance portfolio theory (FPT) (Markowitz 1952) to handle keyword portfolio in SEA. The 
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FPT posits that although assets are selected individually, the performance is measured on the 

entire portfolio, where there exists a trade-off between risk and return. Different from other 

optimization approaches that preferable to non-diversified portfolios, the FPT takes the 

“expected returns-variance of returns” rule to diversify the portfolio which yields maximum 

expected return. We theoretically analyze similarities and differences between typical financial 

portfolios and keyword portfolios in terms of assets, returns, and uncertainty. Like a financial 

portfolio, a keyword portfolio is formed by making choices among SEA market-based assets (i.e., 

keywords) that present different risk–profit characteristics and optimally allocating resources 

over adgroups (e.g., budget allocation) and keywords (e.g., bidding prices setting) to maximize 

the expected revenue. Risk management techniques in finance could be implemented in SEA 

markets to ensure diversity among keywords. In addition, under the principle of the FPT, 

resulting keyword portfolios would avoid the phenomenon of keyword cannibalization, i.e., 

competing among them. 

This research investigates keyword portfolios within a framework of finance portfolio 

theory. First, we build a keyword portfolio model by taking keywords as assets. Specifically, the 

risk function of keyword portfolios is defined by the correlation of each pair of keywords, i.e., 

the covariance between two keywords’ cash flow. We assume that the covariance of advertising 

performance to reflect the potential interactions (e.g., complementary and substitutions) between 

keywords. Moreover, in reference to the financial asset classification, we segment an advertiser’s 

keyword base in their risk–return profiles. Second, we construct efficient frontiers for keyword 

and segment portfolios, to meet various risk-profit preferences. Furthermore, using a panel 

dataset collected from field reports and logs of search advertising campaigns, we test the 

feasibility of our model and efficient frontier against the portfolio used by the advertiser, and the 

uniform distribution portfolio. Experimental results show that our efficient portfolio has 

constantly lower variability than the two baselines and its profit performance is superior in the 

long run.  

2. Keyword Portfolios versus Financial Portfolios
2.1 Assets

First of all, compared to typical financial portfolios, keyword portfolios represent a part of

structural SEA decisions across multiple levels during the entire lifecycle of advertising

campaigns, which are embedded in a far more complex investment management environment

(i.e., SEA).

Second, in financial markets, an investor can compose portfolios from a wide spectrum of 

market sectors that they are probably familiar with. However, an advertiser has to choose among 

a set of keywords relevant to her products (or services) to promote. Moreover, there is no 

guarantee that an ad associated with a keyword will certainly win the display chance in an 

auction; even though it is displayed on a search engine results page, whether potential consumers 

will click or not is also uncertain; and ultimate purchases (e.g., conversions) depends on a lot of 

other factors (e.g., product research, brand maintenance, sales promotion).  

Third, financial assets can be easily identified and readily purchased in parcels of any size, 

which is a continuous process. In contrast, advertisers can choose keywords and change the 

investing proportion assigned to a particular keyword; however, keywords are not infinitely 

divisible.  

Furthermore, an investor who wants to adjust portfolio weights on several industry sectors 

can implement such a change anytime, by selling stocks of one sector (e.g., energy) and buying 
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stocks of another (e.g., technology). Likewise, an advertiser can also dynamically change her 

investment over a set of keywords. However, the advertiser can’t sell keywords.  

2.2 Return 

On one hand, in a financial portfolio, the rate of return is pertinent to the performance of the 

subject firm and the market environment, but is independent of the amount invested (Tarasi et al. 

2011). In contrast, in SEA, marginal returns decrease with the increase of advertising efforts.  

On the other hand, managerial control is among several unique characteristics that 

distinguish keyword investments from financial investments. When an investor determines an 

optimal weight for a particular asset class and then purchases associated securities, which has no 

impact on the risk and return for that asset class. While, advertisers can exert a certain control 

over risk and return characteristics of keyword portfolio through some advertising operations. 

Specifically, investing weights assigned to keywords provide valuable clues for bidding prices 

which determine ad placement. In turn, ad position strongly affects click-through and conversion 

rates. Such that, investing weights over keywords would be related to the return of keyword 

portfolio eventually in SEA.  

2.3 Uncertainty 

In the analysis of investment projects, the concept of risk is related to the investment’s 

uncertainty. Srivastava et al. (1997) classify risk factors in financial markets into three categories: 

external factors, changes in the competitive environment and marketing actions of the firm itself. 

Likewise, search advertising also suffers from three types of uncertainties: disturbance coming 

from market noise (e.g., social hot news makes search volume and click amount of some 

keywords increase sharply), uncertainty stemming from technology evolutions (e.g., search 

engines improve their ranking algorithms for advertising display), and uncertainty originating 

from competitive volatility (e.g., advertisers can adjust their strategy arbitrarily). Similar to 

financial markets, in the keyword portfolio context, the deviation of profit from expected values 

provides a measure of risk.  

3. Keyword Portfolio Model 

In this section, we build a keyword portfolio model. Given keywords            in the target 

set as assets, the decision variable is the vector of keyword weights  ⃗⃗                

where    is the weight of keyword   in the portfolio.  

3.1 Revenue  

Let        ,    , and     (                   ) denote the total number of search 

demands, click-through rate (CTR), value per click (VPC) and cost per click (CPC) of the     

keyword in the time interval  , respectively, and   is the number of intervals during the period 

when a cash flow from keyword    occurs. Then           (       ) represents the profit of 

   in the     interval, and its average value during the entire period is  ̅  
 

 
∑       (     

   

   ). Thus, the expected profit over a set of keywords can be described as the vector form 

                 with    as the mean profit of keyword  . The expected profit of the keyword 

portfolio is given as the sum of the weighted average profit of each individual keyword  

    ⃗⃗     ∑     
 
    ∑   

 
   ∑

 

 
      (       )

 
   . 

3.2 Risk 

In financial markets, the risk is traditionally estimated by using standard deviation (or variance) 

of the cash flow. In our study, we define the risk as volatility or variability associated with cash 

flow obtained from SEA keywords. For each keyword, variance and covariance of cash flow are 

characterized by a variance-covariance matrix V= [

       

   
       

], where       
  

 

   
∑ (     
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̅ ) ∑ ( ) ∑       (       )
 
      is the variance of , and 

∑ ( ̅ )( ̅ ) ∑       (       )      (       )
 
     

 
∑ ( 

)  ∑ ( )  [      ]               represents the covariance between 

and for  . Thus, the risk of the keyword portfolio is     ⃗⃗   ⃗⃗ 

∑ ∑ 
   ∑ ∑ ∑ ∑ ∑ ( 

) ∑ ( ) ∑ ∑ [
 
∑ ( ) ( 

) ∑ ( )  ∑ ( ) ]. 

3.3 Keyword Portfolio Model 

Generally, advertisers are intended to minimize the risk and maximize the expected profitability 

simultaneously. Therefore, the keyword portfolio optimization can be formulized as a 

multi-objective optimization problem, given as follows:  

{∑  ∑ ( )} 

(1) {∑ ∑ ∑ } 

∑ 

∑ ( ) ∑ ( ) 

∑ ( ) ( ) ∑ ( ) ∑ ( ) 

where      ensures that every keyword’s weight is positive, and ∑   
 
      ensures that 

the sum of weights over keywords equals to 1. We can use a quadratic programing approach 

(Feldstein 1969) to solve the model above.  

4. Experimental Validation

In this section, we evaluate our keyword portfolio strategy using a real-world history dataset

containing records of 90 keywords from SEA campaigns by a computer technology training firm,

during a 132-day period, from August 2009 to January 2010.

4.1 Efficient Keyword Portfolio

We can build an efficient keyword portfolio to identify a set of optimal weights over keywords.

To draw the efficient frontier for keyword portfolio, we used the quadprog function in MATLAB

to minimize variance–covariance matrix for a variety of profitability levels. For comparison

purposes, we implement two baselines. BASE1-Current is the portfolio practically used by the

advertiser, and BASE2-Equal represents a strategy to even out advertising investments over

keywords in the portfolio.

As expected, the efficient frontier borders the set of feasible keyword portfolios. From 

Figure 1 and Table 1, we can find that the portfolios of both BASE1-Current and BASE2-Equal 

lie below the frontier. This indicates that the two baselines are suboptimal, compared to our 

approach. More specifically, on the efficient frontier, E6 is an efficient portfolio that provides the 
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profit identical to that generated by BASE1-Current, with the minimum risk. E10 is an extreme 

case with the highest profit as well as the highest risk, which is dominated by keyword   . 

Along the efficient frontier, the profit and risk increase almost linearly from E1 to E9, while the 

risk increases sharply on E10. Hence, it is not simply that the portfolio with the highest profit is 

the best, because high risks might exceed advertisers’ tolerance.  

 
  

Figure 1. Efficient Frontier for Keyword Portfolios Figure 2. Profit of Clusters Figure 3. Efficient Frontier for Cluster 

Portfolios 

4.2 Transactional Segmentation 

In financial markets, market segmentation based on similarities or differences in purchasing 

patterns is called transactional segmentation, which has been used in financial services firms to 

determine patterns that signal defections (Pearson and Gessner 1999). We utilized hierarchical 

clustering analysis of daily keyword performance indexes to segment the keyword set. Using the 

Calinski-Harabasz criterion, a two-cluster solution was robust. Figure 2 illustrates the pattern of 

clusters. From Table 2, through comparisons among clusters, we can find that, even though the 

keyword segmentation was based on keyword risk–return profiles exclusively, the resulting 

clusters show a statistically significant difference in popularity, variability, coefficient of 

variation, keyword reward ratios, and betas that are useful for managerial operations.  
 

Table 1. Efficient Keyword Portfolios Table 2. Cluster Comparisons Table 3. Efficient Cluster Portfolios 

Portfolio Profit Risk 
SR (Profit/ 

Risk) 

Risk 

change 

Base1 3.57 3.28 1.09 -- 

Base2 0.54  0.24  2.26  -- 

E1 0.02  0.02  1.12  -- 

E2 0.73  0.24  3.07  0.22  

E3 1.44  0.54  2.67  0.30  

E4 2.15  0.89  2.42  0.35  

E5 2.86  1.28  2.23  0.40  

E6 3.57  1.81  1.97  0.53  

E7 4.28  2.51  1.70  0.70  

E8 4.98  3.32  1.50  0.80  

E9 5.69  4.18  1.36  0.86  

E10 6.40  5.83  1.10  1.65  

MaxSR 0.25  0.07  3.39  -- 
 

Cluster 1 2 

Profit 6.40  0.47  

Var 34.03  0.05  

CoV 5.32  0.11  

RR 1.10  8.94  

Beta 0.07  0.01  
 

 
cluster1 cluster2 Profit Risk SR 

E1 0.00  1.00  0.49  0.23  2.10  

E2 0.11  0.89  1.15  0.69  1.66  

E3 0.22  0.78  1.80  1.32  1.37  

E4 0.33  0.67  2.46  1.96  1.26  

E5 0.45  0.55  3.12  2.60  1.20  

E6 0.56  0.44  3.77  3.25  1.16  

E7 0.67  0.33  4.43  3.89  1.14  

E8 0.78  0.22  5.09  4.54  1.12  

E9 0.89  0.11  5.74  5.19  1.11  

E10 1.00  0.00  6.40  5.83  1.10  

Base1 -- -- 3.57 3.28 1.09 

Base2 -- -- 3.44  2.92  1.18  

MaxSR -- -- 0.60  0.26  2.33  
 

4.3 Efficient Cluster Portfolio  

In the following we can now build an efficient portfolio for the two clusters by minimizing the 

cash flow variability given a certain level of return, as showed in Figure 3 and Table 3. By 

grouping keywords according to their risk–return and variability characteristics, the resultant 

segments share characteristics that are meaningful and actionable for keyword grouping in SEA 

markets. Similar keyword characteristics are emphasized within a cluster, which makes the 

identification of potential new keywords and estimation of the efficient portfolio much easier. 

Practically, advertisers can apply cluster portfolios at the adgroup level.  

In a cluster, an advertiser can conduct the keyword portfolio strategy to reweight keywords, 

in order to obtain an optimal composition. Two commonly used criteria, namely keyword beta 

and keyword reward ratio, provide useful indexes for choosing the most desirable keywords in 

clusters, which consider the profit simultaneously focusing on individual keywords and the 
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cluster. Keyword beta captures the degree to which an individual keyword contributes to the risk 

of keyword portfolio:          , where        (     ) is the covariance between cash 

flow of an individual keyword (  ) and that of keyword portfolio, and    is the variance of cash 

flow for keyword portfolio. Keyword reward ratio provides the means for evaluating the risk–

reward tradeoff of keywords in the portfolio:        √   , where    represents the profit for 

   and √    represents standard deviation of the profit.  

5. Discussions 

Based on results of keyword and cluster portfolios, we can develop a joint optimization strategy 

with consideration of budget allocation (Shin 2015) and bidding prices simultaneously. On one 

hand, through building an efficient keyword portfolio, we can obtain a vector of weights over 

keywords that offers important reference to bidding prices on them. On the other hand, an 

efficient cluster portfolio provides valuable guidance for budget allocation among adgroups.  

6. Conclusion and Future Directions  

This paper investigates keyword portfolios within a framework of finance portfolio theory. We 

also conducted computational experiments to validate our keyword portfolio strategy by 

comparing with two baselines. Experiment results demonstrate that our strategy outperforms the 

two baselines; and keyword clusters exhibit substantial differences in risk–return profiles. In an 

ongoing work, we plan to (1) improve the keyword portfolio model by considering other relevant 

factors (e.g., semantic relationship, region), (2) based on the keyword portfolio and segments, 

develop a joint optimization strategy, (3) develop a dynamic portfolio model and a corresponding 

time consistent solution for keyword portfolio adjustment. 
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Abstract The shape of response function has been the focus of plentiful research effort in the 

advertising literature. In this paper, we investigate the possible shape of advertising responses 

in SEA, by developing four dynamic econometric models that are derived from the extant 

literature. In our models, the number of clicks is taken as the dependent variable and 

advertising expenditure as the focal independent variable. We also handle the endogeneity 

issues in advertising budget decisions. Based on a realworld dataset that collected from 

campaigns by a large U.S. electronic commerce retailer, we empirically calibrate our models. 

Preliminary empirical results show that 1) the shape of advertising responses is concave, 

rather than S-shaped, 2) the endogeneity in budget decisions is significant, 3) over a certain 

level of advertising expenditure, ads on a higher position receive more clicks than those on a 

lower position on the search engine results pages. These findings provide several critical 

insights for search advertisers.  

Keywords: advertising responses, search engine advertising, econometric models  

1. Introduction 

Search engine advertising (SEA) is a form of online advertising where firms promote their 

products (or services) by having their ads displayed along with organic lists to potential 

consumers on search results pages (Yang et al., 2017). Nowadays, people tend to seek 

information about products through search engines, with the rapid development of electronic 

commerce. Hence, advertisers dispense a significant proportion of their online advertising 

dollars toward SEA. According to Interactive Advertising Bureau (2018), digital advertising 

revenues hit a record high of $49.5 billion in the first half year of 2018, in U.S. alone, where 

search engine advertising accounts for 46.1% of that pie.  

In recent years, SEA has evolved into a complex system where the process from the 

advertising expenditure to the market outcome is highly dynamic and nonlinear (Yang et al., 

2018). On one hand, a variety of reasons have been offered against the constant level of 

advertising budget allocation (Feinberg, 2001), especially in a dynamic advertising 

environment such as SEA (Yang et al., 2015). Note that we use expenditure and budget 

interchangeable in the rest of this paper. Naturally, it’s of necessity to describe the advertising 

response in a time-varying manner. On the other hand, compared to traditional advertising, the 

underlying architecture of SEA is highly complex in terms of auction mechanisms, ranking and 

pricing processes. Several independent, parallelized research have revealed that relationships 

among advertising variables in SEA markets are essentially nonlinear (e.g., Ghose and Yang, 

2009; Agarwal et al., 2011; Jansen et al., 2013). Hence, it calls for a formal analysis on the 

shape of advertising responses in SEA.  

In the advertising literature, whether the shape of advertising responses is either concave 

or S-shaped (Feinberg, 2001), as a further exploration of the relationship between sales (or 

market shares) and advertising, has attracted a great deal of effort. An early advertising study 

by Johansson (1979) showed that the function between sales and advertising is concave, 

revealing decreasing marginal returns on advertising expenditure. Comparatively, as 

evidenced in (Simon, 1969), S-shaped advertising functions capture the phenomena of both 

increasing and decreasing marginal returns on various levels of advertising spending. Extant 

research in the field of SEA can be mainly categorized into the following streams, including 

search auction mechanism design and equilibrium analysis, empirical studies on different 

factors, and strategic advertising behaviors and decisions (Yang et al., 2018; 2019). The 
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objective of this study is to formally analyze the shape of advertising response functions in the 

SEA market, by empirically examining whether it is concave or S-shaped with consideration of 

several inherent SEA characteristics. To the best of our knowledge, this is the first research 

effort in this direction. 

This study empirically investigates the possible shape of advertising responses in SEA, by 

developing four dynamic econometric models that are derived from the extant literature. In 

particular, we take the number of clicks as the dependent variable and the advertising 

expenditure as the focal independent variable. In the meanwhile, our models also encapsulate 

several important advertising factors inherent in SEA including the number of impressions, 

CTR, CPC, and position. Moreover, we address the potential endogeneity issue in decisions of 

advertising expenditure. Based on a realworld dataset that collected from campaigns by a large 

U.S. electronic commerce retailer, we empirically calibrate our advertising models in SEA. 

Empirical results show that controlling for the endogeneity is of necessity for determining the 

effectiveness of SEA; and of most importance, the shape of advertising response in SEA 

exhibits concave, rather than S-shaped. Furthermore, we extend our research by adding the 

position as another independent variable (Model IV). We examine the multicollinearity 

between advertising expenditure and the position. Results of Model IV confirm the concave 

shape of advertising responses. In addition, we find that the position has a non-negligible effect 

on clicks. In particular, over a certain level of advertising expenditure, ads on a higher position 

receive more clicks than those on a lower position on the search engine results pages, which 

states the position effect of SEA in a rather elaborated way. The normative findings of this 

research could facilitate a depth understanding on the market response to SEA efforts, which in 

turn serve as the base for efficient budget decisions in SEA. The reminder of this paper is 

organized as follows. We introduce three econometric models of advertising responses 

(Models I-III) and discuss the endogeneity in budget decisions in Section 2. Section 3 reports 

empirical results of Models I-III. In Section 4, we present an extended model (Model IV) by 

incorporating the effect of position and corresponding estimated results are presented. We 

summarize findings of this research in Section 5. Finally, we conclude this research and outline 

perspectives in Section 6. 

2. Model Formulation  

2.1 Models of Advertising Responses 

The first model (Model I) is a simple but effective model formulation to reflect the concave 

shape of advertising responses, which is given as 

Model I:          
      ,             (1) 

where    is the number of clicks at time t,    denotes the advertising expenditure at time t,    

is the advertising elasticity,    represents the intercept term with    as the parameter,     is 

the error term and                 
  . It is clear to see, when       , the shape of 

advertising responses is concave; when     , it’s linear; and when     , it’s convex.  

Next, in order to capture S-shaped responses, we formulate the following model (Model 

II). 

Model II:                      ，              (2) 

The modeling parameters of Model II (i.e.,   ,   ,  
   and    ) are same as defined in 

Model I, but with advertising effort as            . In terms of the number of parameters, 

Model II is identical to Model I. Through the second-order derivative        , we can see 

that, there exists an inflection point, i.e.,  ̂  
  

 
  , if and only if     . In prior studies (e.g., 

Feinberg, 2001; Vakratsas et al., 2004), different functions that hold S-shaped responses have 

been investigated. In this study, we examine a more complex form (Model III), which are given 

as follows. 

Model III:                           ，             (3) 
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In terms of the number of parameters, Model III is more expressive than Models I and II, 

and with advertising effort as                 . Through the second-order derivative 

 for Model III, we get that the necessary condition under which there exists an 

inflection point  ̂      is that      . Thus,          . 

2.2 Accounting for Endogeneity 

In this research, we are intended to handle the endogeneity in budget decisions by integrating a 

control function. In SEA, advertisers’ budget decisions might be influenced by the number of 

impressions, CTR and CPC. Thus, the advertising expenditure is better to be considered as an 

endogenous variable (Erickson, 1997).The control function approach is a two-stage estimation 

process, which includes extra variables in the empirical specification in order to condition out 

the variation in unobserved factors that are not independent of the endogenous variable (  ).  

In the first stage, we estimate the following model through OLS. 

    (4) 

where    denotes the number of impressions for a given ad at time t,      denotes 

cost-per-click at time t,      denotes the click-through rate at time t,    is the intercept term, 

 is the error term and                 
  . 

In the second stage, taking Model I as an example, we add the control function 

 into the log form of Model I as follows. 

    (5) 

where  is the residuals of the first stage regression,  is the parameter of the control 

function  ,    
  is the error term and  . Note that the error term 

 is different from  in Model I, and assumed to be independent of , according to the 

principle of control function. 

3. Empirical Analysis

In this section we report empirical results by applying three models described in Section 2 (i.e..,

Model I-III) on a realworld dataset of search advertising campaigns. We obtained a dataset

from a large U.S. electronic commerce retailer to support our empirical studies on the possible

shape of advertising responses in SEA. The dataset records search advertising campaigns

during a 33-month period, spanning 4 calendar years, from 30 September 2005 to 09 June 2008,

which contains approximately 7 million records from almost 55000 advertisements. We

estimate three models through the maximum likelihood approach.

3.2 Model Selection

In the following we evaluate model fit statistics by comparing three alternative specifications,

in terms of multiple information criteria including twice the negative log likelihood (-2 LL),

AIC, AICC and BIC. Table 1 gives statistical performance of three models. The values of -2

LL, AIC, AICC and BIC for Model I are much smaller than those for Model II and Model III.

This suggests that Model I performs much better than Model II and Model III to fit the data.

Thus, we can conclude that advertising responses in SEA hardly illustrate S-shaped patterns.

Table 1. Comparison of Model Fit 

Model -2 LL AIC AICC BIC 

Model I -93.808 -85.808 526.846 -67.604

Model II 254.873 262.873 875.527 281.077 

Model III 7.713 17.713 630.034 40.469 

3.3 Budget Endogeneity Correction (BEC) 

In the following we discuss the endogeneity issue in advertising budget decisions in SEA. 

Table 2 shows estimation results of the first stage (Equation 4). We can see that, the number of 

impressions, CTR, and CPC have positive influences on the advertising budget. This confirms 

our assumption about the endogeneity in budget decisions in SEA.  
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Table 2. First-Stage Results of Model Estimates for the Control Function Approach 

Independent Variables Parameter Estimates Standard Errors 95% Confidence Interval 

Intercept [𝑎 ] 1.803*** 0.273 [1.266, 2.341] 

Impressions [𝑎 ] 0.016** 0.005 [ 0.005, 0.026] 

CTR [𝑎 ] 0.387*** 0.031 [0.325, 0.450] 

CPC [𝑎 ] 0.859*** 0.015 [0.829, 0.889] 

Notes: *p < 0.05, **p < 0.01, ***p < 0.001 

3.4 Parameter Estimates 

In this section we focus on empirical results of Model I to determine the shape of advertising 

responses by further examining 𝑐 . Tables 3 and 4 present estimates of modeling parameters 

with and without the endogeneity correction of advertising expenditure.  

Table 3. Second-Stage Results of Model I Estimates for the Control Function Approach 

Independent Variables Parameter Estimates Standard Errors 95% Confidence Interval 

Intercept [𝑐 ] -1.918*** 0.029 [-1.947, -1.889] 

Advertising [𝑐 ] 0.818*** 0.007 [ 0.813, 0.824] 

CF parameter [𝛾] -0.631*** 0.030 [-0.687, -0.575] 

Table 4. Results of Model I Estimates without the Endogeneity Correction 

Independent Variables Parameter Estimates Standard Errors 95% Confidence Interval 

Intercept [𝑐 ] -1.905*** 0.006 [-1.941, -1.868] 

Advertising [  ] 0.812*** 0.028 [ 0.805, 0.819] 

From Tables 3 and 4, we can observe the following phenomena. (1) The CF parameter is 

estimated to be significantly different from zero (       ). This further confirms the 

endogeneity issue in advertising budget decisions in SEA. The negative sign of the CF 

parameter indicates that parameter estimate of advertising expenditure without endogeneity 

correction would be biased downwards. (2) The advertising coefficient 𝑐  is greater than 

zero and less than one and statistically significant (𝑐    8 8, 𝑝       ), in the case with 

BEC (Table 3). Moreover, we can see that, the effectiveness of advertising expenditure (i.e., 

𝑐 ) is underestimated in the case without BEC (Table 4). This is consistent with the negative 

sign of parameter estimate of advertising expenditure. (3) Of most importance, the estimated 

value of advertising coefficient 𝑐  suggests the shape of advertising responses (i.e., clicks) 

towards advertising is concave in SEA. 

4. The Extended Model

In this section, we present an extended model (Model IV) by adding position into Model I as

an additional independent variable, which is given as

Model IV:          
    

 2    ,    (6) 

where denotes the position of an ad in the sponsored list at time t, the other variables (i.e., 

,   ,  
   and    ) are identical to those in Model I. 

There may exist the multicollinearity between explanatory variables: advertising 

expenditure (  ) and position (  ). We take the Variance Inflation Factor (VIF) to measure the 

multicollinearity of model IV (Wooldridge, 2015). According to the literature (Mende et al., 

2013), the VIF value approaching or exceeding 10 implies a multicollinearity problem that 

would lead to biased estimates of modeling parameters. In our case, the highest VIF is for 
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position (V  𝑃     43), far below the established threshold (i.e., 10). This suggests that 

multicollinearity should not be a concern in Model IV. Table 5 illustrates parameter estimates 

of Model IV. 

Table 5. Second-Stage Results of Model IV Estimates for the Control Function Approach 

Independent Variables Parameter Estimates Standard Errors 95% Confidence Interval 

Intercept [𝑐 ] -2.388*** 0.034 [-2.481, -2.296] 

Advertising [𝑐 ] 0.825*** 0.003 [0.820, 0.831 

Position [𝑐 ] 0.098*** 0.007 [0.079, 0.116] 

CF parameter [𝛾] -0.508*** 0.026 [-0.566, -0.451] 

From Table 5, we can see the followings. (1) The parameter estimate of the advertising 

coefficient 𝑐  in Model I and in Model IV only has minor difference (Model I:  8 8; 

Model IV:  8 5). This means that, with position as an additional explanatory variable, 

we can keep the conclusion that the shape of advertising responses is concave in SEA. (2) 

The parameter estimate of position (  ) is statistically significant (      98, p       ). 

On one hand, the positive sign of position parameter suggests that, with a certain amount of 

advertising expenditure, ads on a lower position would obtain more clicks than those on a 

higher position. On the other hand, the parameter estimate of position is turned out to be 

different from zero. This indicates that position has a non-negligible effect on clicks. In prior 

empirical studies (e.g., Jansen et al., 2013; Narayanan and Kalyanam, 2015), researchers 

found the effect of position on clicks that an ad on a higher position will receive more clicks 

than on a lower position. Essentially, our finding does not diverge from prior studies, but 

states the position effect over a certain expenditure level.  

5. Discussions

This research generates several normative findings that provide critical managerial insights

for search advertisers. The first notable finding is that, the shape of advertising responses

(e.g., clicks) towards advertising expenditure is concave, rather than S-shaped. This suggests

diminishing marginal returns in advertising on clicks and the existence of a saturation level of

advertising expenditure in SEA. This is in line with observations by Yang et al. (2015). For

advertisers, it’s reasonable to invest more in the initial stage, and be cautious about budget

decisions in the late stage in order not to waste advertising dollars. Second, the endogeneity

issue in advertising budget decisions is significant in SEA. It leads to some inevitable

consequences in the case without handling the endogeneity. More specifically, compared to

the model with BEC, the effect of advertising expenditure on clicks ( 𝑐 ) will be

underestimated in the model without BEC. Thus, it’s of necessity to handle the endogeneity

issue in advertising budget decisions, while evaluating advertising effects in SEA. This also

echoes Vakratsas et al. (2004)’s appeal considering advertising as an endogenous decision

variable to detect the shape of advertising responses. The third finding concerns the effect of

position on clicks. That is, an ad on a higher position will receive more clicks than on a lower

position on the search engine results pages. Note that our finding states the position effect

over a certain expenditure level, which does not diverge from prior studies. For advertisers

with their goals to obtain more Web traffics, it’s wise to make corresponding strategies to

hold relatively lower positions, rather than struggle for higher positions, which also results in

better advertising efficiencies in terms of returns on investment. Last but not least, the
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outcome of this research could facilitate a depth understanding on the market response to 

SEA efforts, which in turn serve as the base for efficient budget decisions in SEA. 

6. Conclusions and Future Research

In this paper, we explore the shape of advertising responses (e.g., clicks) towards advertising

expenditure in SEA by testing four alternative models on a dataset recording advertising

campaigns by a large U.S. electronic commerce retailer. In order to account for the potential

endogeneity in advertising budget decisions, we handle the endogenous issue through the

control function. This research generates normative findings that provide critical insights for

search advertisers. In our ongoing work, we mainly focus on three aspects: 1) incorporating

more specific factors in addition to advertising expenditure and position and with sales as the

market response; 2) investigating whether S-shaped responses exist by testing our model in

other SEA datasets; 3) investigating the shape of advertising responses in other advertising

forms such as social media advertising.
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How does Bias in Review Influence the Revenue of E-commerce Platform 

Abstract 

Online review suffers from various kinds of bias that can hamper the reliability of the reputation 

system. This study focuses on the impact of review bias on the third-party e-commerce platform. 

We introduce the level of review bias into the utility model and products’ demand and supply 

functions through a transaction-cost factor. Under the two-sided-market theoretical framework, 

we construct a tripartite game model including consumers, retailers, and platforms. When the 

platform charges sellers fixed fees, more review bias yields more transaction cost for both 

consumers and sellers, and thus less revenue for the platform. In a monopoly market, if the 

platform levies per-transaction fees, platform revenue may decrease or increase, depending on 

products’ supply and demand elasticity. However, in a competitive market, a higher review bias 

level yields lower platform revenue. This study provides a theoretical basis for the platform to 

manage review bias and improve its reputation system. 

Key words: Reputation system, Review bias, Two-sided market, Transaction cost 

1. Introduction
Despite the widespread adoption and undeniable importance of reputation system, it suffers from

the following problems. First, online review is similar to “public goods”, which makes the problem

of insufficient supply of spontaneous reporting in reputation system(Goes et al. 2014; Hu et al.

2015). Second , the value of online consumer reviews may bring forth strong incentives for review

manipulating (Dellarocas 2006; Xu et al. 2015). In addition, consumers are often invited to submit

positive reviews and then they will be rewarded by sellers, some consumers will choose positive

reviews although they are not very satisfied but do not intend to return the goods. Obviously, these

reviews are non-authentic(Chen et al. 2017; Wang et al. 2018).

Consumer reviews are the reputation system’s input. The existence of these biases will directly 

affect its effectiveness. The third-party e-commerce platform is regarded as a two-sided market 

(Kai 2018). It is also the provider and maintainer of the reputation system. So how review bias 

affects the platform’s revenue is an urgent concern for the platform. 

This study explores the impact of different levels of bias on platform revenue from a macro 

perspective. The paper offers three main contributions: First, the level of review bias is introduced 

into the utility model and the demand and supply functions in the form of a transaction cost. In this 

way, different types of reporting bias are unified in essence. Second, we construct a tripartite game 

model involving consumers, retailers, and platforms to analyze the impact of review bias on 

platform revenue. This model indicates the process and the mechanism of how the bias influences 

platform revenue. Third, to manage the above review bias, Chen et al. (2017) propose that 

incentives from platforms can lead to more authentic reviews. Therefore, this study will provide 

further theoretical basis for the platform as the main body to manage review bias. 
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2. Literature review
In this study, e-commerce platform refers to a third-party platform that provides services for

buyers and sellers. It typically has the characteristics of a two-sided market (Evans et al. 2005).

Therefore, we first briefly review the related work on two-sided markets. We then examine

research into online review bias, and finally explain the relationship between review bias and

consumers’ online-purchase intentions from the perspective of transaction cost.

2.1 Two-sided market theory 

Assume that the platform charges fees from users on both sides. Under the premise that the total 

fees remain unchanged, the only change to the fee structure is an increase in the fees on one side 

and a corresponding reduction on the other side, so as to change the transaction volume on the 

platform. Such a market is a two-sided market (Rochet et al. 2006). Obvious cross-group 

externalities exist between buyers and sellers connected to the platform. The fee charged by the 

platform to the parties is called the platform pricing level. The pricing strategy are the basis of the 

platform’s profit, as well as the key to sustainable operation and competition. Armstrong 

(2006)has established a relatively complete framework to analyze the pricing strategy of two-sided 

market platforms under different market structures: monopoly, competitive, and competitive 

bottleneck. This study establishes a game model based on Armstrong’s theoretical framework. 

2.2 Online review bias 

Online reviews may suffer from various kinds of bias. If potential consumers’ preferences differ 

from those of earlier adopters, then earlier reviews may be unhelpful to later buyers. This is called 

self-selection bias (Li et al. 2008). There may be purchasing and underreporting bias in online 

reviews (Hu et al. 2015; Hu et al. 2017). In addition, some retailers manipulate online reviews to 

boost product sales, providing inauthentic product information (Li et al. 2016; Mayzlin et al. 2014). 

According to an investigation, 80% of consumers doubt the authenticity of online reviews (Xu et al. 

2015). 

In online shopping environment, the user’s perception of information quality directly affects the 

adoption of information. The most important dimension of information quality is the quality of 

information content, which refers to the authenticity, accuracy, timeliness and integrity of 

information (Gorla et al. 2010). Bias in online review will affect the quality of reputation 

information as well as the effectiveness of reputation system. 

2.3 Transaction costs (fees) and consumers’ willingness to buy online 

To carry out a market transaction, it is necessary to find who you are dealing with, tell people 

trading conditions, negotiate, bargain, draw up contracts, supervise and ensure that the terms of 

the contract are fulfilled. That is to say, market trading involves costs (Coase 1937). Transaction 

cost is due to the incomplete nature of the market mechanism. Just like the friction in physics, there 

is no ideal situation in the real world with no friction at all. That is to say, transaction costs exist 

objectively. What matters is what increases transaction costs. For example, the determinants of 

transaction costs can be divided into three aspects: human factors, factors related to specific 

transactions, and the market environment for transactions (Williamson 1979; Williamson 1998). 

Teo et al. (2004) analyzed the factors that influence consumers’ willingness to purchase online 

from the perspective of transaction costs and found six primary factors affecting consumers’ 

online-purchase transaction costs: product uncertainty, behavioral uncertainty, convenience, 

economic utility, dependency, and asset specificity. Higher transaction costs erode consumers’ 
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willingness to purchase online. Liang et al. (1998)believed that the main reason consumers shifted 

from traditional offline shopping to online shopping was the new mode’s convenience, reflecting 

low transaction costs. The convenience of online purchasing lies in consumers’ ability to quickly 

search for the products they need, obtain relevant information, compare prices online, and even try 

some products, such as CDS and other audio and video products (Eastlick et al. 1999; Teo et al. 

2004). 

With the popularity of e-commerce, the competition among major e-commerce platforms is 

becoming more and more fierce. The competitive advantage of e-commerce platforms lies in 

reducing the online-trading transaction costs. The main factor that influences the transaction cost 

between the seller and the buyer is information asymmetry caused by product-quality uncertainty. 

Each major e-commerce platform has introduced a reputation system to address this asymmetry. 

An effective reputation system can reduce the transaction risk between buyers and sellers, thus 

reducing transaction costs further. 

3. The model 
An e-commerce platform provides a reputation system to gather sellers’ historical transaction 

information to form reputation information, and consumers refer to it to select products. If the 

reputation score in the system does not reflect the quality differences of products, the consumers’ 

transaction costs of shopping will increase. For example, if it is difficult to distinguish the quality 

of products by reputation score, consumers need to search for other information to facilitate 

decision-making, such as viewing more text comments, relying on the comments of relevant 

experts from other channels or buying return insurance to deal with the risk of a possible return. 

Additionally, it will also increase high-quality sellers’ transaction costs. For example, to build trust 

with consumers, high-quality sellers must send more signals about product’s quality. They may 

provide return insurance or allow consumers to return or exchange products without any reason 

within some number of days, which will increase the sellers’ transaction costs. 

At present, under the overall environment of a buyers’ market, the platform generally charges fees 

to sellers, while consumers are free to enter. There are two main ways for the platform to charge 

sellers. One is to charge sellers a fixed fee, also known as a registration fee. And the second is that 

the platform levies its charges on a per-transaction basis. We analyze the impact of online review 

bias on platform revenue under different charging modes in different market structures. 

3.1 The influence of online review bias on a monopoly platform’s revenue 

3.1.1 The impact of review bias on a monopoly platform’s revenue in the fixed-fee mode 

Suppose there is a monopoly e-commerce platform in the market (although a pure monopoly 

platform does not exist, the platform in a certain field can be regarded as a monopoly platform), 

and there are two types of users, consumers and sellers. The platform charges sellers a fixed fee. 

