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Keynote Speakers
Keynote Speech 1: Wang Zhongtuo, Academician of Chinese
Academy of Engineering
Wang Zhongtuo is a professor of Institute of
Systems Engineering, Dalian University of
Technology (DUT), and the member of Chinese
Academy of Engineering (CAE).
In fifties of last century, he joined the Department
of Electrical Engineering, DUT. As the founder of
Department of Control Engineering of DUT, he made
a lot of contributions to the teaching and research
works in the field of optimizing control and
computer applications in industry.
In the year of 1977, he and other professors from
famous universities of China initiated to establish
the national graduate teaching and programs of
Systems Engineering. As one of the originators of
Ph.D Program and the founder of Institute of
Systems Engineering of DUT, he devoted himself to
the tasks of theoretical research in many aspects including decision science, complex
system, etc. As a leader he has completed many projects from government and
enterprises covering the strategic analysis of regional economic development,
production planning of the petroleum refinery, planning and scheduling of the
construction projects, and applications of information technology to the management
reform.
In the years 1986-1988, he worked in International Institute for Applied Systems
Analysis (lIASA) in Vienna, Austria as the head of international collaborative project and
was well known internationally for his contributions.
He has published 14 books and 9 translations, and more than 140 academic papers
and reports.
He received 2 national awards, and 9 awards from ministries of Chinese government.
He is now working in Knowledge Management and Complex Systems Engineering.
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Keynote Speech 2: Arun Rai, Editor-in-Chief of MISQ
Arun Rai is Regents’ Professor of the University
System of Georgia at the Robinson College of
Business at Georgia State University. He holds the
Robinson Chair of IT-enabled Supply Chains and
Process Innovation and the Harkins Chair of
Information Systems. He is currently serving as the
Editor-in-Chief of MIS Quarterly. He was named
Fellow of the Association for Information Systems in
2010 for outstanding contributions in research,
teaching, and service to the Information Systems
discipline, and received the INFORMS Information
Systems Society Distinguished Fellow Award in 2014
for outstanding intellectual contributions to the Information Systems discipline. He is a
four-time recipient of the Robinson College of Business Faculty Recognition Award for
Research, has received the Robinson College of Business Faculty Recognition Awards for
Teaching and for Service, and was appointed Regents’ Professor in 2006 for outstanding
contributions in research, teaching, and service.
For over 25 years, Dr. Rai’s research has examined how organizations can leverage
information technologies in their strategies, inter-organizational relationships, and
processes, and how systems can be successfully developed, implemented, and utilized to
address business and societal problems. His studies have been sponsored by major
organizations across sectors (e.g., IT, healthcare, automotives, transportation,
manufacturing, financial services, government) as well as by thought leadership forums
and government agencies. Dr. Rai has published over 100 peer-reviewed journal articles
and is ranked among the top scholars for publications in the Information Systems
discipline’s premier journals. His work has been extensively cited in the Information
Systems discipline and in the top journals of other disciplines including Accounting,
Computer Science, Education, Healthcare, Marketing, Operations Management, Strategic
Management, and Psychology. He has also given over 100 invited talks and keynotes to
both academic and industry audiences.
Dr. Rai co-founded the Robinson College of Business’ Center for Process Innovation
(CEPRIN), an interdisciplinary research center on digital innovation that promotes
industry-university partnerships. He serves as the Director for CEPRIN’s interdisciplinary
Ph.D. program and recently completed a third three-year term as Chair of the Robinson
College of Business Promotion and Tenure Committee. He has served as Senior Editor
and Associate Editor for Information Systems Research, MIS Quarterly, and Management
Science, and as a panelist for the National Science Foundation.
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Keynote Speech 3: Vijay Mookerjee, Senior Editor of ISR
Mookerjee knew as a child that he wanted to
be a teacher. His mother, father, uncles, aunts and
grandparents have been teachers. After he earned
his bachelor of engineering from Nagpur
University in India, he worked for a software
company in the early 1980s and his interest in
information technology and its possibilities grew.
His research interests include social networks,
managerial issues in information security, optimal
software development methodologies, storage
and cache management, content delivery systems,
and the economic design of expert systems and
machine learning systems.
In 2011, his research on how companies can improve the online forum experience for
customers won the Best Paper award at the Conference on Information Systems and
Technology, which is held in conjunction with the Institute for Operations Research and
the Management Sciences (INFORMS) national meeting. In the co-authored paper,
Mookerjee, his wife, Dr. Radha Mookerjee, and another colleague created a computer
program that can help companies determine when they should provide expert input to
customers using online forums.
Mookerjee said he is most proud of being named a fellow of the Information Systems
section of INFORMS.
He is senior editor of Information Systems Research. He serves as an associate editor
of several leading journals, including Decision Support Systems, Management Science:
Information Systems Department, INFORMS Journal on Computing: Telecommunications
and E-Commerce Area, Information Technology and Management and Journal of Data
Management.
He has published in several journals, including Information Systems, Computer Science,
and Operations Research.
He has been involved with the Workshop on Information Technologies and Systems
(WITS), serving as co-chair of the WITS workshop in Australia in 2000.
Prior to joining UT Dallas in 2001, he taught at the University of Washington, where he
received the PhD Mentor of the Year award. He earned his PGDM in systems and
marketing from the Indian Institute of Management. He earned his PhD in management
with a major in management information systems from Purdue University.
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PANEL
Meet the editors：Road to Relevance and
Rigor, Local and Global
Chair/Moderator
Sridhar Narasimhan (Former Senior Associate Dean, Co-Director of
Business Analytics Center, Scheller College of Business, Georgia Institute
of Technology)

Panelists
Elena Karahanna (Associate Editor of Management Science, former Senior
Editor of Information Systems Research and MIS Quarterly)
Subodha Kumar (Deputy Editor and Department Editor of Production and
Operations Management, Associate Editor of Information Systems
Research Journal)
Vijay Mookerjee (Senior Editor of Information Systems Research,
Associate Editor of Management Science)
Arun Rai (Editor-in-Chief of MIS Quarterly)
Sean Xu (Senior Editor of MIS Quarterly)
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Abstract
As a new type of online health communities (OHC), online doctor consultation services (ODCS)
enables doctors deliver healthcare directly to patients by consultation. Patients can use both
online attributes, such as reviews, and offline attributes, such as position rank, of doctors to choose
the consultation provider. However, it is uncertain whether the online review is really used by
patients, and existing literature shows contradictory evidence. This paper attempts to reconcile
such problem and identify factors affecting patients’ decision. Results show that online review
does affect patients choose doctor, although offline attributes are also considered. Online review
can weaken the effect of doctor’s hospital tier level and the effect of position rank is insignificant,
suggesting patients care more about online review than the doctor’s position and hospital. Our
findings can help doctors design their strategy of online service, also help ODCS refine their
system design so that consultation matching is optimized.
Keywords: Online Health Communities, Online Review, Online Doctor Consultation Services.

1. Introduction
The trend of virtually all individuals being online has made online health communities (OHC) an
important source of medical and health information. For example, 80% of American Internet user
go to OHC to find healthcare information, resulting in health searches one of the most popular uses
of the Internet (Fox 2006). Research shows OHC can indeed improve participants’ health
conditions. For example, patients can get both information support and emotional support from
peers in OHC and ultimately enhance treatment effect (Yan and Tan 2014); participating in weight
control OHC can help individuals lose weight because of peer influence (Yan and Tan 2015) and
motivation mechanism from diet monitoring function (Ba and Wang 2013). Rural residents can
improve health status thus reduce difference from urban residents through the social value created
by OHC (Goh et al. forthcoming).
However, most of the existing literatures only investigate patient to patient communities, in which
patients seek answers from each other. Little study has been done about patient consulting doctors
about health problem, also referred to as online doctor consultation service (ODCS), in which
medical doctor deliver healthcare directly to patient. Our study attempts to fill such blank.
Literature shows that enabling patients to choose doctors can improve patient satisfaction (Kersnik
2001). An ODCS platform is designed to empower patients find matching doctors. In such
platform patients search doctors within a disease category by specifying attributes of doctors. Once
find a doctor with whom they are satisfied, patients ask questions online directly or make
appointment with her for further consultation. ODCS provides two types of doctor attributes,
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offline and online, to help patient determine doctors. Offline attributes include doctor’s position
rank and her hospital tier level. For example. a chief physician in tier 1 hospital represents a
doctor with the highest rank and working in the highest tier hospital. While online attributes mainly
come from ODCS’ online review system, such as number of positive feedbacks and favorites. For
online review, patients may leave positive feedback to doctors, based on their answers to the online
questions from patients. Patients can also set a doctor as ‘favorite’ if they prefer her.
It is intriguing that whether patients take online attributes into consideration when choosing
doctors. Evidence from the existing literature is also contradictory. On the one hand, online review
can affect customer’s behavior (Adomavicius et al. 2013). On the other hand, some patients do not
rely on online review (Lee.2016). Actually, patients use more offline measure to evaluate doctor’s
quality of service. Since the quality of service is mostly unobservable (Gao et al. 2015), patients
can only rely on very limited offline attributes when choosing doctors, because these attributes
indicates the quality of the service that the doctor can provide, and achieve high satisfaction already.
Examples of such offline attributes include hospitals tier level and position rank.
This paper makes contribution to IS literature by reconciling an important problem: whether online
review affects patients’ decision of choosing doctors. To provide empirical evidence, we collect a
sample of 8400 physicians from an ODCS, one of the largest OHC in the world. Our empirical
results show in choosing doctors patients care more about online review than offline attributes
such as doctor’s position rank and the tier level of doctor’s hospital. Furthermore, we find that
online consultation frequency, the number of patients she treated, and the number of patients under
follow-up care affect patients select doctors. Moreover, an inverse U curve relationship between
price and doctor's telephone consultation frequency are found.