Consumer’s learning cost to enter the platform is assumed to be zero. Whether consumers join the 

platform depends on the expected benefits brought to consumers by joining the platform and the 

transaction of cost purchasing on the platform. According to the network-externality theory of a 

two-sided market, the utility consumers receive from the platform depends on the number of 

sellers on the platform. More sellers on the platform offers consumers more choices and more 

benefits (Teo 2006). Meanwhile, due to the asymmetric information between buyers and sellers in 

e-commerce, consumers will search for a large amount of information to reduce uncertainty before 

purchasing (Heijden et al. 2003). In addition, after the transaction is completed, consumers may 
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face transaction costs such as unsatisfactory negotiation and protection of their rights. Thus, the 

consumer’s utility function is   

            . (1) 

Where   is the consumer’s expected utility from joining the platform,    is the average benefit 

that each merchant on the platform may bring to consumers,    is the number of sellers attracted 

by the other side of the platform, and   is the distance between the consumer and the platform. We 

assume consumers are distributed within the uniform interval of [0, 1], and the platform is at the 

zero position.    is the expected transaction cost for consumers to make transactions on the 

platform and is related to the platform’s review bias. A smaller bias suggests a more effective 

reputation system. Consumers can effectively distinguish high and low quality in commodities 

according to the reputation score, thus reducing the transaction cost. Consumers will choose to join 

the platform only if the expected utility is greater than zero:     , so   
    

  
. That is, if the 

distance from consumers to platform is less than 
    

  
, they are willing to join the platform, so the 

number of consumers attracted by the platform is 

    
    

  
. (2) 

For sellers on the platform, more consumers on the platform offer a greater potential sales volume 

and more benefit for the sellers. The seller’s cost includes fixed service fees paid to the platform 

and the cost of transmitting quality signals to consumers. Assuming that each consumer’s demand 

for products is at most one unit, the merchant’s expected profit is 

              , (3) 

   is the merchant’s expected utility,    is the fixed fee charged by the platform to sellers, and 

   is the number of consumers who join the platform and the sellers’ potential demand. Assuming 

a zero marginal cost of the merchant’s products (which simplifies the calculation without affecting 

the result),   represents the merchant’s expected benefit from per consumer.    is the merchant’s 

transaction cost. If the merchant’s utility is positive, it will choose to join the platform:     , so 

   
     

  
. That is to say, only sellers whose expected average revenue brought by the unit 

consumer is greater than 
     

  
 will choose to join the platform. Then the number of sellers 

attracted by the platform is 

      
     

  
. (4) 

By combining (2) and (4), the number of sellers and consumers on the platform can be obtained, 

   
  

   
 

  

  
√

 

 
 

         

  
 ,    

 

 
 √

 

 
 

         

  
        

The platform’s revenue comes mainly from fixed fees charged to sellers. Assuming the platform’s 

marginal cost is zero, and the platform’s profit is 

        (
 

 
 √

 

 
 

         

  
)  . (5) 

As can be seen from (5), a larger    and    attracts fewer consumers and fewer sellers, reducing 

the platform’s profits. In other words, a greater review bias makes it more difficult for consumers 

458453



to rely on the reputation system to make choices, so the number of consumers and sellers willing to 

join the platform will decrease. The effect of cross-network externality will ultimately damage the 

platform’s interests. 

3.1.2 The impact of review bias on a monopoly platform’s revenue in the transaction-fee mode 

3.2 The influence of review bias on a competitive platform’s revenue 

3.2.1 Impact of online review bias on revenue of competitive platform under fixed fees 

3.2.2 Impact of review bias on revenue of competitive platform under per- transaction charges 

4. Conclusion

Online review bias reduces the effectiveness of reputation system, and increases the transaction 

cost of online trading. We introduce online review bias into the model in the form of transaction 

cost, and build a game model among consumers, sellers and platform. The results show that, in the 

monopoly market, if the platform levies a transaction fee on sellers and sellers do not signal their 

products’ quality, the level of review bias and platform revenue are uncertain in the short term. 

However, in the long run, a greater deviation level reduces platform revenue. If high-quality sellers 

signal the quality, the relationship between level of review bias and platform revenue is related to 

the commodities’ demand and supply elasticity. Meanwhile, the surpluses of both consumers and 

sellers will decrease. In the competitive market with a transaction fee, less bias in the reviews 

yields higher platform revenue. If the platform charges fixed fees, a large level of bias in reviews 

will damage the platform’s interests. 

Funding: This paper is supported by the Natural Science Foundation of China 

(71862027,71874022 and 71431002). 

Reference 

1. Armstrong, M. 2006. "Competition in two‐sided markets," The RAND Journal of Economics

(37:3), pp 668-691.

2. Chen, L., Jiang, T., Li, W., Geng, S., and Hussain, S. 2017. "Who should pay for online

reviews? Design of an online user feedback mechanism," Electronic Commerce Research and

Applications (23) 2017/05/01/, pp 38-44.

3. Coase, R. H. 1937. "The nature of the firm," economica (4:16), pp 386-405.

4. Dellarocas, C. 2006. "Strategic manipulation of internet opinion forums: Implications for

consumers and firms," Management science (52:10), pp 1577-1593.

5. Eastlick, M. A., and Feinberg, R. A. 1999. "Shopping Motives for Mail Catalog Shopping,"

Journal of Business Research (45:3), pp 281-290.

6. Evans, D. S., and Schmalensee, R. 2005. "The industrial organization of markets with

two-sided platforms," Nber Working Papers (3), pp 103-114.

7. Goes, P. B., Lin, M., and Yeung, C. M. A. 2014. "“Popularity Effect” in User-Generated

Content: Evidence from Online Product Reviews," Information Systems Research (25:2), pp

222-238.

459454



8. Gorla, N., Somers, T. M., and Wong, B. 2010. "Organizational impact of system quality,

information quality, and service quality," The Journal of Strategic Information Systems (19:3),

pp 207-228.

9. Heijden, H. V. D., Verhagen, T., and Creemers, M. 2003. "Understanding online purchase

intentions: contributions from technology and trust perspectives," European Journal of

Information Systems (12:1), pp 41-48.

10. Hu, Zhang, N., Pavlou, J., and Paul, A. 2015. "Overcoming the J-Shaped Distribution of

Product Reviews," Social Science Electronic Publishing (52:10), pp 144-147.

11. Hu, N., Pavlou, P. A., and Zhang, J. 2017. "On Self-Selection Biases in Online Products

Reviews," Mis Quarterly (41:2), pp 449-472.

12. Kai, Z. 2018. "Forward-looking agents and pricing strategy in two-sided market," Joumai  of

System Engineering (33:5), pp 637-648.

13. Li, X., Guo, X., Wang, C., and Zhang, S. 2016. "Do buyers express their true assessment?

Antecedents and consequences of customer praise feedback behaviour on Taobao," Internet

Research (26:5), pp 1112-1133.

14. Li, X., and Hitt, L. M. 2008. "Self-selection and information role of online product reviews,"

Information Systems Research (19:4), pp 456-474.

15. Liang, T. P., and Huang, J. S. 1998. "An empirical study on consumer acceptance of products

in electronic markets: a transaction cost model," Decision Support Systems (24:1), pp 29-43.

16. Mayzlin, D., Dover, Y., and Chevalier, J. A. 2014. "Promotional Reviews: An Empirical

Investigation of Online Review Manipulation," Nber Working Papers (104:8), pp 583–590.

17. Rochet, J. C., and Tirole, J. 2006. "Two‐sided markets: A progress report," The RAND

Journal of Economics (37:3), pp 645-667.

18. Teo, T. S. H. 2006. "To buy or not to buy online: adopters and non-adopters of online shopping

in Singapore," Behaviour & Information Technology (25:6), pp 497-509.

19. Teo, T. S. H., Wang, P., and Chang, H. L. 2004. "Understanding online shopping behavior

using a transaction cost economics approach," International Journal of Internet Marketing &

Advertising (1:1), pp 62-84.

20. Wang, Y., Lu, X., and Tan, Y. 2018. "Impact of product attributes on customer satisfaction: an

analysis of online reviews for washing machines," Electronic Commerce Research &

Applications (29), pp 1-11.

21. Williamson, O. E. 1979. "Transaction-Cost Economics: The Governance of Contractual

Relations," Journal of Law & Economics (22:2), pp 233-261.

22. Williamson, O. E. 1998. "Transaction Cost Economics: How It Works; Where It is Headed,"

De Economist (146:1), pp 23-58.

23. Xu, H., Liu, D., Wang, H., and Stavrou, A. 2015. "E-commerce reputation manipulation: The

emergence of reputation-escalation-as-a-service," in Proceedings of the 24th International

Conference on World Wide Web, ACM: Florence, Italy, pp. 1296-1306.

460455



Cooperation of Enterprises with Different Expectations on Future Interaction 

 

Weijun Zeng 

School of Management, Hainan University, Haikou 570228, China 

wjzeng@hainanu.edu.cn 

 

Abstract 
This paper addresses how enterprises’ different expectations on future interaction affect their 

cooperation, in which the expectation on future interaction reflects an enterprise’ willingness to 

continue the interaction. The two-player iterated prisoner's dilemma (IPD) game is applied to 

model this problem. Simulation experiments via a co-evolutionary learning model imply that, if 

one player (representing an enterprise) has higher expectation on future interaction than the 

other, the former may be exploited by the latter, which is mainly because of the former player’s 

higher tendency toward cooperation, which triggers the latter player’s unilateral defection. On 

the other hand, the simulation with noisy games show that the exploitation may be absent in the 

presence of high levels of noise. Moreover, when asymmetrical noise is considered, it is the 

player interfered with higher level of noise that is exploited by its peer, even though the peer may 

have a higher expectation on future interaction.  

 

Keywords: Cooperation, Exploitation, Expectation on Future Interaction, Co-evolutionary 

learning, Iterated prisoner's dilemma game. 

 

1. Introduction 
With the fast development of information technology, the connections between enterprises 

become more direct than before, which provides more chances for enterprise cooperation. On the 

other hand, the cooperative relationships between enterprises change more frequently as well, 

with the technology upgrading or with goals of enterprises altering. It is common sense that 

enterprises may attach different degrees of importance to their mutual relationships, which has a 

significant effect on whether their cooperation can be successful or sustainable. 

 

For example, in 2015, Microsoft announced his new partnership with Xiaomi. MIUI adopted 

Microsoft Azure to provide cloud-storage service for their users. In 2016, MIUI smartphones and 

tablets further pre-installed Microsoft Office and Skype. With both companies having high 

evaluations on their relationship, cooperation can be successfully sustained. On the other hand, 

Tata Motors build a partnership with Skoda to develop cheap, compact cars in India in 2017. 

However, they terminated the cooperation before long since Skoda unilaterally turned to 

Volkswagen Group MQB platform for more cost-effective car development.  

 

Thus, the expectation on future relationship (or future interaction) does affect the successfulness 

of cooperation between enterprises. This can be even more significant when enterprises have 

distinct expectations. Take enterprises having asymmetrical bargaining powers in an alliance as 

an example, the unbalance of power might eliminate the dependency of firms with strong 

bargaining power on those with weak ones who, in contrast, may greatly appreciate the alliance. 

This imparity could entail asymmetry in the two parties’ expectations on future interaction, and 

thus make cooperation difficult to achieve (Inkpen and Beamish, 1997).  
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Noting that the cooperative or uncooperative interaction between enterprises is usually modeled 

with the iterated prisoner's dilemma (IPD) game in the literature (Kurokawa, 2019; Osório, 2018), 

this paper is targeted to address the two-player IPD game with players having different 

expectations on their future interaction, which can help provide insights on how enterprises’ 

different expectations on future interaction affect their cooperation. The co-evolutionary learning 

model, i.e., TNCL, proposed in Zeng et al. (2016), is applied to search the optimal strategies for 

players, which are represented by a 64-bit binary string. 

 

In particular, a player’s expectation on future interaction is parameterized as the probability that 

the player will take part in the next PD move. As a consequence, different expectations may 

cause unilateral dissociation of players. The noiseless game is simulated first, and then the game 

with noise are performed. It is found that the player with low expectation on future interaction 

may exploit the high-expectation player in the noiseless IPD game. That is, the former may 

unilaterally defect in the game while the latter is cooperating. Nonetheless, the exploitation 

disappears when the players’ strategies are disturbed by noise. Moreover, when asymmetrical 

noise is taken into account, it is the player disturbed with the higher level of noise that may be 

exploited, no matter it has a lower or higher expectation on future interaction. 

 

The rest of the paper is organized as follows. Section 2 introduces the IPD model with the 

consideration of players’ different expectations on future interaction. Section 3 presents the 

experimental results. Section 4 concludes with implications for cooperative relationship 

management for enterprises. 

 

2. IPD Game with Players of Different Expectations on Future Interaction 
In one-stage PD game, each player has two choices, i.e., either cooperation or defection. Table 1 

illustrates the payoffs for different combination of the action choices, in which inequalities 

T>R>P>S and 2R>T+S satisfy (Wang and Jia, 2019). Therefore, the defection strategy is the 

better choice for the player no matter what the opponent’s strategy is, but mutual cooperation 

yield the highest joint payoff for the two players.  

 
Table 1 The payoff matrix for the IPD 

  PLAYER 2 

  Cooperation(C) Defection(D) 

PLAYER 1 Cooperation(C) (R, R) (S, T) 

 Defection(D) (T, S) (P, P) 

 

The IPD game is performed by iterating the PD game. Let  1 2 1 2 and 0 , 1      be the two 

players’ expectations on future interaction, respectively, which indicate their willingness to take 

part in the next PD move. Then, the number of the total PD games that the players are expected 

to play can be calculated as    1 1 2 21 1  and 1 1r r     , respectively. The Folk Theorem 

(Fudenberg and Maskin, 1986) has suggested that sufficiently high expectation on future 

interaction supported cooperative equilibrium in the IPD game. However, it did not addressed 

the situation in which players did not share identical expectation.  
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Without loss of generality, we assume that 1 2  , then 1 2r r . In the following, we apply a 

two-population co-evolutionary learning framework, i.e., TNCL (Zeng et al., 2016), to search 

optimal strategies for two players to play the IPD game. In particular, candidate strategies for the 

two players are set to play the 2r -round IPD game. Nonetheless, the fitness of the strategy for 

Player 1 is determined as the average payoff it gets from the first 1r  rounds of the PD games, 

while the strategy for Player 2 averages the 2r  rounds of payoffs as its fitness value. As a result, 

the different expectations of players can be reflected in the co-evolutionary learning process.  

3. Simulation Experiments

Table 2 shows the experimental settings. Six discrete values are considered for 1 2 and   , i.e.,

1 2, 0.8,0.9,0.95,0.98,0.99,0.995   , resulting in 21 scenarios with 1 2, 5,10,20,50,100,200r r  .

The population size of the TNCL model is fixed as 40, and the maximal number of generation is

set as 1,000 to obtain reliable results. The standard payoff values, i.e., T = 5, R = 3, P = 1, and S

= 0, are used (Fogel, 1995; Zeng et al., 2016). Moreover, to consider the effects of external

disturbance on the game outcomes, noise are also incorporated in the simulation.

Table 2 The Experiment Settings 

Parameters Values 

Expectation of future interaction  1 2,      0.8,0.9,0.95,0.98,0.99,0.995

Expected number of PD rounds  1 2,  r r  5,10,20,50,100,200

Population size 40 

The maximum generation 1000 

Payoff values (T, R, P, S) 5,3,1,0 

Level of noise  1 2,     {0,0.1,0.2} 

The noisy game embodies the situation in which players’ actions may be influenced by external 

parties or other factors. For example, enterprises may form alliances with many other rivals at 

the same time; thus, their actions directing at a particular partner might be changed because of 

the other partners’ behavior. Similar to the literature (Arechar et al., 2017), given the probability 

of noise occurrence  1,2i i  , Player i’s action in an PD move will be changed, from

cooperation to defection, or from defection to cooperation, with a probability of i . 

3.1 Emergence of Exploitation in the Noiseless Game when 1 2   and 1 0.95   

Fig. 1 illustrates the average payoffs per move and the average cooperation rates of the two 

players in the noiseless IPD game. Similar to previous studies in Fogel (1995) and Zeng et al., 

(2016), mutual cooperation, with both players’ average payoffs higher than 2.6, can be achieved 

in the IPD game when 1 2 0.95   , i.e., when 1 2 20r r  . Hence, if both players highly 

value their future interaction, then they tend to cooperate with each other. However, exploitation 

may exist when 1 2  , in which Player 1 may unilaterally defect against Player 2 when the 

latter is cooperating, and this exploitation is more significant with 1 0.95  .  

For example, as can be seen in Fig. 1(b), when 1 0.8   and 2 0.9,0.95,0.98,0.99,0.995  , the 

cooperation rate of Player 2 is almost twice of that of Player 1. As a consequence, compared with 

the average payoff for Player 2 (i.e., the high-expectation player), the payoff for Player 1 (i.e., 

the low-expectation player) is higher with a ratio of 57%, 104%, 146%, 155%, or 156%, 
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respectively. This outcome manifests that, in the two-player game, if one has an high expectation 

on future interaction but the other does not, then the former may be exploited by the latter. 
 
An inspection on the players’ strategies provides an explanation for why the low-expectation 

player exploits the high-expectation one in the IPD game. We calculate the possibility of 

cooperation of the two player’s strategies with respect to each bit, respectively, and find that 

Player 1 who holds lower expectation reveals significantly lower cooperation level than Player 2 

at almost each bit. In other words, a high expectation of future interaction drives Player 2 to play 

the IPD game with higher cooperative tendency, which tempts Player 1 to exploit its cooperation. 
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Fig. 1. The (a) average payoffs and (b) average cooperation rates of the two players in the noiseless IPD game.  
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Fig. 2. The average cooperation rates of the two players in the IPD game with noise of: (a) 1 2 0.1   , and 

(b) 1 2 0.2   . 

464459



3.2 Symmetrical Noise Reduces Exploitation while Asymmetrical Noise Reverses Exploitation 

To simulate real-world game environment in which players’ strategies may be disturbed by 

others, we further study the noisy IPD game. It is observed that the cooperative equilibrium is 

difficult to achieve in the noisy IPD game. Fig. 2 show the outcomes with possibilities of noise 

occurrence set as 1 2 0.1    and 1 2 0.2   , respectively. Compared with the results in 

Fig.1, the players are much less cooperative with noise disturbance than without. 

Because individuals or enterprises may encounter different levels of disturbance in real-world 

interaction, we further explore the situation with players’ strategies interfered with asymmetrical 

noise. Figs. 3(a) and 3(b) describe the average cooperation rates of the two players in the IPD 

game with 1 20,  0.2    and 1 20.2,  0   , respectively. It is seen that cooperation is 

still impossible when one player is disturbed by high level of noise but the other is not.  
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Fig. 3. The average cooperation rates of the two players in the IPD game with noise of: (a) 1 20,  0.2   , 

and (b) 1 20.2,  0   . 

On the other hand, different from the game with symmetrical noise, in which the player with 

high expectation of future interaction is always exploited by the one with low expectation, under 

asymmetrical noise, a higher possibility of noise can increase the likelihood that the player who 

it disturbs is exploited by the other player. As shown in Fig. 3(a), when 1 20,  0.2   , the 

asymmetrical noise exacerbates the exploitation from Player 1 on Player 2 because the latter is 

interfered with higher levels of noise. Particularly, in the game with 1 2  , asymmetrical noise 

stills entice Player 1 to exploit Player 2 as long as the latter is disturbed by higher levels of noise. 

Moreover, in the game with 1 20.2,  0   , it can be seen that the original exploiter in the 

noiseless game, i.e., Player 1, is changed into the one being exploited; whereas Player 2, the 

original one who is exploited, is altered into the exploiter (Fig. 3(b)). Thus, the player who is 

disturbed by higher levels of noise seems to be too concerned about the endless mutual defection 

in the presence of noise, which tempts its opponent to exploit its cooperation in the IPD game.  
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4. Conclusion and Implication 
It has long been demonstrated that the emergence of cooperation requires that individuals or 

organizations have sufficiently high chance to meet again so that they have a stake in future 

interaction. For example, when collaborating firms anticipate future interaction, joint patenting 

will be designed to hold the involved parties hostage to ensure the continuity of the cooperation 

(Delerue, 2018). That high expectation on future interaction ensures the evolution of cooperation 

has been verified in the IPD game (Fogel, 1995; Zeng et al., 2016). Nevertheless, the existing 

literature concentrated mainly on the IPD game with players having the same expectation. 
 
In this study, we carry out simulation experiments to determine the impact of players’ different 

expectations of future interaction on the evolution of cooperation in the finite two-player IPD 

game. The results suggest that, if a player holds a rather low expectation, then it may be 

exploitative against a higher-expectation opponent, because the latter presents a fairly high 

cooperative tendency in their interaction. However, the results change when noise is incorporated. 

High levels of noise decrease the cooperative tendencies of the high-expectation players in the 

IPD game, which also restricts the exploitation from the low-expectation players. In addition, in 

the game with players disturbed by asymmetrical levels of noise, it is the player who is interfered 

with the higher level of noise that is exploited by the other player, no matter the latter has a 

higher or a lower expectation on future interaction. The is because, noise can cause unintended 

defections and set up echoes leading players to endless mutual defection, resulting in a loss-loss 

situation for the players. To avoid this situation, the player experiencing the higher level of noise 

is more likely to make a compromise to defection, which entails its opponent’s exploitation. 
 
The above results have some interesting implications. We strongly suggest enterprises to select 

those concerned with future interaction as partners in business, which can help deter opportunism 

and promote cooperation. Nonetheless, if one cannot ensure the proper execution of its strategy 

in the interaction, the failure may be exploited by the peers, leading to unavailing cooperation. 
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Mobile Augmented Reality, Product Sales and Online Consumer Reviews: 

Evidence from a Natural Experiment 

Abstract 

Despite the recent popularity of Augmented Reality (AR) technology, there has been no empirical 

evidence on whether AR is more effective than the traditional way of product presentations for 

online shopping. In this study, we empirically investigate the impact of AR on product sales and 

online reviews. To obtain a credible causal estimation, we leverage a natural experiment on 

Amazon and collect product information and consumer reviews for both AR-enabled products and 

their counterparts over a period of one year. We conduct the data analysis with a difference-in-

differences setup and a panel fixed-effects estimation. Contradictory to one may have expected, 

we find that AR actually decreases product sales. On the other hand, AR increases consumer 

ratings in online product reviews. Taking both findings together, we suggest that AR enables 

consumers to make better-informed purchase decisions.  

Keywords: mobile commerce, Augmented Reality, Amazon sales, online product reviews 

1. Introduction
A particular hurdle for online retailers is allowing shoppers to assess the usefulness and utility of

a product in their intended setting. Thus far, online shoppers can only assess product utility via

written descriptions, product photographs, and videos. This creates a challenge for certain product

categories, such as home décor, where a sense of relative fit with the shoppers’ own space and use

case is essential. Responding to this need, a recent innovation called Augment Reality (AR) is

being deployed on mobile apps for major online retailers. Augmented Reality allows users to

superimpose digital representations of objects on to the real-time imagery of the physical world a

user is situated in. Such technology allows the user to assess, for example, how a sofa fits in an

actual living room in terms of measurements and aesthetics.

Researchers have just begun to unpack the implications of AR for online shopping. The extant 

research has been limited to small-scale lab studies, and their real-life implications for product 

sales and subsequent word-of-mouth evaluations of the product are absent. Moreover, the existing 

studies are based on the previous generation of technology that relies on the web-based application 

(Baytar et al. 2016; Pantano et al. 2017; Rese et al. 2016), which limits online shoppers ability to 

make use of the technology. Moreover, previous studies of AR are limited to product categories 

with small physical sizes such as eyewear or sunglasses (Hilken et al. 2017; Pantano et al. 2017; 

Rese et al. 2016; Yim et al. 2017). The applications of AR to other product categories such as cars 

and furniture only emerge in the past few months, and have yet received research attention. 

This study leverages a unique natural experiment occurred on November 1, 2017, when Amazon 

introduced its AR View feature for its iOS app, for a selected set of products including furniture 

and home décor items. This provides an excellent opportunity for us to assess the real-life, casual 

impact of mobile AR. Leveraging data available on the platform, we study two kinds of outcomes, 

product sales, and consumer reviews. We conduct the data analysis with a difference-in-

differences setup and a panel fixed-effect estimation. Our findings suggest that AR is negatively 

467462



related to product sales but positively related to consumer ratings, which indicates that AR enables 

consumers to make better-informed purchase decisions. 

2. Literature and Hypotheses Development
AR is defined as “the superposition of virtual objects (computer generated images, texts, sounds,

etc.) on the real environment of the user” (Faust et al. 2012 p. 1164). It is similar to virtual reality

(VR) as both aim to enhance or enrich users’ virtual experience. Unlike VR that generates an

entirely artificial digital environment, however, AR uses the existing environment and overlays

artificial information on top of it (Bonetti et al. 2018). In Table 1, we compare AR with other

presentation formats along two dimensions: interactiveness and situatedness. The interactive and

situated nature of AR distinguishes it from VR and other product presentation formats.

Table 1. Comparison of AR and other presentation formats 

Characteristics 
Situated 

Yes No 

Interactive 
Yes Augmented Reality Virtual Reality 

No N/A Images/Videos 

AR technology enables users to manipulate a virtual product in their own places, thus enhances 

consumer value perceptions and decision comfort (Hilken et al. 2017). AR improves consumers' 

understanding of products, provides them with the enjoyment of interacting with the item in real 

time, and saves them transportation and shopping time (Pantano et al. 2017). AR is found to be 

effective for small-sized items in previous experimental studies such as eyewear or sunglasses 

(Hilken et al. 2017; Pantano et al. 2017; Rese et al. 2016; Yim et al. 2017), lipstick (Hilken et al. 

2017), watch (Yim et al. 2017), and apparel (Baytar et al. 2016). AR improves consumers' 

understanding of products, provides them with the enjoyment of interacting with the item in real 

time, and saves them transportation and shopping time (Pantano et al. 2017). 

2.1 Mobile AR and Sales 

AR technology can contribute to product sales due to its unique characteristics. First, the direct 

manipulation and interaction with products can enhance flow, which is one of the key components 

for a compelling online shopping. Flow is “the holistic sensation that people feel when they act 

with total involvement”, in that it is an affective state in which an individual is absorbed and 

engaged in an activity (Nah et al. 2011). The enhanced users’ affective engagement leads to 

positive evaluations of an activity (Jiang and Benbasat 2007). For example, by using AR during 

online shopping, consumers can move, rotate, and zoom in and out a virtual product in their own 

places. That is, AR enables users to participate in modifying the form or content of a mediated 

environment in real time, which encourages users to feel more involvement and engagement in 

online shopping with AR, which provides enjoyable shopping experiences (Yim et al. 2017). 

Positive shopping experiences, in turn, can increase consumers’ purchase intention (Yim et al. 

2017). 

Second, augmented reality can also increase individual psychological ownership for a product, 

which has been found to boost consumer satisfaction and willingness to pay (Jussila et al. 2015). 

According to (Pierce et al. 2001), psychological ownership refers to a personal sense of possession 

for a material or immaterial target (i.e., “This is MINE!”). AR allows consumers to control and 

closely examine a product, by zooming in, rotating and positioning it at an intended setting. The 
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extra effort that consumers put on laying out the product at a location in the physical world, can 

also help them bond with the product. In this sense, AR provides a situated context for consumers 

to build up individual psychological ownership via all three routes, and thus increases consumers’ 

desire to own the product.  

 

Last, it can provide personalized contextual information that increases consumers’ perceived 

diagnosticity (i.e., the extent to which a consumer believes the shopping experience is helpful to 

evaluate a product), which has been shown to indirectly affect purchase intention via attitude 

change (Jiang and Benbasat 2007). Through the interactivity with a virtual product in a real world, 

consumers can more clearly understand how a product can be consumed, evaluate the fit of 

products that otherwise difficult to evaluate via traditional product description, images, or videos, 

and feel more comfortable in making a purchase decision. Everything else being equal, a more 

confident consumer has a higher chance of purchasing a product (Hilken et al. 2017). Meanwhile, 

it is worth pointing out that, as AR allows consumers to better evaluate products, it can also lead 

to fewer blind buys, in which consumers making purchases they would later regret. We thus 

propose the following competing hypotheses: 

 

H1a: Mobile AR is positively related to sales. 

H1b: Mobile AR is negatively related to sales. 

 

2.2 Mobile AR and Consumer Evaluation 

 

We also expect mobile AR to positively influence the valence of product reviews. This is because 

AR-based online shopping can provide consumers with more accurate and directly relevant 

information about product fit and performance so that their purchase decision is more likely a good 

decision. Specifically, mobile AR enables users to manipulate a virtual product in their own places 

(Hilken et al. 2017). During online shopping, consumers have virtual interactions with a product 

by moving, rotating, and zooming in and out the virtual product in a real place. Moreover, AR 

technology makes products be presented more vividly (Jiang and Benbasat 2007; Yim et al. 2017). 

The interactivity and vividness provide abundant information about items visually, qualitatively, 

and quantitatively (Suh and Lee 2005), which may lead consumers to more accurately and 

comprehensively evaluation of the products than non-AR. According to the Expectation-

Confirmation Theory (ECT), the discrepancy between consumers’ expectations and perceived 

performance will influence consumers’ satisfaction after purchasing products (Oliver 1980). 

Consumers will be dissatisfied with the products when a product falls short of expectations (Oliver 

1980), which increasing their chances of leaving a bad product review. AR technology can reduce 

negative disconfirmation by providing abundant product information to consumers, which 

decreases the post-purchase dissatisfaction and reduces negative product reviews. Therefore:  

 

H2: Mobile AR is positively related to post-purchase consumer evaluations. 

 

3. Research Method and Results 
The introduction of AR on Amazon iOS app provides an excellent opportunity for a natural 

experiment because the products left out of the mobile AR debut can serve as a natural “control” 

group. The challenge, however, is that Amazon’s choice of products to enable AR is not random. 

It is possible that some product features may affect Amazon’s AR introduction decision and our 
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dependent variables (sales & online review metrics) simultaneously. For example, Amazon may 

choose to launch AR for products that are especially popular or receive positive reviews. Such 

endogeneity concerns should be carefully addressed to form an accurate causal estimation. To 

mitigate these concerns, we leverage a feature of Amazon that allows us to construct plausible 

control groups, i.e., similar items recommendation. Similar items recommendation is mainly based 

on product features. The resulting recommendations tend to be close substitutes for the present 

product. In contrast, product recommendations that are based on consumer behaviors (e.g. “also 

liked”) may include complementary products (Smith and Linden 2017). Therefore, we use “similar” 

items that are not AR-enabled as control products for our study. 

 

In sum, we have identified a treatment group of 352 AR-enabled products and a control group of 

1,062 similar items across 11 product categories. For each selected product, we collect its product 

information for the period between May 3, 2017 and May 8, 2018, which covers 6 months before 

and after Amazon’s AR debut. Although the actual Amazon sales data are not publicly available, 

several recent studies have used Amazon’s sales rank as a proxy for product sales (e.g., Chen et al. 

2011). Following these studies, we use the reciprocal of ln(sales rank) as an approximate measure 

of sales. For each product, we collect online consumer reviews up to the last day of the study 

window, i.e., May 8, 2018. Each review record contains a timestamp, a rating out of 5.0, the count 

of helpfulness votes received, and the title and text of the review. Consumer post-purchase product 

evaluation is measured by the ratings of the reviews. We employ difference-in-differences (DID) 

to identify the effects of AR technology on product sales and ratings of product reviews.  

 
𝑙𝑛(𝑆𝑎𝑙𝑒𝑠𝑖𝑡+1) =  𝛽1𝑇𝑟𝑒𝑎𝑡𝐷𝑖 +  𝛽2𝐴𝑅𝑉𝑖𝑒𝑤𝐷𝑡 + 𝛽3𝑇𝑟𝑒𝑎𝑡𝐷𝑖 ∗ 𝐴𝑅𝑉𝑖𝑒𝑤𝐷𝑡 +  𝛩𝑋𝑖𝑡 +  𝛼𝑖 +  ɛ𝑖𝑡 . 

𝑙𝑛(𝑅𝑎𝑡𝑖𝑛𝑔𝑖𝑡+1) =  𝛽1𝑇𝑟𝑒𝑎𝑡𝐷𝑖 +  𝛽2𝐴𝑅𝑉𝑖𝑒𝑤𝐷𝑡 +  𝛽3𝑇𝑟𝑒𝑎𝑡𝐷𝑖 ∗ 𝐴𝑅𝑉𝑖𝑒𝑤𝐷𝑡 +  𝛩𝑋𝑖𝑡 +  𝛼𝑖 +  ɛ𝑖𝑡  . 
 

In these equations, i indexes products, t indexes weeks. 𝑆𝑎𝑙𝑒𝑠𝑖𝑡+1 represents the average of the 

reciprocal of ln(salesrank) in week t+1 and 𝑅𝑎𝑡𝑖𝑛𝑔𝑖𝑡+1 represents the average rating of product 

reviews posted in week t+1. TreatDi is the treatment dummy, which is equal to 1 if product i is in 

the treatment group and 0 if the product is in the control group. ARViewDit is a dummy variable 

denoting AR View debut, which takes the value of 0 and 1 for periods before and after the launch 

of AR View feature in Amazon iPhone app, respectively. Xit are a list of control variables that 

indicate product information. The key parameters of interest in these models are β3, our DID 

coefficients, which capture the effect of AR view on product sales and reviews. A set of control 

variables are added to the model, including product age, category, in stock rate, discount rate, the 

count and the average rating of product reviews up to the current period. We also control for year 

and quarter effects. Table 2 describes the basic information of the variables. 

4. Results 
Our estimation incorporates product-level fixed-effects via a within transformation, which allows 

us to control for time-invariant product unobserved heterogeneity. The treatment indicator, TreatDi, 

is cancelled out through this fixed effect estimation. To count for the within-category variance, the 

standard errors are clustered by product category. As shown in Table 3, the DID term, 

TreatDi*ARViewDt, has a negative coefficient on Sales (beta = -0.001; p = 0.012), but a positive 

coefficient on consumer rating (beta = 0.054; p = 0.085), suggesting the sales are lower for AR 

products but consumer ratings are higher. Thus, we find support for H1b and H2. 
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Table 2. Variable description 

Variable Description Obs. Mean Std. Dev Min Max 

Salesit Average of the reciprocal of ln(salesrank) in week t 63,461 0.089 0.018 0.062 0.288 

Ratingit Average rating of product reviews in week t 24,618 4.078 1.177 1 5 

ReviewVol_Tit Total number of reviews up to week t 63,461 129.967 213.704 1.000 2143.000 

Rating_Tit Average review ratings up to week t 63,461 4.174 0.604 1.000 5.000 

NewPriceit Average price for product i in new condition in week t 63,461 129.635 174.474 0.010 1785.990 

Discountit Average discount rate in week t 63,461 0.842 0.185 0.011 1.000 

Instockit Number of days product i is in stock in week t / 7 63,461 0.967 0.168 0.000 1.000 

Ageit Number of weeks since product i being introduced on 

Amazon 

63,461 149.403 100.914 0.000 370.857 

Table 3. Panel Data Regression on Sales and Review Ratings 

DV=Salesi,t+1 DV = Ratingi,t+1 

controls only full model controls only full model 

Salesit 0.819*** 0.818*** -0.506 -0.414

(0.008) (0.007) (0.419) (0.414)

ReviewVol_Tit -0.000* -0.000* -0.000 -0.000

(0.000) (0.000) (0.000) (0.000)

Rating_Tit 0.000* 0.000* -0.697*** -0.700***

(0.000) (0.000) (0.111) (0.112)

NewPriceit -0.000** -0.000** 0.001 0.001 

(0.000) (0.000) (0.001) (0.001) 

Discountit -0.001* -0.001* -0.055 -0.051

(0.000) (0.000) (0.057) (0.057)

Instockit 0.001*** 0.001*** -0.018 -0.016

(0.000) (0.000) (0.076) (0.077)

Ageit -0.000* -0.000* -0.008** -0.006*

(0.000) (0.000) (0.002) (0.003)

ARViewDt 0.001** -0.068

(0.000) (0.038)

TreatDi*ARViewDt -0.001* 0.054+

(0.000) (0.028)

Constant 0.024*** 0.026*** 8.200*** 8.001*** 

(0.002) (0.003) (0.568) (0.623) 

R2 within 0.750 0.751 0.010 0.011 

N 62,180 62,180 23,489 23,489 
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001; Year and quarter dummies are included.

5. Discussion
Despite the popularity and promise of AR technology, there is no empirical evidence about its

impact on consumers' shopping experiences sales relative to the traditional product presentations.

We are among the first studies in investigating the impact of AR on online shopping. Leveraging

a natural experiment and the difference-in-difference technique, we find that the introduction of

AR features decreases sales but increases consumer ratings. The current study makes several

contributions. First, this research contributes to IS and marketing literature, by examining the value

and impact of AR technology on online shopping. Second, the results of this study can also offer

some noteworthy implications for online retailers in harnessing AR technology on their platforms.

In the future development of this paper, we expect that the impacts of mobile AR on product sales

and reviews vary by product categories. To study this heterogeneous effects related to the nuances

of AR effectiveness, we will combine the two dummy variables for the DID term into a single
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dummy variable that takes the value of one for AR-categories after the AR-launch and zero 

otherwise, and interact this single dummy variable with the control variables. It is also urgent to 

check the robustness of the results by using different time windows. 
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Abstract 
This paper explores the impact of group vs. individual gamification mechanisms and users' relevant 

emotional anxiety on their mobile coupon sharing intention. In this study, we develop an empirical 

research model of user anxiety related to gamified coupon sharing behaviors and examine the 

hypothesis underlying such a model. In this research-in-progress study, we propose that compared 

with the individual gamification mechanisms, group-based gamification mechanisms result in a 

lower level of user’s effort cost anxiety, shared content anxiety, social image anxiety and privacy 

anxiety, which then lead to higher user willingness to share their mobile coupons. For the next stage 

of our NSFC-based project, we will carry out empirical experiments involving large sample sizes in 

different research contexts to examine our research model. 

Keywords: gamification, user emotional anxiety, promotion focus user, prevention focus user, 

mobile coupon sharing intentions 

1. Introduction

As an emerging industry, social e-commerce (a.k.a., social commerce) has always maintained a rapid

growth in market size of nearly 51.4%, which is ahead of other traditional e-commerce industries.

New social commerce businesses rely on creating cost-effective products to attract users to share

and place orders through social platforms, so as to enhance online shopping trust and reduce the cost

of e-commerce drainage. Notably, social sharing has become a breakthrough in the development of

e-commerce drainage activities. Various such marketing activities which relies heavily on mobile

social Apps have played a substantial role in ensuring customer stickiness and improving user

experience. Moreover, in its development process, social marketing also evolves from the traditional

form of a relatively limited or fixed time kind of promotion to a more frequent and regular one,

which is conducive to the continuous release of customer demand.

There are various ways of gamifying social marketing, such as social (sharing) coupons and red 

packets, regular group-based flash sale (also called SecKill), multiplayer marketing games, 

augmented reality (AR) red packet games and so on. When gamification meets social marketing, 

this greatly enhances the publicity of marketing activities to targeted consumers. As one of the main 

ways of gamified social marketing, gamified social coupons flooded social commerce sites to 

compete and attract new customers. Relying on WeChat, QQ and other social platforms, users can 

not only get mobile coupons and rewards through interesting game design mechanisms, but also 

share the participation process and discount information with others. Businesses integrate game 

mechanisms into their marketing activities to foster desired behaviors by applying the right 

incentives and rewards, thus making users more willing to participate and share. At the same time, 

these merchants make use of the power of games to establish a breakthrough interaction with most 

of the audience and further obtain users' social chain information to improve user engagement.  

Underlying such a phenomena, "Socialization + gamification" has become the trend of mobile 

coupon sharing design. On one side, merchants take advantage of the accessibility and ease-of-use 
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of mobile terminals, and make use of social platforms to urge users to complete information 

transmission behavior under the dual incentives of emotion and profit. On the other side, due to the 

lack of scientific guidance of gamified social marketing methods, poorly designed gamification 

mechanisms can lead to user anxiety, which subsequently leads to user refusal to participate or opt-

out of such marketing activities. In this study, we particularly focus on group vs. individual based 

gamification mechanisms, due to the wide adoption, yet little justification of either group-based or 

individual based gamification strategies by various App designers. Therefore, this study seeks to 

understand the role of such gamification mechanisms on user emotional anxiety and user mobile 

coupon sharing behaviors. 

2. Theoretical Background

2.1 Gamification and User Emotional Anxiety 

The term “gamification” first appeared in a blog post about digital media, describing it as a way of 

using game mechanics and applying them to other website attributes to increase user engagement 

(Terrill 2008).Before 2010, gamification was referred to as "playful design", "behavioral games", 

"game layer" or "applied gaming". From a systems perspective, gamification is the use of game 

design elements in non-game environments (Deterding et al. 2011). Game design elements have 

different classification characteristics. In recent years, researchers have begun to understand the 

meaning of gamification in more detail (Morschheuser et al. 2017; Su 2016). Increasingly, scholars 

began to focus on the conceptualization of gamification or the influence of gamification in a specific 

context, emphasizing that goal setting and providing immediate and positive feedback on the 

realization of these goals are necessary characteristics of the implementation of gamification (Bui 

et al. 2015). Therefore, Goal-Setting Theory(Locke and Latham 1990) is often applied to explain 

and analyze the influence of gamification features, such as points, badges or leaderboards (Hamari 

2013). Other relevant empirical studies have shown that cooperative, competitive, and 

individualistic gamification mechanisms, such as leaderboards and badges, differ significantly from 

team challenges (Goh and Lee 2011). According to the theory of social interdependence, 

gamification mechanism and its target structure can be divided into individualism, cooperation, 

competition and cooperation-competition (Morschheuser et al. 2017). A large number of 

psychological studies have shown that cooperative mechanisms can make users make greater efforts 

than individualistic or competitive mechanisms. In addition, these studies show that Shared and 

interdependent teamwork scenarios can facilitate the establishment of positive relationships and the 

achievement of goals. 

In existing studies, gamification mechanism has different effects on users' anxiety. Among these 

studies, well-designed gamification systems, such as group or team mechanism, have been proven 

to reduce learners' anxiety and affect their learning motivation and academic performance (Su 2016). 

Gamification methods have also been explored to treat problems such as social anxiety (Miloff et al. 

2015).On the contrary, poorly designed gamification systems may cause problems and troubles to 

users (Werbach and Hunter 2012)，as well as emotional overload and anxiety (Lucassen and Jansen 

2014). Therefore, it is urgent to explore the interaction between gamification and user anxiety in 

the social marketing environment. 

2.2 User emotional anxiety and sharing intention 

From the utilitarian perspective, effort is one of the non-monetary factors that affect user 

participation. (Siegrist et al. 2014). Fundamentally, mobile coupon sharing is a kind of social 

exchange, but the specific costs and benefits of such exchange may depend on the specific situation, 
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so participants may evaluate the possible benefits and costs to decide whether to participate. Once 

users' evaluation of the cost of efforts required exceeds expectations, anxiety will be generated. 

Therefore, effort cost is an important predictor of willingness to share (Agarwal 2000). 

From the hedonic perspective, anxiety generated in social networks is an important factor 

influencing the interaction between users and others. Anxiety generated by social networks includes 

negative evaluation, privacy concern and interaction anxiety (Alkis et al. 2017).Among them, 

negative evaluation includes two parts. On the one hand, there is shared content anxiety, which 

means users are worried about negative evaluation of information content or sharing behavior. On 

the other hand, social image anxiety refers to users' concern that the sharing behavior may trigger 

others' negative evaluation and judgment of them. The dimension of interaction anxiety refers to the 

social anxiety generated in the process of making new friends on social media platforms. This paper 

mainly studies the interaction between users and their friends in the social network, rather than 

actively adding friends, and the question design of this dimension has nothing to do with the question 

in this paper. Therefore, we choose shared content anxiety, social image anxiety and user privacy 

anxiety as the focus of this study. 

2.2.1 Social image anxiety 

Social image anxiety refers to the anxiety caused by individuals' worries about their specific 

impression or image being negatively evaluated (Donath 1999). Information sharers show others the 

coupon information they've collected and share discounts. In the individual gamification mechanism, 

there is no interest sharing between the sharer and the receiver. The purpose of sharing behavior is 

to obtain personal interests and form self-interested personal image, which is not conducive to the 

maintenance of their own image. In the gamification mechanism of team cooperation, the sharer and 

the receiver form a cooperative relationship, share interests, and there are obvious similarities and 

dependencies between users, who show altruistic tendencies while being self-interested 

(Morschheuser et al. 2017), so as to maintain the establishment of personal image.  

Moreover, building a good image is a powerful motivation to actively participate in social media. 

People will share information when they think their image will be improved, otherwise they will 

give up sharing (Donath 1999). However, coupon sharing is actually a pursuit of interests, and such 

social sharing is regarded as utilitarian socialization (Lord and Brown 2003). Utilitarian socialization 

refers to the social behavior which achieves a certain purpose or gain benefits from the others. In 

this way, users try to get utilitarian benefit exchange from each other through "empathic network", 

which will affect the established good personal image. This contradiction between utilitarian and 

empathic social contact will make the sharer feel anxious about the social image and further affect 

the user's behavioral intention. Therefore, this study proposes the following hypotheses:  

H1：Compared with the individual gamification mechanism, the group gamification mechanism 

makes users feel lower social image anxiety. 

H2：Social image anxiety has a negative impact on the sharing intention of mobile coupons. 

2.2.2 Shared content anxiety 

Shared content anxiety refers to the anxiety caused by individuals who worry about the negative 

effects of sharing content, such as the inability to meet the needs of others (Alkis et al. 2017). In the 

system of individual gamification mechanism, the interests of users are independent from each other, 

while in the system of group gamification mechanism, the shared goals among users generate 

interest correlation and form a "community of interests" with common interests. Cooperation 

mechanism provides a hint that coupon sharing behavior is recognized by the society, which can 
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effectively start the user group consciousness, generate strong interdependence between users, and 

make contributions to the benefit of the team through sharing behavior. It creates a sense of stability 

as a team member and can reduce your own anxiety (Morschheuser et al. 2017). 

In addition, the value of coupons is determined by the objective value and subjective judgment. 

Users will take the value of coupons into consideration when choosing whether to share them with 

their friends (Kang et al. 2006b). Information has the characteristics of pertinence. Since different 

people have different cognitive standards, the value judgment of coupon and sharing behavior will 

also be different. If users think it is difficult to meet the value standard of others, they may give up 

the sharing behavior. Therefore, this study proposes the following hypotheses: 

H3：Compared with the individual gamification mechanism, the group gamification mechanism 

makes users feel lower shared content anxiety. 

H4：Shared content anxiety has a negative effect on the sharing intention of mobile coupons. 

2.2.3 User privacy anxiety 

User privacy anxiety refers to the anxiety caused by users' worries about privacy disclosure when 

they share information on social media platforms. (Liu et al. 2013). Cooperative game feature system 

allows team users to complement each other, which can effectively improve task efficiency, reduce 

sharing times and reduce the risk of privacy disclosure. At the same time, a stable social relationship 

is formed between team members based on trust and dependence (Morschheuser et al. 2017), which 

can reduce users' concern about privacy. 

Furthermore, when sharing mobile coupons, users worry that their personal information (accounts, 

passwords and content) will be collected and abused by retailers and social networking platforms. 

Meanwhile users may also worry that the relevant product information and purchase prompt 

information displayed by the coupon link will be disclosed to others, thus giving up the sharing. 

Therefore, privacy-related concerns will also influence users' attitudes towards mobile coupons 

(Alkis et al. 2017). Therefore, this study proposes the following hypotheses: 

H5：Compared with the individual gamification mechanism, the group gamification mechanism 

makes users feel lower user privacy anxiety. 

H6：User privacy anxiety has a negative impact on the sharing intention of mobile coupons 

2.2.4 Effort cost anxiety 

Effort cost anxiety refers to the anxiety of individuals about the cost of time and energy involved in 

activities to achieve goals. (Kang et al. 2006a). When individuals adopt a new technology, 

complexity is always carefully considered. Once they feel complicated and unacceptable when 

sharing mobile coupons, the distribution process can be extremely difficult. However, the group 

gamification mechanism allows team members to complement each other in resources and 

capabilities. This feature just alleviates the barriers to individual acceptance of technical complexity 

and can save time and energy through teamwork (Morschheuser et al. 2017). 

Furthermore, effort cost has a negative impact on economic performance. Consumers believe that if 

the acquisition process is cumbersome and they have to invest a lot of energy and time in learning 

how to use mobile coupons, their financial benefits will be reduced. As the perceived effort of 

consumers increases, the revenue generated by mobile services will be weakened, which will have 

a negative impact on the intention to obtain coupons (Siegrist et al. 2014). Therefore, this study 

proposes the following hypotheses: 

H7：Compared with the individual gamification mechanism, the group gamification mechanism 

makes users feel lower effort cost anxiety. 
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H8：Effort cost anxiety has a negative effect on the sharing intention of mobile coupons. 

2.2.5 User characteristics 

When the target orientation of consumers matches the target pursued in gamified applications, user 

engagement will increase (Higgins 2006). According to the regulatory focus theory, everyone has 

different incentive modes or regulatory focus, promotion focus (the motivation to achieve gains) or 

prevention focus (the motivation to avoid losses)(Van Noort et al. 2008). In social relations, the 

promotion focus individuals are more inclined to consolidate and develop social relations by 

participating in various communicative activities. In contrast, prevention focus individuals simplify 

personal relationships and avoid relationships. Therefore, this study proposes the following 

hypotheses: 

H9: When gamification mechanism is the same, compared with the promotion-focus users, the 

prevention-focus users can perceive higher social image anxiety. 

H10: When gamification mechanism is the same, compared with the promotion-focus users, the 

prevention-focus users can perceive a higher level of shared content anxiety. 

H11: When gamification mechanism is the same, compared with the promotion-focus users, the 

prevention-focus users can perceive higher user privacy anxiety. 

H12: When gamification mechanism is the same, compared with the promotion-focus users, the 

prevention-focus users can perceive a higher effort cost anxiety. 

Therefore, this paper proposes a research model on the influence of system gamification mechanism 

on user anxiety and sharing intention under the background of social coupon sharing, as shown in 

figure 1. 

H6

H4 Mobile Coupon Sharing 

Intention Group vs. Individual 

Gamification 

Mechanisms

H2

Privacy infringment Anxiety

Effort Cost Anxiety

Shared Content Anxiety

Social Image Anxiety

H8
H7

H3

H1

H5

User Emotional AnxietyUser Emotional Anxiety
Moderating  Variables:

User characters (Preventative vs. 
Promotive)

Moderating  Variables:
User characters (Preventative vs. 

Promotive)

Figure 1 Gamified Social Coupon Sharing Research Model 

3. Research Methodology

Based on survey data released by iResearch (iResearch 2017) , young users aged between 18 to 34

are the main group of online shoppers. They are considered as more open to change and like to try

new goods and services. Therefore, the main research objects of this experiment are young

consumers, such as university students, enterprise employees and so on. An independent-samples

between-subject design experiment (2*1) will be adopted in this study (see Table 2 for details).

Before the formal experiment, the experimental team will introduce the experimental process to each

group of users. First, subjects needs to fill in the personal basic information. Afterwards, the

experimental group will send the corresponding first link to each group of subjects, through which

users can download the version 1 of shopping application software to their personal phones. Users

will be asked to open the App, enter the interface of coupon marketing system, and experience the

App for three minutes. Afterwards, they will be asked to fill in the respective questionnaire, which

is developed based on extensively verified scales from literature, namely social image anxiety,
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shared content anxiety, and privacy infringement anxiety (Alkis et al. 2017), effort cost anxiety 

(Siegrist et al. 2014), user prevention/promotion focus characteristics (Higgins et al. 2001), and 

mobile coupon sharing intention (Davis et al. 1989) in the form of 7 point Likert-scales. The 

screenshots of the experimental system are shown in Table 2. At the end of the experiment, 

incentives will be offered to the subjects in appreciation of their efforts. The project team is carrying 

out preliminary experiments in order to confirm the rationality of experimental tools and materials, 

including measurement scales and App design, and further improve the design process of formal 

experiments. 

Table 2 Experiment Design Details 

Gamification 

Mechanisms 

Main Design Process Screenshot of 

Experimental Materials 

Gamification 

Elements 

Individual 

mechanisms 

(1) click "receive immediately" on the home page

to get 10 gold COINS, and the first payment can 

be deducted 2 yuan; 

(2) the "get gold to unlock" game page pop up,

and you can get 10 gold coins for each share with 

a friend; 

(3) every 20 gold coins can unlock one icon to

help the courier, and 9 icons can be successfully 

unlocked for one free delivery. 

Points 

Badges 

Achievement 

Rewards 

Turn-based 

Social sharing 

Group 

mechanisms 

(1) click "receive immediately" on the home page

to get 10 gold COINS, and the first payment can be 

deducted 2 yuan; 

(2) the "get gold to unlock" game page pops up,

and each person can get 10 gold COINS for each 

friend he shares; 

(3) invite friends to form a team to complete the

unlocking task, and the gold coins contributed by 

each member will be counted into the total gold 

coins of the team; 

(4) 20 gold coins accumulated by the team can

unlock one icon to help the couriers, and each 

member of the team can get one free delivery after 

successfully unlocking 9 icons. 

Points 

Badges 

Achievement 

Rewards 

Turn-based 

Social sharing 

Group 

cooperation 

In the formal experiment, our sample size is around 260-300 (about 130-150 people in each group). 

After removing the invalid questionnaires with random and careless answers and incomplete 

answers, we will confirm whether the efficiency of the questionnaire meets the standard of data 

validity, and then carry out further data analysis.  

4. Data Analysis

In this study, SPSS 22.0 will be used for descriptive statistical analysis of all variables in the 

questionnaire. On this basis, we will use SmartPLS 3.0 software to analyze the measurement model 

and structure model of our proposed research model. SmartPLS is an analytical software based on 
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linear regression technology and two-step evaluation process (Brewster 2011). The first step is to 

evaluate the measurement model, including item reliability and validity; the second step is to 

evaluate the structure model, including endogenous structure variance, significance of model path 

coefficient, prediction variance and other important indicators (Anderson and Gerbing 1988; 

Brewster 2011; Chin and Newsted 1999). 

5. Discussion

Users often wonder why social commerce platforms constantly find ways to encourage users to share 

and/or cooperate, such as JD.com, Eleme.it, PinDuoDuo.it, or Taobao.com, particularly focusing on 

the strategy of obtaining e-coupons through social networking and cooperation. Still, what factors 

make a large number of these users feel anxious and give up such activities? In this study, we focus 

on the influence of group vs. individual gamification mechanisms on users' emotional anxiety and 

coupon sharing intention. We propose that the group gamification mechanism can reduce users' 

effort cost anxiety, shared content anxiety, social image anxiety and user privacy anxiety. Further, 

effort cost anxiety, shared content anxiety, social image anxiety and user privacy anxiety also have 

a negative impact on the sharing intention of mobile coupons. Therefore, we propose to design a 

gamified mobile marketing strategy that is more in line with users' interests and needs through 

utilizing the group-based gamification mechanism, so as to reduce user anxiety and increase their 

willingness to participate in such marketing campaigns. 

Based on preliminary research and analysis of existing literature, we believe that gamification 

features of teamwork can attract users to participate in activities by sharing goals and complementary 

abilities, so that more users can work together towards a common goal. At the same time, this feature 

helps users to complete the challenges that are difficult for them to achieve by themselves, and 

reduces the effort required for users to obtain coupons, thus reducing cost of effort anxiety of users. 

Social coupon marketing requires the user to complete the tasks and goals of the game, the user 

needs to pay the corresponding time, resources and energy, if the game design is too complicated 

and takes a lot of personal cost, user perceived coupons financial value will reduce, effort cost 

anxiety increased, which can lead to user participation will decline (Kang et al. 2006a). 

Besides, users can accept the information associated with the team when they discover a coupon 

sharing activity on social marketing, form a cooperative team for the same goal and become a 

member of the community of interests. The information Shared within the team is similar in content 

and has the value of sharing to the team members, so it is easier to gain the interest identity of other 

members, so as to alleviate the shared content anxiety (Alkis et al. 2017). In the process of social 

marketing, although the main purpose of individuals is to obtain sufficient discount value, there are 

differences in the objective evaluation methods of individual value sharing, and the perceived value 

of monetary rewards for the same coupon is different.  

Further, users' value judgment on coupon information is also affected by subjective factors such as 

enjoyment and reliability. Therefore, we believe that shared content anxiety has a negative impact 

on users' sharing intention.  

In addition, as individual or a member of group, everyone wants to create an image that can be 

viewed positively by others. The self-image of an individual includes the individual self and the 

public self. In the collective, the public self is more prominent than the individual self (Lord and 

Brown 2003).In the group gamification mechanism, the sharer and the receiver form a cooperative 

relationship and share interests, which shows the altruistic tendency and helps the user to establish 
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the image of the public self. Therefore, in the scenario of group gamification mechanism, group 

mechanism can significantly reduce social image anxiety. If users are not highly positive about the 

value information and activity information of coupons, users will worry that the recipient will 

prejudice themselves or cause unnecessary disturbance to recipient due to personal sharing behavior, 

thus affecting the good image of individuals in social relations. Therefore, users with high anxiety 

about social image pay more attention to self-presentation, which will protect their personal 

reputation and avoid behaviors that may bring losses, and choose to avoid sharing coupons. We 

believe that social image anxiety has a negative impact on users' sharing intention. 

Moreover, a team is formed between users and friends in the context of teamwork gamification 

feature, which to some extent improves the success rate and efficiency of tasks. Although the essence 

of coupon sharing behavior is not changed, users still need to share information to personal social 

networks, but there is a certain link between team members, and some purchase information needs 

to be shared actively by users, so the fear of privacy disclosure will be reduced. Therefore, we believe 

that group gamification mechanism can significantly reduce user privacy anxiety. Privacy is one of 

the most sensitive issues for users. Once users feel their privacy is threatened, they will immediately 

take protective measures (Liu et al. 2013). In the process of coupon sharing, users' personal 

information and purchase records will be shared through social platforms or third-party marketing 

platforms. In any gamification mechanism environment, there is a threat of privacy disclosure. 

Therefore, it is expected that in the social marketing environment, user privacy anxiety may fluctuate 

greatly and have a significant negative impact on users' sharing intention.  

6. Conclusions and Next Stage of the Project

Based on the integration of existing literature on the basis of systematically, this paper put forward 

the four main emotional anxieties of users participating in social marketing. Then, on this basis, we 

proposed that the teamwork gamification feature can effectively alleviate users' anxiety, promote 

users to share coupon information, and established the research model of gamified social coupon 

sharing. Social coupon, as a sharp tool for Internet marketing, brings considerable benefits to 

merchants. It is an interesting product combining mobile marketing and social network. With the 

help of appropriate gamification design, it can attract and motivate users through game elements and 

game thinking, so as to give full play to the best effect of social coupon marketing. We believe this 

research can not only help merchants rethink the way they interact with consumers, but also improve 

consumer engagement and satisfaction, turn utilitarian social interactions into group cooperation, 

and finally, bring more empathic social experiences to end-users. For the next stage of our project, 

we are currently carrying out large-scale experiments to empirically examine our research model. 

Future studies can consider examine the impact of other gamification elements on user’s coupon 

sharing intention.  
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Retailer Platform’s Coopetition Strategy:  

Join or Not A Competitive Marketplace Platform 

Abstract 

We analyze whether a retailer platform should join a competitive marketplace platform and under 

what conditions such cooperation can be achieved. We develop a game-theoretic model to analyze 

the impact of competition intensity and the commission rate on the profitability of the retailer, the 

marketplace, and the third-party sellers of the marketplace across two cases: cooperation and 

noncooperation. We find that the expansion of competitive market strengthens the competition, 

while the charge of commission fee weakens the competition. When the proportion of single-

homing users of the retailer platform is not high, and the proportion of multi-homing users is not 

high, the marketplace platform can realize cooperation with the retailer platform through offering 

subsidies to it. When the proportion of single-homing customers using marketplace platform is low, 

both the retailer platform and the marketplace platform have incentives to cooperate, and 

cooperation might be a win-win strategy for all the three parties. 

Keywords: Marketplace, Coopetition Strategy, Pricing, Game theory 

1. Introduction

With the rapid development of E-commerce, the marketplace platform has been popular as an

intermediary connecting the customers and sellers. Traditionally, it is common for small sellers to

have incentives to join the marketplace to increase customer awareness level. However, recently

we have observed that some large retailers with their own websites and initial customers also

choose to enter the marketplace platform. Obviously, before cooperation, the large retailer has

been already competing with the marketplace, and consumers in the market either buy on the large

retailer platform or choose products from small sellers in the marketplace. So when the large

retailer enter the marketplace, would this competitive relationship be more intense? Can the large

retailer and marketplace benefit from this partnership? How would the entry of the large retailer

affect the entire system of marketplace? An example of this type of large retailers entering the

marketplace is when Dangdang, the Chinese online book store, opened a store in Tmall, selling

the books which have no significant quality differences with the books of other stores on Tmall.

Similarly, in order to exploit the market, Amazon not only established Amazon China's own

website, but also chose to settle in Tmall in 2012 to sell products that were purchased overseas. In

other words, when a customer wants to buy an e-book reader, on the Tmall platform, he can choose

either Amazon's kindle or other E-readers of the same quality offered by other sellers. Another

example is that Best Buy opened a store on eBay, and most of the products it sells are homogenous

to the products sold by the third-party sellers on eBay. Our research is to address the following

general questions: In what cases can it be profitable to realize cooperation between the retailer

platform and marketplace platform?

2. Literature Review

This paper is mainly related to the literatures concerning the competition and cooperation among

the platforms. Several studies have examined cooperation decisions of competing platform

companies. Kuksov et al.(2017) find that the host store would allow the competitor advertising in-
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store for an undifferentiated product when the commission is high enough. Mantena and 

Saha(2012) study the effect of technology asymmetry in competition and collaboration between 

platforms. Adner et al.(2016) build a Hotelling model to study the compatibility decisions of two 

competing platforms. Different from these researches, we study the issue of online platforms in 

the context of retailing. There also exists authors who consider the situation of sellers joining the 

agency-selling platform(marketplace), exploring the reasons why the platform allows the seller to 

sell products through it. Song et al.(2017) characterize how the initial awareness level and the 

extent of the spillover effect determine the retailer's openness decision for sellers. Jiang et al.(2011) 

show that platform can learn from the seller’s demand and select the successful products when 

letting the third-party sellers sell on its platform. Ryan et al.(2012) study when a seller with own 

website choose to contract with the marketplace and determine which channel in the system to sell 

the product through. Different from these studies, we focus on the impact of market distribution 

and the commission fee on decisions of e-tailer and marketplace platform, considering four types 

of players: the consumers, the retailer platform, the marketplace and the third-party sellers. 

3. The model

The retailer and the marketplace sell substitutable products respectively through their own

platform for price competition. The marketplace adopts the agency model while the retailer adopts

the reselling model. We assume suppliers in the market to single-home, and offer the product for

either platform. The online retailer can choose to realize cooperation with its competitor—the

marketplace platform to sell goods through the marketplace. There exists the indirect competition

among the retailer and the third-party sellers on the marketplace platform. For ease of exposition,

we use A to index retailer platform, T to index marketplace and S to index the existing third sellers

on platform T.

Before the cooperation, a unit mass of consumers is comprised of two types: single-homing users 

and multi-homing users. Single-homing users are loyal to the platform and never purchase 

products through the other platform. Besides, the multi-homing consumers have the option to 

purchase from either platform, and they buy the product from which the derived utility is higher. 

The proportions of single-homing user of A and multi-homing users are separately 𝛼 and 𝛽. 

In our model, the price decisions are made by the retailer and the third-party sellers of marketplace. 

For the multi-homing customers, we adopt the Hotelling model of horizontally differentiation. We 

assume that retailer and the third-party seller of marketplace are separately located at positions 0 

and 1 on a line of length 1. These multi-homing consumers are uniformly distributed along the 

line, whose size is normalized to 1. Each consumer chooses to purchase the product offered by one 

of the two sellers. Consumer utility for each seller is the value a consumer derives from the product 

net the price and disutility from the mismatch between the seller and the consumer’s taste. The 

mismatch is measured by the distance between the platform’s and consumer’s locations on the line. 

We denote 𝑝𝐴, 𝑝𝑆, as the price of the product provided by A and S. Let 𝑣𝑖 represent the value of 

the product from platform, 𝑖𝜖{𝐴, 𝑆} and 𝑣 denote the difference in the product value. Notice that 

𝑡  is the unit mismatch cost. And we assume that 𝑣  is not too large and 𝑡  is not too small. 

Therefore, in this study, for a multi-homing user of platform A and T, the utility obtained from 

player A and S is given by:  

𝑢𝐴
 = 𝑣𝐴 − 𝑝𝐴 − 𝑡𝑥    (1) 

𝑢𝑆
 = 𝑣𝑆 − 𝑝𝑆 − 𝑡(1 − 𝑥)   (2) 
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While after the cooperation, when A’s product is available on platform T, consumers who is single-

homing to the platform T can have the option to buy between A’s product and S’s product. We 

assume that the previous multi-homing users would all purchase through platform T considering 

consumers’ preference to purchase on the platform with a rich product category. In a word, after 

the cooperation, both the multi-homing users and the single-homing users of T can choose to buy 

the products provided by retailer A or seller S on platform T, and the proportion of these customers 

is 1 − 𝛼. And for these customers, we also use the Hotelling model. The utility a customer located 

at x derive from each seller remains the same as in Equation (1) and (2). Furthermore, the 

proportion of single-homing users of platform A is still 𝛼, who are A’s loyal users. 

The sequence of events in the game is as follows. First, both retailer A and marketplace T decide 

to cooperate or not. That is, the retailer decides whether to sell through the platform T, and the 

platform T decides whether or not to allow the retailer to sell on its platform. Next, the platform A 

and third-party sellers of platform T choose their product prices, respectively (which determines). 

Finally, transactions take place between consumers and sellers. 

4. Equilibrium Analysis

In this section, we analyze the equilibriums when the retailer platform keeps noncooperation

strategy and cooperation strategy, comparing the equilibrium prices and profits in two cases.

4.1 Pricing Competition 

Case 1: Noncooperation 
To facilitate comparison, we use N (e.g., 𝑝𝑇

𝑁) for outcome variables in the noncooperation case

and notation J (e.g., 𝑝𝑇
𝐽
) in the cooperation case. We assume the marketplace provider to use an

agency model in which sellers on one side set the product prices and platform T earns a 

commission fee on each product transaction through it. We denote the average commission rate 

as 𝛾. And the revenue for retailer platform, the third-party sellers and marketplace all come from 

its own single-homing users and partial multi-homing users. We denote the marketing cost for the 

product offered on retailer A to be 𝑑, the markeing cost for the product on marketplace T to be c, 

and assume the retailer’s product has a higher cost than marketplace’s product because a higher 

value product is typically associated with a higher cost. By letting 𝑢𝐴 = 𝑢𝑆, the indifferent multi-

homing users’ location, 𝑥 can be defined as 𝑥∗ =
𝑣−(𝑝𝑆−𝑝𝐴)+𝑡

2𝑡
. So the profit functions of three 

parties can thus be formulated as follows: 

𝜋𝐴
𝑁 = (𝛼 + 𝑥∗ ∙ 𝛽) ∙ (𝑝𝐴 − 𝑑) (3) 

𝜋𝑆
𝑁 = [(1 − 𝛼 − 𝛽) + (1 − 𝑥∗) ∙ 𝛽] ∙ (𝑝𝑆(1 − 𝛾) − 𝑐) (4) 

𝜋𝑇
𝑁 = [(1 − 𝛼 − 𝛽) + (1 − 𝑥∗) ∙ 𝛽] ∙ 𝑝𝑆 ∙ 𝛾 (5) 

Case 2: Cooperation 

When the product offered by retailer A are available on marketplace T, the portion (1 − 𝛼) of 

consumers would choose to purchase either product, and they would purchase the product with 

higher consumer utility. They all purchase from the platform T. By letting 𝑢𝐴 = 𝑢𝑆, we can derive 

the indifferent consumer, which is the same as in the non-cooperative case. Similarly, we have 

𝑥∗ =
𝑣−(𝑝𝑆−𝑝𝐴)+𝑡

2𝑡
. In this study, we assume that Platform T charges the same commission fee, 𝛾, 

from retailer A as from the third-party sellers. The profits of platform A come from the product 

sales of single-homing users and product sales of the multi-homed consumers who purchased A’s 
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product. In addition, in the cooperation case, the cost of A’s product on marketplace T would be 

reduced to c. Thus, profit functions of retailer A, the third-party sellers and platform T change to： 

𝜋𝐴
𝐽 = 𝛼 ∙ (𝑝𝐴 − 𝑑) + 𝑥∗(1 − 𝛼)((1 − 𝛾)𝑝𝐴 − 𝑐)  (6) 

𝜋𝑆
𝐽 = (1 − 𝛼)(1 − 𝑥∗) ∙ ((1 − 𝛾)𝑝𝑆 − 𝑐)     (7) 

𝜋𝑇
𝐽 = (1 − 𝛼)(1 − 𝑥∗) ∙ 𝛾 ∙ 𝑝𝑆 + 𝛾 ∙  𝑥∗ ∙ (1 − 𝛼) ∙ 𝑝𝐴    (8) 

In two cases, both retailer A and platform T’s third-party sellers maximize their profits by 

optimally choosing the price of the product. Then we can get the equilibrium prices and profits. 

Table 1: Equilibrium Prices and Profits in Pricing Competition 

Equilibrium Prices Equilibrium Profits 

Non-

cooperation 
𝑝𝐴

∗𝑁 =
1

3
(2𝑑 + 𝑣 +

𝑡(2 + 2𝛼 + 𝛽)

𝛽

−
𝑐

−1 + 𝛾
) 

𝑝𝑆
∗𝑁 =

1

3
(𝑑 − 𝑣 −

𝑡(−4 + 2𝛼 + 𝛽)

𝛽

−
2𝑐

−1 + 𝛾
) 

𝜋𝐴
𝑁∗ =

(𝛽(𝑐+(𝑑−𝑣)(−1+𝛾))−𝑡(2+2𝛼+𝛽)(−1+𝛾))2

18𝑡𝛽(−1+𝛾)2

𝜋𝑆
𝑁∗ = −

(𝛽(𝑐+(𝑑−𝑣)(−1+𝛾))−𝑡(−4+2𝛼+𝛽)(−1+𝛾))2

18𝑡𝛽(−1+𝛾)

𝜋𝑇
𝑁∗ =

1

18𝑡𝛽(−1+𝛾)2 (𝛽(2𝑐 − (𝑑 − 𝑣)(−1 + 𝛾)) +

𝑡(−4 + 2𝛼 + 𝛽)(−1 + 𝛾))(−𝛽(𝑐 + (𝑑 − 𝑣)(−1 +
𝛾)) + 𝑡(−4 + 2𝛼 + 𝛽)(−1 + 𝛾))𝛾   

Cooperation 𝑝𝐴
∗𝐽 =

1

3
(3𝑡 + 𝑣 +

3𝑐(1−𝛼)+4𝑡𝛼

(−1+𝛼)(−1+𝛾)
)      

𝑝𝑆
∗𝐽 =

1

3
(3𝑡 − 𝑣 +

3𝑐(1−𝛼)+2𝑡𝛼

(−1+𝛼)(−1+𝛾)
) 

𝜋𝐴
𝐽∗

=
1

18𝑡(−1+𝛼)(−1+𝛾)
(𝑣2(−1 + 𝛼)2(−1 + 𝛾)2 + 𝑡2(3 +

𝛼 + 3(−1 + 𝛼)𝛾)2 + 2𝑡(−1 + 𝛼)(−9𝛼(𝑐 + 𝑑(−1 + 𝛾)) +
𝑣(−1 + 𝛾)(3 + 𝛼 + 3(−1 + 𝛼)𝛾)) 

𝜋𝑆
𝐽∗ =

(𝑡(3−𝛼+3(−1+𝛼)𝛾)+𝑣(−1+𝛼+𝛾−𝛼𝛾))2

18𝑡(−1+𝛼)(−1+𝛾)

𝜋𝑇
𝐽∗ = −

1

9𝑡(−1+𝛼)(−1+𝛾)2 𝛾 ∙ −9𝑐𝑡(−1 + 𝛼)2(−1 +

𝛾) + 𝑣2(−1 + 𝛼)2(−1 + 𝛾)2 + 𝑡𝑣𝛼(−1 + 𝛼 +
𝛾 − 𝛼𝛾) + 𝑡2(9 − 9𝛼 − 2𝛼2 − 9(−2 + 𝛼)(−1 +
𝛼)𝛾 + 9(−1 + 𝛼)2𝛾2))

4.2 Comparison of two cases 

We compare the equilibria when adopting the cooperation strategy and non-cooperation strategy, 

and examine the conditions under which cooperation strategy is better than the non-cooperation 

strategy. 

Proposition 1 (Price and demand comparison) 

a) If the proportion of multi-homing users is large (𝛽2 < 𝛽 < 1 − 𝛼), after cooperation, both

platform A and T charge higher prices than before, the market share of product A decreases;

b) If the proportion of multi-homing users is moderate (max{ 𝛽1, 𝛽3} < 𝛽 < 𝛽2 ), after

cooperation, platform A charges higher price, platform T charge lower prices than before, the

market share of product A decreases;

c) If the commission rate is small(𝛾 <
𝑑+𝑣−√𝑑2+4𝑐𝑣−2𝑑𝑣+𝑣2

2𝑣
),and the proportion of multi-homing

users falls in a certain range(𝛽3 < 𝛽 < 𝛽1), after cooperation, both platform A and T charge

lower prices than before, the market share of product A decreases;

d) If the commission rate is relatively large(𝛾 >
𝑑+𝑣−√𝑑2+4𝑐𝑣−2𝑑𝑣+𝑣2

2𝑣
),and the proportion of

multi-homing users falls in a certain range(𝛽1 < 𝛽 < 𝛽3), platform A charges higher price,

platform T charge lower prices than before, the market share of product A increases;

e) If the proportion of multi-homing users is small(0 < 𝛽 < min {𝛽1, 𝛽3, 1 − 𝛼}), both platform
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A and T charge lower prices than before, the market share of product A increases. 

Where: 𝛽1 =
−𝑡+𝑡𝛼2+𝑡𝛾−𝑡𝛼2𝛾

−𝑐+𝑑−𝑡+𝑐𝛼−𝑑𝛼−𝑡𝛼−𝑑𝛾+𝑡𝛾+𝑑𝛼𝛾−𝑡𝛼𝛾
, 𝛽2 = −

2𝑡(2−3𝛼+𝛼2)(−1+𝛾)

𝑐−𝑑+4𝑡−𝑐𝛼+𝑑𝛼−2𝑡𝛼+𝑑𝛾−4𝑡𝛾−𝑑𝛼𝛾+4𝑡𝛼𝛾

𝛽3 =
𝑣(−1+𝛼)(−1+𝛾)−𝑡(−1+𝛼+𝛾+𝛼𝛾)

𝑐+(𝑑−𝑡−𝑣)(−1+𝛾)
. 

From proposition 1, on the one hand, cooperation increases the competition because of the 

expansion of available competitive market. When switching from the non-cooperation strategy to 

the cooperation strategy, the proportion of customers who can choose to purchase either product 

increases from 𝛽 to 1 − 𝛼 . And the increase in competition is reflected by the proportion of 

single-homing users of marketplace T. On the other hand, cooperation reduces the competition due 

to the charge of commission fee. Because in the cooperative case, platform T charges a commission 

fee to retailer A, which will increase the cost of A. So, whether the prices increase or decrease 

after the cooperation depends on the two forces which dominate, which would further affect the 

market share of two products. 

Proposition 2 (Profit comparison) 

a) If the proportion of multi-homing users is relatively high (𝛽4 < 𝛽 < 𝑚𝑖𝑛{𝛽5, 1 − 𝛼}), and

the proportion of single-homing users of A is relatively high(𝛼1 < 𝛼 < 1)，platform A’s profit

increases after cooperation.

b) If the proportion of multi-homing users is relatively high(𝛽7 < 𝛽 < 𝑚𝑖𝑛{𝛽6, 1 − 𝛼}), and the

proportion of single-homing users of A is relatively high(𝑎2 < 𝛼 < 1), there have: third party

sellers’ profit increases after cooperation.

c) If the proportion of multi-homing users is relatively high(𝛽9 < 𝛽 < 𝑚𝑖𝑛{𝛽8, 1 − 𝛼}), and the

proportion of single-homing users of A is relatively low(0 < 𝛼 < 𝛼3), platform T’s profit

increases after cooperation.

d) If the proportion of multi-homing users is quite high (𝛽10 < 𝛽 < 1 − 𝛼), total profit of A and

T increases after cooperation when regarding platform A and T as a whole.

Figure 2. Cooperation and non-cooperation distribution 

Proposition 2 prescribes the optimal strategies of retailer A, the third-party sellers S and the 

marketplace T. To make it more concrete, we use the case with γ=0.2 and γ=0.4 in figure 2. As 

shown in the figure, when the proportion of multi-homing users is high, and the proportion of 

single-homing users of A is high (Region Ⅰ in case 1 and 2), the retailer A choose to join the 

marketplace T, and this decision is willing to be accepted by marketplace T and third-party sellers; 

when the proportion of single-homing users of A and the proportion of multi-homing users is 
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moderate, and the commission rate is low (Region Ⅱ  in case 1), both the retailer A and 

marketplace T are willing to cooperate although the third-party sellers would be hurt; when the 

proportion of single-homing users of A is low, and the proportion of multi-homing users is not 

high (Region Ⅱ in case 2, Region Ⅲ in case 1), marketplace T would give retailer A subsidies to 

realize cooperation. In other cases(Region Ⅳ in case 1, Region Ⅲ in case 2), retailer A and 

marketplace T have no incentive to cooperate.  