2. Context and Hypotheses
In an ODCS platform, patients search doctors, select doctor using online or offline measures about
service, and then book online, telephone and offline consultation. We choose telephone
consultation purchase as our research context. Compared to online consultation, which interacts
with doctors through online forum, telephone consultations can exchange information with doctors
instantly and is very similar to face-to-face offline consultation. Through telephone consultation,
before treatment, patients can let doctors know in advance their condition and be well prepared for
the treatment; after treatment, patients can reach convenient consultation to avoid the delay of
treatment because of the changes of condition. If the treatment is not satisfied, patients can further
seek other authoritative treatments conveniently all around the country through telephone
consultation. Telephone consultation in ODCS provides abundant information, including offline
and online attributes, and online review to help patients choose an appropriate doctor, which makes
it possible for us to investigate the factors that influence patients' selection of doctors online where
the information are more comprehensive.
Online reviews can reduce users’ uncertainty about the purchase decision of the product. A positive
review will increase purchase intention and lead to a higher sales volume (Chen 2008). However,
Chevalier and Goolsbee (2003) also found that five-star ratings have no significant influence on
sales volume, while one-star ratings have a significantly negative impact on sales volume.
Nevertheless, most prior studies indicate that a positive feedback would increase sales volume
while a negative review may lower purchase intention. Therefore, we hypothesize that:
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H1: The number of telephone consultation received by the focal doctor through online is
positively correlated with the number of positive feedbacks she received.
Apart from allowing patients to write online review, online doctor consultation service also allows
patients to vote for their favorite doctors. Voting for a favorite doctor means the patient approves
the doctor's medical technique and is willing to recommend this doctor to other patients (Wun et
al. 2010). The recommendations from other patients can be regarded as information sources that
influence patient's purchase decision (Carlin et al. 2013). Thus, we hypothesize that:
H2: The number of telephone consultation received by the focal doctor through online is
positively correlated with the number of favorites she received.
Patients' selecting doctors who can supply services of high quality is built on their beliefs that
doctors are technically proficient and on interpersonal competence (Mechanic 2000). In the offline
medical environment, patients always judge doctor's competence by her job position rank. In
addition, whether the hospital where the doctor working has a good reputation also influences their
judgement. All of these can be regarded as doctors’ attributes, and patients tend to choose those
doctors who they believe have greater medical competence and can supply high quality of service.
Therefore, we have the following hypotheses:
H3a: The number of telephone consultation received by the focal doctor through online is
positively correlated with her position rank.
H3b: The number of telephone consultation received by the focal doctor through online is
positively correlated with the tier level of her hospital.
Furthermore, online doctor consultation service also provides information about other patients’
selection of doctors, namely, patients can know how many people with similar disease choose the
doctor. Patients’ behaviors can be affected by other patients in OHCs (Ba and Wang 2013). Online
consultation service purchased by other patients will affect online purchase of telephone
consultation. In the offline environment, the more outpatients treated by doctors will also affect
online telephone consultation. After treatment offline, patients can also go to online to consult
doctors to seek follow-up care. The doctors who have more patients under follow-up care may
have more telephone consultation. Other patients’ choices can present the reputation and service
quality of doctor, and impact patients’ decision-making. Therefore, we hypothesize that:
H4a: The number of telephone consultation received by the focal doctor through online is
positively correlated with her online consultation frequency.
H4b: The number of telephone consultation received by the focal doctor through online is
positively correlated with the number of patients she treated.
H4c: The number of telephone consultation received by the focal doctor through online is
positively correlated with the number of her patients under follow-up care.
In an online doctor consultation service, price is one of the most important factors to influence
patients' choice of doctors and purchase an online service (Wun et al. 2010). It is found that price
has a significant negative effect on consumers' purchase intention (Kim et al. 2012). Furthermore,
in view of economics, price is an important determinants of sales volume, and it is negatively
related to demands. Thus, we hypothesize that:
H5: The number of telephone consultation received by the focal doctor through online is
negatively correlated with the price of the telephone consultation she provided.
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3. Data and Methods
To test research hypotheses, we collected data from one of the largest OHC in the world. In order
to obtain the number of telephone consultation in a month as a dependent variable, we crawled
data twice (December 2015 and January 2016) to obtain their snapshots, and then make a
subtraction of total order quantity in these two snapshots. After deleting the records with missing
information and rule out doctors without online consultation service, the sample size was 8400.
To test our hypotheses, we formulate the following empirical model, as shown in Equation (1).
We control disease categories as a series of dummy variables and also control the medical level of
region a doctor’s hospital locates. In Equation (1), !"#$%#$&%'$( (i=1,2,…,13) represents dummy
variables of 13 disease categories in the ODCS. Because dependent variable is a count variable
and is over dispersion, we use negative binomial regression.
)*+,$-&./ = 12 + 14 5.#"'"./6%/7 + 18 9.#:"'%-;$<$- + 1= 5>"?$ + 1@ 5>"?$ 8
+ 1B -.C 5.#D$$EF%?7# + 1G -.C D%<.>"'$# + 1H -.C D.--5%'"$/'#
+ 1I -.C ,>$%'5%'"$/'#
+ 1J -.C K/-"/$5%'"$/'# + 142 (9.#:"'%-;$<$× log D%<.>"'$# ) + 144 ,$?ℎ/"?"%/ + 1S !"#$%#$&%'$( + T

(1)

Table 1 is the descriptive statistics of all the above variables, and we can know that the extremum
and standard deviation of the following variables are large: PosFeedbacks, Favorites, FollPatients,
TreatPatients, OnlinePatients, which are made by a log transformation in regression analysis. The
correlation analysis among independent variables shows that the correlation coefficients between
each pair of independent and control variables ranged from 0.002 to 0.575, revealing no high
correlations. Furthermore, the correlation analysis shows that no VIF (variance inflation factor)
statistic for the variable is greater than 2.5, which indicated the absence of multicollinearity.
Table 1 Summary statistics
Description
Mean
Doctor's professional position rank
3.2
Hospital's medical tier level
4.0
Doctor's telephone consultation fee each
1.4
time
The volume of positive feedbacks
3.2
The volume of favorites.
23.0
The number of patients under follow-up
6.9
care
The number of patients the doctor
TreatPatients
25.5
treated
number of patients making online
OnlinePatients The
878.3
consultation
The number of health technical
Technician
personnel per 1000 people of doctor's
9.2
region
The number of telephone consultation
NumTelCon
1.1
received by the focal doctor
Variable
PositionRank
HospitalLevel
Price
PosFeedbacks
Favorites
FollPatients

Std.Dev
0.8
0.3
0.6
28.2
42.2
25.54

Min
1
1
0.3
0
0
0

Max
4
4
10
1193
619
505

128.5

0

2883

2048.8

0

45314

4.4

3.6

15.46

4.2

0

217

4. Results
We first exclude the squared term and interaction effect to formulate Model 1. Model 2 adds the
squared term. In Model 3, we also add the interaction effect of HospitalLevel and Favorites. The

21

results are shown in Table 2. In summary, hypotheses H1, H2, H3b, H4a, H4b and H4c can be
supported. Hypothesis H5 is not supported and it is found a curvilinear impact of price. Hypothesis
H3a is not significant, indicating position rank is insignificant when patients select doctor in ODCS.
We also have done robustness checks and ran multiple lag specifications ranging from 1 month to
6 months and the results are consistent.

PositionRank

Table 2 Regression results
Model 1
Model 2
-0.0055 (0.0295)
-0.0259 (0.0306)

Model 3
-0.0251 (0.0306)

HospitalLevel

0.2362 *** (0.0979)

0.2323 ***(0.0981)

0.7451 ***(0.2865)

Price

0.1641 *** (0.0360)

0.4270 ***(0.1061)

0.4185 ***(0.1060)

-0.0539 ***(0.0206)

-0.0524 *** (0.0206)

Price^2
log(PosFeedbacks)

0.2943 *** (0.0218)

0.2939 ***(0.0218)

0.2949 ***(0.0218)

log(Favorites)

0.4722 *** (0.0243)

0.4681 ***(0.0244)

1.1486 ***(0.3502)

log(FollPatients)

0.2890 *** (0.0192)

0.2888 ***(0.0192)

0.2886 ***(0.0192)

log(TreatPatients)

0.0404 *** (0.0105)

0.0371 ***(0.0105)

0.0376 ***(0.0105)

log(OnlinePatients)

0.0472 *** (0.0122)

0.0494 ***(0.0122)

0.0496 ***(0.0122)
-0.1713 ***(0.0879)

HospitalLevel×log(Favorites)
0.0743 *** (0.0047)

0.0716 ***(0.0048)

0.0718 ***(0.0048)

DiseaseCate dummy

Included

Included

Included

Log likelihood
***p≤0.01, **p≤0.05, *p≤ 0.1.

-8549.56

-8545.89

-8543.72

Technician

Our results show that patients do use online reviews when selecting doctors for consultation, and
they prefer doctors who have more positive feedbacks and more favorites. Furthermore, the
interaction effect of hospital tier level and favorites is significantly negative, indicating favorites
can weaken the effect of doctor’s hospital level. Moreover, the online consultation frequency, the
number of patients she treated, and the number of patients under follow-up care affect patients
select doctors to purchase telephone consultation. Thus, we can induce that the doctor who is
chosen by other patients online and offline more often are preferred by the patient who is choosing
doctor. Therefore, other patients' choosing doctor behaviors have effects on patients' selection of
doctors.
The regression results also show that the relationship between price and doctor's telephone
consultation frequency presents an inverse U curve. As people usually hold the opinion that
products with good quality deserve higher price, patients might believe that the competent doctor
would charge a higher price, and therefore they are more favor of these doctors. However,
extravagant price reduce patients' willingness because it is costly. Therefore, it indicates patients
would take both cost and doctor's credibility into consideration when choosing a doctor. The result
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shows that hospital rank has significant influence on patients' selection of doctor online. Patients
prefer those who come from hospitals with well-grounded medical infrastructure.