The intuition is as follows: When the proportion of single-homing users of T is low, the 

competition market expansion due to the cooperation is not too large, and as the commission fee 

is charged, the competition is reduced, both retailer A and marketplace T can benefit from the 

cooperation. When the proportion of single-homing users of A is not high, and the proportion of 

multi-homing users is not high, after cooperation there is more competition. The profit of platform 

A would be reduced because of substantial decrease in product price, and platform T could ensure 

the increase of total profit to realize cooperation with A through subsidies.  

4. Conclusion
We examine under what conditions cooperation with a competitive marketplace platform may be

a beneficial strategy for the retailer platform by joining the marketplace. We find that the market

distribution ratio and the commission fee influence the retailer’s and third-party sellers’ price

strategies. Moreover, these factors also influence the optimal decisions of three parties including

retailer platform, marketplace platform, and third-party sellers on the marketplace platform. When

the proportion of single-homing users of retailer platform is not high, and the proportion of multi-

homing users is not high, marketplace platform would benefit by inducing retailers to sell products

through its channel through subsidies. When the proportion of single-homing customers using

marketplace platform is low, both retailer platform and marketplace platform can obtain more

profits through cooperation, and the win-win can be achieved even including the third-party sellers.
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Abstract 

The efficiency of taxi services in big cities influences not only the convenience of peoples’ travel 

but also urban traffic and profits for taxi drivers. With the help of information sharing, many 

efforts have been made to improve transportation system, i.e. ridesharing platform. To maintain 

more active users, such platforms share the demand of customers to both taxi drivers and the 

drivers with unutilized personal vehicles. They aim to increase the matching between demand and 

supply as well as fully utilized some idle vehicles. However, how this information sharing affects 

drivers' benefits are still open question. Therefore, it is essential to study and better understand 

previously unobservable driver's individual decision-making processes. In this paper, we focus on 

the taxi drivers who can decide to open information sharing to take orders from these online 

platforms or just drive based on personal experience. This new ordering service may potentially 

affect the optimal strategies of taxi drivers since now they have chance to reduce at least 

uncertainties one period ahead with the information. Specifically, we explore how to use dynamic 

discrete choice model integrated with machine learning to optimize taxi driving strategies for 

global profit maximization. The optimization problem is formulated as a Markov decision process 

for the whole taxi driving sequence. Utilizing historical transaction data in Beijing, China, the 

estimation is conducted to get the coefficients of drivers' utility function. The results show that our 

method improves profits and efficiency for taxi drivers and increases matching probability 

between passengers and taxi drivers. Based on our setting, several different policies are evaluated 

to test the impact of information on both passengers and drivers. 

Keywords: Discrete choice model, Single Agent Dynamics, Dynamic Programming, Machine 

learning, Latent class analysis 

1. Introduction
In many major metropolitan areas around the world, the taxi industry is a key component as a

semipublic transportation. Taxi’s 7-24 availability complete the gaps of the other public transport

modes. According to Joshi (2017), more than 13,000 yellow medallion taxis serves over one

million passengers per day. However, inefficiency in the taxi markets still lead to low matching

rate between customers and taxis, thus inducing high wait times for customers (Li et al. 2011). For

example, in New York City, the average taxi occupancy during weekday rush hours was only 56%

in 2014. Most taxi drivers intentionally avoid working during peak hours despite of the huge

customer demand within these peak periods (Gan et al. 2013).  This dilemma is mainly due to the

fact that taxi drivers’ congestion costs are not reflected in the current taxi fare structure.

The introduction of information technology has changes taxi industry a lot. Traditionally, taxi

drivers take order mainly from customers’ hailing on road. Thus, the driver’s location plays an

important role in successful matching. In the meantime, we should be aware that different drivers

have different levels of experience, which affect their own profits. Obviously, more experienced

drivers can make their driving more profitable by driving in the area with higher demand. However,

apart from these traditional ways, customers nowadays sometimes order taxi online. Since some
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customers may trust taxi more compared with personal vehicles. Several online plat-forms now 

provide real-time demand and supply information to connect customers with drivers. Intuitively, 

this information sharing should help drivers to make better decisions because it eliminates the 

uncertainty of customer’s destination before the customer walks in. However, whether it really 

benefits drivers so that they are willing to take order from online platform is unclear. This paper 

aims to use individual behaviors optimization, specifically, dynamic discrete choice model to 

understand how individual drivers make their decisions and evaluate the impact on the taxi 

industry. 

To circumvent incentive of decision behind descriptive data, a widely used approach involves 

structural models. Structural models can replicate results obtained from randomized experiments 

or exploit quasi-randomization and show how individual behaves. Many seminal papers have 

shown that estimating dynamic discrete choice models was feasible under certain restrictions (Hotz 

and Miller 1993, Rust 1987). They show how to break the payoff into component including current 

utility received and a future utility by taking optimal decisions in the future. Nonetheless, 

modelling these sequential decision processes is still quite complicated. Even we successfully 

model the problem, the computation will become extremely heavy to identify the optimal decision 

rule for each period. Therefore, this paper aims to provide suitable model as well as efficient 

computation. The paper proceeds as follows. In section 2, we provide an overview of methods that 

exists to handle our problem. In section 3, we describe the model setup and the complications 

associated with full solution methods. In section 4, we show how to represent future utility using 

conditional choice probabilities. In section 5, we turn to estimation and show the coefficients for 

individual level. 

2. Literature Review
To better understand how to deal with decisions of taxi drivers, several streams of research can be

considered. From the market level, the matching and incentives of ridesharing is a big stream of

research related. The initial state with no participants is an equilibrium under any positive cost

incurred by participating in a ridesharing program. Therefore, some researchers focus on how to

share cost between drivers and riders to incentive more drivers to take part in the sharing activities

(Wang et al. 2018b). Wang et al. (2018a) also look at the improvement of matching for dynamic

ridesharing. Zhan and Ukkusuri (2014) presents the first study to quantify the efficiency level of

the taxi service system in New York City using real world large-scale taxi trip dataset. However,

most of these works focus on sharing vehicles no the taxi industry in our case. The inflexible

pricing as well as the restrictions of taxi industry are considered in this paper.

Another stream of relevant work is the literature on dynamic discrete choice model. Todd and 

Wolpin (2006) provide an example how to use structural models to estimate response in human 

capital decisions to the Mexican government's educational subsidy. Several papers exploit using 

Bellman's representation of dynamic programming to express future utility in sum of current utility 

and future utility Hotz and Miller (1993), Rust (1987). However, these studies did not consider 

continuous time decision making as well as they did not evaluate how individual behaviors change 

when the information changes. Our paper considers not only optimization of individual behaviors 

but also the better benefits of the taxi industry. 

Last, problems where an individual optimizes sequential decisions have been framed at individual 

level. Even some papers consider the heterogeneity of individuals, most of them add fixed effect 
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to differentiate groups with varying behaviors. We propose to use latent class analysis to identify 

unmeasured class membership among subjects using categorical and/or continuous observed 

variables. Identifying individual differences as well as providing personalized information sharing 

is the focus of our paper. 

3. Model
We begin by considering a static discrete choice problem and then show how to formulate after

adding dynamics. We need dynamic version since we take single driver's forward looking into

account to compare the total utility.

3.1 Static Model Setup 

There exists an online platform sharing customers' demand to taxi drivers nearby. After receiving 

the order information from the platform at period 𝑡  ( 𝑡 ≤ ∞ ) including pickup location, 

destination, a taxi driver can decides whether or not to accept the order. In other word, this driver 

decides whether to utilized this information. The control variable defined as: 𝑖𝑡 = 0 if the driver 

doesn’t utilize the information from the platform, 𝑖𝑡 = 1 if the driver utilizes the information. 

Driver chooses the sequence 𝛿 = {𝑖1, 𝑖2, . . . , 𝑖𝑡, 𝑖𝑡+1} to maximize discounted expected utility  

max
𝛿

𝐸[∑ 𝛽𝑡−1𝑢(𝑥𝑡, 𝜖𝑡, 𝑖𝑡;  𝜃)

∞

𝑡=1

] 

We use 𝛽 as discount factor. 𝜖𝑡 denotes shocks in period 𝑡, which may affect driver's choice of 

whether to accept the order, an independently distributed Type 1 extreme value, not observable to 

us. We use 𝑥𝑡 to represent state of one driver at period 𝑡, including driver's location, real time, a 

binary vary 𝐼(𝑥𝑡) denoting whether it is during rush hour given the real time from 𝑥𝑡. Assume 

that the evolution of 𝑥𝑡 is stochastic and follows:

𝑥𝑡+1 = {
~𝑓(𝑥𝑡+1|𝑥𝑡, 0)

~𝑓(𝑥𝑡+1|𝑥𝑡, 1)
𝑥𝑡 advances to 𝑥𝑡+1 based on the distribution above. 𝑢(𝑥𝑡, 1)is the utility to accept online order 

at period 𝑡 , including profits from the distance of the trip, extra congestion costs depending 

whether it is rush hour, opportunity costs from waiting platform assignment and opportunity costs 

from waiting customers. Notice that the profits can only be realized if the driver is successfully 

matched as well as customers do not cancel the order. Therefore, we can write the utility as 

𝑢(𝑥𝑡, 1) = 𝜃1𝑃1(𝑥𝑡)𝑃2(𝑥𝑡)𝐷(𝑥𝑡) + 𝜃2(1 − 𝑃1(𝑥𝑡))Δ𝑝(𝑥𝑡) + 𝜃3(𝑃1(𝑥𝑡) − 𝑃1(𝑥𝑡)𝑃2(𝑥𝑡))Δ𝑐(𝑥𝑡)

+ 𝜃4𝐼(𝑥𝑡)𝑃1(𝑥𝑡)𝑃2(𝑥𝑡)
We can calculate the expectation of the distance of the trip based on the historical data. 𝑃1(𝑥𝑡) is 

the probability that the order is assigned to the driver by the online platform. 𝑃2(𝑥𝑡) is the 

probability that customers don't cancel the order after the driver assignment. It should be obvious 

that this real-time variables should depend on state 𝑥𝑡.  

Similarly, we can define the driver's utility function of driving without extra information 

𝑢(𝑥𝑡, 0) = 𝜃5 + 𝜃6𝐼(𝑥𝑡)
Unfortunately, we cannot record drivers' locations if they don't accept online orders. However, 

since we only care the impact of information sharing, the absolute value of driving without 

information is not important. In other word, the expected profits given 𝑥𝑡 should be treated as a 

constant, i.e. 𝐸[𝑢(𝑥𝑡, 0)] = 𝜃5 + 𝜃6𝐸[𝐼(𝑥𝑡)]
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3.2 Dynamic Model Setup 

Now we introduce the dynamics in this problem. Formally, in each time period t, the driver 

chooses 𝑖𝑡  to sequentially maximize the expected discounted sum of utilities 

𝐸[∑ 𝛽𝑡−1[𝑢(𝑥𝑡, 𝑖𝑡)]

∞

𝑡=1

] 

With dynamic discrete choice models, drivers have to take into account how their current 

decisions impacting both their total utility and their decisions in the future. Remember that 𝛿 

denotes the decision rule, using Bellman principle, we can rewrite the driver’s total utilities as 

max
𝛿

[𝑢(𝑥𝑡, 𝑖𝑡) + 𝜖(𝑖𝑡) + 𝐸( ∑ 𝛽𝑡′−𝑡[𝑢(𝑥𝑡′ , 𝑖𝑡′) + 𝜖(𝑖𝑡′)]

∞

𝑡′=𝑡+1

)] 

We further define the ex ante value function at period 𝑡, as the continuation value of being in state 

𝑥𝑡 just before 𝜖𝑡 is revealed. 

𝑉�̅�(𝑥𝑡) ≡ ∫ 𝑉𝑡(𝑥𝑡, 𝜖𝑡)𝑔(𝜖𝑡)𝑑𝜖𝑡

Then the conditional value function at period 𝑡 becomes 

𝑣𝑡(𝑥𝑡, 𝑖𝑡) = 𝑢(𝑥𝑡, 𝑖𝑡) + 𝛽 ∫ 𝑉𝑡+1
̅̅ ̅̅ ̅̅ (𝑥𝑡+1)𝑓(𝑥𝑡+1|𝑥𝑡, 𝑖𝑡)𝑑𝑥𝑡+1

We can see that there is no big difference between static and dynamic version. The main difference 

them is that in the former the payoffs will generally be expressed as linear functions of the state 

variables whereas in the latter the expressions are more complicated. Therefore, how much more 

complicated will depend upon the number of choices, the number of possible observed states, and 

the distribution of the structural errors. 

4. Condition Choice Probability Representation
The choice of the distribution of the structural errors, 𝑔(𝜖), will also affect how costly it is to

evaluate the future value terms. We follow the representations for the GEV case in (Arcidiacono

and Miller 2011), which admit analytic solutions when the errors lead to nested logit probabilities

and can be solved numerically otherwise. The ex ante value function can be rewritten with respect

to the conditional value function associated with an arbitrarily selected choice, i.e. 𝑖𝑡
∗.

𝑉�̅�(𝑥𝑡) = ln (exp(𝑣𝑡(𝑥𝑡, 𝑖𝑡
∗)) [

∑ exp (𝑣𝑡(𝑥𝑡, 𝑖𝑡
′)𝑖𝑡′

exp (𝑣𝑡(𝑥𝑡, 𝑖𝑡
′)

]) + 𝛾 

= ln[∑ exp (𝑣𝑡(𝑥𝑡, 𝑖𝑡
′)

𝑖𝑡′

− 𝑣𝑡(𝑥𝑡, 𝑖𝑡
∗))] + 𝑣𝑡(𝑥𝑡, 𝑖𝑡

∗) + 𝛾

= − ln[𝑝(𝑖𝑡
∗|𝑥𝑡)] + 𝑣𝑡(𝑥𝑡, 𝑖𝑡

∗) + 𝛾

We use the class of models that only require one-period-ahead conditional choice probabilities are 

settings in which there exists a choice that makes the choice in the previous period irrelevant. In 

this case, we model driver's outside choice as a renewal choice. The intuition behind is because if 

one driver turns to outside choice at period 𝑡 + 1, the state of a driver at period 𝑡 + 2 should not 

depend on whatever choices this driver made at period 𝑡. However, we still face the problem that 

the expected state of this driver may vary a lot since this drive can choose different length of offline 

492487



activities. Therefore, we further segment the unobserved outside choice interval in the data to fixed 

length such that the expected state will become a constant. To formalize this argument, we label 

the renewal choice as 𝑅 (i.e. 𝑅 = 0 in our case). 

5. Estimation
To estimate the model, we develop an algorithm that obtains estimates of the conditional choice

probabilities in the first stage and substitute them into the second-stage maximization. Consider

our data of 𝑁  taxi drivers over 𝑇  time periods where each taxi driver begins with different

locations and real time. The key takeaway from Hotz and Miller (1993) is that when state xt is

observed variables, we can substitute the first-stage estimate, i.e., 𝑝0̂ into the equation. We can

then substitute this expression into equation 1 to obtain the likelihood of taking outside choice

given the first-stage conditional choice probabilities. The likelihood contribution for taxi driver 𝑛
at period 𝑡 is given by

𝑙(𝑖𝑛𝑡|𝑥𝑛𝑡, 𝜃, 𝑝0̂ ) =
𝑖𝑛0 + 𝑖𝑛1exp (𝑣𝑡(𝑥𝑡, 1) − 𝑣𝑡(𝑥𝑡, 0))

1 + exp (𝑣𝑡(𝑥𝑡, 1) − 𝑣𝑡(𝑥𝑡, 0))
Then the structure parameters 𝜃 can be estimated in the second stage using a logit.  

Since 𝑝0̂ can be estimated by machine learning methods from our data, the maximum likelihood 

(ML) estimator for this version of the problem is

𝜃 = 𝑎𝑟𝑔𝑚𝑎𝑥𝜃 ∑ ln [∏ 𝑙(𝑖𝑛𝑡|𝑥𝑛𝑡, 𝜃, 𝑝0̂ )

𝑇

𝑡=1

]

𝑁

𝑛=1

 

We use data from a big online platform including 1000 individual drivers among 3 months (March 

to May) in 2015. After some data cleaning and pruning process, we finalize to do our estimation 

based on 30, 100 and 651 drivers.  

Table 1. Estimation Results 

n 𝜃1 𝜃2 𝜃3 𝜃4 𝜃5 𝜃6 

30 0.19 -6.2× 10−4 -4.9 × 10−4 -3.9 -0.54 1.38 

100 0.2 -1.48× 10−4 -4.7× 10−4 -2.36 -0.34 2.28 

651 0.27 -6.1× 10−4 -1.1× 10−4 -1.39 -0.41 1.45 

From the table above, we can have a brief look about how different features in each state affects 

the individual driver’s decision. Same as our intuition, the distance of orders has a positive impact 

on driver’s utility. In contrast, the opportunity costs for waiting assignment and passengers are all 

negative in our cases. The interesting part of this estimation is the impact of congestion condition. 

We find that actually the information sharing is not quite useful during rush hours, which can be 

explained by the fact that the demand in rush hours is usually quite high, then drivers don’t 

necessarily need more information to get more passengers.  

6. Conclusion
In this paper, we explore how to use dynamic discrete choice model to optimize individual

behaviors as well as evaluate the benefits of information sharing to taxi drivers. We can extend

these results by applying latent class analysis to make them more robust. Moreover, we can do

some policy simulation to compare how different types of information will affect the efficiency

and fairness for the platform and passengers.
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Abstract 
Review-in-review (RIR) is a function that information technology companies apply to collect users’ 
valuation of the generated content. Users could click “helpful”, “unhelpful” button or write 
“review” in the form of text to the content they read. It makes RIR a method for users to express 
their opinion and to measure the quality of content before they read. The introduction of RIR would 
reshape the content generating process since users’ participation in the platform would be 
influenced by the RIR of other users. To evaluate the effectiveness of our idea, we root our research 
in the context of movie review platform. In this study, we implement the Hidden Markov Model 
(HMM) to capture the learning dynamics of users based on their unobserved learning patterns. 
We estimate the learning state of users on a daily basis and it shows significant evidence that RIR 
would influence users’ content generating process.  

Keywords: review-in-review, dynamic learning, Hidden Markov Model, user-generated content 

1. Introduction

Review-in-review (RIR) is no longer limited to a communication tool for users to express their 
opinions on the Internet but also a strategy for IT companies to retain their users and make them 
active. Many platforms such as Amazon, Twitter, and Quora allow users to write reviews of 
existing reviews. These later generated reviews are called review-in review. The form of review 
in review includes but not limited to click “like”, “dislike” or write comments with words and 
pictures. Inversely, the review-in-review might affect review generators’ behavior in the future 
because they can learn from the past feedback. Both the quantity and types of review-in-review 
might incent the review generators to post more or disappoint them so they would post less.  
Most users don’t post reviews on a regularly basis. Due to some reason, they may be very active 
and then productive during a period of time. Similarly, they may hibernate someday. In order to 
find the underlying mechanism that leads to this phenomenon, in this paper, we regard the impact 
of the review-in-review on the post behavior that varies in both the individual level and time level. 
The effectiveness of review-in-review is determined by the learning state of users. If users are in 
a high learning state, then users would be very sensitive to review-in-review and also would likely 
to generate more content. Users would have different learning state at different time and would 
transit among different learning states. Since review generators could receive review-in-review 
every day, the underlying learning state from past feedbacks would then transit accordingly. The 
learning state of a user would directly impact the probability of his future behavior. 
Prior studies focus on the role of RIR as a measurement of quality but overlook its impact on the 
original review generators inversely. They studied the helpfulness of the content of RIR and the 
motivation that users have to post RIR. But seldom do they focus on the impact of reviews to the 
users who write reviews. Our research tries to figure out the mechanism of learning dynamics that 
would influence users’ participation to generate reviews in the word-in mouth platform. Besides, 
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we also implement machine learning to make a semantic analysis of the content of reviews to 
determine whether users’ altitude of review would also change as their learning states change. We 
found that helpful, unhelpful and response can change users’ learning state. Surprisingly, unhelpful 
has a similar effect on the transition of learning state, which means that unhelpful would also incent 
users to generate content. Another essential finding is that we notice users delete their review, 
which is denoted as user deleting behavior in our paper. 
To our knowledge, this is the first paper investigating the learning dynamics of users in UGC 
platform and use machine learning to analyze the change of altitude of user-generated content in 
different learning states. Also, seldom do researchers focus on user deleting behavior before. With 
the result of this study, the online platform can understand users’ online behavior better and take 
relevant strategies to make users more active and then make the online platforms more blooming. 
2. Literature Review
Many literatures have studied the factors that would affect users’ behavior and the impact of peer
interactions in different context. Rodney at al. (1994) state that relevant variance in worker
productivity in a specific task environment can be explained by declarative knowledge and
procedural knowledge and skills. Interactions with peers are an important source of learning for
users in UGC platforms and quantities of literatures study RIR in online platforms in different
aspects. But many of them mainly focus on the “helpfulness” of content of review-in-review.
Researchers have examined whether the rating action of RIR really reflects the quality of the
review that they rate. Also the key attributes and mechanisms that constitute UGC perceived as
helpful, including review valence and length, rate innovativeness (Pan and Zhang 2011), review
extremity, review depth (Mudambi and Schuff 2010), product type (Sen and Lerman 2007,
Mudambi and Schuff 2010, Pan and Zhang 2011), subjectivity level, readability, spelling errors,
the helpfulness of a rater’s past reviews (Ghose and Ipeirotis 2011), rater reputation (Shen et al.
2015), etc.
Based on the theory of confirmation bias, Yin et al.(2016) find that reviews with a rating that
involves less confirmation bias are perceived as more helpful. They also summarize and resolve
the contradictory findings about the impact of rating valence on the appearance of the “helpful”
designation.

3. Research Approach

3.1 Data 
We obtained the dataset we use in this study from Douban, which is a leading online word of 
mouth website mainly focusing movie review in China. The rating score in Douban is regarded as 
an important index to evaluate the quality and popularity of movies and books. In Douban, users 
can rate and write their comments on the movies they have watched and books they have read. 
Other users can also click helpful, unhelpful and write a response to this post. Figure 1 shows an 
example of a post and review-in-review in Douban. 
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Figure 1. A sample of a post and review-in-review in Douban 
Because we want to study the learning dynamics of users, we need daily level data of users to 
capture their dynamic process. The dataset is penal data of 700 active users randomly selected in 
Douban with a period of three months from 07/19/2013-10/16/2014. Some key items we can know 
from the data include the number of posts, post time, how many review-in-review users currently 
have when posting reviews, the content of posts, the number of “likes” of every piece of review, 
etc. The post behavior consists of two types: long review and short review. Long review and short 
review are two different products of Douban and users can only make review-in-review on long 
reviews.  
3.2 Research Method 
The user content generating process is dynamics and the underlying learning process is latent for 
us to capture. Since the length of short review and long review is significantly different, we assume 
the time that users spend to generate these contents are different and assume the efforts of different 
types of post behavior are different as users would spend more time if they write long reviews. We 
first start with the ordinal logit model to investigate the effect of three types of peer feedbacks on 
content generators’ post behavior. We denote the action that user post both long review and short 
review as 2, the action that user post long review as 2, the action that user post short review as 1. 
Since we observed the length of long review is much long than short review, so here we regard the 
effort of users who post both short review and long review as the same of the efforts of users who 
only post long reviews. To eliminate the heterogeneous influence of the result, which could be 
both individual aspects and time aspects, we add the fixed effect (FE) to the ordinal logit model. 

𝑝(𝑦) =
1

1 + 𝑒)(*+∗-./0*1∗23453678930*:∗43-2;6-30<67345327)

Table 1  The variable description of ordinal logit model 

Variable Description 
y y is the post behavior of users 

        y = 0 when users do nothing in this period 
       y = 1 when users only post short reviews 

  y = 2 when users post long review 

Helpful Unhelpful Response
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sum the number of “helpful” and “unhelpful” that users receive in this period 
percentage the percentage of “unhelpful” over total number of “helpful” and “unhelpful” 

in this period 
response The number of “response” in this period 

Even though we have three formats of feedback in our study, we don’t use the number of the 
feedback directly because we find the evidence which is also intuitive that there is correlation 
between the numbers of “helpful” and “unhelpful”. So define another two orthogonal variables 
“sum” and “percentage” to fit in the ordinal logit model. 
The answer from the model above is shown at Table 2. The coefficients of “sum”, “percentage” 
and “response” are -0.0263, - 0.0115 and 0.1911 respectively. The negative coefficient of “sum” 
is not surprising since the absolute value is comparably small. We interpret this result as the 
feedback of other users in the formats of clicking “helpful” and “unhelpful” don’t contribute much 
to the overall users’ post behavior. On the other hand, the result of “response” is positive and 
significant, which indicates that users care more about the text feedback than clicks.  

Table 2  Results of ordinal logit model 

Coefficient S.E. Wald Z 
y >= 1 0.8866*** 0.0996 8.90 
y >=2 -3.2179*** 0.1014 -31.73
sum -0.0263*** 0.0034 -7.67

percentage -0.0115 0.0338 -0.34
response 0.1911*** 0.0258 7.41 

Then we use Hidden Markov Model to estimate the learning dynamics of users in our context. In 
our HMM model, users would have a learning state at each time period. The learning state is 
determined by users’ knowledge and other social factors in the platform such as the number of 
followers. When all others being equal, each learning state corresponds to a unique post behavior, 
which means that he posts a long review or short review in our context. The learning state can be 
transited from low to high learning state and can also be transited inversely from high to low or 
just stay at the same level. 
What we need to construct a HMM is the number of learning states and the following three 
components (π, Q, A), which is defined in Table 3.  

Table 3 The variable description of Hidden Markov Model 

Variable Description 
θ The initial learning state 
M The transition matrix of learning state 
A The observed user post behavior probability vector 
B Observed post behavior 
S Learning state sequence 

The probability that we observe a certain post behavior sequence of user i can be written as: 
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𝑃>𝐵(𝑖)A𝜃,𝑀, 𝐴, 𝑆(𝑖)G =H𝑃(𝐵<7|𝜃,𝑀, 𝐴, 𝑆<7)
J

7KL

 

The probability of s state sequence of user i is : 

P(S(i)|𝜃,𝑀, 𝐴) = 	𝜃(𝑖)𝑚(𝑆<L, 𝑆<R)𝑚(𝑆<R, 𝑆<S)…𝑚(𝑆<J)L, 𝑆<J) 

Note that 𝜃(𝑖) is the initial probability that a user is in state 𝑆<L  when he is in time slot t = 
1.	𝑚(𝑆<L, 𝑆<R) is the probability that a user is in state 𝑆<R in time slot t =2 conditional on he is in 𝑆<L
when he is in time slot t =1. The probability of an observed post behavior and a learning state
sequence would be:

P(𝐵(𝑖), S(i)|𝜃,𝑀, 𝐴) = 𝑃>𝐵(𝑖)A𝜃,𝑀, 𝐴, 𝑆(𝑖)G ∗ P(S(i)|𝜃,𝑀, 𝐴) 

When we know the initial learning state 𝜃, the state transition matrix M and the probability vector 
of observed post behavior conditional on the learning state A, we can derive the likelihood from 
the equation above: 

L>B(i)G = P(B(i)|𝜃,𝑀, 𝐴) = W P(𝐵(𝑖), S(i)|𝜃,𝑀, 𝐴)
∀Y(Z)

 

Suppose there are only three learning states, the transition matrix should be written as: 

𝑀(𝑖, 𝑡, 𝑡 + 1) = \
𝑚(1,1) 𝑚(1,2) 0
𝑚(2,1) 𝑚(2,2) 𝑚(2,3)
0 𝑚(3,2) 𝑚(3,3)

				` 

The learning state can only be transited to nearby time slot. 𝑚(ℎ, 𝑗) represents the probability that 
a user transit from learning state h to learning state j. So that  m(h, j) = m>𝑆<7 = h, 𝑆<f = jG =
𝑃(𝑆<7 = h|𝑆<f = j) and for a certain state h, ∑ 𝑚(ℎ, 𝑗) = 16

fKL . 

Figure 1 Hidden Markov Model of Content Generator Learning in UGC 
4. Conclusions

499494



In this paper, we implement the Hidden Markov Model to capture the learning dynamics of users 
in the user-generated-content platform. We consider peer interaction, which is the feedback of 
“helpful”, “unhelpful” and “response” in our context as a source for users to learn. We also 
consider the self-learning activity from their prior post experience on the same platform. We 
captured the hidden state in the hidden Markov model as learning state in our paper. We find the 
learning state of users can change as they are learning from peer interaction and also their own 
experience. We obtained the underlying transition matrix of users’ learning state. This study makes 
several contributions to several aspects. First, it is the first study using dynamic model to study 
users’ learning and post behavior in UGC platform. Second, it is the first study investigating the 
content deleting activity in UGC platform. What’s more, we also involve machine learning to 
analyze the semantic of generated content to investigate the learning activity regarding peer 
interaction. Our model can be used by the manager of UGC platforms to retain the existing users 
and understand the underlying mechanism that would make them more productive or active. We 
find that users in high learning state are more like to post short reviews but not long reviews. This 
gives us an insight about the future product development design. 
5. Future work

We assume directly there would be three learning states in our paper according to previous 
literature and find three learning states in our paper perform well. But what we need to explore in 
the future is the performance of other numbers of hidden states in our context. By comparing the 
performance of different numbers of learning states, we can finally decide the appropriate 
number of hidden states in our paper. 
What’s more, we still want to do a semantic analysis of users’ post content in future work. We 
want to figure out whether other users’ review-in-review would influence the altitude of 
generators’ content. For instance, at the first beginning, the altitude of content might be 
subjective. After content generators receive more feedback and get more followers, they may 
choose to write the more objective posts. This is also part of our study on the learning dynamics 
of users in the word of mouth platform to see whether they would learn from their experience to 
change their altitude of content. 
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How Processing Fluency Influence Travelers’ Responses to Digital 
Storytelling in Online Tourism Communities 

Abstract 

Online tourism communities are becoming commonplace. Yet, there is little research that have 
examined tourism product bundling through digital storytelling in online tourism communities. To 
this end, we constructed a research model that posits digital storytelling as a mechanism for 
tourism product bundling in online tourism communities. Specifically, we postulate that perceptual 
and conceptual fluency of digital storytelling would influence travelers’ responses as categorized 
along the dimensions of immediate response versus delayed response and private response versus 
public response. We plan to conduct secondary data analysis to validate our proposed hypotheses. 

Keywords: Perceptual Fluency, Conceptual Fluency, Digital Storytelling, Traveler Response 

1. Introduction
Online tourism communities are a pervasive phenomenon. For example, TripAdvisor is not only 
the world’s largest travel site with more than 500 million reviews of accommodations, restaurants, 
and other hospitality-related businesses, but it is also home to online tourism communities (e.g., 
travel forums) that continuously generate a rich diversity of consumer-generated content (e.g., 
travel blogs). Indeed, prior research has attested to the importance of online tourism communities 
in driving one’s experience on travel sites. Whereas Wang and Fesenmaier (2004) have sought to 
uncover the incentives motivating members to actively participate in online travel communities, 
Wu and Chang (2005) have testified to the effect of interactivity on members’ flow experience in 
online travel communities, which in turn influences the latter’s transactional intentions on travel 
sites. Apart from the abovementioned impact, online tourism communities could also play an 
instrumental role in shaping travelers’ decision-making process. 
Because tourism is a knowledge-intensive industry, there is an abundance of information 
accessible from multiple sources (e.g., customer reviews, tour operators’ recommendations, and 
travel agencies’ promotional materials) that travelers must sift through when making decisions 
about tourism products. To cope with the myriad of information, Benur and Bramwell (2015) 
alleged that engendering synergy among tourism products could contribute to cooperation and 
enhance the tourism experience of consumers. In this sense, online tourism communities open up 
possibilities of fostering thematic synergy among tourism products through digital storytelling. 
Notably, Mafengwo.com, a prominent Chinese leading tourism platform, allows travel agencies to 
produce story-like travel guides, such as ‘Guide to Shanghai for Families’, with embedded 
hyperlinks for tourism products. By delivering helpful walkthroughs that assist travelers to 
navigate a foreign place while embodying links to related tourism products, these travel guides are 
able to promote tourism products in an unobtrusive fashion. 
Past studies have investigated the role of storytelling in branding products. Fog et al. (2005) 
discovered that storytelling communicates brand values while strengthening emotional connection 
between the brand and consumers. In the same vein, information about tourism products is 
packaged through digital storytelling that renders the relationships among these products much 
more visible, which in turn facilitates the formation of emotional connections among them.   
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Yet, despite the merits of digital storytelling, there is a dearth of research that has examined how 
digital storytelling could affect travelers’ reactions to thematically bundled tourism products. This 
study hence attempts to contribute to an in-depth appreciation of the effects of digital storytelling 
by elucidating the antecedents of and consequences from travelers’ exposure to digital storytelling. 
Particularly, we distinguish between the target and timing of travelers’ responses to digital 
storytelling. Furthermore, through espousing the processing fluency theory, we posit that 
perceptual and conceptual fluency of digital storytelling would influence travelers’ responses. In 
so doing, we endeavor to provide an answer to the following research question: How do 
characteristics of digital storytelling influence travelers’ responses in online tourism communities? 

2. Theoretical Foundation

2.1 Digital Storytelling in Online Tourism Community 
In the age of digital and mobile media, storytelling has become increasingly immersive and 
interactive. Specifically, Pavlik and Pavlik (2017) identified three focal digital storytelling 
elements that permeate digital media environments, namely foundational (e.g., message substance), 
structural (e.g., narrative format), and presentation (e.g., virtual reality and augmented reality) 
elements. In online tourism communities, multiple elements, like texts, images, audios, and videos, 
as well as links to tourism products and external webpages, are layered in the presentation of a 
digital journalistic story. Contextualized to online tourism communities, we have opted to 
concentrate on foundational and structural elements as digital storytelling components since there 
is no interactive element for our online tourism communities of interest.  
Based on the Information Processing Theory (IPT), perceptual fluency can be construed as the 
“ease with which consumers can identify a target stimulus on subsequent encounters and involves 
the processing of physical features” (Lee and Labroo 2004, p.151). Conversely, conceptual fluency 
reflects “the ease with which the target comes to consumers’ minds and pertains to the processing 
of meanings” (Lee and Labroo 2004, p.151). Adapting IPT to the online tourism communities, we 
strive to explicate how the compatibility of foundational elements (i.e., perceptual fluency of 
foundational elements) and the logical comprehensibility of structural elements (i.e. conceptual 
fluency of structural elements) influence travelers’ response to digital storytelling in online tourism 
communities. Figure 1 depicts our theoretical model. 

Figure 1. Research Model 

Perceptual Fluency of 
Foundational Elements 

Conceptual Fluency of 
Structural Elements 

§ Delayed Response
§ Immediate Response

§ Private Response
§ Public Response

H1 

H2 

H3 

H4 
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2.2  Audience Response to Digital Storytelling 
Audiences of Facebook posts could often respond to the postings by utilizing Facebook’s standard 
interactive options such as liking, commenting, and sharing (Tafesse, 2015). These audience 
responses strengthen the influence of the original postings. Likewise, when travelers encounter 
digital storytelling in online tourism communities, they could response in an identical manner like 
commenting on the content of the story, sharing the story to other social media platforms, liking 
the story, or saving the story for future reference. Particularly, if travelers wish to display a positive 
attitude towards the content in these stories, they could click on the thumbs up button and express 
their attitude explicitly. Alternatively, travelers may also save a story in anticipation that the 
content could become useful in the future. Additionally, travelers could also share the story with 
others and comment about it to other members within online tourism communities. Beyond the 
aforementioned responses, travelers, upon reading these digital stories, may also decide to 
purchase the embedded tourism products within the story. 
In this study, we have chosen to categorize the entire repertoire of travelers’ responses to digital 
storytelling along two dimensions: target and timing. In terms of timing, travelers’ responses could 
be classified as immediate and delayed. For example, when consumers face stacks of shelves in 
the supermarket, you could buy potato chips for immediate consumption or you could also 
purchase shampoo to stock up for the future. Likewise, when online tourism community members 
encounter stimuli in the form of stories, they may express their immediate feelings towards the 
story (e.g. click liking button) or take actions in anticipation of future demand (e.g. save 
information for future reference). When it comes to the dimension of target, reactions could be 
categorized as either private or public. In terms of private response, the action is deemed to be 
carried out to serve only the particular audience whereas for a public response, the action is deemed 
to be carried out in consideration of other potential audiences of the online content. For instance, 
when a user ‘like’ a post, their action is visible to other community members, thereby offering 
them an avenue to broadcast their attitude to others. Based on the interplay between target and 
timing, we arrive at four types of travelers’ responses as shown in Table 1 below. 

Table 1: Categories of Audience Responses 

Private Response Public Response 

Immediate response Purchase Behavior Liking Behavior 

Delayed response Collecting Behavior Sharing Behavior 

2.3 Hypotheses Formulation 
According to Alter and Oppenheimer (2009), fluency is the “subjective experience of ease with 
which people process information” (p.219). Prior research has yielded extensive insights into 
various types of fluency(Alter and Oppenheimer, 2009). In our study, we postulate perceptual and 
conceptual fluency as salient drivers of travelers’ responses within online tourism communities. 
In this regard, we define perceptual fluency as the extent to which digital storytelling content is 
presented in a fashion that is visually pleasing, and conceptual fluency as the extent to which 
digital storytelling content is structured in a fashion that allows it to be processed in a logical and 
meaningful manner. Indeed, prior research has validated the positive effect of fluency on domain-
specific judgements (e.g. truth judgements and liking judgements) (Lee and Labroo 2004; Reber 
et al. 2004). Specifically, Mrkva et al. (2018) have affirmed that simulational fluency, another kind 
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of fluency which refers to ‘the ease with which people mentally imagine events’ (p.354), could 
reduce people’s feelings of psychological distance. 
Digital storytelling renders tourism destinations much more visible and provide travelers with the 
ability to visually imagine how these destinations look like and the kind of experience they can 
come to expect. Pictures and textual descriptions give travelers an initial impression of the location 
but it is expected that travelers would adapt the situation accordingly. For instance, in online 
tourism communities, travelers may encounter stories like ‘A wonderful Sightseeing Route in 
Sydney for Couples’ and these travelers, if they were to decide to travel as couples, could mentally 
imagine what would happen on their own trips as inspired by these stories.  
Perceptual fluency refers to the extent to which the online content presented is visually fluent to 
facilitate travelers to imagine destinations to attain an overall impression. The accessibility to such 
imagination could contribute to reduced psychological distance. In contrast to delayed responses, 
their immediate counterparts constitute reduced psychological distance accompanying weaker 
‘feelings of time’. Likewise, private responses reduce psychological distance between self and the 
object being evaluated as compared to public responses. We therefore hypothesize that: 
Hypothesis 1a: When audience responses are private, perceptual fluency of foundational elements 
would have stronger effect on immediate response than on delayed response. 
Hypothesis 1b: When audience responses are public, perceptual fluency of foundational elements 
would have stronger effect on immediate response than on delayed response. 
Hypothesis 2a: When audience responses are immediate, perceptual fluency of foundational 
elements would have stronger effect on private response than on public response. 
Hypothesis 2b: When audience responses are delayed, perceptual fluency of foundational elements 
would have stronger effect on private response than on public response. 
Conceptual fluency refers to the extent to which the structure of the online content enables the 
logical processing of meanings to boost travelers’ capability to imagine how they could experience 
the activities mentioned in digital storytelling. In this regard, conceptual fluency enables travelers 
to easily imagine these events, thereby reducing their psychological distance with these activities. 
We hence posit that conceptual fluency increases travelers’ level of mental simulation while 
reducing their psychological distance. Similarly, when other dimensions stay consistent, compared 
to delayed response and public response, immediate response and private response signifies shorter 
psychological distance. We therefore hypothesize that: 
Hypothesis 3a: When audience responses are private, conceptual fluency of structural elements 
would have stronger effect on immediate response than on delayed response. 
Hypothesis 3b: When audience responses are public, conceptual fluency of structural elements 
would have stronger effect on immediate response than on delayed response. 
Hypothesis 4a: When audience responses are immediate, conceptual fluency of structural elements 
would have stronger effect on private response than on public response. 
Hypothesis 4b: When audience responses are delayed, conceptual fluency of structural elements 
would have stronger effect on private response than on public response. 
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3. Methodology
To validate our research model, data was extracted from a leading online tourism community that 
boasts of more than 120 million registered users. We ran a script to automatically extract original 
content and travelers’ response to travel guides from the online tourism community in October 
2018, culminating in a total 10,617 travel guides. For each travel guide, we not only captured the 
text descriptions of tourism products featured in the guide, we also elicited images of these tourism 
products and their relative position within the text. From this dataset, we compute variables such 
as the number of images, words, and paragraphs for each travel guide. Furthermore, we have also 
extracted the number of collections, comments, likes, and shares for each travel guide. Notably, 
some of the travel guides have product links embedded within. For these travel guides, we 
extracted the number of purchases for tourism products which can be accessed through the product 
links. Since this study concentrate primarily on sales as our dependent variable, travel guides 
without tourism products are excluded from our sample, leading to an eventual sample of 2,264 
observations for data analysis. 
We plan to conduct regression analysis to empirically validate our research model. As dependent 
variables, the number of collections, comments, likes, and shares may not conform to a natural 
distribution and are transformed according to the natural logarithmic function. Additionally, 
grounded in prior research (Shin et al. 2016), we mapped our independent variables into three 
categories depending on whether each variable constitutes a textual, image, or textual-image 
feature (see Table 2). Next, to gauge whether a variable should be classified as perceptual or 
conceptual fluency, we apply the following criteria: if a variable could change the content of a 
tourism guide, it would be classified as perceptual fluency and conceptual fluency otherwise. For 
instance, changes in ‘the number of images’ for a given travel guide will be classified as perceptual 
fluency because they can alter the amount of information to be processed by users. Conversely, 
variables like number of unique words, sentences per paragraph, and number of paragraphs could 
change structure without modifying content and will be classified as conceptual fluency. Moreover, 
we also plan to control for variables like the author characteristics, popularity of the destination, 
date of posting and so on and so forth. 

Table 2. Mapping of Independent Variables 

Text-based Features 
syntactic features, Lexical features, stylistic features, social 
features, sentiment features, distinctive features, product 
features, semantic features 

Image-based Features pixel-level image complexity, object-level image complexity, 
image  aesthetics level, image content 

Image-text 
Relationship image-text similarity 

4. Expected Contributions to Theory and Practice
This study strives to expand on prior research into online communities research by embracing the 
novel perspective of digital storytelling. We not only delineate travelers’ response to digital 
storytelling into immediate versus delayed response and private versus public response, we also 
introduce perceptual and conceptual fluency as antecedents influencing the four types of travelers’ 
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responses. We then build on past studies to operationalize our focal constructs and extract 
secondary data from a leading online tourism community to validate our hypotheses. In this sense, 
empirical findings from our study could inform practitioners on how to better structure stories for 
promotion within online tourism communities. 
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Abstract 
A single review is rarely sufficient for consumers to make a purchase decision. While consumers 
typically consult a set of reviews, scant attention has been paid to the helpfulness of a review set. 
Moreover, it is generally assumed that the helpfulness of a review set can be easily determined by 
averaging the individual reviews’ helpfulness evaluations. We conjecture that this assumption may 
not always be valid. We introduce two distinct types of inconsistency—complementary and 
contradictory inconsistency—and hypothesize that the latter leads to a lower helpfulness 
perception of a review set than the former. An experiment tested this hypothesis and explored 
whether and when the helpfulness of a review set differs from the average of the individual reviews’ 
helpfulness. These findings deepen our understanding of inconsistency in online reviews and have 
critical practical implications. 

Keywords: review set, information inconsistency, helpfulness, confusion, credibility 

1. Introduction
Despite the increasing popularity and importance of online reviews for consumer decision making,
the sheer amount of available reviews requires consumers to be selective and pay attention to only
the most helpful ones (Mudambi and Schuff 2010). To meet this challenge, almost all review
platforms allow review readers to vote on the helpfulness of an individual review, display the
helpfulness score, and bring the most helpful reviews to the forefront. On the other hand, a single
review is rarely sufficient for consumers to make a purchase decision, and they routinely read
multiple reviews in a short period of time. Despite its relevance, we are not aware of any study
that systematically investigates the antecedents of consumers’ evaluation of the helpfulness of a
set of reviews (which we call a review set). An implicit assumption in both academic research and
practice is that the perceived helpfulness of a review set could be easily derived from averaging
the helpfulness of individual reviews. For example, Amazon prominently displays the three to six
most helpful reviews of a product based solely on the helpfulness score of individual reviews, with
the assumption that the whole is equal to the sum of its parts. However, the whole may have an
independent existence from its parts (Koffka 2013). In the case of reviews, when consumers form
an overall helpfulness assessment of a review set, their assessment may also be influenced by how
the individual reviews are related to each other. If this is indeed the case, the current emphasis of
nearly all review platforms on identifying and promoting the reviews that are individually most
helpful may be misguided and ineffective in actually helping consumers with their purchase
decisions. In addition, little guidance exists in terms of how review platforms and product
manufacturers should deal with a set of prominently displayed reviews that are often mixed in their
opinions or even contradictory.

In this study, we explore the following research question: Is the perceived helpfulness of a review 
set equal to averaging the helpfulness of individual reviews, and when? We first advance and 
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conceptualize two distinct types of inconsistency—complementary and contradictory 
inconsistency—based on whether the inconsistency occurs at the product level or at the attribute 
level, and then hypothesize that the whole may not always be equal to the sum of its parts. A 
carefully designed experiment revealed that the overall helpfulness evaluation of a review set is 
lower than the average of individual review helpfulness when the reviews are contradicting each 
other, and not significantly different from the average when the reviews include inconsistent but 
non-contradicting opinions (i.e., complementary inconsistency). These findings challenge the 
implicit assumption of the whole being equal to the sum of its parts, deepen our understanding of 
the role and impact of inconsistency in online reviews, and offer important implications for review 
platforms, product manufacturers, and reviewers. 

2. Literature Review and Hypotheses
2.1 OH-AH Difference
To explore the validity of “the total equals the sum of its parts”, we bifurcate the helpfulness of a
review set into two separate conceptualizations. The first is average helpfulness (AH), which we
conceptualize as the average of the helpfulness evaluations of all individual reviews in the review
set. That is, AH can be determined by obtaining the helpfulness score for each of the reviews in
the review set and then averaging them. The second is overall helpfulness (OH), which we define
as the helpfulness perception of the entire review set without distinguishing the individual reviews
within the set as separate entities. OH, thus, is the overall impression of a review set’s helpfulness
that a consumer experiences after reading through all the reviews.

Our hypothesis concerns the difference between the overall review set helpfulness (OH) and the 
average of individual review helpfulness (AH). Essential to this difference is the underlying 
relationship between various reviews that may exist for the product. Specifically, calculating the 
average individual review helpfulness treats individual reviews as independent, assuming that 
consumers’ helpfulness evaluation of a set of reviews can be derived algorithmically based on their 
separate judgment of each review. However, different reviews of a product are not independent 
from each other, as they offer opinions about the same product that consumers are considering 
purchasing. An especially critical aspect of inter-review relationships is the possible inconsistency 
among various reviewers’ opinions because this inconsistency has nontrivial implications for a 
consumer’s decision-making process. 

2.2 Inconsistency Within a Review and Across Reviews 
To describe the more nuanced role of inconsistency across multiple reviews, it is useful to 
distinguish evaluations at different levels. Traditionally, research from psychology and other social 
science disciplines on attitudes and preferences has primarily conceptualized evaluations to be 
toward objects (i.e., persons, places, things), or toward attributes (i.e., dimensions, traits, or 
characteristics of the objects) (Ledgerwood et al. 2018). Although evaluations toward attributes 
serve as input for evaluations toward objects (Fishbein and Ajzen 1975), they are distinct 
constructs. For example, a person’s preference for an object possessing a given attribute does not 
necessarily mean that the person has a preference for that attribute (Ledgerwood et al. 2018). 

In our context, a product being evaluated by reviewers is an object, whereas the product may also 
have multiple attributes that reviewers can comment on. Across multiple reviews, inconsistency 
can be either absent or present at the attribute level. Accordingly, we conceptualize inconsistency 
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across multiple reviews in a review set into two types: complementary inconsistency and 
contradictory inconsistency. A review set has complementary inconsistency if multiple reviews 
differ in their evaluations about the product but present consistent evaluations regarding any 
specific attribute of the product. In contrast, a review set has contradictory inconsistency if 
multiple reviews differ not only in their evaluations about the product but also in their evaluations 
regarding an individual attribute; that is, some reviewers evaluate certain product attributes 
positively while other reviewers evaluate those exact same attributes negatively. 

Both complementary inconsistency and contradictory inconsistency in a review set involve 
inconsistency at the product level; that is, irrespective of the type of inconsistency, different 
reviewers offer opposite opinions about the same product. These opposite opinions contribute to 
equivocality that occurs when there is a sense of ambiguity or the information presented can be 
interpreted in multiple ways (Daft and Lengel 1986; Daft and Macintosh 1981). Equivocality 
regarding the product increases product uncertainty by indicating a lack of sufficient information 
for consumers to make an effective decision. Moreover, it increases consumers’ cognitive effort 
because they are motivated to reduce equivocality that adversely affects their decision making 
(Weathers et al. 2015). The equivocality and increased effort prevent consumers from arriving at 
a decision efficiently based on available information, and such information tends to be perceived 
as less useful (e.g., Hong et al. 2004). Thus, because of opposing opinions at the product level, 
either type of inconsistency among reviewers can result in the overall helpfulness perception of a 
set of reviews (OH) being lower than the average of individual review helpfulness (AH). 

Apart from their similarity, the two types of inconsistency differ in the presence of direct 
contradiction at the attribute level, and this distinction has clear implications on the absolute 
difference between OH and AH. On the one hand, when the inconsistency is contradictory, 
different reviewers not only have opposing opinions regarding the same product, but their 
evaluations toward the same attribute of the product are also contradicting each other. The 
existence of conflicting opinions regarding the same attribute inhibits the utilization of heuristics 
when making a judgment about the product as there is no coherent pattern among the opinions 
regarding the attributes. The presence of conflicting information regarding both the product as well 
as some of its attributes should intensify consumers’ sense of equivocality, increasing their 
perception of product uncertainty and thus necessitating cognitive effort to obtain more 
information. As a result, it is reasonable to expect that the overall helpfulness perception of a set 
of reviews (OH) will be lower than the average individual review helpfulness (AH). 

On the other hand, complementary inconsistency differs from contradictory inconsistency in one 
fundamental aspect: inconsistency of opinion in the former exists only at the product level and not 
at the attribute level. That is, specific attributes of the product receive similar opinions across the 
reviews even though the product as a whole may be given a dissimilar rating across multiple 
reviewers. Because the same attributes of a product are consistently evaluated across multiple 
reviews, equivocality is lowered to the extent that consumers can easily follow the consensus 
heuristic—if other people agree on something, then it is probably valid (Chaiken 1987)—and form 
opinions about those attributes. At the same time, equivocality continues to persist at the product 
level. Thus, the magnitude of the difference between the overall review set helpfulness and the 
average of individual review helpfulness should be reduced when a set of reviews have 
complementary (versus contradictory) inconsistency. Therefore, we propose the following:  
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H1: Compared to complementary inconsistency, contradictory inconsistency among a set of 
reviews influences the difference between the overall review set helpfulness (OH) and the average 
of individual review helpfulness (AH), such that OH decreases (as compared to AH, indicating a 
greater magnitude of the difference) as contradictory inconsistency increases. 

3. Experiment
3.1 Stimulus and Procedure
To test this hypothesis, we used a laboratory experiment to manipulate review set inconsistency in
a between-subjects design. All participants were asked to evaluate a digital camera available for
purchase on Amazon.com, which we referred to as “Model X.” As a basis for evaluating the
camera, participants were then shown a set of four product reviews that were ostensibly the most
recently posted. Each review set consisted of four individual reviews that are based on real reviews
posted on Amazon.com (see Table 1). Each of the individual reviews focused on one of two
features of digital cameras––that is, the autofocus function (Feature A) and its user-friendliness
(Feature B). Two positive reviews were first written for each feature (A1+, A2+, B1+, B2+).
Reviews A1+ and A2+ were worded very differently to give the impression they were written by
different reviewers. The same applies to Reviews B1+ and B2+. Then, negative versions of each
review were written (A1–, A2–, B1–, B2–). Substantive content was made to be as similar as
possible between the positive and negative versions of individual reviews in order to remove
possible confounds.

Table 1. Content of Individual Reviews 

Positive Reviews (+) Negative Reviews (–) 

A1 

The autofocus function is very good. It is very 
fast and accurate, even in low light situations. 
I have been able to shoot decent pictures of 
my children even in low light using the 
autofocus function. This kind of pictures 
usually do not come out well with other 
cameras – but with this one it does. 

The autofocus function is very bad. It is very 
slow and inaccurate, especially in low light 
situations. I have been unable to shoot decent 
pictures of my children in low light using the 
autofocus function. This kind of picture 
usually comes out well with other cameras – 
but with this one it does not. 

A2 

The auto focus of this camera is very useful, 
and I am impressed. It never struggles to find 
the focus in darker places. Because it’s so 
quick, the picture is rarely out of focus. Just 
yesterday, I had to take several pictures of my 
friends at night and those pictures came out 
very sharp and clear. 

The auto focus of this camera is almost 
useless, and I am unimpressed. It often 
struggles to find the focus in darker places. 
Because, it’s so slow, the picture is often out 
of focus. Just yesterday, I had to take several 
pictures of my friends at night, and those 
pictures came out completely blurry and 
unclear. 

B1 

This camera is very user-friendly. After just a 
few days of use, I find it really 
straightforward and intuitive. For example, it 
only took me a few seconds to figure out how 
to turn off the flash. It’s very easy to figure 
out the various settings/functions even 
without the instruction manual. 

This camera is not user-friendly at all. I have 
been using it for a few days and I still find it 
really complicated and unintuitive. For 
example, it took me over an hour to figure out 
how to turn off the flash. It’s impossible to 
figure out any of the settings/functions 
without the instruction manual. 
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B2 

I find the camera quite easy to operate. 
Finding the right buttons to perform various 
functions is no problem, even without 
referring to the manual. All buttons and 
controls are well designed. Switching 
between different settings (e.g., portrait 
mode, landscape mode) is also super quick 
and easy. 

I find the camera quite difficult to operate. 
Finding the right buttons to perform various 
functions is a big problem, even after 
referring to the manual. All buttons and 
controls are poorly designed. Switching 
between different settings (e.g., portrait 
mode, landscape mode) is also super slow and 
hard. 

Using these eight reviews, we created four experimental conditions that vary in the level and type 
of inconsistency. In two baseline conditions, there was no inconsistency in the review sets. The 
reviews were either all positive (A1+, A2+, B1+, B2+) or all negative (A1–, A2–, B1–, B2–). In 
the review set with complementary inconsistency, two reviews were negative and two were 
positive, and the camera feature on which the negative reviews focused differed from the focal 
feature of the positive reviews (i.e., A1–, A2–, B1+, B2+, or A1+, A2+, B1–, B2–). In the 
contradictory inconsistency condition, two reviews were negative and two were positive, and the 
camera feature on which all four reviews focused was the same––that is, the reviews directly 
contradicted each other (i.e., A1+, A2–, B1+, B2–, or A1–, A2+, B1–, B2+). 

167 participants were recruited from an undergraduate class at a southern U.S. university. They 
were randomly assigned to one of the four aforementioned conditions and asked to read a set of 4 
reviews. After reading the reviews, participants evaluated the review set in terms of helpfulness. 
Finally, each individual review in the review set was evaluated in terms of its helpfulness (Yin et 
al. 2014). Overall helpfulness of the review set and helpfulness of individual reviews were 
measured with three items on a semantic differential scale (Yin et al. 2014). For example, 
participants were asked to describe the set of reviews as a whole (or each individual review) on a 
scale from “not at all helpful” to “very helpful.” 

3.2 Results 
Before examining the internal validity of our experiment and testing our hypotheses, we collapsed 
the ‘no inconsistency’ conditions into a single group because the valence of the reviews was not 
of our interest in the present study. We conducted a manipulation check using perceived 
consistency as the dependent variable. Perceived consistency was measured with three items 
adapted from (Cheung et al. 2012). A one-way ANOVA showed that the means in three conditions 
were significantly different (M = 5.80 vs. 4.07 vs. 2.93, F(2,164) = 72.22, p < .001). These results 
support that our manipulation worked as intended. 

We then tested the assumption that the OH is equal to AH. We conducted a 2 × 3 mixed-effect 
model where the dependent variable was perceived helpfulness, the within-subjects factor was the 
source of helpfulness perceptions (overall and average), and the between-subjects factor was the 
three conditions described previously (no inconsistency, complementary inconsistency and 
contradictory inconsistency). We included the consistency condition as a baseline, although we do 
not hypothesize an OH–AH difference in this condition. The two-way interaction was statistically 
significant (F(2, 164) = 9.82, p < .001). As shown in Figure 1, OH was significantly lower than 
AH in the contradictory inconsistency condition (MDifference = -.58, SE = .17, p = .001); however, 
in the complementary inconsistency condition, no significant difference was observed (MDifference 
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= .14, SE = .17, p = .41). Thus, H1 was supported. In addition, interestingly, OH was significantly 
higher than the AH in the no inconsistency condition (MDifference = .35, SE = .12, p = .005), showing 
the opposite pattern of what was observed in the contradictory inconsistency condition. 

Figure 1. Review Set Helpfulness Compared to Average of Individual Review Helpfulness 

4. General Discussion
Our research challenges the implicit assumption of the whole being equal to the sum of its parts in
the online reviews setting. Both researchers and practitioners have placed disproportionate
attention to studying and capturing the helpfulness of an individual review. Notably, a growing
literature has uncovered a large variety of factors that contribute to consumers’ helpfulness
perception of an individual review (e.g., Forman et al. 2008; Yin et al. 2014; Yin et al. 2016). In
reality, however, consumers rarely read a single review, and they routinely consult multiple
reviews before making their purchase decisions. If the helpfulness of a set of reviews cannot be
derived from averaging the helpfulness of individual reviews, then a huge gap exists regarding our
understanding of how consumers form helpfulness judgments of a review set. Our paper
scrutinizes the validity of this implicit assumption and explores the conditions under which it holds
or does not hold. Our finding suggests that the knowledge we gained from prior investigations on
“what constitutes a helpful review” cannot be directly extended and applied to a set of reviews.
This finding also illustrates the importance of taking a step back—exploring the whole above and
beyond effects of its individual parts in online reviews. This work also extends and complements
an emerging stream of studies that have just started exploring how consumers integrate multiple
and oftentimes inconsistent pieces of information in decision making (e.g., Qiu et al. 2012;
Shoham et al. 2017; Yin et al. 2016).
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Second, this paper deepens our understanding of inconsistency and emphasizes the importance of 
differentiating diverse types of inconsistency in user-generated content. Inconsistency within a 
single review is typically manifested as mixed opinions or two-sided arguments, and prior studies 
found a boosting effect of two-sidedness on the helpfulness perception of an individual review 
(Cheung et al. 2012; Schlosser 2011). In contrast, we find a general dampening effect of 
inconsistency among reviews at the level of a review set, suggesting that inconsistency plays 
fundamentally different roles within vs. across reviews. Moreover, inconsistency expressed by a 
reviewer within a review rarely involves direct contradiction because people have a general and 
strong tendency to reduce cognitive dissonance (and accompanied psychological discomfort) in 
their minds and writing (Elliot and Devine 1994; Festinger 1962). A reviewer may present mixed 
opinions about a product, but those inconsistent opinions are typically expressed toward different 
aspects of the review target rather than directly contradicting one’s own opinion about the same 
attribute. Thus, direct contradiction has received little attention from prior research studying “what 
constitutes a helpful review.” When opinions come from multiple reviewers, however, 
inconsistency indeed manifest as direct contradiction regarding the same attribute of a product. 
Our studies demonstrated that different types of inconsistency should not be treated equally, and 
that the detrimental impact of direct contradiction with a review set is worth future exploration. 
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Abstract 

The present paper addresses the biases from limited features and approved samples by conducting 

a large field experiment on a microloan platform. We construct more than 100 features to compare 

the value of alternative data on financial credit risk based on the full loan applicants sample. We 

define a multiclass categorical and two numerical credit indicators as credit risk indicators. The 

prediction results with state-of-the-art machine learning models suggest that features from 

alternative data have significantly better predictive performance than the commonly-adopted 

conventional features. The platform welfare analysis indicates that on premise of accuracy risk 

prediction with alternative data, lending to the borrowers with certain level of delinquency despite 

relatively high default risk can also generate positive economic gains. Moreover, we demonstrate 

that using the training on approved samples to predict the credit risk of full samples would cause 

significant biases, which consequently impedes the economic gains of microloan platforms. 

Keywords: Credit risk, Default, Delinquent, Alternative data, Machine learning, Welfare 

1. Introduction
Assessing credit risk has become a top priority in individual financial activities. Unlike banks 

and other traditional financial firms, the emerging financial services like microloans have been 

surrounded by more challenges and opportunities brought by the increasing trends of FinTech. On 

the one hand, due to the lack of collaterals, microloan lenders face a higher credit risk. Many 

financial institutions thus impose high interest rates that can compensate for high risk loans. 

Theoretically, a loan becomes delinquent when the borrower makes payment late, while a loan 

goes into default if the borrower misses several installment payments over a period and fails to 

keep up with ongoing loan obligations. A typical strategy most financial services are adopting is 

to impose a (relatively high rate of) fine on borrowers for a delinquent payment. This fine is crucial 

in the total revenue of a microloan platform, but so far has received less attention. Hence, we deem 

that the goal of a comprehensive prediction on credit risk should identify accurately not only 

borrowers with low default probabilities (to avoid high credit risk) but also those who are likely to 

delinquent but not default (to increase potential revenues).  

Given the fact that financial services have recently turn its attention to the vast untapped pool 

of unbanked users, the above goal proposes an even bigger challenge for the financial institutions 

and for thin-file users because unbanked users are lack of any official credit records, which 

prevents them from getting financial supports. Therefore, the ability to evaluate the credit risk of 

borrowers with minimal-accessible information is key to the burgeoning financial market.  

Practitioners and researchers have made great strides in default risk predictions using diverse 

sources of features. In addition to conventional features such as loan characteristics and borrowers’ 

demographic information (Serrano-Cinca et al. 2015, Iyer et al. 2015), the high penetration of 

mobile devices and internet access offers another new and unparalleled source of fine-grained user 
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behavior data (Carroll and Rehmani 2017, Ma et al. 2018; Mehrotra et al. 2017). However, there 

lacks a holistic picture of assessing a borrower with multiple sources of information, which may 

cause bias on individual credit risk prediction accuracy. More importantly, prior studies focused 

on the approved samples, which lead to the other bias because approved samples tend to have 

lower probabilities to default with different characteristics from the full sample without any 

filtering strategies. The present paper aims to address the two biases. 

More specifically, the goal of the present study is to investigate the financial value of various 

sources of information toward borrowers’ delinquency and default risk assessment using a full 

unbiased sample without prior filtering by the microloan platforms. Moreover, we aim to propose 

and evaluate advance business strategies on filtering applicants on microloan platforms. In sum, 

this study extends the literature by (1) evaluating the effectiveness of borrowers’ online shopping 

behaviors and the aggregation of multi-source data on credit risk prediction; (2) demonstrating a 

more delicate description of credit risk assessment from the welfare perspective; (3) conducting 

profit analyses with different loan permission policies; and (4) identifying biases from approval-

sample-based predictions.  

2. Context, Experiment, and Data
We incorporated with a Chinese microloan company, which was founded in 2011 and offers 

microloans at an average size of approximately RMB 3,000. The loan period ranges from one to 

seven months. The yearly interest rate ranges from 12% to 16%. Our quasi-experiment was from 

December 2 to 22, 2017. During the period, the platform randomly selected 40% from all loan 

applicants and approved the applications without any filtering strategies. We then obtained the 

experimental dataset with complete information. The dataset contains 5,214 loans from 5,214 

unique borrowers. For each borrower, we have: (1) conventional Information, including loan 

attributes, borrower’s demographic and socioeconomic characteristics, borrower’s self-reported 

purpose of the loan, and the borrower’s loan history in the focal and other microloan platforms; (2) 

alternative Data, including online shopping records from taobao.com and jd.com, cellphone-

related records, and social media usage at weibo.com; and (3) repayment Information, including 

detailed installment-level (monthly) repayment information. If a loan was not paid off three 

months after the loan due date, the loan default was confirmed. We considered three prediction 

outcomes: (1) 𝐷𝑒𝑙𝑖𝑛𝑞𝑢𝑒𝑛𝑡𝐷𝑒𝑓𝑎𝑢𝑙𝑡 has three categories (1=not delinquent, 2=delinquent but not 

default; and 3=default); (2) 𝑅𝑒𝑝𝑎𝑦𝑅𝑎𝑡𝑒 is the proportion of repaid monthly installments; (3) 

𝐿𝑜𝑎𝑛𝑃𝑟𝑜𝑓𝑖𝑡  accounts for both the revenue from gains of interests and penalty fines for 

delinquency and the cost from a defaulted loan the potential opportunity cost. We then extracted 

117 features with four categories: conventional features (𝐹𝑐), online shopping behavior (𝐹𝑠), 

cellphone usage and mobility traces (𝐹𝑝), and social media characteristics (𝐹𝑚). 

3. Machine Learning Models and Results
We implemented diverse widely-accepted machine learning models, including logistic and 

linear regression (L&R), support vector machine (SVM), K-nearest neighbor (KNN), multi-layer 

perceptron (MLP), random forest (RF), and XGBoost. To delve into the predictive value of 

different feature categories, we firstly considered each individual feature category, respectively. 

Then, we combined all the feature categories, and compared their predictive power with 

benchmark. Because only approximately one third of our sample have microblog records, we 

separately test 𝐹𝑐 ∪ 𝐹𝑠 ∪ 𝐹𝑝  with all borrowers, 𝐹𝑚  and 𝐹𝑐 ∪ 𝐹𝑠 ∪ 𝐹𝑝 ∪ 𝐹𝑚  with the 

microblog usage subsample. Notably, to address the potential self-selection issue regarding the 

microblog usage, we followed the two-stage framework proposed by Heckman (1977) to first 
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predict whether to use microblog or not and then include it in the second stage of credit risk 

predictions.1 We applied several commonly adopted metrics to evaluate prediction performances. 

Specifically, we considered precision, recall, and F1 score for the multiclass categorical risk 

indicator (𝐷𝑒𝑙𝑖𝑛𝑞𝑢𝑒𝑛𝑡𝐷𝑒𝑓𝑎𝑢𝑙𝑡), and mean absolute error (MAE), root mean squared error, and 

𝑅2  for numerical risk indicators (𝑅𝑒𝑝𝑎𝑦𝑅𝑎𝑡𝑒  and 𝐿𝑜𝑎𝑛𝑃𝑟𝑜𝑓𝑖𝑡 ). We report partial of the

prediction results in Table 1 due to the page limit. 

Table 1. Prediction Performances on Credit Risk Indicators 

Model L&R SVM KNN 

Feature set M1 M2 M3 M1 M2 M3 M1 M2 M3 

Fc 0.357 0.068 0.017 0.360 0.062 0.019 0.338 0.049 0.013 

Fs 0.401 0.103 0.055 0.397 0.077 0.068 0.390 0.088 0.054 

Fp 0.536 0.604 0.250 0.548 0.629 0.289 0.555 0.590 0.223 

Fm 0.525 0.537 0.208 0.508 0.588 0.251 0.541 0.402 0.192 

Fc∪Fs∪Fp 0.538 0.605 0.255 0.556 0.630 0.293 0.559 0.593 0.226 

Fc∪Fs∪Fp∪Fm 0.540 0.609 0.256 0.557 0.635 0.294 0.560 0.596 0.227 

Model MLP RF XGBoost 

Feature set M1 M2 M3 M1 M2 M3 M1 M2 M3 

Fc 0.351 0.068 0.021 0.424 0.075 0.030 0.425 0.120 0.048 

Fs 0.408 0.110 0.104 0.449 0.193 0.124 0.479 0.214 0.146 

Fp 0.725 0.775 0.310 0.627 0.780 0.376 0.737 0.788 0.384 

Fm 0.663 0.513 0.285 0.564 0.754 0.311 0.549 0.739 0.342 

Fc∪Fs∪Fp 0.728 0.776 0.312 0.625 0.784 0.377 0.738 0.791 0.389 

Fc∪Fs∪Fp∪Fm 0.729 0.777 0.314 0.627 0.785 0.379 0.740 0.793 0.390 

M1 – Precision with 𝐷𝑒𝑙𝑖𝑛𝑞𝑢𝑒𝑛𝑡/𝐷𝑒𝑓𝑎𝑢𝑙𝑡, M2 (M3) – 𝑅2 with  𝑅𝑒𝑝𝑎𝑦𝑅𝑎𝑡𝑒 (𝐿𝑜𝑎𝑛𝑃𝑟𝑜𝑓𝑖𝑡)

Table 1 shows that XGBoost significantly outperforms other models. The predictions are 

better with delinquent/default and repayment rate than with profit. This is consistent with previous 

studies (Papouskova and Hajek 2019) and mainly results from unobserved factors in evaluating 

profits. In addition, we observe similar patterns regarding prediction powers of diverse feature sets 

across models and outcomes. For example, features from the alternative data (𝐹𝑠, 𝐹𝑝, 𝐹𝑚) yield 

superior predictive power. Among the three, cellphone usage and mobility traces (𝐹𝑝) have the 

highest predictive power. Online shopping features improve the prediction performance although 

the effectiveness is weaker than 𝐹𝑝. For social media usage borrowers, social media features 

likewise have strong predictive power on credit risk prediction. It is worth noting that we did not 

observe any significant improvement when we combined all feature sets. It implies that the 

microloan platform may only need access to feature sets from one alternative information source 

such as telecommunication carriers, which can lead to satisfactory credit risk assessment with the 

minimum cost. 

We further explore, at a more granular level, which features are most relevant in the financial 

credit risk prediction based using the permutation feature attribution method (Fisher et al. 2018). 

Among all, features in 𝐹𝑝  and in 𝐹𝑠  rank high. Specifically, game-related behavior (e.g., 

frequency of using game apps and average amount spent in game cards) plays the utmost 

1 All features in the dataset are normalized to ensure the comparability of results. Due to the imbalanced distribution 

of each class in the categorical credit risk indicator, we implemented the over sampling strategy for those minority 

class to balance the trade-off among all classes. To avoid overfitting issues, we first implemented feature selection via 

the L1-norm-based regularized sparse model before training any machine learning models. We then applied 10-fold 

cross-validation to evaluate the prediction performance of each model on different feature sets. 
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significant roles. Following them, borrowers’ mobility trajectories (e.g., the frequency of 

appearance in official, commercial, or recreational places) are also important. When including 

social media usage sample only, in addition to the above features, we observed the effectiveness 

from several social media usage characteristics, including the number of fans, sentiment valence 

of user-generated posts, and number of “likes” received. 

4. Platform Welfare Analysis
To help microloan platforms control the credit risks as well as increase revenues, we next 

propose and evaluate the optimal filtering strategies adopted on all applicants.  

We first considered the benchmark as the filtering strategy where we predict default cases 

only based on conventional features. We then improved the filtering strategies from two 

dimensions: different credit risk indicators (i.e., p(Delinquent = 1,Default = 0), 𝑅𝑒𝑝𝑎𝑦𝑅𝑎𝑡𝑒 and 

𝐿𝑜𝑎𝑛𝑃𝑟𝑜𝑓𝑖𝑡), and different feature sets. To evaluate the performance, we calculated the actual 

platform profits by choosing top best loans with different thresholds. 

Figure 1. Platform Profit Analysis (Full Sample Case, Fc ∪ Fs ∪ Fp ) 

Figure 1 shows the platform profit analysis results of the full sample based on the combined 

feature set 𝐹𝑐 ∪ 𝐹𝑠 ∪ 𝐹𝑝. It suggests that the microloan platform can achieve highest profits at 

45% of loan approval rate. When loan approval rate is higher than 65%, the microloan business 

will become unprofitable. We found crosses of the four lines, among which p(Delinquent = 

1,Default = 0) and loan profit show similar trends, and p(Default = 1) and repayment rate show 

similar trends. Specifically, when loan approval rate is lower than 35%, loan granting strategies 

using the loan profit indicator and delinquent-but-not-default probabilities yield higher platform 

profits than default probabilities. Whereas when more than 35% of loans are granted, loan granting 

using default probabilities leads to higher profits. One potential explanation is that the loan profit 

indicator and delinquent-but-not-default loans are most economically valuable, especially when 

we apply them to guide loan permission decisions. Filtering loans directly by loan profits should 

be theoretically the ideal (most accurate) approach, however, for loan approval rate between 15% 

and 35%, we found delinquent-but-not default probabilities lead to higher platform profits than 

does the direct loan profit indicator, which shows lower accuracy in the prediction analysis. The 

loan permission using repayment rates shows similar results to default probabilities within certain 

loan approval rate (35% in our case), after which it yields higher platform profits than using default 
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probabilities, and realizes the highest (and maximum) profit at the loan approval rate 45%. It is 

reasonable that numerical repayment rate helps pick out non-defaulted loans (including both non-

delinquent and delinquent-but-not default cases) as does default probabilities. But compared to 

default probabilities, it is more capable of locating delinquent-but-not default cases, which are 

probably profitable though with certain level of credit risk. Regarding the welfare performance 

with various feature sets, we found that loan permission based on cellphone usage and mobility 

traces information brings the highest economic gains to the microloan platform. Unlike the 

prediction analysis, we observe significant increase in revenues when we incorporated more 

features in constructing the filtering strategies. 

5. Analysis of Biases on Approved Sample
Recall that prior studies and current industry practice on credit risk prediction tend to use the 

approval samples, which are easily accessible and cleaner compared to the full sample with all 

applicants. It becomes necessary to identify any potential prediction biases from the approval 

samples. This identification would also help us justify the value of the present study in terms of 

the full samples with a more comprehensive feature set. 

To this end, we collected a secondary data set of the approved sample loans by the same 

microloan platform. The loan approval rate in the focal platform is approximately 40%. The data 

set contains 5,378 randomly-selected borrowers with 5,450 loans issued from September 1st to 30th, 

2017. The dataset contains all detailed information we described in the previous sections. The loan 

attributes in this secondary dataset are akin to the experimental dataset. However, as expected, 

compared to the full sample, the demographic and socioeconomic features of the filtered sample 

have lower variance. They show better repayment performance. Among the approved loans, 1,701 

(i.e., 31.21%) had no delinquent installments, 1,785 (i.e., 32.75%) belonged to the delinquent-but-

not-default class, and the other 1,964 (i.e., 36.04%) loans defaulted. The average repayment rate 

of these loans is 0.792 and the average loan profit of these loans is 75 RMB.  

Similarly to what we did using the full sample, we trained various machine learning models 

with pre-defined feature sets, but predicted the credit risk of the full sample. Although XGBoost 

still outperformed the other machine learning models, we found from Table 2 that compared to the 

pure full sample prediction, the cross sample prediction show poorer prediction performance. The 

performance gap is even larger when we applied conventional features merely. One potential 

reason is the relatively small variance of conventional features in filtered borrowers. This might 

bring biases in evaluating the credit risk of full sample. The performance gap is smaller when we 

applied other features extracted from alternative data. This finding strengthens our argument 

regarding the effectiveness of alternative information in credit risk assessment. We further 

compared the platform profits among different credit risk indicators in pure full sample prediction 

and cross sample prediction (Figure 2). Because of the downward bias of cross sample prediction, 

it yielded lower platform profits than did pure full sample prediction under all kinds of feature sets. 

Table 2. Prediction Comparison between Cross Sample Prediction and Pure Full Sample 

Prediction  

Feature set 

Delinquent/Default (F1 score) Repayment rate (R2) Loan profit (R2) 

Cross 

sample 

Full 

sample 

P-values

on diff.

Cross 

sample 

Full 

sample 

P-values on

diff.