5. Conclusions
This paper studies what determine patients to select doctors in an online doctor consultation service
(ODCS). The main finding is online review such as positive feedbacks and favorites has a positive
effect on patients' selection of doctor, and offline attributes of doctors such as position rank and
the tier level of her hospital affect patients select doctor as well, however, patients care more about
online review than the offline attribute of doctor’s hospital and position. In the future, the
endogeneity of online review that is influenced by the number of telephone consultation as well is
should be addressed. Furthermore, online doctor consultation service can be regarded as a twosided market and modeled to understand supply and demand in ODCS. Moreover, patient
generated text can be analyzed to further understand their demand.
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Abstract
This paper investigates mechanism that governs the spillover effect of crisis from stricken firm to
its supply chain partners. We propose that crisis-induced WOM on social media serves as a
conduit for investors to obtain and interpret information and thus drives spillover effect. Based
on a merged, multi-sources, and longitudinal dataset from Capital IQ, WIND, and Sina
Microblog, we apply PVAR model combined with GMM estimators to capture the dynamic
interactions between WOM and financial performance of the supply chain partners. We find that
spillover effect occurs under two conditions: (1) when the extent of information asymmetry is
high; and (2) when firms are unable to deny the responsibility of crisis. Therefore, small supply
chain partners or upstream supply chain partners whose information is relatively unavailable to
investors tend to be influenced by crisis-induced WOM. Also, spillover effect is more likely to
happen under scandal-like crises.
Keywords: Word-of-Mouth, Spillover Effect, Supply Chain Partners, Crisis Management

1. Introduction
Emerging high profile crises have vividly demonstrated that the negative impact of a crisis
spreads to supply chain partners. In late July 2014, Shanghai Husi Foods was reported to sell
out-of-date and tainted meat to clients including McDonald’s, Starbucks and Yum Brands in
China. Following the report, shares in Yum Brands slumped 4.25% and McDonald’s saw its
stock drop 1.5% (Petroff and Yan 2014). From 2007 to 2012, Apple’s major manufacturer,
Foxconn Technology, was embroiled in high suicide rate of employees, harsh working condition
and serious pollution issue. The stock price of Apple dropped nearly 5% during the most recent
scandal (StockRiters 2012). Despite a plethora of such anecdotes, the counter intuitive
observation remains largely underexplored that firms pay for the wrongdoing of their supply
chain partners.
This paper attempts to investigate the mechanism that governs the spillover effect of crises from
stricken firm to its supply chain partners. In financial market with asymmetric information,
qualitative information from various media plays a key role in investors’ decision making (Xu
and Zhang 2013). Other than traditional media sources (news, search engines), social media (e.g.,
microblogs, forums) has empowered investors to acquire tons of information at an unprecedented
speed (Zhang and Swanson 2010). When a crisis happens, it is not unusual that supply chain
partners are “innocently” involved. A crisis serves as a trigger for investors to learn about firms
through the behavior of its supply chain partners. Characterized by ambiguity of cause, effect,
and means of resolution (Pearson and Clair 1998), crises usually create confusion among
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investors about the origin of crises, encouraging investors to look for more information and rely
heavily on the opinions of peers with common experience and belief. Such tendency makes
social media a vital mechanism of information transmission during the crises. Furthermore, prior
research has demonstrated that negative information incurs greater impact than positive
information on stock market (Unkelbach et al. 2007). Following the same logic, in response to
negative WOM following the breakout of crises, investors are more likely to arrive at
unfavorable evaluations about firms and thus make shorting investment decision. In a word,
investors are likely to distribute the responsibility to and shape an overall unfavorable opinion
toward supply chain partners due to “guilt by association” (Gao et al. 2013).
Therefore, we argue that WOM on social media could serve as a mechanism to convey
information regarding supply chain partners of the stricken firm. To fully uncover how investors
form judgments through WOM, we further explore under what conditions WOM matters most in
the spillover effect among supply chain partners. First, the higher the level of asymmetric
information, the bigger the role of WOM can play in transmitting information following the
crisis. When supply chain partners of stricken firms are small or distant from customers, it is
difficult for investors to access enough information about them. Then crisis-induced WOM will
become the major information for their investment decisions. Therefore, supply chain partners
with more asymmetric information will be more likely to be influenced by WOM. Second, the
extent of deniability of responsibility for the crisis determines the attitude of the public toward
the crisis. Scandals, such as unethical behavior, are hard for firms to deny the responsibility.
People tend to take all related firms accountable for the crisis and form unfavorable impressions,
thus leading to negative evaluations about supply chain partners. To summarize, the research
questions of interests are: (1) Does WOM contribute to the spillover effect that extends from
stricken firm to its supply chain partners following the outbreak of a crisis? (2) Under what
conditions does WOM matter most in such a spillover process? Based on a merged dataset, we
apply a panel vector auto regression (PVAR) model combined with generalized method of
moments (GMM) to identify the casual relationship between WOM and financial performance of
supply chain partners. Our results do not support the overall impact of WOM on supply chain
partners, but well demonstrate the contingent conditions when WOM spillover mechanism works.
To be more specific, WOM drives the spillover effect when the extent of information asymmetry
of supply chain partners is high, or when it is hard for firms to deny the responsibility for the
crisis.
We contribute to the existing literature in several important ways. First, we uncover the
mechanism that governs the empirically observed spillover effect of crises from stricken firm to
its supply chain partners. WOM on social media serves a conduit for investors to obtain and
interpret information in financial market with highly asymmetric information. Prior research has
revealed that WOM on forum (Chen et al. 2014; Luo et al. 2013) and review platform (Luo 2009)
affects financial performance of firms. But almost none have explored WOM in social
networking site, which has become the major source that people acquire information. Our work
fills the gap. We further delve into how and when this spillover effect of an external crisis might
happen, and shed light on the contingent conditions under which spillover effect might occur.
Second, we are among the few to include multiple organizations under the stream of literature
about crisis management. Prior literatures focus on the impact of crisis on stricken firm
(Hendricks and Singhal 2003; 2005). We extend the analysis to a multi-organization context and
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look at vertical inter-firm relationship, i.e., supply chain partners, rather than horizontal
relationship. Finally, we also enrich the stream of literature on supply chain risk management.
Much attention has been given to supply chain disruption, which is more related to firm’s
operational capability and thus can be considered internal crisis. The crisis examined in the
current paper can be considered as external crisis, which generate greater negative social impact
and catch more public attention.
2. Theory and Hypothesis Development
2.1 WOM attributes and Stock Price
Consistent with prior literature, we study two dimensions of WOM attributes: WOM volume (the
amount of WOM disseminated) and WOM valence (the preference carried in the WOM
information). When crisis occurs, tons of WOM appear on social media. The sheer volume of
WOM enables investors to enjoy more access to information of supply chain partners of the
stricken firms. In addition, higher volume of WOM creates more peer-based interactions and
greater consumer resonance (Luo et al. 2013). Consequently, WOM about the crisis on social
media accumulates rapidly, exposing the information to more people. On the other hand, the
content of WOM also matters. Crisis induced WOMs are usually negative, and people are more
easily influenced by negative peer-based opinions (Skowronski and Carlston 1989). Negative
bias further exacerbates the spillover effect of crisis. Therefore, we argue that
Hypothesis 1a: WOM volume of crisis has a negative impact on financial performance of
supply chain partners.
Hypothesis 1b: WOM valence of crisis has a positive impact on financial performance of
supply chain partners.
2.2 Moderating Effect: When “Innocent” Supply Chain Partners Might Be Involved
When the extent of asymmetric information of supply chain partners is high, crises open an
opportunity for investors to learn more about those firms due to limited preexisting information
available for investors to make decisions. We propose two different indexes that reflect
information asymmetry. First, small firms own fewer stakeholders and receive little public
scrutiny compared with larger firms (Fombrun and Shanley 1990). Therefore, investors have
more difficulties acquiring information about small firms. Second, upstream firms in a supply
chain relationship are more distant to customers than downstream firms. Therefore, upstream
firms suffer from more severe problem of information asymmetry since investors are unfamiliar
with them. Thus, we argue that
Hypothesis 2: Small supply chain partners suffer from an impact of crisis-induced WOM
volume/valence on financial performance.
Hypothesis 3: Upstream supply chain partners suffer from an impact of crisis-induced WOM
volume/valence on financial performance.
Based on deniability of responsibility for the crisis, we categorize crisis into scandal and accident.
Scandals are disgraceful or discreditable occurrences that compromise the perpetrators’
reputation (e.g., environmental pollution). Responsibility for a scandal is hard to deny and thus
great amount of WOM about firms emerge on social media, most of which are negative. In that
case, people tend to “scapegoat” associated firms as a way of tension discharge (Gao et al. 2012).
On the other hand, accidents are undesirable or unfortunate happenings that occur unexpectedly
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without design (e.g., plant fire). A company can plausibly deny responsibility for an accident.
The subsequent WOM concerns more about the crisis itself and reflects people’s sympathy to
victims rather than angry with related firms. Therefore, we argue that:
Hypothesis 4: WOM originated from scandal crises has an impact on financial performance
of supply chain partners.
3. Methodology and Results
3.1 Data and Measures
We test our hypotheses using a merged, multi-sources, longitudinal dataset. From Business, a
widely recognized magazine in China, we first identify 243 high-impact negative crises from
2011-2014. Then, we collect information of crisis-stricken company and its supply chain partners
(limited to companies listed in China) from Standard &Poor’s Capital IQ database and WIND,
including but not limited to stock price, firm asset and book-to-market ratio. We end up with a
total sample of 92 crisis events with 814 supply chain dyads. From Sina Microblog, a
Chinese-version Twitter, we grab WOMs regarding the crisis for 30 days after the outbreak of
each crisis. Variables and operationalization are summarized in table 1.
Table 1. Summary of Variables
Variable
AR_SC
Endogenous
Variables

AR_C
W_VO
W_VA

Exogenous
variables

Firm Size
Book-to-market
Ratio
Firm Size

Moderating
Variables

Upstream
or
Downstream
Crisis Type

Description
Abnormal return of a supply chain partner in one
day
Abnormal return of a crisis-stricken firm in one day
The total number of all WOMs about a crisis in one
day, counted in 10,000
The average sentimental score of all WOMs about a
crisis in one day, [0-negative, 1-positive].
Logarithm of total assets of a firm
The ratio of the book value of equity to the market
value of equity
A dummy variable representing whether the total
asset of the supply chain partner is in the upper half
(1) or not (0)
A dummy variable representing whether the supply
chain partner is upstream (1) or downstream (0)
Product quality=1, Scandal=2, and Accident=3

Data Source
Capital IQ, WIND
Capital IQ, WIND
Sina Microblog
Sina Microblog
WIND
Capital IQ, WIND
WIND
Capital IQ
Manual

3.2 Model Specifications
We employ a panel vector auto regression (PVAR) model (Holtz-Eakin et al. 1988) estimated by
the generalized method of moments (GMM; Binder et al. 2005) for our empirical investigation.
We propose a PVAR (equation 1) system to capture dynamic interactions between WOM and
stock price of supply chain partners. The exogenous variables include firm asset, book-to-market
ratio and a deterministic-trend variable T. To improve statistical precision, we use subsamples to
test spillover conditions, in case of dealing with 8 (4*2) endogenous variables together.