Cross 

sample 

Full 

sample 

P-values

on diff.

Fc 0.173 0.396 0.002*** 0.036 0.120 < 0.001*** 0.020 0.048 0.008*** 

Fs 0.366 0.458 0.075* 0.172 0.214 0.080* 0.099 0.146 0.036** 

Fp 0.545 0.684 0.062* 0.627 0.788 0.070* 0.267 0.384 0.045** 
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Fm 0.331 0.566 0.016** 0.481 0.739 0.030** 0.195 0.342 0.013** 

Fc∪Fs∪Fp 0.539 0.686 0.063* 0.627 0.791 0.066* 0.270 0.389 0.046** 

Fc∪Fs∪Fp∪Fm 0.540 0.688 0.061* 0.630 0.793 0.067* 0.274 0.390 0.050** 

6. Conclusions
Credit risk assessment has attracted more and more attention in the current financial market. 

To investigate the value of aggregating multi-source features, as well as to propose and evaluate 

effective business strategies on microloan platforms, we conducted a large quasi-field experiment 

on a major microloan platform. We then constructed and extracted more than one hundred features 

to compare the value of alternative data on financial credit risk based on the full loan applicants 

sample without prior filtering. We define a multiclass categorical and two numerical credit 

indicators as financial credit risk indicators, under the idea that certain level of delinquency risks 

may also yield positive economic gains. The prediction results with state-of-the-art machine 

learning models suggest that cellphone usage and mobility trajectory features, shopping 

characteristics, and social media information have significantly better predictive performance than 

conventional loan attributes and borrowers’ demographic and socioeconomic features. The 

platform welfare analysis with experimental data indicates that, for certain loan approval rates, 

loan permission based on the predicted delinquent-but-not-default probabilities, and the predicted 

numerical repayment rates and loan profits, may yield higher economic gains than based on the 

commonly-adopted predicted default probabilities. This finding confirms that on premise of 

accuracy risk prediction with alternative data, lending to the borrowers with certain level of 

delinquency risks despite relatively high default risk can also generate positive economic gains. 

Moreover, we demonstrated that using the training on approved samples to predict the credit risk 

of full samples would cause significant biases, which consequently impeded the economic gains 

of microloan platforms. 

Figure 2. Profit Comparison (Microblog Usage Subsample, XGBoost, Loan Approval Rate 

45%) 
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Abstract
Social and technological developments are shaping business operations and transforming
business communications. Information disseminated in social media influences public opinions
on businesses. In light of these factors, we examine the impact of social media content on firm
performance. We investigate Initial Public Offering (IPO) firms which are restricted from
discussing any facts that may change public positions on their IPOs during the quiet period. We
find that some IPO firms announce influential information on social media during the quiet
period and they have significantly higher first-day returns than the firms which keep quiet. We
characterize the firms that are likely to disclose “violating” information in the quiet period with
the Support Vector Machines (SVM) method. We also investigate microbloggers’ social media
content on IPOs and find the “buy” or “short” expressions, along with the information value of
the social media content, have a strong predictive power on IPO returns based on the Latent
Dirichlet Allocation (LDA) and Support Vector Regression (SVR) method. We find significant
interdependences and comovements between social media content and firm performance after
the IPO day based on the panel vector autoregression (VAR) method.
Key words: firm performance, Initial Public Offering, Latent Dirichlet Allocation, Panel Vector
Autoregression, quiet period, social media content, Support Vector Regression, Support Vector
Machines.

1. INTRODUCTION
With the ease and speed of the Internet, individual investors, also called retail or unsophisticated
investors, have been attracted to financial markets. Current information technologies provide
individuals with social media platforms (e.g., Twitter, Facebook) that enable them to be socially
connected, access information, and exchange opinions. In this rich information world, a great
deal of information, or “buzz,” about IPOs is circulated through different media outlets during
the quiet period, and investors can be easily persuaded and influenced by media buzz (reliable or
unreliable) before investing. Twitter users recommend their favorite IPOs that may influence
other users to acquire the same portfolios; newspapers choose certain IPOs to cover and that
news coverage can influence retail investors’ opinions; bloggers forecast the outcomes of IPOs
and their blogs may sway people’s decisions. The influence of public information disseminated
through the media outlets should never be ignored. Media buzz may easily “condition the public
mind or arouse interest” which is contrary to the idea behind the SEC’s quiet period restrictions.
The quiet period provides a good context to examine the effect of social media content on firm
performance. IPO firms generally contain high uncertainty, but social media are less regulated by
the SEC than traditional media outlets (e.g., newspapers) in corporate disclosure. The impact of
social media content on IPOs has received little study. In this paper, we study how firm
performance and information disclosed on social media are interdependent and have
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comovements. We use Twitter as the primary social media platform and separate the content
tweeted by firms (here we call firms’ tweets) from the tweets by individual users (bloggers’
tweets or microbloggers’ tweets). We summarize our contributions below.

i. We find that a number of IPO firms announced influential information on social
media in the quiet period and these firms had significantly higher first-day returns
than the firms who kept quiet in the quiet period. The high returns reverted in the long
run.

ii. We characterize the firms disclosing “violating” information in the quiet period with
the classification method, Support Vector Machines (SVM). We find that,
counterintuitively, the “activeness” of an IPO firm on social media is not the predictor
of violation. However, IPOs offered at low initial prices are likely to disclose
influential information on social media during the quiet period.

iii. We investigate the topics of social media content posted by bloggers on IPOs in the
quiet period using the Latent Dirichlet Allocation (LDA) method. We find that the
“buy” expressions in the bloggers’ tweets on IPOs in the quiet period have a strong
influence on IPO returns on the first day and on a long term basis, using the Support
Vector Regression (SVR) model.

iv. We examine interdependences and comovements between social media buzz and firm
performance after IPO shares trade freely in the market. We find the Granger
causality between social media buzz and firm performance based on the panel Vector
Autoregression (VAR) model.

In Section 2 of this paper, we review related studies. In Section 3, we discuss our data collection
processes and data description. In Section 4, we present our analysis results: we examine the
firms’ compliance with the IPO quiet period restrictions; we investigate the characteristics of
firms which make major announcements in the quiet period on social media using the
classification method Support Vector Machines. In Section 5, we conclude our study.

2. LITERATURE REVIEW
In the information systems (IS) literature, studies (e.g., Saeed, Grover, & Hwang, 2005)
investigated the relationship between firm performance and value of new technology such as e-
commerce. Previous studies (Te''eni, 2001) have also studied organizational communication
medium, and social media content has been examined in terms of its information quality and
effectiveness (e.g., Chen, Xu, & Whinston, 2011; Jahng, Jain, & Ramamurthy, 2002; Kitchens,
Harle, & Li, 2014; Luo, Zhang, & Duan, 2013; Yu, Duan, & Cao, 2013), or product diffusion
(Safi & Yu, 2017).
Related to our study, Yu et al. (2013) examined the value of social media in finance and the
sentiment of social media content on predicting firm equity values. The authors predicted firm
values on social media content including Google blogs, Google news, Twitter, and online forums.
Safi and Yu (2017) identified patterns of changes in product reviews and found that the changes
in buyers’ personality related characteristics were consistent of product adoption and diffusion
theory. The studies (Luo & Zhang, 2013; Luo et al., 2013) found that social media are stronger
and faster at predicting firm equity value than online behavioral metrics including Google search
and web traffic. These studies justified corporate investments in social media and new
technology initiatives.
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Similar to these IS studies of social media, we examine the value of social media content on firm
stock performance; however, our paper differs from those existing studies in a way that we
research social media content generated by firms (i.e., Enterprise Generated Content (EGC)) and
content generated by users (i.e., User Generated Content (UGC)) while existing studies mainly
focused on UGC. We examine the strategic information disclosure of firms on social media.
When studying UGC, prior studies focused on the sentiment analysis while we include additional
dimensions to measure the information value of social media content. We examine the
informedness, consensus, and content of UGC and EGC.
We refer readers to the paper (Ritter & Welch, 2002) which overviewed various theories and
reasons for going public and included a detailed discussion of IPO activities. In the IPO
literature, the two characteristics of IPOs related to retail investors: underpricing (high first-day
return) and long-run underperformance are stylized. Underpricing referred to the case when the
IPO’s first-day trade price is higher than its offer price. Long-run underperformance described
that IPOs underperform one to five years subsequent to the IPO. Although extensive studies have
tried to explain underpricing or long-run underperformance, the impact of social media content
on IPOs in the quiet period have not been studied. The compliance of the quiet period restrictions
in social media has not yet been closely examined.

3. DATA DESCRIPTION
We use the IPOs in the year 2012 to 2014 as our firm samples. We begin with the year 2012 as
Twitter started to gain worldwide popularity and had more than 100 million users in that year.
We download the tweets of the IPOs during the period from January 1, 2011 to December 31,
2015, because we need tweets prior to the IPO day for the analysis of quiet period restrictions
and need one-year time series of tweets after the IPO for the analysis of long-run returns. The
total number of downloaded tweets is 2,204,323, with 1,594,890 retweets and 1,347,543 likes.
312 out of 446 IPO firms have a twitter account. 1,192,771 out of the collected tweets are firms’
tweets and are downloaded from their twitter accounts. The remaining 1,011,552 tweets are
posted by microbloggers including investors, traders, or users.
The bloggers’ tweets are downloaded by searching for each of the IPOs in Twitter with its ticker
symbol. On Twitter, a ticker symbol preceded by a dollar sign is generally used to identify a
stock; for instance, $BABA for Alibaba company, where BABA is the company’s stock ticker
symbol. Some of the ticker symbols happen to be words in common usage—for instance, Antero
Midstream Partners LP with the ticker symbol AM or Wayfair Inc. with the ticker symbol W.
Those firms are manually excluded out of our IPO samples. Note that multiple firms can be
mentioned in the same tweet. In our analysis, every time a different IPO company is mentioned
in a tweet, that tweet is downloaded and counted. For example, the tweet “a slew of new IPOs hit
the calendar this morning - $DRNA - $NWHM —” is downloaded for both the company DRNA
and the company NWHM and is counted as one mention of each company.
Following the IPO literature (Liu, Sherman, & Zhang, 2014), we define the 30 days prior to the
IPO as the quiet period. We collect variables of the IPOs from standard data sources: IPO
underwriter rankings are from the study (Loughran & Ritter, 2004); accounting fundamentals are
downloaded from COMPUSTAT; and the IPO offer prices, open prices, and closing prices are
collected from IPOScoop. Following the IPO literature (e.g., Da, Engelberg, & Gao, 2011; Kim
& Ritter, 1999; Loughran & Ritter, 2004; Ritter & Welch, 2002), we exclude the IPOs with offer
prices below $5, closed-end funds, real estate investment trusts (REITs), American depositary
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receipts (ADRs), limited partnerships, and the firms that do not have accounting numbers in the
issue year in the Center for Research in Security Prices and Compustat datasets. The basic
statistics of the IPOs are listed in Table 1. As shown in Table 1, the average offer price of IPOs is
$15.55 and initial return is 15%.

Table 1: Descriptive statistics of IPOs in 2012-2014 year

Variable Mean Std Dev Min Max 10th Pctl 90th Pctl N

Offer Price 15.55 6.91 5.00 91.00 8.00 22.00 446

Opening Price 18.02 9.23 4.40 91.00 9.00 28.65 446

1st Day Close 18.17 9.39 4.28 85.00 8.36 29.65 446

1st Day Return 15% 28% -31% 207% -7% 52% 446

Log(Asset) 3.46 4.18 0.82 5.34 1.78 3.68 446

We construct three variables of IPO’s first-day performance: return, liquidity, and volatility, as
defined in the literature (e.g., Ritter & Welch, 2002). First-day return is defined as the first-day
close price divided by offer price minus one; volatility is the ratio of first-day highest bid price
and lowest ask price minus one; and liquidity is the first-day trading volume and we use logs to
correct distributional issues when running regression analysis.

4. ANALYSIS AND RESULTS
We compare buzzing firms and quiet firms on their first-day returns and accumulative returns
after 1.5 years post to IPO, and we provide the T-test results in Table 2. The group 0 is the quiet
group and group 1 is the buzzing group. As shown in Table 6, buzzing firms have significantly
higher returns on the first day than the quiet firms, on average 19% higher. However, the
significant difference in returns is not observed on a long term basis. One and a half years later,
the returns are reverted and the buzzing firms have lower returns than quiet firms, on average -
7% lower. Buzzing firms have temporary higher returns than quiet firms but the return reversals
are observed in the long run.

Table 2: Quiet vs non-quiet IPO returns

First-day Return 1.5 Year Return

Method Mean 95% CL Mean Mean 95% CL Mean

0 (Quiet) 13% 0.11 0.16 0.49 0.33 0.65

1 32% 0.23 0.42 0.42 0.16 0.67

Diff (0-1) Pooled -0.19 -0.27 -0.12 0.07 -0.37 0.51

Diff (0-1) Satterthwaite -0.19 -0.29 -0.09 0.07 -0.22 0.37

Method Variances DF t Value Pr>|t| DF t Value Pr>|t|

Pooled Equal 443 -4.91 <.0001 341 0.33 0.74

Satterthwaite Unequal 61 -3.90 0.0002 85 0.50 0.62

Method Num DF Den DF F Value Pr>F Den DF F Value Pr>F
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Folded F 53 390 1.84 0.001 42 3.09 <.0001

We further investigate the characteristics of firms which are likely to post “violating” tweets in
the quiet period. Intuitively, we surmise that firms which are active on social media are more
likely to use social media for major announcements. Also, the firms that are mentioned often in
newspapers or blogger’s tweets may disseminate influential information on social media. We
construct the Buzz variable as zero if a firm is quiet and one if the firm make major
announcements in social media during the quiet period. With the classification method, Support
Vector Machines (SVMs), we find the following relationship, as listed in Table 3.

Table 3: Prediction model on buzz/quiet firms

Firm' Tweets Bloggers' Tweets Newspaper Firm Attributes

Buzz = +1.227 -1.885*Tweets -0.222*Tweets + 0.014*News -0.14*Offer Price

-0.631*Retweets +0.265*Retweets -0.064*IT

-0.148*Likes -0.303*Likes -0.011*Asset

-0.167*Age

+0.048 Underwriter Ranking

In the prediction model, we classify the firms who keep quiet in one group and the firms who
make major announcements in the other group based on their social media activities and firm
attributes. Surprisingly, as shown in Table 3, whether a firm makes major announcements in the
quiet period is negatively related to the firm’s tweets, retweets, and likes. The fact that a firm
often tweets on social media does not suggest that the firm is more likely to make major
announcements on social media or to violate the SEC regulations. More interestingly, we see that
an IPO with lower offer price, younger age, and smaller asset is more likely to make major
announcements on social media in the quiet period.
The accuracy of the prediction model is 87.86%, and the mean absolute error is 0.1212. The
prediction results are based on 10-fold cross validation. All variables are normalized.
Information Gain and Best First methods are used to select variables in the prediction model. The
attribute selection is also evaluated with 10-fold cross validation.

5. CONCLUSION
In this study, we ask if the quiet period is quiet and find that a small number of IPO firms tweet
major announcements in the quiet period and these firms have significantly higher first-day
returns than the firms that keep quiet. The reversal in returns is found in the long term for these
firms. We investigate the characteristics of firms who tweet major announcements in the quiet
period using the Support Vector Machines (SVMs) and find that the IPO’s offer price, age, asset
size, and social media activity are strong indictors of buzzing in the quiet period on social media.
We employ the LDA topic analysis on bloggers’ tweets and find the “buy” expression in the
tweets. Using the Support Vector Regression method, we find that the information value and
“buy” expression in the tweets are significantly and positively related to the first-day IPO returns
and long-run price reversals. We study interdependences between social media buzz and stock
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performance after the issuing. We find that the volume of social media buzz and the volume of
stock trading are intertwined with each other after the issuing.
In future work, we want to consider the implications of other social media platforms to study the
impact of social media content on stock performance in a more general perspective. We use
Twitter as the main social media platform in this study. It will be interesting to examine social
media content on other social media platforms and its relationship with IPO stock performance.
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Dockless Bike Sharing: Convenience or Congestion? 

Abstract 

The technology-driven sharing economy has been growing exponentially in the past decade. In 

this work, we study dockless bike sharing, which was proposed to provide affordable commuting 

and mitigate the escalating traffic congestion worldwide by replacing automobiles. However, 

anecdotal evidence suggests that the sudden expansion in bikes on road led to even slower traffic. 

Utilizing the variation in two leading companies’ entries into major cities in China, we find that 

dockless bike sharing led to a higher level of air pollutants related to automobile exhaust, esp., 

NO2 and SO2. We discuss the implications of these findings in the paper. 

Keywords: Bike sharing, Air quality, Synthetic control 

1. Introduction
The technology-driven sharing economy has been growing exponentially. In particular, the

demand for ride sharing skyrocketed in the past decade.  According to Statista, the market volume

is projected to pass $30 billion by 2022 in the US. Dockless bike sharing, as a new form of

ridesharing, was proposed to provide convenient and affordable commuting within a short distance

(Gardner and Gaegauf 2014).  More importantly, bikes are believed to be environmentally friendly,

and bike sharing inherits the merit by replacing automobiles (Shaheen et al. 2011). On the other

hand, anecdotal evidence arises and suggests that bike sharing replaces public transportation only

and makes city roads even more crowded (Denyer 2017). Taken together, it is unclear a priori

whether bike sharing mitigates the traffic congestion issues that are prevalent in metropolitan cities

worldwide.

We seek answers to the question by studying dockless bike sharing in China. Started out with 

small-scale experiments on university campuses as early as 2014, bike sharing has been expanding 

rapidly since its pubic inception in mid-2016. In China alone, there are now more than 70 bike-

sharing companies managing a combined fleet of 16 million bikes across 100 cities. Ofo and 

Mobike are the two largest bike sharing platforms in China. They comprise of a combined 90% of 

the entire transaction volume in the market. Both platforms entered cities in China on a rolling 

basis. Utilizing the staggered roll-out of these two platforms, we examine whether the introduction 

of bike sharing is associated with a higher or lower level of air pollutants related to vehicle exhaust. 

The reasons we study air pollution are mainly two-fold. First, the data on traffic conditions in 

China, e.g., the average speed of vehicles on road, are not readily available. Second, slow traffic 

has been shown to aggravate the concentration of vehicle-related air pollutants. Therefore, we use 

the effects of bike sharing on air quality as a proxy for its impact on traffic conditions. 

In the first step of our analysis, we show the possible impacts of bike sharing on air quality by 

utilizing the different entry timing of bike sharing into various cities in China between the year 

2016 and 2017. The staggered entry of bike sharing allows us to use a difference-in-difference 

method. In this setting, cities that bike sharing has not entered are considered as the "control" group 

for "treated" cities where bike sharing has entered. In the second step, since the entry timing of 

bike sharing may depend on city characteristics, we use the generalized synthetic control method 
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(Xu 2017) to construct suitable comparison groups based on city economic and demographic data. 

The synthetic control method enables us to build counterfactual cities using a weighted 

combination of existing control cities. Comparing to propensity score matching, this data-driven 

method could construct more comparable treatment and control cities in our context.  

Our results contain several notable findings. We find that the entry of bike sharing demonstrates a 

statistically significant association with the increase in car-related air pollution (e.g., 

concentrations of NO2 and SO2), which indicates that the introduction of bike sharing causes severe 

traffic congestion instead of mitigating it. The results are robust to alternative model specifications 

such as including additional time-varying control variables (e.g., city economic and demographic 

characteristics) and using generalized synthetic control methods. Note that the entry of bike 

sharing is not correlated with the change in non-car related air pollution (e.g., concentrations of 

CO and O3), which verifies that the observed effect of bike sharing on air pollution is driven by 

the change of traffic conditions.  

Our findings generate some important policy implications. With respect to the current policy 

debate on bike sharing in China, our result suggests that bike sharing may create negative 

externality in the form of deteriorating air quality, which is contrary to the claims made by bike 

sharing companies. Therefore, more regulations should be imposed on bike sharing services. 

Otherwise, our social welfare may be negatively affected by bike sharing.  

There are several key contributions of this paper. First, we contribute to the literature on sharing 

economy, especially ride sharing, by investigating whether and how the entry of bike sharing 

influences air quality. Although bike sharing is a new form of ride sharing, the existing literature 

is largely silent on it. To the best of our knowledge, we are among the first to empirically study 

the environmental impacts of bike sharing. Second, this work extends extant research on the 

societal impacts of new business models accelerated by the mobile technology because the recent 

development in mobile payment has paved the way for the success of the dockless bike sharing. 

2. Data
2.1 Research Context

Bike sharing refers to a service in which bikes are available for shared use. The concept of bike

sharing can be originated back to the 1960s. However, it was slow to catch on mainly due to the

limited number of bikes, the restricted return places and the inconvenient way of unlocking. Recent

technological improvements by mobile payment and GPS have paved the way for the newest

generation of bike sharing: app-based dockless bike sharing. To use a sharing bike, the rider can

find the nearest available bike through one bike sharing company's mobile phone application or

WeChat and then scan the QR code on the bike to unlock it. To return a sharing bike, the rider can

simply park the sharing bike everywhere after trips and physically lock the bike. Those riders who

use bike sharing for the first time need to verify their accounts by paying a deposit (around sixteen

bucks), through either WeChat or Alipay, which is refundable within 3 working days.

Due to the fact that the dockless bike sharing does not require docking stations and thus no 

infrastructure is needed to build, this generation of bike sharing has spread rapidly on a global 

scale. In China, there are now more than 70 private bike-sharing companies operating a combined 
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fleet of 16 million sharing bikes and spreading over 100 cities. The number of registered users of 

bike sharing services is over 221 million by the end of 2017. 

In this study, we focus on two bike sharing companies (i.e., ofo and mobike) in China for several 

reasons. First, ofo and mobike are the first two companies that offer bike sharing services in China 

and they are dominant in the Chinese market. Second, the introduction of these two bike sharing 

companies is dispersed both geographically and temporally, which enables us to use a difference 

in difference method to investigate the impact of bike sharing entry. Third, once entering a city, 

ofo/mobike will register an official WeChat account for that city, which allows us to identify the 

timing of entry for each city accurately. 

2.2 Data 

The data set combines city-level data from various resources. We use the creation dates of official 

WeChat accounts for the two largest bike sharing companies, Ofo and Mobike, as a proxy for the 

dates of introduction to a city. The main reason of inferring entry dates based on WeChat accounts 

is that an official WeChat account is created when the bike sharing companies enter a city. We 

complement the introduction of bike sharing with the air quality data from a platform that monitors 

the air quality in major Chinese cities. This is an institute sponsored by the Ministry of Ecology 

and Environment of China. NO2 and SO2 are related to car emissions, therefore, we focus on these 

two air pollutants. Last but not least, we complete our data sample with annual city-level economic 

and demographic variables from China City Statistical Yearbook. For example, we obtain the 

(annual) population, employment, and median income for each city. 

3. Empirical Analysis
3.1 Difference-in-difference

To examine how vehicle-related air quality changed after the introduction of bike sharing, we use

a standard difference-in-difference (DID) specification. Our panel data set enables the DID method

because bike sharing companies enter different cities in China at different time points during the

study period. In this setting, cities that bike sharing has not entered are considered as the “control”

group for “treated” cities where bike sharing has entered. Our unit of analysis is the city - month.

In our analysis, the independent variable of interest is the treatment indicator, Entryit, which

indicates that the bike sharing service (i.e., Ofo or Mobike) has entered city i as of month t. The

observed outcomes are the concentration of car-related air pollutants. In our models, we use the

natural logarithm of NO2 and SO2 concentration as the dependent variable. We control for time-

invariant city-specific unobservables and time-variant unobservables that affect all cities by

including city fixed effects and month fixed effects. We also control for city-specific time trend.

Our DID specification follows the general form used in the literature:

it i t it i itY Entry t    = + + +  + (1) 

where i denotes city, t denotes time (month), and Yit is the dependent variable. We compute 

In(NO2)it and In(SO2)it for city i in month t to examine how the introduction of bike sharing affected 

the air quality in our sampled cities. To account for the time-invariant factors that are specific to 

the city and may affect air quality (e.g., the geographic location of the city), we incorporate a city 

fixed effect term αi. We further include a month fixed effect term γt, which captures seasonality in 

the change of air quality. The term θi ×t captures the city-specific time trend of city i. Entryit takes 
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the value of 1 if either Ofo or Mobike has entered city i by month t. This specification allows us 

to estimate the effect of bike sharing entry by looking at the key coefficient β. 

The estimation results are shown in column (1) and (3) of Table 1. As can be seen from the table, 

the introduction of bike sharing services is positively correlated with the car-related air quality 

(i.e., NO2 and SO2), suggesting that the entry of bike sharing leads to a 3-5 percent increase in the 

air pollutant concentrations. As slow traffic has been shown to aggravate the concentration of 

vehicle-related air pollutants (Chin 1996, K. Zhang and Batterman 2013), this result indicates that 

the emergence of bike sharing has a negative impact on traffic conditions. 

Although our main difference-in-difference model controls for time-invariant heterogeneity across 

cities through city fixed effects and city invariant heterogeneity over time through month fixed 

effects, there may be some time-varying, city-specific variables that are correlated with the entry 

decisions made by bike sharing companies. We address this concern by adding a series of 

additional controls and re-estimating our baseline analysis in equation (1). Table 1 column (2) and 

(4) present the results of the inclusion of additional controls, which are similar to our main results.

3.2 Relative Time Model 

The validity of the DID approach (i.e., equation 1) requires a critical assumption of pre-treatment 

parallel trends. That is, there should be no difference in the trend of air pollutant concentrations 

between the treated and control cities before the treatment. To validate this assumption of the 

parallel trend, we execute the relative time model by using the leads and lags in periods. Following 

the extant literature, we implement the model by adding a series of time dummies that indicate the 

chronological distance between an observation period, t, and the timing of treatment in that city i. 

Results are omitted to conserve space. The coefficients of the pre-treatment indicators are all 

statistically insignificant, which suggests that there was no pre-existing trend towards an increase 

in the concentration of car-related air pollutants in treated cities relative to the control cities. 

Furthermore, the estimated coefficient of the treatment remains positive and significant, which 

provides compelling evidence that the presence of bike sharing has worsened air quality. 

3.3 Synthetic Control  

To overcome some of the endogeneity concerns, we intend to select comparison groups between 

treated and untreated cities and compare the outcomes (i.e., air pollutant concentrations) between 

530525



them. However, all cities in our sample are likely to be totally different in all aspects, which makes 

it difficult to find comparison groups by simply using observational data. Therefore, we construct 

suitable comparison groups by implementing the generalized synthetic control method (Xu 2017). 

The basic idea of this data-driven generalized synthetic control method is that a combination of 

control units often provides a better comparison for the treated unit than any single control unit 

alone. Shortly, this method builds counterfactual using a weighted combination of existing control 

units. In this work, we created counterfactual cities (i.e., synthetic control cities) from a convex 

combination of control cities that closely resemble treated cities during the pre-entry period. To 

do so, we estimate weights for each control cities such that the synthetic cities best approximate 

the actual treated cities on key characteristics before the entry of bike sharing. Here we use city 

economic and demographic characteristics to construct the synthetic cities. We then compare air 

pollutant concentrations of the treated cities to the weighted concentrations of the synthetic control 

cities after the entry of bike sharing. The estimated effectiveness of the entry of bike sharing on 

air quality could be obtained by looking at the gap between predicted air quality of the synthetic 

control cities and the actual concentrations of treated cities during the post-entry period. If the gap 

is significantly different from zero after the entry, it implies that the introduction of bike sharing 

does have some impacts on air quality.  

Figure 1 and Figure 2 depict the trends of NO2 and SO2 concentrations in real treated cities and 

counterfactual cities during the sample time horizon. The red lines in these plots represent the 

actual trends of treated cities where bike sharing has entered while the blue dotted lines represent 

the trends of counterfactual cities where bike sharing has not entered. The validity and strength of 

the synthetic control method depend on the following assumption that the synthetic cities are a 

good match for the real treated cities. This assumption can be ascertained by comparing the gap in 

NO2/SO2 concentrations between treated and counterfactual cities in the pre-treatment period. 

Ideally, the gap should be 0. As can be seen from the plots, the difference in the pre-intervention 

period between the actual trend and the counterfactual trend is negligible, which means that the 

synthetic units match the treated units very well. Our estimation of the bike sharing entry effect is 

the difference between NO2/SO2 concentration in the treated cities and synthetic cities after bike 

sharing entry. Right after the bike sharing entry, the two lines begin to diverge noticeably. The real 

treated cities experience a sharper change, comparing to the synthetic cities. The discrepancy 

between the two lines suggests a large positive effect of bike sharing entry on air pollution. Our 

results are similar to those got by estimating the DID model: the bike sharing entry makes vehicle-

related air quality worse.  
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3.4 Placebo Tests 

There remains a concern that the observed treatment effects may result from an idiosyncrasy 

associated with cities in China that receive the bike sharing treatment but not with the control cities. 

As we propose that the entry of bike sharing affects air quality mainly through making a difference 

to traffic conditions, we execute a placebo test using data on air pollution indices that have almost 

nothing to do with vehicle exhaust. Intuitively, if the observed effects are driven purely by chance, 

we expect to see similar positive effects of the entry of bike sharing on car-unrelated air pollutant 

concentrations. The placebo test allows us not only to eliminate the possibility of coincidence but 

can also support our way to use the effects of bike sharing on air quality as a proxy for its impact 

on traffic conditions. To run the placebo test, we re-estimate the difference-in-difference model by 

regressing air pollution indices unrelated to car emissions (i.e., CO, O3, PM2.5 and PM10) on bike 

sharing entry. Results are omitted due to the page limitation. The estimated coefficients of the bike 

sharing entry on vehicle-unrelated air pollutant concentrations are statistically insignificant, 

suggesting that the observed change of air quality is driven by the influence of bike sharing on 

traffic conditions. 

4. Conclusion
Dockless bike sharing, as a new form of ride sharing, was proposed to provide easy and affordable

commuting within a short distance. In this work, we analyze the change of vehicle-related air

quality (e.g., NO2 and SO2) associated with the introduction of bike sharing as a proxy for the

impact of bike sharing on traffic conditions. The effect of bike sharing entry on air quality is not

clear. On the one hand, if the use of bike sharing could replace short-distance trips that would

otherwise be made by private vehicles, the introduction of bike sharing into a city should improve

air quality by decreasing vehicle emissions such as NO2 and SO2. On the other hand, if the use of

bike sharing only replaces trips that would otherwise be made by sustainable transportation modes

such as walking or public transportation, the introduction of bike sharing into a city should

deteriorate air quality by causing traffic congestion. Using the context of bike sharing entry in

China, we utilize a difference-in-difference approach to examine how bike sharing affects car-

related air pollution. We test the robustness of our models and results with an extensive set of

analysis, including the inclusion of additional controls, the placebo tests and the generalized

synthetic control method. We find that the entry of bike sharing into a city deteriorates air quality,

which is contrary to policymakers' intention.
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The Role of Prospective Social Ties in Job Placements 

Abstract 

What factors affect job placements? In addition to well-studied personal characteristics 

including gender, education, and so on, relational attributes that reflects the interplay among 

people are equally important. In this study, we applied a data-driven analytics approach to 

understand the role of prospective social ties in job placement using a hand-curated dataset of 

1,860 faculty members from 51 computer science departments along with 276,125 scientific 

papers. Controlling for individual traits as well as relational characteristics including 

established ties, person-organization fit shows diminishing returns where over-fitting brings 

little value for job placement, especially when there is a lack of high-status strong ties. Our 

results can help job seekers to better prepare their portfolio. In addition, such retrospective 

empirical evidence lays the foundation for HR teams and administrators to reassess their 

recruiting strategies. 

Keywords: Job placements, social ties, person-organization fit, learning-by-hiring 

1. Introduction
What factors affect job placements? Past research has extensively studied personal

characteristics such as gender (Lahey 2008) and education (Brown 2003; Tymon and Batistic

2016), and their effects on job search and placement. Relational factors that account for the

interplay among people, on the other hand, are as important (if not more) as individual traits for

organizations to identify the right person to pursue their strategic goals (Leonardi and Contractor

2018). Indeed, recent progress in “people analytics” indicates that we should not only look at

who the candidates are, but also who they know. For example, both weak (Granovetter 1973) and

strong (Gee et al. 2017) networking ties have been shown to play a significant role in job hunting.

Weak ties provide novel information that is usually not circulated among strong ties. In contrast,

strong ties lead to a higher level of trust and favoritism that in turn are beneficial in job

placement.

Nonetheless, a missing piece in the literature has been the lack of investigation into the role of 

prospective social ties—who candidates will work with (i.e., future colleagues)—in job 

placement. Prospective social ties can be an important factor affecting the perception of the 

degree to which candidates can fit into and contribute to the hiring organizations. Indeed, 

person-organization (PO) fit is a key to screening potential employees, as the hires would help 

shape the future of the organizations (Schneider, 1987). While congruence between the two 

parties is important, it is noteworthy that fresh blood, who can bring in new perspectives by 

being different from the existing employees, may be expected to expand the organizations’ 

knowledge scope (Slavova et al. 2016; Song et al. 2003), a.k.a. learning by hiring. In fact, the 

two streams in PO fit research lay the theoretical foundation for the importance of prospective 

social ties in job placement (Cable and Edwards 2004): (i) supplementary fit that captures the 

congruence between a person and an organization; (ii) complementary fit that measures the 

extent to which the person can offset the needs of the organization or vice versa. Accordingly, 
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we conduct a data-driven study on the hypothesis that there exists a curvilinear effect of 

prospective social ties on job placement quality.  

2. Data
2.1. Data Description

We strategically choose our research setting to be school-to-work transitions (Obukhova and Lan

2013) for PhD candidates. In particular, we employ a set of 1,860 tenured/tenure track faculty

members in the top 51 computer science departments in the U.S. ranked by U.S. News and

World Reports (USNews) in 2014. For each faculty member, we collected their name, title

(assistant, associate, or full professor), PhD degree program and granting institution, and current

affiliation. In addition, for junior faculty (i.e., titles being assistant professors by the time of data

collection), we gathered gender information and the year of hire, from personal webpages,

department directory and CVs. Faculty members’ publication profiles were extracted by Scopus

APIs. PhD advisor information was found using ProQuest dissertation database. Finally, we use

Scopus author IDs to collect the publications of junior faculty members’ advisors and coauthors.

We collected a total number of 276,125 papers along with their annual citations. Our analysis

focuses on the placement data of junior faculty while senior faculty (i.e., associate and full

professors) serve as the ground truth to represent their respective departments.

The advantages of this dataset are three-fold. First, this dataset of junior faculty placement 

contains contemporaneous search of recent PhD graduates during a limited time span, leading to 

a sample of job seekers within similar cohorts. Secondly, by focusing on fresh PhD graduates, 

we avoid more complicated job placement for midcareer professionals, whose job changes may 

be voluntary (e.g., finding a better job with a higher salary or more career opportunities) or 

involuntary (e.g., finding a less satisfactory job after being denied tenure), leading to challenges 

in measuring the quality of job placement. Finally, large-scale bibliometrics databases and 

measurements provide abundant and often time-stamped data to quantitatively measure 

educational backgrounds, performance, skillsets, as well as established and prospective 

networking ties, which are usually measured qualitatively or statically (Kristof 1996). 

2.2 Quantify the quality of job placement and education 

In order to quantify the placement quality and educational background of job candidates, we 

come up with three different ranking methodologies that capture various aspects of attractiveness 

among the 51 computer science departments. While survey-based measure enables a peek into 

what fellow academics think about the reputation, it is lengthy, human-labor intensive, and prone 

to subjective biases. Therefore, we introduce two data-driven attractiveness measurements that 

quantitatively capture departmental qualities. The Pearson correlations between the three 

attractiveness scores range from 0.71 to 0.9 (p < 0.001.) We convert the attractiveness scores to 

rankings as three different constructs of institutional quality, which will be used to quantify 

placement quality and educational background. 

2.2.1 Survey-based attractiveness scores 

We adopted the USNews computer science graduate program ranking released in 2014. USNews 

ranks graduate programs by sending out questionnaires to academics who rate institutions on a 

scale of 1 to 5. The final score for each institution is the average ratings from 2009 to 2013. 
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2.2.2 Peer recognition-based attractiveness scores 

In addition to the perceived quality from individual academics’ perspective, we extract 

attractiveness scores based on mutual recognition among the peer departments. In particular, we 

consider a computer science department to be highly attractive if her PhD graduates are hired as 

faculty members by other highly attractive departments, and vice versa. To operationalize such 

notation of mutual recognition, we apply PageRank (Page et al. 1998) to the weighted and 

directed senior faculty hiring network, where each node is a department. There is an edge from a 

hiring department to the one producing the PhD graduate, weighted by the total number of hires. 

The attractiveness score for one department is the average PageRank scores using 1,000 different 

damping factors between 0 and 1. 

2.2.3 Performance-based attractiveness scores 

For academic departments, research performance is one important aspect of their attractiveness, 

especially in the case of faculty recruitment. More specifically, for each department, we 

calculated its h-index based on citation counts of the senior faculty members’ publications as a 

proxy for research reputation. A number of other research output-based measures were also 

considered but were found to be highly correlated with h-index. 

2.3 Prospective Social Ties 

Prospective social ties are the relationships between candidates and their future colleagues in the 

hiring organization. We measure the PO fit with respect to the research expertise of the candidate 

and the existing faculty at the hiring department. The more similar they are on research topics, 

the greater the congruence between the candidate and the hiring organization. To extract topics 

from large corpus of academic papers, we apply latent Dirichlet allocation (LDA; Blei et al. 2003) 

with the number of topics set to 90 based on coherence scores (Röder et al. 2015). The 

supplementary fit between a candidate and the hiring organization is negative Jensen-Shannon 

divergence (Majtey et al. 2005) on their topics. To model the notion of complementary fit, a 

square term of supplementary fit is introduced to capture the potential diminishing returns of 

congruence due to organizations’ intention to recruit for new ideas. 

2.4 Control Variables 

2.4.1 Individual Characteristics 

Individual traits are important factors that impact job search outcomes. In particular, we code 

candidates’ gender as a binary variable (1 for female and 0 for male). We quantify their past 

achievements based on their research output. In particular, we measured their h-index values 

utilizing citations to their published work prior to the placement. Finally, we controlled for their 

educational background using the ranking of their PhD program. 