(1)
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We carry out the analysis in the following steps. First, we determine the appropriateness of
PVAR based on Granger causality tests. Second, we determine the model specification based on
unit-root test results. The Levin-Lin-Chu panel unit root tests (LLC) of all variables are less than
the critical value (p<0.0001) and can reject the null hypothesis. Third, using information criteria,
we determine the model specification (number of lags). Specifically, based on the
Schwarz-Bayesian information criterion (SBIC), we select the lag of one day for all our analysis.
3.3 Results
The spillover effect (H1a and H1b) does not seem to be supported. It might be that different
from the overwhelming direct effect of WOMs on the crisis firms (see column 1 for comparison),
WOMs will only spillover to supply chain partners when certain conditions are satisfied. We
tested our hypotheses three contingent conditions under which the spillover might occur. First,
spillover effect occurs when the supply chain partners are relatively small. Higher amount of
crisis-induced WOMs leads to a downward trend on smaller partners’ financial performance. An
increase of 10000 postings on social media leads to 1.4 drop in stock price of small supply chain
partners. The impact of WOM valence is positive but not statistically significant. Therefore, H2
is partially supported. Second, spillover effect applies to upstream supply chain partners. The
valence of WOM incurs a statistically and economically significant impact on stock price, but
the impact of WOM volume is not significant (H3 is partially supported). Both findings
corroborate that when little information about the firms is available, crisis opens an opportunity
for investors to learn about those firms through WOMs on social media, which thereafter turns
into investment decisions. Finally, we find that spillover effect occurs under scandal-like crises.
WOM volume negatively affects stock price of supply chain partners, while WOM valence
positively affects stock price of supply chain partners. Therefore, H4 is fully supported.
Table 2. Panel VAR Coefficient Estimates (N=814, T=30)
Dependent
Variable: AR_Ci,t

Dependent Variable: AR_SCi,t

(1) Direct Effect

(2) Direct
Spillover Effect

(3) Small
Partners

(4) Upstream
Partners

(5) Scandal
Crisis

AR_SCi,t-1

-

0.716***
(0.232)

1.097***
(0.127

0.511***
(0.191)

0.706***
(0.112)

AR_Ci,t-1

0.766***
(0.151)

0.094
(0.076)

0.193**
(0.081)

0.097*
(0.050)

0.003
(0.039)

W_VOi,t-1

-0.495**
(0.197)

-0.042
(0.241)

-1.432**
(0.653

-0.523
(0.835)

-0.269*
(0.159)

W_VAi,t-1

0.182**
(0.078)

0.162
(0.175)

0.558
(0.389)

0.275*
(0.162)

0.254***
(0.084)

FSi,t-1

5.061**
(2.014)

1.099
(1.693)

2.653
(4.585)

-2.031
(4.707)

0.602
(0.768)

BMi,t-1

-1.373***
(0.423)

0.304
(0.412)

-5.045***
(1.542)

0.466
(0.432

0.442
(0.270)

T

-0.008***
(0.003)

-0.0018
(0.0025)

0.00087
(0.0056)

0.0033
(0.0036)

-0.0012
(0.0020)

Notes. Numbers in parentheses are standard errors.
*Significant at 10%; **significant at 5%; ***significant at 1%.
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4. Conclusions and Discussions
To explain the counter intuitive observation that firms pay for the wrongdoing of their supply
chain partners, we propose WOM on social media as the mechanism that governs the spillover
effect of crisis from stricken firm to its supply chain partners. We reveal that spillover occurs
under certain conditions. First, when the extent of asymmetry information of supply chain
partners is high, investors find it difficult to obtain information about firms. In that situation,
crises open an opportunity for investors to learn about those less informed firms because
crisis-induced WOM on social media offers greater access to information and makes information
easier to interpret through intensive interaction with other peers. Second, when firms are unable
to deny the responsibility for the crisis, investors tend to scapegoat its supply chain partners due
to “guilt by association” (Gao et al. 2013). Our findings have several practical implications.
From the perspective of investors, although a few investors have begun to realize the importance
of quantifying WOMs into investment decisions, almost none of them have taken the
customer-supplier link into consideration when forming expectations about firm value. Our
results show that WOM can also serve as an indicator of financial performance of supply chain
partners. For supply chain managers, they should watch over behaviour of their partners and
keep close track of discussion on social media after a crisis strikes. They also need to balance the
trade-off between potential benefits and risk when designing their supply chain network.
The current work still has some limitations. First, the crisis events extracted from “Business” are
the most influential ones, we might have trivial sample selection problem even if the crises are
only used as external shocks. Second, we take firms as static in our study, but in reality, they
probably respond actively to the crisis. The impact of dynamic interaction between firm’s
responsive actions and WOM on firm value could be a promising direction for future research.
Third, news media and social media coexist and influence each other. More data is needed to
explore how two media can jointly influence firm value during crises. Finally, other spillover
conditions might exist, such as the comparison between upstream and downstream partners.
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Abstract
Online reviews are a dominant resource for consumer. Extant research on online review
generation has primarily focused on the valence of online review, the volume of online review
however remains largely unexamined. This study examines the peer effect on content production.
Using a unique data set, we track and measure peer effect. We find that peer effect does exist. Our
findings hold implications for online review platform designer and marketers in terms of utilizing
peer effect to facilitate content generation and spreading Word of Mouth.
Keywords: Peer effects, Online reviews, Content production, Worth of Mouth

1. Introduction
Online reviews of products, services, and businesses have become a dominant source of
information for consumers. A 2013 report by Dimensional Research concluded that approximately
two-thirds of U.S consumers reported reading online reviews, among them, an overwhelming 88
percent said that their buying decisions were influenced by online reviews (Dimensional Research
2013). On the other hand, very few ordinary consumers write online reviews. Online review
platforms have used many strategies to encourage users to submit reviews on products and services,
including automatic reminders and providing financial incentives.1 One of the popular strategies,
as practiced by leading online review platforms such as Yelp, is to let users of online review
platforms connect with one another online and feed them with reviews written by their connected
peers (which we call “friends”). The hope is that users will respond to content contributed by their
friends, and therefore may end up writing more and high-quality reviews. However, there is a
dearth of empirical evidence supporting this notion. We therefore aim to examine whether users
indeed respond to content produced by friends? If so, what is the quality of those responses?
Answers to this question are important for designing more effective online review platforms.
We address the above research questions using a dataset of restaurant reviews in the state of
Washington. We focus on content production (i.e. generation of new reviews) rather than content
consumption, information diffusion, or adoption. Producing new content typically requires more
time and effort than merely consuming and passing along it, although the latter are important online
1

For example, Epinions employs a revenue sharing strategy to elicit review production. Similarly,
Amazon offers free products to those top reviewers in exchange for their reviews.
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behaviors on their own. Writing a review for a store also involves one’s online social identity
because reviews may convey information about the user’s views, tastes, and personalities, and
contribute strongly to a user’s online identity. Despite the importance of user generated content to
online platforms such as online review sites, its production is not yet adequately researched.

2. Related Literature
Empirical studies on the production of online review have so far mainly examined the valence of
reviews (i.e., what rating to give). Prior literature suggests that the friends’ rating of a user affects
what rating the user gives, which is moderated by product characteristics such as popularity, and
by source friend characteristics such as experience (e.g., Wang, Zhang, & Hann, 2010; Lee, Tan,
& Hosanagar, 2013). In addition, previous research has shown that the rating is affected by the
rater characteristics such as rating frequency, expertise, and popularity (Moe & Schweidel, 2012;
Goes, Lin, & Yeung, 2014), existing ratings (e.g., Sridhar & Srinivasan, 2012; Ma, Khansa, Deng,
& Kim, 2013) , and two types of biases: purchasing bias and self-selection bias (e.g., Hu, Zhang,
& Pavlou, 2009; Li & Hitt, 2008).
Several studies examine the volume of online reviews (e.g., whether to write a review), with a
focus on the distribution of reviews among businesses and products. It is shown that consumers
favor writing reviews for products/stores that are less available, less successful, controversial, or
have high existing volume of online reviews (e.g., Chrysanthos Dellarocas, Gao, & Narayan, 2010).
The issue of how social networks affect review production is largely unexamined.
Our work is related to a long literature on motivations to contribute to online communities. One
class of motivations includes others’ appreciation of contributed content, in the forms of attention,
recognition, and reputation (e.g., Nam, Arbor, & Ackerman, 2009; Rui & Whinston, 2011).
Another set of motivations involve the desire to help other consumers out of either altruistic or
reciprocal motives (e.g., Steinberg 1987; Price, Feick, and Guskey 1995). Compared with newer
online review communities, early systems often lack explicit social networking features.
Nevertheless, many of the motivations for user contribution may still be useful in explaining
review generation.
On the relationship between an individual’s contribution and the social stimuli, two contrasting
effects have been observed: a reinforcement effect and a substitution effect. Xia, Huang, Duan, &
Whinston (2011) show that peer-to-peer file sharers behave in reciprocal manner: the greater
benefits they get from the network, the more likely they continue contributing (i.e., reinforcement
effect). Asvanund and Clay (2004) also studied participant behaviors across multiple file sharing
networks but they found evidence of free riding (i.e., substitution effect). But a major distinction
between file sharing platforms and online review platforms is that the platform we focus on is
engineered to facilitate explicit and meaningful social interactions whereas file sharing platforms
are not. For example, the former does not support social features such as friends or compliments.
Thus, the observed reinforcements and substitution effects may have different explanations on two
kinds of systems.