2.4.2 Established social ties 

To measure the established social ties, we extracted information from candidates’ past 

collaboration experience. In the context of faculty recruitment, we approximate collaboration 

through the lens of coauthorship. Specifically, there is a tie between two researchers if they have 

ever coauthored a paper before. Moreover, we define a strong tie to be the PhD advisor of a focal 

candidate – the relationship between advisors and PhD students is built over a long period of 

time during which the former not only provide academic but also emotional support that 

iteratively strengthens their bond. On the other hand, a weak tie is defined as any coauthor 
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excluding the candidate’s advisor. We measured the reputation of both types of ties based on 

their research output using h-index. In addition, we approximate the potential for candidates to 

obtain insider information or referral opportunities. Specifically, a binary indicator is created to 

capture if any of the weak ties is a senior faculty member in the hiring department.  

3. Results
We use linear regression models (Equation 1) to investigate the effects of the proposed

individual-level competency profiles (Section 2.3 and 2.4) on placement quality, where all

variables are standardized. Since placement quality values are department ranks based on the

attractiveness scores, they are negated so that a positive regression coefficient implies a

beneficial effect. We only present regression analysis using peer recognition-based attractiveness

scores due to space limitations but results are consistent for all attractiveness measures. In

accordance with our hypothesis, the effect of PO fit shows diminishing returns given the

negative coefficients. In other words, while the increasing supplementary fit (listed as fit in

Figure 1 and 2) helps in job placement quality, its effect reduces in size as the need for

complementary fit enlarges.

Equation 1. Regression model. 

It is noteworthy that there is little main effect from the strong social ties. Interestingly, they 

actually exert moderation effects on placement quality—when we split the candidates into two 

groups based on the median of the strong tie reputation, the contributions of three other factors 

differ (Figure 2). Specifically, when candidates have strong ties with higher reputation (above 

the median h-index values), both supplementary and complementary fit are more important. Such 

finding implies the significant yet subtle role of prospective social ties in job placement—for 

candidates without high-status strong ties, it is much more important to appropriately position 

themselves according to the tradeoff between the supplementary and complementary fit with 

future colleagues for better placement qualities. 

Figure 1. Standardized regression coefficients when schools are ranked by peer-recognition based 

attractiveness scores. Scatter points are the point estimates of coefficient values while the error bars are 95% 

confidence intervals. If the confidence interval of a variable crosses the reference line of zero, there is 

insignificant effect on placement quality. 
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4. Conclusion
In this study, we describe a data-drive approach to study the role of prospective social ties in job

placement. Controlling for individual traits as well as relational characteristics including

established ties, PO fit shows diminishing returns where over-fitting brings little value for job

placement, especially when there is a lack of high-status strong ties. Such outcomes will be

valuable for job candidates to better prepare their portfolio for finding high-quality jobs. In the

meantime, our study lays the foundation for HR teams and administrators to probe into the

effectiveness of their recruitment strategies. One interesting future direction is to investigate the

retention as well as performance of employees with different PO fit levels.

Our study is not without limitations. First of all, the case of faculty hiring, while advantageous in 

various aspects, limits our findings to a group of knowledge workers. In addition, the lack of 

negative samples (i.e., candidates who failed to obtain faculty jobs in these departments) 

introduces biases into our analysis. Finally, recruitment is a complex process, with many factors 

that are difficult to quantify at any large scale (e.g., personality and the negotiation process). 

Thus our results represent an upper-limit on the effect of prospective social ties on recruiting 

outcomes. 

Figure 2. Subgroup analysis: effects of covariates for low- and high-status strong tie group. This result is 

when schools are ranked by peer-recognition based attractiveness scores. 
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Are “Helpful” Online Reviews High Quality? A Measurement of Online Review Quality 

and Its Relationship with Helpfulness Votes 

Abstract 

Motivated by the reliance of helpfulness votes as a proxy for review quality, this research develops 

a measurement for review quality and investigates the relationship between helpfulness votes and 

review quality. Our measurement for review quality includes five dimensions: relevant, 

trustworthy, comprehensive, well-written, and timely. We find that consumer-voted helpfulness is 

a poor indicator of review quality. Review length, rating, and the presence of photos all contribute 

to the difference between review quality and helpfulness votes. Specifically, shorter and negative 

reviews tend to receive more helpfulness votes relative to their review quality, and such an inflation 

tends to occur among low-quality reviews. Interestingly, photo-augmented reviews tend to receive 

fewer helpfulness votes relative to review quality, and this deflation tends to occur among high-

quality reviews. Our findings hold important implications for research and design on online 

reviews and beyond. 

Keywords: Online Review Quality, Helpfulness Votes, Biases, Collaborative Ontology Design 

1. Introduction

User-generated online reviews of products and services have become a dominant source of

information for consumers. According to a 2018 report by BrightLocal, about 86 percent of U.S

consumers consult online reviews, among them, only 5% of consumers aged between 18 and 34

never read online reviews. On average, consumers read 10 online reviews before feeling able to

make their decisions (BrightLocal 2018). Not all reviews are of equal quality. Some reviews are

more informative and trustworthy than others. The extent to which consumers can benefit from

consulting online reviews depends on the quality of online reviews. High-quality reviews help

reduce information asymmetry between consumers and vendors (Pavlou et al. 2007) and thus help

consumers make informative decisions. Low-quality reviews on the other hand can distract,

burden, and mislead consumers.

Measuring review quality is difficult, however, because there is no agreed-upon concept of online 

review quality or an objective measurement. In practice, online review platforms and consumers 

often rely on helpfulness votes as an implicit substitute for review quality. Online platforms let 

consumer vote on whether a review is helpful. Helpfulness votes are typically displayed in one of 

the two ways: (1) the total number of helpfulness votes and (2) the percentage of helpfulness votes 

(if “not helpful” is also an option). These helpfulness votes are used by consumers and also 

factored into the review ranking and filtering algorithms by the online platforms.  

Perhaps because of the prevalence of helpfulness votes in practice, the academic literature on 

online reviews has a predominantly focus on helpfulness votes and used them either as a 

convenient proxy for review quality or as an end in itself (Ghose and Ipeirotis 2011; Mudambi and 

Schuff 2010; Yin et al. 2014). There is a large literature devoting on deciphering helpfulness votes 

– i.e., what kinds of reviews tend to receive more helpfulness votes – and use these insights to

guide review generation (Cao et al. 2011; Eslami et al. 2018; Mudambi and Schuff 2010; Salehan

and Kim 2016; Yin et al. 2014).

The reliance on helpfulness votes as a proxy for review quality is not without controversy. Recent 

research suggests that such vote-based quality measurements may be biased, not fully- or even 

mis-communicate the true quality of reviews as voting can be affected by factors unrelated to 
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review quality (Chen and Tseng 2011; Liu et al. 2007; Muchnik et al. 2013). For example, the 

more votes a review receives, the more authoritative it appears to readers, which in turn influences 

readers’ voting (Chen and Tseng 2011; Liu et al. 2007). Despite these concerns, there is not much 

research to systematically compare helpfulness votes and review quality or to remedy these issues. 

A key step to address the above gaps in literature and practice is to clarify the concept of online 

review quality and propose a measurement of review quality. Only so, one can begin to document 

the relationship between review quality and helpfulness votes and study the antecedents and 

consequences of any discrepancy. In this paper, we begin to address this critical need by focusing 

on two issues: (1) develop the concept of online review quality and propose a measurement for it; 

(2) examine the relationship between helpfulness votes and review quality to gain insights on

factors contributing to their discrepancies.

Developing a robust measurement of review quality is especially important for consumers and 

online review platforms for at least two reasons: first, it can be used to filter out lower-quality 

reviews that burden or mislead consumers; second, by beginning to reward high-quality reviews, 

the platform can encourage contribution of high quality reviews. 

Perhaps the closest research is the prior work on information quality, developed in late 1990s in 

the context of organizations (DeLone and McLean 1992; Eppler and Wittig 2000; Lee et al. 2002; 

Wang and Strong 1996). Measurement of information quality may not transfer completely to 

online reviews because the latter is a specific kind of information with unique purpose of use. For 

example, accuracy, a key dimension in information quality, is not as relevant in the online review 

contexts because online reviews often involve a subjective evaluation that cannot be judged on the 

basis of right or wrong.  

To address the first question, we adopt the Delphi method of ontology design. The Delphi method 

is a collaborative approach for ontology design where the goal is to reflect viewpoints and 

experiences of people who intentionally cooperate to produce the ontology (Gruber 1995). This 

approach has been widely used to develop concepts and measurements in Information Systems 

research (Chou et al. 2014; Holsapple and Joshi 2002; Okoli and Pawlowski 2004). We use this 

approach to develop a concept of online review quality and its measurement that reflect a collective 

view from diverse vantage points.   

After developing the measurement of review quality, we used to study a set of online reviews from 

Amazon with the goal of examining the relationship between helpfulness votes and review quality. 

We collect a set of online reviews from multiple product categories on Amazon. We hire Amazon 

Mechanical Turkers (AMTurkers) to rate the quality of reviews based on the measurement of 

review quality that we have developed. We then compare helpfulness votes with review quality.  

Overall, we find that helpfulness votes are a poor indicator of review quality and statistically 

different from review quality. Specifically, shorter or negative reviews tend to receive more 

helpfulness votes relative to their review quality, and such an inflation tends to occur among low-

quality reviews. In contrast, photo-augmented reviews (i.e. reviews with accompanying photos) 

tend to receive fewer helpfulness votes relative to their review quality. This deflation tends to 

occur among high-quality reviews.  

2. Methodology
Due to space limitation, we will not report the process of the Delphi study (the details will be

reported at the time of the workshop) but only report the outcome here. As a result of the study,
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we define online review quality as the degree to which the content of an online review allows 

consumer population to gather information about and/or evaluate the item. Our measurement of 

online review quality includes five dimensions: relevant (the extent to which the review is broadly 

applicable to the consumer population), trustworthy (the extent to which the review is genuine, 

credible and fair), comprehensive (the extent to which the review is detailed and thorough), well-

written (the extent to which the review is well organized, clear, concise, and easy to understand), 

and timely (the extent to which the review is timely and up-to-date).   

To examine the relationship between review quality and helpfulness votes, we first gather a list of 

3,256 products from four categories (i.e., mattresses, sneakers, monitors, and books) on Amazon 

on October 28, 2018. The aforementioned categories cover both experience goods (the first two) 

and search goods, and high- (e.g., monitor) and low-priced goods (e.g., books). Among the 3,256 

products, we randomly sample 6 products for each category, resulting in 24 products in total. For 

each of the 24 products, we collect product information (e.g., pictures, price, description, average 

rating, sellers) and all of reviews (e.g., review title, helpful votes, date post, rating, review content, 

reviewer).  

For each of the 24 products, we classify the reviews according to the length (long and short), the 

number of helpfulness votes (three levels), and age (two levels). By this classification scheme, 

each review belongs to one of the 12 groups based on its length, age, and helpfulness votes. We 

randomly sample 1 review from each of the 12 groups. The stratified random sampling is adopted 

to ensure the subsample has a balanced composition. We obtain a total of 274 reviews (noting that 

some groups are empty).  

To obtain the quality of the 274 reviews, we hire Amazon Mechanical Turkers (AMTurkers) to 

rate the review quality using the measurement of online review quality we develop. While rating 

review quality, AMTurkers are provided with the definitions of dimensions, along with product 

information and review content including review title, rating, texts, and photos. Information of 

reviewers is not provided as it may confound the evaluation of review quality. We randomly assign 

each AMTurker 24 reviews, one from each product (with few exceptions where there are empty 

groups). The order of reviews (products) is also randomized. We choose the number of tasks such 

that each review is evaluated three times. To ensure quality of responses, we select only U.S. 

Turkers with over 95% task acceptance rates and at least 50 completed assignments. They are paid 

$3 for participating in our study.  

3. Results
We first conduct principal-component factor analysis to see whether all dimensions load into the

same factor. The results show that all dimensions load into the same factor with high factor

loadings (relevant = 0.915, trustworthy = 0.914, comprehensive = 0.899, well-written = 0.919,

timely = 0.905, respectively), suggesting the five dimensions all are highly correlated with one

latent factor, i.e., review quality. To obtain the quality of each review, we first average three ratings

of each dimension, and then calculate the sum of weighed dimensions.

Because we are interested in the relationship between review quality and helpfulness votes, we 

create our dependable variable, bias, as the difference between the normalized helpfulness votes 

and the normalized review quality. This variable captures the extent to which helpfulness votes 

deviates from review quality. 
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Our unit of analysis is at the review level. Variables included in our analysis are review age 

(LogAge), length (LogLength), rating (Rating), the rank of the review author (LogRank), whether 

the review has accompanying photos (WithPhoto) and whether the review author purchased the 

item being reviewed (VerifiedPurchase). We estimate an OLS model and the results are reported 

in Model 1 of Table 1. Our results show the coefficients of LogLength and Rating are negative and 

significant (Coeff = -0.365, p < 0.001; Coeff = -0.202, p = 0.004; respectively), suggesting that 

shorter and low-rating (negative) reviews tend to receive more helpfulness votes relative to their 

quality (i.e., helpfulness votes bias against long and positive reviews). 

Surprisingly, the coefficient of WithPhoto is negative and significant (Coeff = -1.988, p < 0.001), 

demonstrating that a photo-augmented review tends to receive fewer helpfulness votes relative to 

its quality (i.e., helpfulness votes bias against photo-augmented reviews). One possible explanation 

is that consumers tend to evaluate such reviews primarily based on photos because visual 

information is more engaging and elicits more emotional responses (Birdwhistell 2010; Koehler 

et al. 2005; Sadoski et al. 2000). This, combined with the fact that photos are unable to 

communicate certain information about a product (e.g., service, sound quality), leads to fewer 

helpfulness votes. 

Table 1. OLS Regression Results  

(DV = Normalized log helpfulness votes -normalized review quality) 

Independent 

Variables 

Model 1 Model 2 

Model 3 

 (Low-quality 

Reviews) 

Model 4  

(High-quality 

Reviews) 

Coefficient 

 (Robust SE) 

Coefficient 

 (Robust SE) 

Coefficient 

 (Robust SE) 

Coefficient 

 (Robust SE) 

LogLengthi 
-0.365*** -0.366*** -0.358***        0.177  

     (0.075)        (0.074)        (0.077)        (0.143)   

Ratingi 
-0.202** -0.205** -0.334*** -0.045

     (0.069)        (0.072)        (0.081)        (0.082)   

WithPhotoi 
-1.988*** -1.983*** -1 -1.800***

     (0.191)        (0.191)   -      (0.228)   

LogAgei 
-0.093+ -0.092+ -0.007 -0.144*

     (0.049)        (0.049)        (0.054)        (0.072)   

VerifiedPurchasei 
-0.020 -0.021 -0.700        0.254  

     (0.304)        (0.303)        (0.565)        (0.324)   

LogRanki 
-0.026 -0.026 -0.056        0.018  

     (0.049)        (0.049)        (0.062)        (0.061)   

PercentNegative

Ratingsi 

-0.001        0.001         0.005  

     (0.005)        (0.007)        (0.006)   

Constant 
       3.637***        3.667***        5.095*** -1.048

     (1.036)        (1.038)        (1.244)        (1.491)   

Log-likelihood -418.45 -418.43 -175.53 -208.68

Adjusted R-

squared        0.288         0.285         0.248         0.162  

N          274            274            139            135   
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Notes: The value in parenthesis is robust standard errors. + p < 0.10, *p < 0.05, **p < 0.01, ***p < 

0.001. 1 WithPhoto is not estimated because there are no reviews with photo in low-quality reviews. 

One concern could be that the negativity bias (i.e., helpfulness votes favor negative reviews) is 

because of rarity negative reviews, which may suggest that negative reviews are more diagnostic 

and deserve to be viewed as higher quality. To address this concern, we control for 

PercentNegativeRatings, defined as the percent of negative reviews (reviews’ rating with 1 

standard deviation from the mean) among all reviews of the product. The OLS results are reported 

in Model 2 of Table1. The results show that after controlling for PercentNegativeRatings, the 

coefficient for Rating is still significant, suggesting that the negativity bias may not be a result of 

the scarcity of negative reviews. 

 To further understand the relationship between helpfulness votes and review quality, we split our 

data set (i.e., the 274 reviews) into two based on normalized review quality (NormQuality) – one 

data set consists of low-quality reviews (NormQuality<0), whereas the other, high-quality reviews 

(NormQuality>0). We have used different cutoffs (0, 0.1, -0.1, 0.2, -0.2) of review quality and the 

results are similar. As seen in Model 3 and 4 of Table 1, the coefficients of LogLength and Rating 

are negative and significant (Coeff = -0.358, p < 0.001; Coeff = -0.334, p <0.001; respectively) in 

Model 3, suggesting that length- and rating-based biases tends to occur among low-quality 

reviews. The coefficient of WithPhoto is negative and significant (Coeff = -1.800, p < 0.001) in 

Model 4, suggesting that high-quality reviews tend to suffer from the photo-based bias.  

4. Concluding Remarks

The issue of review quality is an important one because it is useful for finding and creating high-

quality reviews that better assist consumers in their decision making. This study develops a

measurement of review quality and examine whether helpfulness votes is a good indicator of

review quality. Our results indicate reviews that helpfulness votes are not good indicators of review

quality and we discover several biases in helpfulness votes that are worthy for further attention.
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Designing Needs-driven Sharing Economy Platforms：Theoretical 

Development and Empirical Investigation from an Affordance Perspective 

Abstract 

Inspired by the Needs-Affordances-Features perspective, this research-in-progress paper 

develops a theoretical model on how basic psychological needs motivate resource receivers’ use 

of sharing economy platforms that provide affordances satisfying those needs. Drawing on the 

self-determination theory and core social motives theory, we identify six basic psychological needs 

of resource receivers: three self-centered needs (i.e. need for autonomy, competence, and self-

enhancement) and three other-centered needs (i.e. need for relatedness, understanding, and 

trusting). Next, we map the affordances of sharing platforms identified in prior research to the 

basic needs that the former can fulfill. Further, we develop a research model with associated 

hypotheses about the needs-affordances matching and propose an empirical study to test the 

hypotheses. This paper enhances the understanding of drivers of individuals’ SE platform usage 

behavior and helps improve the design of needs-driven sharing economy platforms. 

Keywords: Sharing economy, Basic psychological needs, Affordances, Self-determination theory, 

Core social motives theory 

1. Introduction
In recent years, sharing economy (SE) has penetrated an increasing number of domains, such as

transportation (e.g. Uber, ofo), accommodation (e.g. Airbnb, Tujia), clothing and household goods

(e.g. Ecomodo), and even time (e.g. Timebank). IT-enabled SE platforms allow people to connect

with one another and share underutilized assets on a larger scale (Belk 2014). The design of SE

platforms that meet users’ needs when interacting with these platforms contributes to the survival

and sustainability of SE organizations.

Existing research has revealed a number of needs driving individuals’ use of SE platforms (Bellotti 

et al. 2015; Piscicelli et al. 2015; Sun et al. 2019). However, most prior studies focus on specific 

SE platforms such as Airbnb (Tussyadiah and Pesonen 2018), Uber (Lee et al. 2018), or 

CouchSurfing (French et al. 2017). While there are a limited number of studies that have examined 

basic needs across different SE platforms (Bellotti et al. 2015; Hawlitschek et al. 2016; 

Schoenmueller et al. 2014), their approach to identifying needs is not theory guided, which calls 

to question the comprehensiveness of the basic needs catalogued. To address the aforementioned 

research gap, the present study adopts the Needs-Affordances-Features (NAF) perspective 

(Karahanna et al. 2018) as an organizing framework. We first draw on the self-determination 

theory and core social motives theory to identify the basic psychological needs driving SE platform 

use. We then hypothesize about how the affordances of SE platforms revealed in prior research 

are mapped to these basic needs. We further propose an empirical study to test our hypotheses. 

This study attempts to answer the following question: (1) What basic psychological needs do users 

seek to fulfill by using SE platforms? (2) How do different basic needs motivate them to use 

different affordances provided by SE platforms? 

545540



2. Identifying Basic Psychological Needs in the SE Context
Extant research has focused on situational motivations to explain why people use different type of

SE platforms, such as for cost saving, desire for sustainability (Hawlitschek et al. 2016; Tussyadiah

and Pesonen 2018), and novelty seeking (Sun et al. 2019). Different with motivational perspective,

needs-based theories describe people’s universal life needs, regardless of specific context, and can

provide a powerful lens to explain why people use technology voluntarily from a more holistic

view of SE platform. To generate a comprehensive set of basic psychological needs, we started

with a comprehensive review of prior literature that had identified motivations or needs of various

SE platforms. Then we consolidated them to a list of distinct categories and chose two needs-

related psychological theories to guide our identification of basic psychological needs that can be

fulfilled by the use of SE platforms -- self-determination theory (Ryan and Deci 2000) and core

social motives (Fiske 2018). Self-determination theory (SDT) is a broad theory of motivation and

personality that focuses on the extent to which individual behavior is self-motivated and self-

determined. It identifies three innate psychological needs that, when satisfied, will foster well-

being and health -- the need for autonomy, competence, and relatedness (Ryan and Deci 2000).

Core social motives (CSM), which include a set of socially-focused needs (i.e., the needs for

belonging, understanding, controlling, enhancing of self, and trusting of others), refer to the

“fundamental, underlying psychological processes that impel people’s thinking, feelings, and

behaviors in situations involving other people” (Fiske 2018, p.14).

Research on human motivation suggests that individuals tend to focus on the self for self-

enhancement, and they also strive to build relationships between the self and others (Hermans and 

Hermans-Jansen 2001). We thus adopt the self-centered and other-centered needs, reflected in 

SDT and CSM respectively, as the basic psychological needs in the SE context. As the need for 

relatedness/competence in SDT is similar to the need for belonging/controlling in CSM, we finally 

arrive at six basic needs (summarized in Table 1). We also synthesize related motivations 

examined in previous studies of SE platforms from a resource receiver’s perspective (which is the 

focus of this study).  
Table 1 Basic Psychological Needs in Sharing Economy Context 

Basic Needs Definition Related Motivations 

Self-centered needs 

Autonomy The basic need to be a causal agent of one’s own 

life and to engage in activities not because one 

should or must (e.g., because of social pressures, 

norms, or obligations or to look good) but rather 

volitionally because one freely chooses to do so 

(Karahanna et al. 2018). 

Openness to change (Piscicelli et al. 2015); 

Enjoyment (Lee et al. 2018) 

Curiosity (French et al. 2017); Anti-

Capitalism, Modern Lifestyle (Hawlitschek et 

al. 2016) 

Competence Basic need to be effective when dealing with the 

environment in which the person finds him- or 

herself; to have a personal impact on the 

environment, self, and others and to achieve 

valued outcomes (Karahanna et al. 2018). 

Status/Power; Instrumental/ Functional 

motivations (Bellotti et al. 2015); Economic 

benefits (French et al. 2017; Lee et al. 2018); 

Ubiquitous availability, Product variety, 

Knowledge (Hawlitschek et al. 2016) 

Self-enhancing Basic need to maintain self-esteem or be 

motivated by the possibility of self-

improvement (Fiske 2018).  

Self-transcendence, Self-enhancement 

(Piscicelli et al. 2015) 

Other-centered needs 

546541



Relatedness Basic need to interact, be connected to, and 

experience caring for others (Karahanna et al. 

2018); “to love and care and to be loved and 

cared for” (Ryan and Deci 2000). 

Social connection, Social influence (Bellotti et 

al. 2015); Networking (French et al. 2017); 

Sense of belonging, Social experience 

(Hawlitschek et al. 2016) 

Understanding Basic need to understand the environment, “to 

predict what is going to happen in case of 

uncertainties and to make sense of what does 

happen.” (Fiske 2018). 

Safety (Bellotti et al. 2015); Perceived 

Authenticity (Sun et al. 2019) 

Trusting Basic need to see the world as a benevolent place 

(Fiske 2018).  

Empathic/Altruistic, Value/ Morality (Bellotti 

et al. 2015); Sustainability (Hawlitschek et al. 

2016; Tussyadiah and Pesonen 2018) 

3. SE Platform Use from the Perspective of Affordances

3.1 Match Basic Psychological Needs and SE Platform Affordances 

The concept of affordances refers to individuals’ perception of the actionable attributes of an object; 

it emphasizes what the object might allow them to do (Stoffregen 2003). SE platform affordances 

reflect the action possibilities permitted by the SE economy platforms (Gibson 2014), and they are 

considered abstraction of technical features. Different from other research that identified a set of 

affordance for specific SE applications, Sutherland and Jarrahi (2018) conducted a comprehensive 

review for technical affordances of SE technologies as a whole, and identified six essential 

affordances, including generating flexibility, match-making, extending reach, managing 

transactions, trust building, and facilitating collectivity. To assess the comprehensiveness of these 

six affordances, we selected 10 popular SE practice examples spanning the four types of SE 

platform identified by Schor (2016) to triangulate the list. For each platform, we identified its 

salient features and to check if our affordances could cover these features. Finally, we make sure 

there are no additional affordances to supplement. 

To establish the mapping between the six SE platform affordances and the basic psychological 

needs they fulfill, we invited three experienced social media researchers (including one professor 

and two PhD students) to first conduct a matching exercise independently, and then resolve 

inconsistencies via discussion. Table 2 provides the definition of each affordance and illustrates 

the mapping between affordances and needs. 

Table 2 SE Platform Affordances Matched to Basic Needs 

Affordance Definition Basic Needs 

A C S R U T 

Generating 

Flexibility 

The provision of rapid, dynamic access. Resources, work, or labor 

can be accessed on-demand, and participants can contribute in 

different roles. 

√ 

Match-

Making 

Participants are brought together based on their needs or what they 

can provide. The platform optimizes this process through algorithmic 

or digitally-supported filtering, evaluation, and searching. 

√ √ 

Extending 

Reach 

The depth of access provided by the platform, in terms of scale, 

distance, and heterogeneity of resources and peers. Participants can 

reach more resources, more different kinds of resources, more distant 

resources, and resources which were previously inaccessible or idle. 

√ √ √ √ 

547542



Managing 

Transactions 

The mediator handles the logistics of the transactions, either by 

holding currency, providing security, recordkeeping, or providing a 

workspace for the completion of a task. 

√ √ 

Trust building The mediator establishes a system of legitimacy, encouraging 

participants’ confidence in other participants, and in the process of 

mediation itself. 

√ √ 

Facilitating 

Collectivity 

The mediator encourages, and benefits from collective action. 

Participation in the SE is entangled with larger social movements, 

and the mediator builds off of the social capital of communities, 

neighborhoods, or professional groups. 

√ √ √ 

A: Autonomy, C: Competence, S: Self-enhancing, R: Relatedness, U: Understanding, T: Trusting. 

3.2 Hypothesis Development 

Following the rationale that innate psychological needs will motivate individuals to use SE 

platforms that provide salient affordances to fulfill their needs (Karahanna et al. 2018), we 

develop our research model (see Figure 1) and the associated hypotheses as follows: 

H1: The need for autonomy motivates the use of SE platforms that provide the following 

affordances: generated flexibility and extended reach. 

H2: The need for competence motivates the use of SE platforms that provide the following 

affordances: match-making, extended reach, and management of transactions. 

H3: The need for self-enhancement motivates the use of SE platforms that provide the following 

affordances: extended reach and facilitation of collectivity. 

H4: The need for relatedness motivates the use of SE platforms that provide the following 

affordances: match-making, extended reach, and facilitation of collectivity. 

H5: The need for understanding motivates the use of SE platforms that provide the following 

affordances: management of transactions and trust building. 

H6: The need for trusting motivates the use of SE platforms that provide the following affordances: 

trust building and facilitation of collectivity. 

Other-centered basic needsSelf-centered basic needs

Need for Competence

Need for Relatedness

Need for Understanding 

Need for Self-enhancing Need for Trusting

Need for Autonomy

Use of SE platform Use of SE platform 

Generating FlexibilityGenerating Flexibility

Match-MakingMatch-Making

Extending ReachExtending Reach

Managing TransactionsManaging Transactions

Trust buildingTrust building

Facilitating CollectivityFacilitating Collectivity

Figure 1 Research Model 

4. Research Method (Planned)
To control common method variance, we plan to conduct a longitudinal online survey of current

users of a leading peer-to-peer accommodation service in China (i.e., Tujia), with temporal
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separation between the measurement of psychological needs and the use of SE platform (consistent 

with the data collection approach adopted by Karahanna et al. 2018). The expected sample size is 

400. Data will be collected from individuals who have previously booked rooms using Tujia

website.

Most of the constructs will be measured with scales adapted from prior research. As these scales 

are in English originally, we will use back-translation method to check the accuracy of the 

questionnaire items when translated into Chinese and ensure equivalency between the source and 

target versions of the survey items. For basic needs, the measurement scales of need for autonomy, 

competence, and relatedness will be adapted from Karahanna et al. (2018), needs for self-

enhancing and understanding will be measured with items adapted from Pfeffer and Fong (Pfeffer 

and Fong 2005), and need for trusting will be measured using scale adapted from Den Hartog (Den 

Hartog 2003).  

Measurement of our dependent variable, use of SE platform, will be newly developed for our study. 

Use of SE platform will be modelled as a second-order formative construct that comprises six sub-

dimensions (i.e., the six affordances of SE platforms), with each sub-dimension being an aggregate 

of SE platform features providing a particular affordance. As noted previously in this paper, peer-

to-peer accommodation platforms are two-sided, in that they serve both hosts (i.e., resource 

providers) and guests (i.e., resource receivers). Because the two parties have different goals in 

using the SE platforms, the actual SE platform features they use may not be the same. In our study, 

we will focus on guests and identify relevant SE platform features based on a synthesis of prior 

research on peer-to-peer accommodation (e.g. (Fradkin 2017; Liu et al. 2016), industry reports, 

and our own observation. For instance, we find that filtering for room type, tracking transactions, 

and sharing traveling experience are some of the features used most frequently by guests using 

Tujia platform. 

We will use covariance-based structural equation modeling in AMOS to test both the measurement 

model and the structural model. 

5. Expected Contribution and Future Work
With SE permeating more and more domains, a deeper understanding of platform designs that

motivate individuals’ use is both timely and important. This study conducts a theory guided

investigation to identify a set of basic psychological needs in an SE context and hypothesize about

the mapping relationships between basic needs and SE platform affordances. The proposed

empirical study is expected to confirm our conjecture that different psychological needs motivate

the use of SE platforms that provide salient affordances satisfying those needs. The findings of the

study may provide guidelines for developing effective technical features to meet users’ (and

resource receivers’) needs on SE platforms.
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Abstract 

This paper investigates the dynamic effects of prefunding on reward-based crowdfunding success. 

Prefunding, an innovative feature of crowdfunding, allows entrepreneurs to share project 

information with potential backers before fundraising begins. To examine whether it increases the 

likelihood of achieving success, we collect project-level panel data from one of the world’s largest 

online crowdfunding platforms, and analyze the prefunding effects on the number of backers and 

funds raised over time. We find that the prefunding effects are positive, statistically significant, but 

diminish over time. Interestingly, not only do prefunding projects attract a larger number of 

regular backers, uninformed backers follow. Our results suggest that prefunding helps weaker 

projects succeed, but provides no significant advantages to strong projects. These findings suggest 

that prefunding is a valuable feature for reward-based crowdfunding platforms.  

Keywords: Crowdfunding, Prefunding, Information Asymmetry, Herding, Differential Effect 

1. Introduction
Crowdfunding has become a worldwide phenomenon in funding entrepreneurial activities over the

last decade. The market transaction value in 2018 was $17.2 billion and $10.5 billion in North

America and Asia respectively, with an expected annual growth rate of 14.7%. As crowdfunding

has proven to be effective to raise funds by entrepreneurs and efficiently pre-sell products by

organizations and individuals, it becomes important to design features on crowdfunding platforms

to enhance the success of crowdfunding projects in raising funds and reaching their funding goals.

We choose to study such features on JD Crowdfunding, one of the world’s largest online reward-

based crowdfunding platforms. Unlike other well-known crowdfunding platforms in the U.S., such 

as Kickstarter, JD Crowdfunding offers a prefunding option. This option allows founders to share 

project information with potential backers before the funding period. The prefunding period 

creates opportunities for project founders to engage and communicate with potential backers 

before launching their fundraising campaign. Prefunding can serve as a channel of information 

sharing between founders and backers, which in turn may reduce the uncertainty perceived by 

prospective backers and thus, enhance the likelihood of backers funding the project.  

Our goal is to assess the effects of prefunding on funding outcomes through the following research 

questions: (1) What are the effects of prefunding on funds raised over time? (2) What are the effects 

of prefunding on different types of backers? (3) What are the differential effects of prefunding 

across projects? We propose four hypotheses based on the literature on crowdfunding and 
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information asymmetry, investigate these questions using data from JD Crowdfunding, and 

provide novel evidence on the value of prefunding to reward-based crowdfunding success. 

2. Theory and Hypotheses
Crowdfunding has an inherent challenge of the lemon market, as information about the project is

asymmetric between founders and backers. Signaling from founders can potentially alleviate the

information asymmetry. For instance, founders’ crowdfunding experience and their use of media

can mitigate backers’ concerns about project quality and founder credibility (Courney et al. 2017).

Investment preparation and presentation, and communication with the crowd can also increase the

success of crowdfunding (Wang et al. 2018). As an innovative feature in crowdfunding, prefunding

provides an avenue of information sharing between founders and backers before fundraising. We

expect its informative role to reduce information asymmetry, which may help projects raise more

funds and attract more backers through network effects. We also conjecture that the above effects,

if existing, may be diminishing over time:

Hypothesis 1 (H1): Prefunding increases the funds raised, and its effect decreases over time. 

Hypothesis 2 (H2): Prefunding attracts more backers, and its effect decreases over time.  

The bandwagon effect or herding is prevalent in crowdfunding (Zhang and Liu, 2012). When 

backers observe others supporting the same project, their perceived value of the project increases 

(Vismara 2016). On JD Crowdfunding, there are two types of backers: regular backers who fund 

projects in anticipation of a future reward (product), and lottery backers who bet a small price for 

a chance of winning the product. As the backing incentives and information obtained by regular 

vs. lottery backers are different, the effects of prefunding on each type can vary. We hypothesize 

that prefunding has a first-order effect on regular backers, who are more informed about the project. 

The backing action of these informed backers can lead to others (lottery backers) emulating them. 

Hypothesis 3 (H3): Prefunding has a direct effect on regular backers, who attract lottery 

backers. 

Further, a stylized fact in crowdfunding is that the distribution of funds raised is highly skewed 

across projects (Agrawal et al. 2014). Only a relatively small number of projects succeed in 

reaching their funding goals, while most projects fail. The skewed distribution of funds poses the 

question of whether prefunding contributes more to projects that raise greater total amount of funds 

(stronger projects) than those that raise less (weaker projects). We hypothesize that  

Hypothesis 4 (H4): The prefunding effect is greater for weaker projects than stronger projects. 

3. Data and Variables
Our data source originates from JD Crowdfunding, the largest reward-based crowdfunding

platform in China. We compiled a project-level daily panel dataset over the period from April 2015

to July 2016 for 3,878 projects, of which 2,594 projects have a prefunding period. The key

variables of interest for each project include cumulative funds (Funds), funds raised from regular

backers (Regular Funds) and lottery backers (Lottery Funds), target amount of funds to raise

(Goal), funds-to-goal ratio (Ratio), number of backers adjusted by the percentage of funds they

contribute (Backers Adj), average funds per backer (Avg Funds), number of days of the funding

period (Duration), number of backing choices (Options), inherent product value (Value), number

of pictures in the product description (Pictures), whether the project description includes a video

(Video), and days to deliver the product after fundraising concludes (Delivery Lag). We also

consider the number of prior projects launched by the founder (Experience), and founder-backer
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interactions including the updates in the number of likes (New Likes), updates (New Updates), 

question and answers (New QA), and discussions (New Discussions). Table 1 shows the summary 

statistics of major variables.  

Table 1. Summary Statistics 
Mean S.D. Min Max 

Funding 

Funds 262,213 1,321,947 0 72,000,000 

Regular Funds 251,749 1,304,462 0 71,900,000 

Lottery Funds 7,078 126,382 0 9,294,088 

Ratio 3.076 15.007 0 853.417 

Avg Funds  206 737 1 60,965 

Backers 

Regular Backers 397 5,476 0 374,764 

Lottery Backers 1,245 3,776 0 103,941 

Backers Adj 380 1,348 0 85,408 

Project Characteristics 

Goal 150,049 421,522 1,000 10,000,000 

Duration 38.964 11.432 1 60 

Options 8.117 2.895 1 96 

Value 2,485 10,415 1 327,250 

Pictures 10.896 8.862 0 82 

Video 0.394 0.489 0 1 

Deliver Lag 27.352 14.344 1 260 

Experience 0.353 1.485 0 20 

Founder-Backer Interactions 

New Likes 84 807 0 84,465 

New Updates 0.140 0.441 -2 15 

New QA 0.038 0.752 -20 214 

New Discussions 3.436 26.171 -1,673 2,389 
Note: All funds are measured in RMB (Chinese Yuan). 

4. Model and Estimation
We first examine the effect of prefunding on funds (H1). All projects have their first day of raising

funds (project day 1), second day of raising funds (project day 2), and so on. Since we evaluate

the funding success (funds raised and funds-to-goal ratio) over the same project days, we combine

projects by project days rather than calendar days. For each project i on project day t, we specify

the following model:

𝑌𝑖𝑡 = 𝛼 + 𝛽1t𝑃𝑟𝑒𝑓𝑢𝑛𝑑𝑖𝑛𝑔𝑖 + 𝛽2t𝑋𝑖 + 𝛽3t𝑋𝑖𝑡 + 𝛾𝑡 + 휀𝑖𝑡 (1) 

In Model (1), 𝑌𝑖𝑡 represents one of the three dependent variables, Funds, Ratio and Avg Funds. 

Prefunding is the key variable of interest, a dummy variable that equals 1 when the project has a 

prefunding period and 0 otherwise; 𝑋𝑖  includes time-invariant project characteristics; 𝑋𝑖𝑡  has 

time-variant variables during the funding period; 𝛾𝑡 has monthly dummies; 휀𝑖𝑡 is the error term. 

All non-categorical variables are log-transformed due to their highly skewed distributions. When 

estimating the effect of prefunding on backers (H2), we also apply Model (1), using the number 

of backers as dependent variable instead.   