3. Theoretical Background
While existing studies examine user-generated content from the perspective that content
consumers serve as a driver, we examine it from the perspective that other content producers serve

31

as a driver. Specifically, we study whether and how users respond to reviews written by their
friends in terms of the (1) volume (i.e., whether to write a follow-up review); and (2) quality (i.e.,
the number of votes the follow-up review received). These two metrics are important
characteristics of online reviews, and have been shown to play a critical role in consumer decision
making.
Volume of the Review
As a content consumer, a friend review is more likely personally relevant and trustworthy to a user
as a friend is more likely an “information source” for social learning in interest-based online
communities, and thus the user is likely to check out that store. As a content producer, the user
may either be encouraged to review the same store driven by message involvement. However,
he/she may also avoid reviewing the same store out of concerns (a) that writing redundant reviews
could diminishes his/her distinctive identity online or (b) posting different opinions may cause
conflicts to the friendship. So, based on countervailing arguments, it is not yet clear whether a user
is more or less likely to write a follow up review of a friend’s.
Quality of the Review
A friend review may signal the social desirability of reviewing the store, thus make the focal to
invest more effort to write a review. A friend review may also cause a reciprocity effect that a user
feel more obligated to write something of value to “give back.” A user may also view friends as
(friendly) competitors from the same social group, elevating the desire to distinguish herself with
new information or perspectives. On the other hand, because friends are more likely to hold similar
opinions that represent the same group, the new review may be perceived as redundant, thus lower
quality. Again, countervailing arguments exist for both higher and lower quality of a follow up
review.

4. Data and Empirical Model
We collect data from Yelp, one of the largest online review sites in the world. We focus our data
collection on restaurant reviews in the state of Washington (WA). We start with the 551 elite users
located in Seattle, WA. We scan the friend list of each elite user, which results in 33,815 friends.
From these friends, we include those who are (a) based in Washington and (b) have written at least
four reviews for WA restaurants during our study period (from March 2013 to November 2013) in
our data set, which results in about 1,298 users. Among 10,608 WA restaurant stores, we randomly
select 184 out of 513 active stores, which we define them as stores receiving at least 40 reviews
during our study period.
For the purpose of our analysis, we construct our data as a panel with a week as a period and
crossing users with selected WA restaurant stores during the study period, excluding all users who
have closed their accounts in the study period. To control for homophily, we follow Wang et al.,
(2010)’s approach, and use current friend2 reviews to capture the peer effect and homophily, and
use future friend3 reviews to capture homophily.
As a preliminary analysis, we use a fixed-effect OLS model. In this model, time-invariant
characteristics of user-store pairs are canceled out. This feature allows us to control for
2
3

the friendship between the focal user and the friend has formed at current period
the friendship has not formed yet at current period, but formed at a future period
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unobservable pair heterogeneities. Specifically, we assume a user i’s follow-up decision
(𝑓𝑜𝑙𝑙𝑜𝑤𝑢𝑝𝑖𝑗𝑡 ) on store j in period t is a function of a constant user-store pair specific term 𝛼𝑖𝑗 , the
number of dynamic current friend reviews 𝑐𝑖𝑗,𝑡−1 , the number of dynamic future friend reviews
𝑓𝑖𝑗𝑡−1 , additional controls, and an error term 𝜖𝑖𝑗𝑡 .
(𝑓𝑜𝑙𝑙𝑜𝑤𝑢𝑝𝑖𝑗𝑡 ) = 𝛼𝑖𝑗 + 𝛽1 (𝑐𝑖𝑗,𝑡−1 ) + 𝛽2 (𝑓𝑖𝑗,𝑡−1 ) + 𝛽3 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑗,𝑡−1 + (𝜖𝑖𝑗𝑡 )

(1)

5. Results
We construct a sample of followup decisions that consist of users, stores and periods. 9,345,600
instances of 259,600 user-store pair for 16 periods are generated. To account for lagged effect of
friend reviews, we have tested lagged effect from periods 2 to 10. We use 3-period lags in our final
analysis because they provide the best explanatory power. The fixed-effect OLS regression results
are presented in Table 1 and 2.
Table 1. Fixed-effect OLS Regression Results (DV=whether the focal user writes a follow-up review in
period t)
Independent Variables

Base Model
Coeff(se)

Peer Effect Model
Coeff(se)

Controlling for
Homophily
Coeff(se)

The number of reviews written by
current friends in period t-1

0.00020224***
(0.00005232)

0.00025029***
(0.00005462)

The number of reviews written by
current friends in period t-2

0.00026264***
(0.00005258)

0.00024751***
(0.00005434)

The number of reviews written by
current friends in period t-3

0.00027923***
(0.00005375)

0.00032171***
(0.00005464)

The number of reviews written by
future friends in period t-1

0.00021051*
(0.00008583)

The number of reviews written by
future friends in period t-2

0.00005301
(0.00008409)

The number of reviews written by
future friends in period t-3

0.00026904***
(0.00008171)
0.00008772
0.00043474*
0.00005349
Constant
(0.00024276)
(0.00022159)
(0.00024354)
Log-likelihood 2.00e+07
2.22e+07
1.99e+07
R-squared 0.00001882
0.00004112
0.00003357
N 6243641
7003171
6218050
Note for Regression Results: The controls are omitted for brevity and controls are days elapsed since last review
by the focal user, the number of compliments sent by focal user in last month, the number of compliments
received by focal user in last month, the number of reviews generated by focal user in last 2 months, the total
number of reviews generated by focal user, the number of friends the focal user has, the total number of reviews
the store received in period t-1, the average rating of the store in period t-1. The values in parentheses are
standard errors. + p<0.10, * p<0.05, ** p<0.01, *** p<0.001+ p<0.1
Table 2. Fixed-effect OLS Regression Results (DV = The number of votes the focal user’s review received)

Independent Variables

Base Model
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Peer Effect Model

Controlling for
Homophily

Coeff(se)

Coeff(se)

Coeff(se)

The number of reviews written by
current friends in period t-1

0.00072521***
(0.00008719)

0.00072474***
(0.00008719)

The number of reviews written by
current friends in period t-2

0.00073853***
(0.00008674)

0.00073833***
(0.00008674)

The number of reviews written by
current friends in period t-3

0.00072842***
(0.00008722)

0.00072810***
(0.00008722)

The number of reviews written by
future friends in period t-1

0.00045617***
(0.00013702)

The number of reviews written by
future friends in period t-2

-0.00003210
(0.00013424)

The number of reviews written by
future friends in period t-3

-0.00011632
(0.00013044)
0.00041984
0.00039061
0.00038736
Constant
(0.00038683)
(0.00038874)
(0.00038879)
Log-likelihood 1.71e+07
1.70e+07
1.70e+07
R-squared 0.00003776
0.00007035
0.00007239
N 6243641
6218050
6218050
Note for Regression Results: The controls are omitted for brevity and controls are the same as those in Table 1.
The values in parentheses are standard errors. + p<0.10, * p<0.05, ** p<0.01, *** p<0.001+ p<0.1

Table 1 shows that current friend reviews have a positive significant impact. The effect size is
significantly higher than that of future friend reviews, suggesting that the effect cannot be entirely
explained by homophily. So a friend review can lead a user to follow up with a review, supporting
the view of friend reviews acting as a stimuli for review generation. Similarly, Table 2 shows that
current friend reviews have a positive significant impact on the quality of reviews, which cannot
be entirely explained by homophily, suggesting that a user not only likely follows up on reviews
written by her friend, but also tend to put more effort on the review writing.

6. Conclusions
This study examines an important question about peer effect in the production of online reviews:
whether users follow up on reviews produced by friends? If so, what are the quality of reviews?
Answers to this question hold import implications for online review platforms in terms of eliciting
not only the volume but also the high-quality of content generation.
Our study has several limitations that require drastic improvements. Although we use future friend
reviews to control for homophily, we do not yet fully account for the fact that friend review is
endogenous, such as both friend review and focal user’s review are a result of a market campaign
targeting a specific type of users (who are friends). This should be a goal for our next step.
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Abstract
We conduct computational experiment using Facebook data to evaluate competing firms’ initial
market seeding and subsequent targeted marketing strategies that influence consumers’ new
product adoption decisions. We find that firms generally overspend their advertising budget in the
market seeding phase. In the subsequent market advertising phase, a coupon strategy (equivalent
to price discount) generally yields higher market share than the strategy of distributing free
product samples. The effect is more significant when both price and product quality are low. We
offer managerial insights into firms’ effective competition strategies for new product introduction
in the presence of consumers’ word of mouth effects in social networks.
Keywords: Computational Experiment, Price Competition, Word of Mouth, Targeted Marketing,
Social Network

1. Introduction
Advanced information technologies such as smart phones and mobile apps have led to increasing
connectivity of consumers through their social media interactions. This paradigm shift has resulted
in changing patterns of product evaluation and purchase decisions. When firms introduce new
products, they must consider how the word of mouth (WOM) effects among consumers influence
the efficacy of product pricing and marketing strategies. In this research, we examine consumers’
new product adoption behavior in a social network and study firms’ retail competition under the
WOM influence and network effects.
Specifically, we consider two competing firms that sell substitutable new products in a social
network. Consumers have heterogeneous valuation of the product, which depends on both the
product quality and a positive network effect. The product quality is unobservable to a consumer,
but the consumer can infer it from the WOM influence through her social interactions with other
consumers. The two firms make decisions about product quality, price, initial seeding and
subsequent targeted marketing strategies for selling the new product. We investigate two targeted
marketing strategies: a coupon strategy that offers price discount for a full product purchase
without revealing the true product quality, and a sample strategy that reveals the true product
quality by offering free product samples without giving price discount for the full product purchase.
Because of the inherent dynamics and uncertainty in consumer product evaluation, the
structural influence of the social network, and the firm’s initial seeding and subsequent marketing
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strategies on the propagation of WOM information, it is impossible to perform traditional
equilibrium analysis. We therefore conduct computational experiment to evaluate the market
equilibrium outcome. We find prisoner’s dilemma exists in social media marketing under retail
competition—because of competitive concerns, firms generally overspend on initial market
seeding and advertising. In fact, both firms would be better off were they advertise less
aggressively. Our results show that coupon strategy generally yields higher market share than the
sample strategy. The effect is more significant when both price and product quality are low. We
offer new insights into firms’ marketing strategies for new product introduction in the presence of
both WOM influence and social network effects.

2. Related Literature
Research on consumer behavior shows that consumers’ product evaluation and purchase decisions
are influenced by their reference groups (Bearden and Etzel, 1982). For example, Chen and Xie
(2008) study how firms should manage and strategically influence the consumers’ online WOM
interactions. Aral et al. (2011) and Dou et al. (2013) show that firms can strategically engineer the
strength of network effects via social media.
In addition, prior research shows that initial seeding of the network plays a significant role in
maximizing the spread of influence. How the firm maximizes its product sales by strategically
influencing the WOM diffusion in a given network through a targeted set of individuals is termed
as the influence maximization problem (Kempe et al. 2003). Consumers’ new product adoption
behavior in a social network can be modeled as cascading processes, where actions chosen by
nodes (consumers) influence the subsequent behavior of neighbors in the network graph
(Chierichetti et al., 2012; Martin et al., 2014). We complement this line of research by considering
firms’ competition in a social network.

3. Problem Formulation
3.1 Sequence of the Game
In this section, we describe the firms’ strategies and consumers’ decision making.
Product
planning

Initial
seeding

Firms decide
price and
quality of
their products

Firms initially seed
the market by
choosing
of
population to reach
in a social network

Targeted marketing
(Coupon/Sample)
Early adopters share
WOM product
information in the social
network; firms spend
remaining marketing
budget to reach
additional consumers

Equilibrium
market share
Informed consumers
choose a product to
adopt; switching is
possible after the
lock-in period

Figure 1. Sequence of the Game

Figure 1 depicts the sequence of the game. Consider two firms developing competing new
products. In the product planning period, the two firms choose to produce either a high quality (𝑞𝐻 )
or low quality (𝑞𝐿 ) product. They engage in price competition. Let 𝑝𝑗 , where 𝑗 = 1,2, be the price
firm 𝑗 charges. We assume the product price information is common knowledge.
When introducing the new product to market, each firm makes two strategic decisions to target
consumers and influence consumers’ subsequent adoption behavior: 1) the initial seeding phase
that triggers the first time purchase of a new product and brings product awareness to these early
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adopters; 2) the subsequent targeted marketing phase that aims to reach additional prospective
consumers and to convert them to final purchasers, considering the WOM influence from early
adopters in the social network. We assume each firm has a fixed budget. We allow each firm to
allocate its budget between the two phases. In our computational experiment, the initial seeding is
implemented in round 0 and the targeted marketing is implemented from round 1 onwards till
convergence to the market equilibrium.
Consumers who are aware of a product make product adoption decisions. Upon adoption, there
is a lock-in period 𝜏 in which the consumer cannot switch to the other firm’s product. Rational
consumers may switch to the other firm’s product if she is unlocked and if her overall utility
derived from alternative product is higher than the adopted product. Because the consumer’s
product valuation depends on both the perceived product quality and the network value, both can
be influenced by the consumer’s network neighbors, switching is definitely possible. The final
market equilibrium is achieved when no consumers have incentive to change their adoption
decisions.
3.2 Firms’ Decision Making
The firm’s decision making includes two phases. The first is the initial seeding phase. The two
firms simultaneously make the initial seeding decisions to bring consumer awareness. Each firm
decides the proportion of population to reach in round 0, expressed as 𝑥𝑗 %. We assume convex
cost of advertising, which implies that advertising cost increases at an increasing rate when firms
attempt to reach more consumers.
The second phase is the targeted marketing phase. Starting from round 1, each firm has
opportunities to reach more consumers in each subsequent round with the remaining marketing
budget until the budget runs out. In this phase, firms preferentially reach potential customers based
on their centrality measures in the social network (i.e., either highest degrees to maximize reach
or lowest degrees to minimize competition). There are two strategies to choose from: sample
strategy and coupon strategy. The two strategies have different cost implications to the firms.
When the firm gives out free samples to the consumers, firm incurs a fixed investment cost 𝑏 per
consumer, regardless of whether the consumer adopts the product or not. When the firm uses the
coupon strategy, the investment cost only occurs when a potential consumer is converted to a real
adopter of the firm’s product, as the price reduction only takes effect when being redeemed.
The two strategies also have different product quality implications to consumers. Because
consumers who receive the sample can physically evaluate the product quality, we assume they
observe the true product quality under the sample strategy. This is different from the coupon
strategy, in which the coupon works just as a price discount upon redemption. The true quality of
the product cannot be directly observed.
3.3 Consumer’s Decision Making
We define firm 𝑗’s informed consumer as a consumer who is aware of firm 𝑗’s product because
either at least one of the consumer’s neighbors has already adopted firm 𝑗’s product, or firm 𝑗
contacts the consumer directly via the firm’s marketing effort. Other consumers are uninformed
by firm 𝑗 and are unaware of firm 𝑗’s product.
In each round, all informed consumers make simultaneous adoption decisions based on their
evaluation of utilities. We assume a consumer’s utility has both an individual effect and a local
network effect. The individual effect refers to a consumer’s intrinsic valuation (genuine interest)
in obtaining the product. Following a standard vertical product differentiation model, we assume
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consumer valuation for high quality product is 𝑣, and that for low quality product is 𝛿𝑣. Here the
parameter 0 < 𝛿 < 1 is the discount factor.
The local network effect refers to the increased consumption utility a consumer derives when a
large number of immediate neighbors have adopted the product. Consider a social network with
𝑁 nodes. Denote 𝑛𝑖𝑗𝑡 as the number of consumer 𝑖’s neighbors who have already adopted firm
𝑗’s product at time 𝑡. This information is observable. Let 𝑘 measure the strength of the positive
𝑛
network externality. The term 𝑘 𝑁𝑖𝑗, 𝑗 = 1,2, captures the benefit to each consumer from having
𝑛𝑖𝑗𝑡 neighbors adopting firm 𝑗’s product at time 𝑡. Therefore, an informed consumer 𝑖 who
observes firm 𝑗’s product quality 𝑞 and has 𝑛𝑖𝑗𝑡 neighbors who have already adopted firm 𝑗’s
product will derive the following utility at time 𝑡:
𝑛
𝑞
𝑈𝑖𝑗𝑡
= 𝑣𝑖𝑞 − 𝑝𝑗 + 𝑘 𝑁𝑖𝑗𝑡
(1)
where
𝑣
𝑖𝑓 𝑞 = 𝑞𝐻
(2)
𝑣𝑖𝑞 = { 𝑖
𝛿𝑣𝑖 𝑖𝑓 𝑞 = 𝑞𝐿
𝑞
We denote firm 𝑗’s uninformed consumer’s utility 𝑈𝑖𝑗𝑡
= 0 and assume the reservation utility
is 𝑠. In the initial seeding phase, if a consumer is only reached by firm 𝑗, then the consumer adopts
𝑞
the firm’s product if 𝑈𝑖𝑗0
≥ 𝑠. If a consumer is reached by both firms, then the consumer adopts
firm 𝑗’s product if the utility she derives from adopting firm 𝑗’s product not only is greater than
her reservation utility but also gives her higher utility than that from adopting the other firm’s
product. In case there is a tie, the consumer randomly picks one firm’s product to adopt. For
notation convenience, we use 𝑗̅ to denote the other firm (not firm 𝑗). The consumer adopts firm
𝑞
𝑞
𝑗’s product if 𝑈𝑖𝑗0 > max[𝑈𝑖𝑗̅0 , 𝑠]. Once a consumer has adopted a product, the consumer has a
lock-in period of 𝜏 rounds. No change of adoption can be allowed within the lock-in periods, thus
no decision is necessary for the locked-in consumers. After the elapse of the lock-in periods, the
consumer can reevaluate her choice and can change her adoption decision.
We assume initially product quality is unobservable. There are two cases that consumers know
the true product quality. The first case is when consumers adopt the product. The second case is
when the firm uses sample strategy, where consumers who get the firm’s sample know the true
product quality. The product quality is unobservable to other consumers. They use Bayes’ rule to
update their belief about the two firms’ product quality based on the signals shared by their network
neighbors who have already adopted the products. Assume the prior belief that a product is of high
quality is 𝑃(𝑞𝐻 ) = 𝑝. A consumer who has adopted a firm’s product shares the product quality
information with his/her directly connected friends. We assume the WOM signal of the product
takes two values: good or bad. Moreover, an earlier adopter is more likely to share good (denote
as G) or bad (denote as B) WOM signals when the true quality of the product is high or low,
respectively. So 𝑃(𝐺|𝑞𝐻 ) = 𝑃(𝐵|𝑞𝐿 ) = 𝜆 > 12 . For a focal node, assume 𝑁𝑖 neighbours have
adopted firm 𝑖’s product, among whom 𝛼𝑖 neighbours have shared good signals and 𝛽𝑖 = 𝑁𝑖 −
𝛼𝑖 neighbours have shared bad signals. The posterior quality is expressed as 𝐸(𝑞|𝛼𝑖 , 𝛽𝑖 ) =
𝑞
𝑞
𝑃(𝑞𝐻 |𝛼𝑖 , 𝛽𝑖 )𝑣𝑖 𝐻 + 𝑃(𝑞𝐿 |𝛼𝑖 , 𝛽𝑖 )𝑣𝑖 𝐿 . In the case of unobservable product quality, 𝑣𝑖𝑞 in Equation
(1) is replaced by 𝐸(𝑞|𝛼𝑖 , 𝛽𝑖 ) and is interpreted as perceived product quality.