A potential issue with estimating Model (1) is the endogeneity of prefunding. To mitigate this 

issue, we use the number of prior projects that the founder has backed prior to launching the focal 
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project (Backed Projects) as an instrumental variable (IV). First, for the relevance condition, if the 

founder has backed more projects of others, he is more likely to experience prefunding and observe 

the benefits of prefunding, which may increase the likelihood of him incorporating prefunding in 

his future projects. Second, for the exclusion restriction condition, we expect the positive effect of 

prior backing experience on founder’s own project may come only through prefunding, conditional 

on the characteristics of his focal project.1  

H3 suggests that prefunding and lottery backers are independent, conditional on regular backers. 

To test the unconfoundedness between prefunding and lottery backers, we regress the number of 

lottery backers on prefunding and the number of regular backers in the last period:  

𝐿𝑜𝑡𝑡𝑒𝑟𝑦 𝐵𝑎𝑐𝑘𝑒𝑟𝑠𝑖𝑡 = 𝛼 + 𝛽1t𝑃𝑟𝑒𝑓𝑢𝑛𝑑𝑖𝑛𝑔𝑖 + 𝛽2t𝑅𝑒𝑔𝑢𝑙𝑎𝑟 𝐵𝑎𝑐𝑘𝑒𝑟𝑠𝑖(𝑡−1) 

+ 𝛽st𝑋𝑖 + 𝛽4t𝑋𝑖𝑡 + 𝜈𝑖

(2) 

If the coefficient on prefunding is statistically insignificant, then it provides evidence to support 

H3. We also regress the number of regular backers on prefunding and the number of lottery backers 

in the last period to check if there are reserve impacts from lottery to regular backers.  

Regarding H4, we apply the counterfactual decomposition method to address the selection of 

prefunding (e.g., Liu et al. 2014; Melly 2005). Specifically, we decompose the difference in the 

funding outcomes of prefunding vs. non-prefunding projects into two parts, the characteristics 

effect and the prefunding effect. The decomposition consists of two-step quantile regressions. In 

the first step, we first estimate a selection model of prefunding:  

𝑈𝑖
∗ = 𝑍𝑖𝛾 + 𝜂𝑖 (3)

where 𝑈𝑖
∗ is the latent utility that drives project i to choose the feature of prefunding, 𝑍𝑖 is the

project-related variables that may drive the project to incorporate the prefunding feature, and 𝜂𝑖 

consists of the unobservables. Prefunding is observed when 𝑈𝑖
∗ is above a certain threshold. We

estimate parameter 𝛾 in Equation (3) and specify the conditional θth quantile of the error term in 

Model (1) as  

𝑄𝑢𝑎𝑛𝑡𝑖𝑙𝑒𝜃[휀𝑖𝑗|𝑋𝑖𝑗, 𝑌𝑖𝑗] = ∑ 𝜆𝑖𝑗
(𝑚)(𝛾)

𝑀

𝑚=1

(4) 

We allow for possible curvilinearity in the prefunding selection bias by including a quadratic term 

of the inverse Mills ratios (M = 2). In the second step, we construct the terms in (4) with the 

estimated first-stage parameters and add them into Model (1):  

𝑌𝑖𝑗 = 𝛼𝑗
𝜃𝑋𝑖𝑗 + ∑ 𝛿𝑚𝑗

𝜃 𝜆𝑖
(𝑚)(𝛾)

𝑀

𝑚=1

+ 𝑢𝑖𝑗

(5) 

To capture the heterogeneity in the distribution of dependent variables, we estimate (5) for 99 

quantiles from 0.01 to 0.99 on each funding day.  

5. Results
We report results of selected dependent variables and project days in the interest of space. For

Model (1), Table 2 shows that prefunding projects raised more funds than non-prefunding projects

on project day 10. This suggests that prefunding helps projects raising more funds. For prefunding

on other project days, the magnitude of its coefficient, if significant, declines over time. We

1 An ideal IV would be the number of prior prefunding projects that the founder has backed in the past. However, the 

prefunding status of founder’s prior projects is not available for all projects We believe that Backed Projects is highly, 

positively correlated with the number of prior prefunding projects backed. 
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observe similar patterns for other dependent variables Ratio, Avg Funds and Backers Adj. 

Therefore, both H1 and H2 are supported.  

Table 2. The Effect of Prefunding on Funds Raised 
Dependent Variable: ln(Funds) 

Project Day 10th Day 20th Day 30th Day 40th Day 50th Day 60th Day 

Prefunding 8.793** 7.778* -4.591 0.477 5.275** 1.645 

(3.706) (4.388) (6.252) (0.891) (2.274) (1.458) 

Backers Adj 0.341** 0.432*** 0.746*** 0.618*** 0.401*** 0.772*** 

(0.164) (0.143) (0.170) (0.063) (0.140) (0.093) 

Value 0.235*** 0.288*** 0.206*** 0.211*** 0.122 0.149 

(0.066) (0.066) (0.073) (0.050) (0.121) (0.099) 

Goal 0.193** 0.212** 0.402*** 0.321*** 0.213* 0.301*** 

(0.088) (0.086) (0.122) (0.046) (0.120) (0.083) 

Duration -0.482 -0.188 -0.852 -1.120*** 0.503 – 

(0.348) (0.285) (0.617) (0.420) (2.110) – 

Options -0.049 0.416 0.571* 0.693** 1.265** -0.394

(0.494) (0.434) (0.337) (0.317) (0.621) (0.492)

New Likes 0.153** 0.196*** 0.402*** 0.309*** 0.260 0.221**

(0.076) (0.068) (0.141) (0.045) (0.180) (0.111)

New Discussions 0.324** 0.168 -0.048 0.066 0.093 -0.077

(0.154) (0.119) (0.141) (0.057) (0.315) (0.250)

Constant 6.058* 4.349* 3.191** 5.465*** 1.745 2.165

(3.273) (2.472) (1.348) (1.463) (8.372) (1.604)

Observations 2706 2526 2161 981 303 214 
Note: Robust standard errors are in parentheses: *** p<0.01, ** p<0.05, * p<0.01. All continuous variables 

are log-transformed. Coefficients not reported for Deliver Lag, Video, Pictures, and New Q&A/Updates.  

For H3, the results of Model (2) show that the coefficient of regular backers is positive and 

significant over time, while that of prefunding becomes insignificant (detailed results available 

upon request). Therefore, we infer that lottery backers are attracted mostly due to regular (informed) 

backers, not prefunding. Moreover, when we regress the number of regular backers on prefunding 

and the number of lottery backers in the last period, we find that the coefficient of prefunding is 

highly significant, while that of lagged lottery backers is insignificant. Therefore, prefunding has 

a first-order effect on regular backers, who attract lottery backers through bandwagon effects, 

supporting H3. 

For H4, we find that as the quantile increases (projects with greater funds raised or more backers), 

the coefficient of prefunding decreases and that of project characteristics remains stable. Figure 1 

shows this pattern for Funds over all 99 quantiles on project day 10. The prefunding effect declines 

with quantiles (green line), while project characteristics keeps to play an important role in the 

differential outcome across prefunding and non-prefunding projects (red line). As the quantile 

increases, funding success is attributed more to project characteristics and less to prefunding 

Therefore, the evidence supports H4.  
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Figure 1. Counterfactual Decomposition of Prefunding Effects on Funds (Project Day: 10) 

6. Discussions and Conclusion
This paper studies the effects of prefunding on reward-based crowdfunding success over time.

Analyzing data from JD Crowdfunding, we find that first and foremost, prefunding has a lagged

effect on increasing funds raised and number of backers, and the lagged effect diminishes over

time. Second, prefunding attracts more informed, regular backers. The accumulation of regular

backers induces uninformed, lottery backers to herd. Third, our counterfactual analysis suggests

that as the quantile increases, funding success (funds raised, backers) is attributed more to project

characteristics and less to prefunding. Therefore, prefunding is more helpful to weaker projects.

Our findings provide implications for the design of reward-based crowdfunding platforms. 

Prefunding can serve as a channel of information sharing to reduce information asymmetry and 

warm up backers, especially the regular backers. Further, prefunding can elevate weaker projects, 

which may help even the playing field on crowdfunding platforms. Hence, prefunding is a valuable 

feature for crowdfunding platforms to incorporate.  
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Abstract

Enterprise social media can be an effective tool that allows employees exchange knowledge.
However, the current adoption rate is not higher in the organizations that have already adopted
such technology. Our research targets at solving such problem. We use self-presentation,
self-efficacy, and peer influence to explain employee’s motivation of knowledge exchange on
enterprise social media. Results show that all these factors indeed affect employee’s exchange
behavior. Thus enterprises can correspondently design social media systems that provide these
factors, to trigger more knowledge exchange, and obtain competitive advantages.

Keywords: Enterprise social media, self-efficacy, self-presentation, peer influence

1. Introduction
Enterprise social media (ESM) is an internal social software of an enterprise that integrates
functions including social networking, wikis, instant messaging, blog, social bookmarking, etc. It
is a primary component of Enterprise 2.0 (Beck et al. 2015). In 2012, Microsoft acquired
Yammer, an online social networking company, for $1.2 billion. It indicates the start of the era of
enterprise social media. In recent years, enterprise social media,also called internal social media,
has developed rapidly, which has a wide and important impact on the operation, production, and
management of enterprises. Most of the Fortune 500 companies, such as IBM, Microsoft, and
Hewlett-Packard, have implemented enterprise social media to foster internal collaboration,
communication and knowledge interaction between employees (Aral et al. 2013). According to
Forrester research, the enterprise social media market will grow at a compound growth rate of
61% each year, and the total market value will reach $3.5 billion by 2019 (Cummings and
Dennis, 2018).

ESM offers innovative technologies that allow enterprise employees contribute, acquire, share
and apply various types of content and knowledge (Vaast et al. 2017). It is considered as an
effective knowledge management tool, especially for modern knowledge-intensive enterprises
(Mäntymäki and Riemer 2016). When seeking domain-specific knowledge, employees now
prefer ESMs over traditional knowledge management (KM) systems such as repositories. First,
knowledge in ESMs is created by peers who are similar to seekers, so it can be comprehended
more easily. Second, ESMs have many social interaction functions. The participation of
employees is more active. Third, ESM provides more advanced functions including search, so
the allocation of knowledge is easier (Pee 2018).

Effectively managing knowledge, enterprise social media can steer an enterprise business, create
competitive advantage, improve business operation efficiency, reduce costs, and strengthen
enterprise innovation. It plays an increasingly important role in business management (Aral et al.
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2013). For enterprises, how to use enterprise social media for effective knowledge management
is an eminent challenge. McKinsey's report shows that enterprise social media can bring many
benefits to enterprises. It can expedite expertise searching by 25% to 30%, knowledge
dissemination by 30%, improve collaboration efficiency by 35%, increase professional skills
sharing by 20% to 30%, and reduce operation expenses by 10% to 15%, etc. (McKinsey &
Company 2013).

Despite the usefulness and popular adoption of ESMs by organizations, the actual adoption rate
and use efficiency among employees is still very low (Kane et al. 2014). Although with effective
exchange, reconfiguration, and interpretation, knowledge can be an organization’s most
important competitive advantage (Beck et al. 2014), organizational adoption does not convert to
employee actually use, especially when ESM use is not mandatory (Engler and Alpar 2018).
Some employees are often reluctant to share and exchange knowledge on ESM platforms
(Kankanhalli et al. 2005). However, survey from practitioners shows that more than 80% of
enterprise social media fail to achieve the expected benefits (Gartner, Inc. 2013). Hence,
examine what happens in new, enterprise social media-enabled, processes, and how to use ESM
to management knowledge effectively are urgent and unavoidable problems (Vaast et al. 2017).

This work is designed to investigate the problem of the low adoption of ESM among employees
for knowledge exchange. Little is known about how to encourage and motivate employees
contribute and exchange their knowledge effectively in ESM (Rode 2016). We use
self-presentation, self-efficacy and peer influence to explain the employee knowledge exchange
behavior on ESM, including both knowledge acquisition and contribution. Our preliminary
results show that the self-presentation and self-efficacy supported by social cognitive theory are
both significant to knowledge exchange behavior on ESM. Current research mainly emphasizes
public social media, while does not study enterprise social media in depth enough. Our research
serves to fill such gap. It has implication for both IS literature and practitioners.

2. Literature Review
2.1 Self-presentation and Knowledge Exchange on ESM
There are several motivations to explain knowledge exchange on ESM. The first one is
self-presentation. Self-presentation is a process of advertising one's identity, in order to helping
others setup a comprehensive understanding about own personal situation (Ma and Agarwal
2007). It indicates users’ personal information disclosure behaviors (Ma and Agarwal, 2007). It
involves personal image expressing, also, is a communication tool that help individuals build and
manage a self-fulfilling presentation (Tractinsky and Meyer 1999). On website, self-presentation
is established by user interface. Individuals want to protect their desired image though
self-presentation for two main motives. First, they want to influence others and gain rewards;
Second, they establish and assert personal identities and use it to find similar companions (Kim
et al. 2012).

Recently, many IS scholars found self-presentation’s important role in improving knowledge
related activities. For example, Ma and Agarwal (2007) indicate that self-presentation, as one of
the IT artifacts, can enhance individual’s perceived identity verification and then promote
satisfaction and knowledge contribution in online community. Jin et al. (2015) also propose that
the more self-presentation information individuals disclosed, the more chance they will
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contribute their knowledge into the online social Q&A communities. Similarly, in the context of
enterprise social media, employees motived by self-presentation to display themselves and
improve their brilliant image, enhance their reputations and self-esteem through creation new
posts or reply other’s questions. What is more, the more information a user presented in
enterprise social media, the more trust and stable relationship will be built (Beck et al. 2014),
which lead to a high-level knowledge exchange in ESM.

Thus, we infer that self-presentation in the enterprise social median can improve employee
knowledge exchange. We propose our hypotheses about self-presentation and knowledge
exchange as:

H1: An employee’s knowledge exchange frequency on ESM platform is positively
associated with her degree of self-presentation.
H1a: Knowledge acquisition frequency is positively associated with self-presentation.
H1b: Knowledge contribution frequency is positively associated with self-presentation.

2.2 Self-efficacy and Knowledge Exchange on ESM
An employee’s knowledge exchange on ESM can also be motivated by his/her self-efficacy.
Self-efficacy is individual’s belief about his/her own capabilities to determine whether to take
action to achieve particular performance (Bandura 1986). It is concerned about not only the skills
but the perception of what one can do with the skills one possesses. Self-efficacy is identified by
social cognitive theory as the single most important determinant of individuals’ actual ability to
perform behavior (Compeau and Higgins 1995).

Based on above definition of self-efficacy and target behavior involved, self-efficacy has been
conceptualized of specific forms by IS researchers (Kim et al. 2012). For example, previous IS
literature defined the conception of computer self-efficacy, which has found to be an important
antecedent factor of IS use (Compeau and Higgins 1995). In addition, Knowledge self-efficacy is
defined as confidence in their ability to provide valuable knowledge that is useful to others
(Kankanhalli et al. 2005). And they found that knowledge self-efficacy is proved positively
related to team and personal outcome (Lin and Huang 2010), knowledge contribution
(Kankanhalli et al. 2005), knowledge sharing (Rode 2016) and the quality of knowledge
exchange (Beck et al. 2014). In ESM context, based on the above research, employees with high
level of knowledge self-efficacy will have more confidence in knowledge communication,
believing that their questions can encourage new ideas and their knowledge can help colleagues
to solve job-related bottleneck, and thus perform a more positive attitude to acquire and
contribute their knowledge in in the process of ESM usage. Hence, we hypothesize that:

H2: An employee’s knowledge exchange frequency on ESM platform is positively
associated with her degree of self-efficacy.
H2a: Knowledge acquisition frequency is positively associated with self-efficacy.
H2b: Knowledge contribution frequency is positively associated with self-efficacy.

2.3 Peer Influence and Knowledge Exchange on ESM
Recently, IS literature begin to argue that a person's behavior is partially shaped and controlled
by the influences of social network (Chiu et al. 2006). Khang et al. (2014) find that contribution
online can also be attributed to people interacting with others in the online social network. Hence,
contextualized in this study, we believe peer influences, including friends’ in social network’s
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knowledge exchange and tie strength, could affect an employee’s knowledge exchange in ESM.
Therefore, we hypothesize that:

H3: An employee’s knowledge exchange frequency on ESM platform is positively
associated with the exchange behavior by peers in the online social network.
H3a: Knowledge acquisition frequency is positively associated with peer’s behavior.
H3b: Knowledge contribution frequency is positively associated with peer’s behavior.

H4: An employee’s knowledge exchange frequency on ESM platform is positively
associated with the tie strength with peers in the online network.
H4a: Knowledge acquisition frequency is positively associated with tie strength.
H4b: Knowledge contribution frequency is positively associated with tie strength.

Summarized from the literature, our conceptual model is shown in Figure 1 below, which serves
as a roadmap for the theory development. We conceptualize constructs for personal factors,
which includes self-presentation and self-efficacy; peer influence, which includes peer behavior
and tie strength; and knowledge exchange, which includes knowledge acquisition (asking
question) and knowledge contribution (answer question). We relate personal factors and peer
influence to knowledge exchange, to understand how to leverage internal social media for
knowledge interaction effectively in business.

Figure 1. Conceptual Model

3. Data and Methods
We present our research approach in Figure 2. To assess the knowledge exchange, we collect
enterprise social media data, including all the textual content, from a large Internet company. We
construct the knowledge exchange network using the observed ask-answer relationship on the
platform. We extract the self-presentation and self-efficacy measures from the user profiles. The
dependent variables of the study, quantity (frequency) of knowledge exchange, are evaluated
next. A network autocorrelation model is used to empirically identify the association between the
employees’ attribute and knowledge exchange.

The enterprise social media investigated in this study is collected from one of the largest Internet
technology company in Asia. On this platform, there are social networking service, forums and
wikis. Employees can post questions about work (such as coding question), organization policy
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(such as insurance and retirement), or anything problem they have. Other employees can answer
to the original post, or ask new questions. An employee can follow other employees. Once there
is any new content created by followees, the follower can see the update from her homepage.

Figure 2. Framework of Proposed Research Approach

The structural model (in matrix notation) for studying employees’ knowledge exchange, when
associated with personal attributes and peer influence, is described as below. It is based on
Bramoullé et al.’s spatial autoregressive model (2009), which can empirically identify
endogenous peer effects.

� � �� � ��� � �

where � is an � � � vector of response variable. In our context, there are two response variables,
frequency of knowledge acquisition (number of questions asked), and frequency of knowledge
contribution (number of questions answered), although we only analyze the former one in this
study. Parameter � is an � � � matrix of individual observable attributes. In this context, it
includes variables measuring self-presentation and self-efficacy. Matrix� is an � � � adjacency
matrix representing the structure of the communication network in ESM. If employee �
responds to individual i’s original post, entry ��u � � , 0 otherwise ��u � �. Since � describes
directed relationships between individuals, it is an asymmetric matrix. � is a � � � vector of
parameters, where each component �u is one variable �u’s correspondent parameter. � captures
the peer influence from the network on knowledge exchange.

4. Results
Due to page limitation, we are only able to show the results from preliminary analysis about
knowledge acquisition (Table 1). Similar pattern exists for knowledge contribution. As the
results suggest, self-presentation affects knowledge exchange significantly, H1 is supported.
Employees publishing more personal information on the ESM have more knowledge exchange
behaviors on ESM. Knowledge self-efficacy, measured by viewership, demonstrates employees’
confidence about providing valuable knowledge into ESM. Hence, knowledge self-efficacy
influence knowledge exchange positively and significantly, H2 is also supported. Therefore, peer
influence is positively related to employees’ knowledge exchange behavior, and H3 is confirmed.
Peers’ knowledge behavior will stimulate knowledge exchange between employees when they
use ESM. Tie strength is also positively associated knowledge exchange in ESM, thus H4 is also
supported.
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5. Conclusion
We study employees’ knowledge exchange behavior on enterprise social media platform. And
find the exchange behavior is associated with employee’s self-presentation, self-efficacy, and
peer influence.

Table 1: Results of Analysis about Knowledge Acquisition
Variable name Coefficient
Self-presentation 64.81***

(12.32)
Self-efficacy 1.31***

(0.040)
Peer behavior 0.014***

(0.0002)
Tie strength -2.97***

(0.21)
Content Quality 13.12***

(1.99)
Control variable 2.78***

(0.18)
Status -8.35

(14.45)
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An Optimal Data Selection Method in Fusing Conflict Data 

Abstract 

In the era of big data, fusing data from heterogeneous data sources plays an important role in 

enterprise operation and decision making. However, due to different data structures in 

heterogeneous data sources, how to effectively deal with conflict data has been a challenging 

data quality problem when fusing data. In this paper, we firstly apply Bayes method to evaluate 

the data uncertainty. Furthermore, we analyze the influence of choosing conflict data on the final 

decisions. We import type I error and type II error to elaborate the decision error cost when 

choosing the conflict data. At last, we validate the performance of the proposed method by 

comparing it with the traditionally used methods, i.e. MRS and MLV. The numerical results show 

that our method could achieve minimal decision error cost in processing conflict data. 

Keywords: Conflict data, Data fusion, Data selection, Decision error cost 

1. Introduction
Nowadays, data from single source is not adequate to satisfy enterprise demands in decision

making. Enterprises have to fuse data from different data sources so as to assure the

completeness and accuracy of data. However, when integrating or fusing data from multiple

and heterogeneous data sources, conflict data is unavoidable to be one of the critical data quality

problems (Lahat, et al., 2015; Li, et al., 2016). This is because different data sources possesses

different data structures, data reliability and different levels of data quality, how to deal with the

conflict data so as to assure the quality of data and the accuracy of enterprise decisions is one of the

challenging job for data users. Generally speaking, the problem of data inconsistency appears at

two different levels: schema level and data level. Inconsistency at schema level is usually caused

by different structures for the same entity. While inconsistency at data level means that the same

entity has two or more different values for the same attribute. Take the material information for

example, if one department applies the attribute “price” to describe the price of a material while

another department uses the attribute “cost” to describe the price of a material, therefore this

inconsistency can be attribute to schema inconsistency. On the other side, if the texture for a

material is recorded “ferric” in database A while its texture is recorded as “wooden” in database B.

Then this problem is attributed to data inconsistency. Considering the schemas in a database are

relatively stable, therefore in this paper, we mainly focus on the data inconsistency at data level

when fusing data from multiple and heterogeneous data sources. As for the conflict material

information, the data manager will be confused which one is the real texture for the specific

material and his or her choice will influence the final product. Therefore, we mainly study how to

choose the conflict data in manufacturing systems.

2. Related Research
There are already various strategies for resolving data inconsistency at data level. (Bleiholder and

Mooney, 2008) had provided two kinds of strategies to resolve conflict data, i.e. deciding strategy

(e.g. choosing the most common values) and mediating strategy (e.g. inventing a value that is as

close as possible to all present values). (Yin, et al., 2008) proposed a TruthFinder method to find

the true facts from a large amount of conflicting data. After that, lots of researchers put forward
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some iteration algorithms (Yin, 2011; Yu, et al., 2014; Zhang, et al., 2013; Xu, et al., 2017) based 

on the relationship between the reliability and the accuracy of data sources so as to find the mostly 

accurate data among conflict data. However, in the era of big data, finding the truth value for every 

entity in such vast amount of heterogeneous datasets is an extremely costly or even infeasible job 

for enterprises. Besides, the volume, velocity, variety and variability of big data make it hard for us 

to taking the time to cleanse big data all thoroughly(Kacfah, et al., 2015). Under this circumstance, 

we plan to resolve the conflict data by considering the decision demand of enterprises and choose 

the value that could make the decision error cost minimal. In the process of intelligent 

manufacturing, all the data about plans, materials, machines and processing technologies have to 

be fused so as to intelligently monitoring the whole process of manufacturing(Tao, et al., 2018). 

Therefore in this paper, we mainly study the optimal choice for the conflict data in the field of 

intelligent manufacturing. 

3. Evaluation of the Uncertainty for Conflict Data
Firstly we analyze how to evaluate the data uncertainty for only one attribute. Assume there are m

data sources 𝑠1, 𝑠2, … , 𝑠𝑝, … , 𝑠𝑚 and the values recorded in m data sources for attribute A can be

represented as {𝐴𝑆1
, 𝐴𝑆2

, … , 𝐴𝑆𝑝
, … , 𝐴𝑆𝑚

}  and 𝑝 ∈ {1,2, … , 𝑚} . All the possible values for

attribute A is 𝐷𝐴 = {
1 2, , , , ,i na a a a }.  A

*
represents the real value for attribute A. In this paper, 

we apply Bayes to estimate the uncertainty of conflict data as Jiang(Jiang, 2012) did. Based on 

Bayes theory, we can obtain the conditional probability that the real value A
*
 for attribute A is ai ,

that is : 

                                                            (1)

In equation (1), when 𝐴𝑆𝑖
= 𝐴∗ = 𝑎𝑖 , then the conditional probability 𝑃(𝐴𝑆𝑖

= 𝑎𝑖|𝐴∗ = 𝑎𝑖)

in fact reflects the reliability of attribute A in data source Si, i.e. 𝑅𝑠𝑖
𝐴 . The reliability can be

represented by the value accuracy of attribute A in data source Si. On the other side, when 

𝐴𝑆𝑖
= 𝑎𝑖 ≠ 𝐴∗ , then there are total (n-1) kinds of values that 𝐴𝑆𝑖

 could choose. Thus we could

infer the following equation: 

(2) 

Then we apply a simple case to explain how to use equation (2) to evaluate the uncertainty for 

conflict data. Assume there are four possible values for the texture of a material entity, let it be 

𝐹 ∈ {𝑝𝑙𝑎𝑠𝑡𝑖𝑐, 𝑠𝑡𝑎𝑖𝑛𝑙𝑒𝑠𝑠 𝑠𝑡𝑒𝑒𝑙, 𝑓𝑒𝑟𝑟𝑖𝑐, 𝑤𝑜𝑜𝑑𝑒𝑛}. At the same time we assume that the possibility 

for each texture is equal, i.e.  
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𝑃(𝐹 = 𝑝𝑙𝑎𝑠𝑡𝑖𝑐) = 𝑃(𝐹 = 𝑠𝑡𝑎𝑖𝑛𝑙𝑒𝑠𝑠 𝑠𝑡𝑒𝑒𝑙) = 𝑃(𝐹 = 𝑓𝑒𝑟𝑟𝑖𝑐) = 𝑃(𝐹 = 𝑤𝑜𝑜𝑑𝑒𝑛) = 0.25 

If there are two data sources S1 and S2 recording the texture for the same material and the recorded 

values are 𝐹𝑠1
= 𝑓𝑒𝑟𝑟𝑖𝑐 and 𝐹𝑠2

= 𝑤𝑜𝑜𝑑𝑒𝑛. If we acquire the reliability of the attribute F in the

two data sources are 𝑅𝑠1

𝐹 = 0.7 and 𝑅𝑠2

𝐹 = 0.9, then we can evaluate the possibility for the texture

of the material based on (1) and (2). 

𝑃(𝐹∗ = 𝑝𝑙𝑎𝑠𝑡𝑖𝑐|𝐹𝑠1
= 𝑓𝑒𝑟𝑟𝑖𝑐, 𝐹𝑠2

= 𝑤𝑜𝑜𝑑𝑒𝑛)

 =
0.25∗(

1−0.7

3
)∗(

1−0.9

3
)

0.25∗(
1−0.7

3
)∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗(

1−0.9

3
)+0.25∗0.7∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗0.9

 = 0.0278 

𝑃(𝐹∗ = 𝑠𝑡𝑎𝑖𝑛𝑙𝑒𝑠𝑠 𝑠𝑡𝑒𝑒𝑙|𝐹𝑠1
= 𝑓𝑒𝑟𝑟𝑖𝑐, 𝐹𝑠2

= 𝑤𝑜𝑜𝑑𝑒𝑛)

  =
0.25∗(

1−0.7

3
)∗(

1−0.9

3
)

0.25∗(
1−0.7

3
)∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗(

1−0.9

3
)+0.25∗0.7∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗0.9

 = 0.0278 

𝑃(𝐹∗ = 𝑓𝑒𝑟𝑟𝑖𝑐|𝐹𝑠1
= 𝑓𝑒𝑟𝑟𝑖𝑐, 𝐹𝑠2

= wooden)

     =
0.25∗0.7∗(

1−0.9

3
)

0.25∗(
1−0.7

3
)∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗(

1−0.9

3
)+0.25∗0.7∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗0.9

 = 0.1944 

𝑃(𝐹∗ = wooden|𝐹𝑠1
= 𝑓𝑒𝑟𝑟𝑖𝑐, 𝐹𝑠2

= wooden)

=
0.25∗(

1−0.7

3
)∗0.9

0.25∗(
1−0.7

3
)∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗(

1−0.9

3
)+0.25∗0.7∗(

1−0.9

3
)+0.25∗(

1−0.7

3
)∗0.9

 = 0.75 

Based on the above calculation information, we can find that the most possible texture for the 

material is wooden because it possesses the highest value of conditional probability. 

Similarly, assume the attribute “production mode” for the same material are recorded as 

𝑀𝑠1
= 𝑜𝑢𝑡𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔 and 𝑀𝑠2

= ℎ𝑜𝑚𝑒 − 𝑚𝑎𝑑𝑒. Then we can evaluate the possibility for the

mode of the material based on (1) and (2). 𝑃(𝑀∗ = ℎ𝑜𝑚𝑒 − 𝑚𝑎𝑑𝑒|𝑀𝑠1
, 𝑀𝑠2

) = 0.7941 ,

𝑃(𝑀∗ = 𝑜𝑢𝑡𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔|𝑀𝑠1
, 𝑀𝑠2

) = 0.2059. Therefore, the most possible mode for the material

is “home-made” based on the two conflict values. 

4. Evaluation of the Decision Error Cost
For any enterprise, the ultimate goal of processing conflict data is to support the final decision. The

data used for making decisions is usually obtained by queries. Therefore, the first step to analyze

the decision error cost is to identify what are the decisions and the related queries that may use the

conflict data. In this paper, we apply type I and type II error to reflect the decision error cost. Type

I error can only occur if the given entity is not selected while type II error can only occur if the

entity is selected. Therefore, the decision error cost is constituted by the query frequency 𝑓(𝑄),

the cost of Type I error 𝐶𝐼(𝑄), the cost of Type II error 𝐶𝐼𝐼(𝑄), and the choosing probability for
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the consistent data P. Assume the enterprise will apply the following two statements to make the 

purchase decisions related to the attributes “texture” and “production mode”: 

Q1:Select “material name”, “specification”, “supplier” from “material information 

table” where “texture” = “wooden” and “production mode” = “home-made” 

Q2:Select “material name”, “size”, “unit” from “material information table” where 

“texture” = “plastic” or “production mode” = “outsourcing” 

Take queries Q1 and Q2 as an example, if data user chooses the attribute value “wooden” and 

“home-made” as the material’s final texture and production mode, the material will be included in 

the 𝑄1 query results not in 𝑄2 query results according to their selection conditions. If the real

texture and mode for the material entity is not “wooden” and “home-made”, query 𝑄1 will

commit the type II error because the enterprise will purchase the wrong material. Then the Type 

II cost for values “wooden” and “home-made” for 𝑄1 can be represented as 𝐺𝐼𝐼(𝑄1) = 𝑓(𝑄1) ∗

𝐶𝐼𝐼(𝑄1) ∗ [1 − 𝑃(𝐹∗ = 𝑤𝑜𝑜𝑑𝑒𝑛|𝐹𝑠1
, 𝐹𝑠2

) ∗ 𝑃(𝑀∗ = ℎ𝑜𝑚𝑒 − 𝑚𝑎𝑑𝑒|𝑀𝑠1
, 𝑀𝑠2

)]. At the same time,

for query 𝑄2, if the real texture for this material is “plastic” or the real mode is “outsourcing”, 𝑄2

will not choose the right material because the recorded values for the material are “wooden” and 

“home-made”. The Type I cost for values “wooden” and “home-made” for 𝑄2 is 𝐺𝐼(𝑄2) =

[𝑃(𝐹∗ ≠ 𝑝𝑙𝑎𝑠𝑡𝑖𝑐|𝐹𝑠1
, 𝐹𝑠2

) ∗ 𝑃(𝑀∗ = 𝑜𝑢𝑡𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔|𝑀𝑠1
, 𝑀𝑠2

) + (𝐹∗ = 𝑝𝑙𝑎𝑠𝑡𝑖𝑐|𝐹𝑠1
, 𝐹𝑠2

) ∗

𝑃(𝑀∗ ≠ 𝑜𝑢𝑡𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔|𝑀𝑠1
, 𝑀𝑠2

) + (𝐹∗ = 𝑝𝑙𝑎𝑠𝑡𝑖𝑐|𝐹𝑠1
, 𝐹𝑠2

) ∗ 𝑃(𝑀∗ = 𝑜𝑢𝑡𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔|𝑀𝑠1
, 𝑀𝑠2

)] ∗

𝑓(𝑄2) ∗ 𝐶𝐼(𝑄2).

Similarly, we can analyze the decision error cost for all the conflict values according to the 

selection conditions in queries Q1 and Q2. As a result, we will choose the one that could minimize 

the total decision error cost as the finally recorded attribute value.  

5. Performance Validation
The commonly used strategy for dealing with conflict data is choosing the one that is from the

most reliable data sources (MRS) or choosing the most likely value (MLV). Thus, this paper will

validate the performance of the proposed algorithm in processing conflict data with the above

two popular methods. Again, we take the queries Q1 and Q2 in Section 4 as an example to

validate its performance and two different groups of parameters are given in Table 2 to validate

the effectiveness of our method.

Table 2. Parameters and Their Values 

Group 1 Group 2 

Reliability of data source
1 2

0.7, 0.9s sR R 
1 2

0.75, 0.7F F

s sR R 

Type I error cost    1 2500 =200I IC Q C Q ，    1 2300 =400F F

I IC Q C Q ，

Type II error cost    1 21000 =1,500II IIC Q C Q ，    1 2800 =600F F

II IIC Q C Q ，

Query frequency    1 2=2 3f Q f Q ，    1 2=5 2f Q f Q ，

First, if “wooden” and “home-made” are chosen as the final values, then Q1 will commit Type II 

error and Q2 will commit Type I error. The total decision cost for this circumstance is: 
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     1 1 2,  II IT wooden home made G Q G Q  

       
1 2 1 2

* *

1 1* * 1 | , * ,= |II s s s sf Q C Q P F wooden F F P M home made M M    
 

+

   

   

   

   

1 2 1 2

1 2 1 2

1 2 1 2

* *

* *

2 2

* *

, ,

, ,

, ,

s s s s

I s s s s

s s s s

P F plastic F F P M outsourcing M M

f Q C Q P F plastic F F P M outsourcing M M

P F plastic F F P M outsourcing M M

    
 
      
 
 

    

=945.65 

If “plastic” and any production mode are chosen or any texture and “outsourcing” are chosen as 

the final values, then Q1 will commit Type I error and Q2 will commit Type II error. The total 

decision cost for this circumstance is: 

        2 1 2,  ,  I IIT plastic any mode or any textual outsourcing G Q G Q 

       
1 2 1 2

* *

1 1* * | , * | ,= I s s s sf Q C Q P F wooden F F P M home made M M   +

       
1 2 1 2

* *

2 2 , ,II s s s sf Q C Q P F plastic F F P M outsourcing M M     =4069.69 

If “stainless steel” or “ferric” is chosen for textual and “home-made” is chosen for mode, then Q1 

and Q2 will both commit Type I error. The total decision cost for this circumstance is: 

        3 1 2 , ,  I IT stainless steel home made or ferric home made G Q G Q    =732.38 

By comparing the above four decision error cost for the conflict data, we can see that T3 could 

achieve the minimal total error cost, i.e. 732.38. Therefore, we will choose the value “stainless 

steel” or “ferric” as the texture value and “home-made” for the attribute “production mode”.  

According to the principle of MRS methods, the enterprise will choose the value “wooden” for 

the attribute “texture” and “home-made” for the attribute “production mode” because 𝑅𝑠2
𝐹 =

0.9 > 𝑅𝑠1
𝐹 = 0.7. As a result, the total decision error cost for MRS is TMRS=945.65. According to

the principle of MLV methods, it will choose the value “wooden” for the attribute “texture”, 

because 𝑃(𝐹∗ = wooden|𝐹𝑠1
, 𝐹𝑠2

) = 0.75, and “home-made” for the attribute mode because

𝑃(𝑀∗ = ℎ𝑜𝑚𝑒 − 𝑚𝑎𝑑𝑒|𝑀𝑠1
, 𝑀𝑠2

) = 0.7941 (refer to Section 3). As a result, the total decision

error cost for MLV is TMLV=945.65. Therefore, the conflict value chosen by our proposed method 

could achieve the minimal decision error cost for enterprises. 

Furthermore, we analyze the comparison results applying parameters in Group 2. Similar to the 

calculation process as presented above, their total decision error cost for query Q1 and Q2 are as 

follows: T1=3790.6, T2=750.225, T3=724.225. We can see that T3 could achieve the minimal total 

error cost, i.e. 724.225. Therefore, we will choose the value “stainless steel” or “ferric” as the 

texture value and “home-made” for the attribute “production mode”.  

According to the principle of MRS methods, the enterprise will choose “ferric” and “outsourcing” 

as the final values, because 𝑅𝑠1
𝐹 = 0.75 > 𝑅𝑠2

𝐹 = 0.7 in Group 2. As a result, the total decision

error cost for MRS is TMRS=750.225. For MLV methods, it will choose the value “ferric” and 
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“outsourcing” according to the most likely probability (refer to equation (1) in Section 3). As a 

result, the total decision error cost for MLV is TMLV=750.225. From the above comparison results, 

we can find that our method could make the total decision error cost minimal.  

6. Conclusions
Fusing the conflict data at the data level is a common data quality problem when integrating

multiple and heterogeneous data sources. In this paper, we firstly apply Bayes method to evaluate

the data uncertainty. Furthermore, we analyze the influence of choosing conflict data on the final

decision. We import type I error and type II error to elaborate the decision error cost when

choosing the conflict data. At last, we validate the performance of the proposed method by

comparing it with the traditionally used methods, i.e. MRS and MLV. The numerical results show

that our method could achieve minimal decision error cost in processing conflict data. However,

due to the length limitation, we only consider discrete attribute in two queries. In the future

research, continuous attribute and dynamic error cost can be employed in the method.
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