4. Experiment
We take the real Facebook network as our experimental testbed. The anonymized Facebook dataset
is obtained from Stanford Network Analysis Project, which contains 4,039 nodes and 88,234
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friendship links, constituting a scale-free network that follows power-law distribution. Given this
network structure, we initialize each node with a product valuation randomly drawn from a
uniform distribution [0,1]. We set up our controlled experiment as follows.
Parameter
Description
Price
𝑝 ∈ {𝑙𝑜𝑤, ℎ𝑖𝑔ℎ}, low or high price of the product
Quality
𝑞 ∈ {𝑙𝑜𝑤, ℎ𝑖𝑔ℎ}, low or high quality of the product
Marketing Strategies 𝑚 ∈ {𝑠𝑎𝑚𝑝𝑙𝑒, 𝑐𝑜𝑢𝑝𝑜𝑛}, product sample and price discount
Initial Seeding
Targeting Method

𝑠 ∈ {𝐻, 𝐿}, a high or low percentage of the population to
reach in round 0
𝑡 ∈ {𝐻, 𝐿}, preferentially reach the highest or the lowest
degree consumers
Table 1. Experiment Design

We have four price-quality pairs: {low-low, low-high, high-low, high-high}. For each pair, we
compare two marketing strategies: the sample strategy and the coupon strategy. Under each
strategy, there are 2 × 2 initial seeding and subsequent targeted marketing strategies: {HH, HL,
LH, LL}. For example, HH indicates that a high proportion of population is being seeded in the
seeding phase and the highest degree nodes being selected first in reaching out to consumers. Other
strategies can be understood in a similar way.
In each round of iteration, both firms take efforts to reach potential consumers and consumers
make subsequent purchase decisions. The market converges after many iterations when both firms
run out of marketing budget and when no consumers have incentive to switch their adoption
decisions. Upon convergence, market equilibrium emerges. For each experiment, we generate 10
instances of the heterogeneous valuation in the Facebook network. We compute the average
equilibrium market share of both firms as the final performance measure of the market outcome,
which we use to construct the payoff matrix under different strategy pairs. Then the equilibrium
outcome can be analyzed as the usual normal form game. Multiple equilibria or no equilibrium is
possible. Table 2 shows our equilibrium initial seeding and targeted marketing strategies under the
non-cooperative game and cooperative game, respectively.
Price

Quality

low

low

Equilibrium Outcome

Sample Strategy

Coupon Strategy

Non-cooperative
HH (30.4%)
HH (40.1%)
Cooperative
LH/LL(40.2%)
LL (35.6%)*
high
Non-cooperative
HH (38.4%)
HH (40.1%)
Cooperative
LH/LL(40.2%)
LL (41.8%)*
high
low
Non-cooperative
LL (13.3%)
No pure strategy equilibrium
Cooperative
LL (13.3%)
LL/LH/HL/ HH (26.9%)
high
Non-cooperative
LH (29.7%)
HH (26.9%)
Cooperative
LL (29.7%)
LL/LH/HL/ HH (26.9%)
Note: * indicates the difference of equilibrium market shares between the non-cooperative strategy and cooperative
strategy is statistically significant at 0.05 level.

Table 2. Equilibrium Market Share under the Sample and Coupon Strategies

The non-cooperative game outcome is the pure strategy Nash equilibrium based on the payoff
matrix constructed for the normal form game. The cooperative equilibrium outcome refers to the
market outcome when both firms can cooperate to generate the highest mutual benefits.
Interestingly, we find prisoner’s dilemma type of game outcome. For example, when both the
product price and quality are low, under the sample strategy, if both firms play non-cooperatively,
the pure strategy equilibrium is HH, in which both firms seed a high proportion of population in

40

the seeding phase and target the highest degree nodes to reach out remaining potential consumers
in subsequent marketing phase. Finally both firms achieve 30.4% market share, respectively,
which is lower than 35.6% if they can coordinate and both choose LL strategy (which suggests a
lower percentage of budget in the seeding phase, and target at the lowest degree consumers). The
reason that HH strategy is suboptimal is as follows. In the initial seeding phase, firms have spent
higher than necessary budget to seed the market, being fear of the rival firm would gain early
mover advantage. Because both firms try to reach the highest degree nodes, they are likely to
advertise to the same highly connected consumers. Because each consumer only adopts one
product, some of the advertising budget will be waste in the competition. Both firms would be
better off if they target the lowest degree nodes to avoid head-to-head competition, and if they save
their budget to later targeted marketing rather than initial advertising.
Overall, we find the firm’s non-cooperative strategy yields lower market share than the
cooperative strategy. In the non-cooperative game, the coupon strategy yields higher market share
than the sample strategy, especially when both the product price and quality are low. The market
share difference is statistically significant at the 0.05 level when the product price is low under the
sample strategy.

5. Conclusion
As social media marketing gains the momentum and the retail competition becomes more intense,
firms seek the most effective marketing strategies to influence consumers’ product adoption
decisions in the social network. We employ an experimental approach to study product awareness
building, influence propagation and final product adoption by considering various marketing
strategies, such as coupon redemption and product samples to compete for market share. Based on
computational experiment, we determine the market equilibrium and analyze the corresponding
market outcomes.
In this research, we focus on symmetric game. Future work may look at the asymmetric game.
For example, firms may choose different product price and quality levels. In the current analysis,
we randomly generate the intrinsic utility among network users. Future research may allow
correlation in product valuation. We conjecture some types of niche-seeking strategy of the firms
might emerge.
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Abstract
Marketers leverage multiple media outlets to promote products. There are three media types:
paid (e.g., advertising on TV), owned (e.g., company website), and earned (e.g., consumers’
word-of-mouth) media. The effects of individual media channels and the interrelationships within
paid media have been examined by prior literature. However, mixed results of paid media
interplay are documented and less is known about the interplay across different media types. We
investigate how the interplay between traditional paid media and social media (including both
owned and earned media) affects product sales, and hypothesize that product appeal may be a
factor that dictates this relationship. Specifically, we analyze how media interactions influence
the box office revenues of 200 movies in their opening weekends and subsequent weeks,
respectively. We find empirical evidence that traditional paid media complement social media
for narrow appeal products but substitute social media for broad appeal products.
Keywords: social media marketing, multiple media interplay, product appeal, motion picture
industry

1. Introduction
With the proliferation of social media in the past decade, the global media landscape is
undergoing a revolution and has become more complex than ever before. Stephen and Galak
(2012) classify media channels into three categories: paid media (the company pays for the
advertising channel), owned media (the company owns the channel), and earned media (entities
other than the company generate the media activity). Previous studies have compared the relative
effects of different channels in various contexts (e.g., Stephen and Galak 2012; Trusov et al.
2009), or examined multiple media interplay within one media type, especially paid media (e.g.,
Naik and Peters 2009; Goldfarb and Tucker 2011a, b). However, mixed and conflicting results
are reported by these prior studies. Even less is known about how the interrelationship across
media types would matter.
To gain an integrated understanding of multiple media interplay, we investigate how the
interactions between traditional advertising (paid media) and social media marketing (owned and
earned media) affect product sales, and how these interactions are affected by product appeal.
Product appeal measures the range of tastes a product is designed to cater to (Tucker and Zhang
2011). Broad appeal products are tailored to mass market and are exposed to mass media. In
contrast, narrow appeal products only serve particular segments of a market and are hard to get
attention from potential consumers through one single media. In sum, products with different
appeals may unequally benefit from multiple media advertising. Therefore, we propose that
product appeal moderates media interplays.
We contextualize our study in the motion picture industry. The movie industry heavily relies on
traditional advertising channels for decades, and also witnesses the rapid diffusion of social
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media marketing in recent years. Social media marketing, or Facebook marketing in our context,
relies on a combination of owned media (e.g., official Facebook page initiated by marketers) and
earned media (e.g., consumer generated content and involvement). Such coexistence and
widespread usage of multi-channels in this industry provide us a great opportunity to study
media interplay on product sales. We sample the top 200 movies released in the USA in 2012,
whose total revenues account for 91.9% of the over 10 billion box office revenue in that year.
We construct a longitudinal dataset on movie sales, media activities, and other control variables.
Consistent with prior studies (e.g., Stephen and Galak 2012; Trusov et al. 2009), we focus on the
marketing intensity or volume of media activities for each type (i.e., advertising expenditure on
paid media and activity intensity of owned and earned media), and use the variance of consumer
ratings as a proxy for product appeal (Sun 2012). Our hypotheses are tested in the opening
weekends (initial launch) and subsequent weeks, respectively. We find that the interplay between
traditional media and social media tends to be substitution generally. However, traditional paid
media exert complementary effects that enhance the positive effect of social media on product
sales for narrow appeal products, but exert substitution effects that attenuate the effect of social
media on sales for broad appeal products. Our study represents one of the first attempts to
investigate the multi-channel media interplay and its variation across product characteristics. It
provides important implications for practitioners who need to allocate a constrained advertising
budget among multiple channels wisely.

2. Related Literature and Hypothesis Development
While integrated marketing communications (IMC) are not new, existing studies have largely
limited the scope within paid media. The IMC literature suggests that people are likely to
consume multiple media sources simultaneously and their retention of advertising messages and
purchase likelihood are increased by repeated exposures (Chandra and Kaiser 2014; Naik and
Raman 2003). Furthermore, consumers may actively seek information from one source to
complement those acquired from another (Joo et al. 2014). However, other studies argue that
different paid media are substitutes, due to the redundant information with diminishing
effectiveness (e.g., Bergemann and Bonatti 2011; Goldfarb and Tucker 2011 a, b). Some studies
also compare the relative effectiveness of different media types (e.g., Dewan and Ramaprasad
2014; Gopinath et al. 2013; Trusov et al. 2009).
In the era of social media, firms usually utilize a combination of traditional marketing and social
media marketing, and consumers also multi-home across different media. Hence these channels
do not function independently. To further understand media interplay, we investigate whether the
interaction is contingent on contextual factors, such as product characteristics. Previous studies
demonstrate that the usefulness of information from different sources for consumers is
contingent on product characteristics (e.g., Zhu and Zhang 2010). We therefore propose product
appeal as an explanatory factor for when media interplay exhibits complementarity or
substitution. Product appeal measures the range of tastes the product caters to (Tucker and Zhang
2011). Narrow appeal products serve a small fraction of market demand, and are hard to get
noticed by matched consumers through one single media. Multiple media advertising is able to
deliver the information to heterogeneous consumers, which increases the likelihood for locating
a niche product. Broad appeal products are tailored to the mass market and traditional mass
media are efficient at covering most of their potential consumers. Since they are already near the
point of diminishing returns of advertising, additional value added by social media marketing is
limited. These lead us to the following two hypotheses:
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H1: There is a complementary effect between traditional paid media and social media (owned
and earned media) on product sales for narrow appeal products.
H2: There is a substitution effect between traditional paid media and social media (owned and
earned media) on product sales for broad appeal products.

3. Data
We select movies released in the USA in 2012 that received box office revenue of at least 1
million US dollars. Using this threshold gives us a sample of 200 movies, covering both large
budget/Hollywood blockbusters and small budget/independent films and excluding only the
lowest-grossing (and perhaps insignificant) films from the population. Our dataset combines
information from multiple sources. Data for the dependent variable, weekly movie box office
revenue (𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑖𝑖 ), are collected from Box Office Mojo. Given the importance of the
opening week performance in movie industry, we pay special attention to the opening weekend
gross ( 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝐺𝐺𝐺𝐺𝐺𝑖 ). Social media marketing data are collected from Facebook. We
manually identify the official Facebook page for each of the 200 sampled movies, and 180 of
them have an official presence on Facebook. We download all Facebook data, such as page
profile information, posts submitted by the page, and users’ comments/shares/likes, through
Facebook API. Our explanatory variable for owned media (𝑂𝑂𝑂𝑂𝑂𝑖𝑖 ) is the number of posts
submitted by movie page i in week t. We use the volume of comments per post within the same
week (𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 ) to measure earned media activities. The advertising expenditures are acquired
from Kantar Media, and we use the sum of them on all traditional channels (𝑃𝑃𝑃𝑃𝑖𝑖 ) to capture
their influences. We use the ratio of the variance to the mean of ratings as a proxy for product
appeal (𝐴𝐴𝐴𝐴𝐴𝐴𝑖 ), because the heterogeneity in consumer opinions implies that the product is
able to serve a group of people with certain tastes rather than others. We calculate the variance
and mean of IMDb ratings submitted by people across different age groups for each movie, rank
the 200 movies by the ratio of variance to mean, and then divide them into 5 groups. A low ratio
indicates high opinion agreement among different people and therefore a broad product appeal.
The group with the broadest appeal is assigned a value of 2, and the group with the narrowest
appeal is assigned a value of -2.
Consistent with previous literature, variables related with movie and cast characteristics are
included as control variables. These data are collected from IMDb and The Numbers, including
the number of theatres showing the film ( 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 ), competition ( 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 : the
number of other movies in theatres in the same week as the focal movie), production budget
(𝐵𝐵𝐵𝐵𝐵𝐵𝑖 ), genre (𝐺𝐺𝐺𝐺𝐺𝑖 ), MPAA ratings (𝑀𝑀𝑀𝑀𝑖 ), whether the movie is a sequel of an earlier
movie ( 𝑆𝑆𝑆𝑆𝑆𝑆𝑖 ), and star power ( 𝑆𝑆𝑆𝑆_𝑃𝑃𝑃𝑃𝑃𝑖 ). Volume and valence of critical reviews
( 𝐶𝐶𝐶𝐶𝐶𝐶_𝑉𝑉𝑉𝑖 , 𝐶𝐶𝐶𝐶𝐶𝐶_𝑃𝑃𝑃𝑖 gathered from Rotten Tomatoes) and WOM from other website
(𝑊𝑊𝑊_𝑉𝑉𝑉𝑖𝑖 ,𝑊𝑊𝑊_𝑉𝑉𝑉𝑖𝑖 gathered from Fandango) are controlled for as well.

4. Empirical Models

The motion picture industry has a strong emphasis on a movie’s box office performance in the
opening weekend, which could account for nearly 30% of the total gross (The Hollywood
Quantifier, 2013). An impressive opening can absorb attentions from the media and movie fans
and pave the way for the movie’s long-term success (Gopinath et al. 2013). To test our
hypotheses in different time periods, we split our analyses into two sets of regressions.
In Equation (1), the dependent variable is the box office revenue in the opening weekend. All
measures of media activities are aggregate values from 12 weeks to 1 week before opening. The
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main variables of interest are the two three-way interaction terms, Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝑂𝑂𝑂𝑂𝑂𝑖 )
× 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 and Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 . We also include the main effect of
𝐴𝐴𝐴𝐴𝐴𝐴𝑖 , the relevant five two-way interaction terms, and all the other control variables
described above. We run OLS for this specification. Our sample size is reduced to 161 movies
because of the missing data on product budget.

Ln(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖 )= 𝛼0 + 𝛼1 Ln(𝑃𝑃𝑃𝑃𝑖 ) + 𝛼2 Ln(𝑂𝑂𝑂𝑂𝑂𝑖 ) + 𝛼3 Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) + 𝛼4 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 +
𝛼5 Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝑂𝑂𝑂𝑂𝑂𝑖 ) + 𝛼6 Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) + 𝛼7 Ln(𝑃𝑃𝑃𝑃𝑖 ) ×
𝐴𝐴𝐴𝐴𝐴𝐴𝑖 + 𝛼8 Ln(𝑂𝑂𝑂𝑂𝑂𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 + 𝛼9 Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 +
𝛼10 Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝑂𝑂𝑂𝑂𝑂𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 + 𝛼11 Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖
+ 𝛼12 Ln(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖 ) + 𝛼13 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖 + 𝛼14 𝐶𝐶𝐶𝐶𝐶𝐶_𝑉𝑉𝑉𝑖 + 𝛼15 𝐶𝐶𝐶𝐶𝐶𝐶_𝑃𝑃𝑃𝑖
+ 𝛼16 Ln(𝐵𝐵𝐵𝐵𝐵𝐵𝑖 ) + 𝛼17 𝑆𝑆𝑆𝑆_𝑃𝑃𝑃𝑃𝑃𝑖 + 𝛼18 𝑆𝑆𝑆𝑆𝑆𝑆𝑖 + 𝑀𝑀𝑀𝑀 Dummies +
(1)
𝐺𝐺𝐺𝐺𝐺 Dummies + 𝑆𝑆𝑆𝑆𝑆𝑆 Dummies + ɛ2𝑖
Ln(𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑖𝑖 )= 𝛽0 + 𝛽1 Ln(𝑃𝑃𝑃𝑃𝑖𝑖 ) + 𝛽2 Ln(𝑂𝑂𝑂𝑂𝑂𝑖𝑖 ) + 𝛽3 Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 ) +
𝛽4 Ln(𝑃𝑃𝑃𝑃𝑖𝑖 ) × Ln(𝑂𝑂𝑂𝑂𝑂𝑖𝑖 ) + 𝛽5 Ln(𝑃𝑃𝑃𝑃𝑖𝑖 ) × Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 ) + 𝛽6 Ln(𝑃𝑃𝑃𝑃𝑖 ) ×
𝐴𝐴𝐴𝐴𝐴𝐴𝑖 + 𝛽7 Ln(𝑂𝑂𝑂𝑂𝑂𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 + 𝛽8 Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 +
𝛽9 Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝑂𝑂𝑂𝑂𝑂𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 + 𝛽10 Ln(𝑃𝑃𝑃𝑃𝑖 ) × Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖 ) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑖
+ 𝛽11 Ln(𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑖,𝑡−1 ) + 𝛽12 Ln(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 ) + 𝛽13 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 +
𝛽14 Ln(𝑊𝑊𝑊_𝑉𝑉𝑉𝑖𝑖 ) + 𝛽15 𝑊𝑊𝑊_𝑉𝑉𝑉𝑖𝑖 + 𝑆𝑆𝑆𝑆𝑆𝑆 Dummies + 𝜇𝑖2 + 𝜉𝑖𝑖2
(2)

For the post release periods, we test our hypotheses using Equation (2). The dependent variable
is the weekly box office revenue, and the two three-way interaction terms are still the main
concern. 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 is time-invariant and thus absorbed into the movie fixed effect 𝜇𝑖2 . However,
we can still test its interaction effects through the two-way and three-way interaction terms. A
lagged dependent variable is included to adjust for serial correlation. We run Arellano-Bond
system generalized method of moments (GMM) estimator for this specification.

5. Results
Due to the space limitation, we do not present tables showing the main effects and two-way
interaction effects of traditional paid media and social media before adding the three-way
interactions. For main effects, our results indicate that different types of media could be effective
in affecting box office revenues at different stages of a movie’s theatrical release. Social media
marketing, especially social earned media, is positively associated with the opening weekend
gross. After release, traditional paid media are positively associated with weekly box office
revenues. Interplay between paid media and social media shows a substitution effect in general.
One potential explanation is that different media compete for consumers’ attention, and
consumers may substitute between different channels for their information sources (e.g.,
Liebowitz and Zentner 2012).
As shown in Table 1, we obtain negative and statistically significant three-way interactions in the
analyses for subsequent weeks. The results for the opening week are similar but not statistically
significant. Note that 𝐴𝐴𝐴𝐴𝐴𝐴𝑖 ranges from -2 to +2, with narrow appeal products having a
negative value and broad appeal products having a positive value. Then a negative three-way
interaction among paid media, social (owned or earned) media, and product appeal provides
support for a complementary effect in the narrow appeal product category and a substitution
effect in the broad appeal category. Post hoc probing of the three-way interactions further
confirms the result. Our results remain similar if we replace the number of comments with that of
shares or likes. Therefore, H1 and H2 are partially supported. The coefficient estimates on
various control variables in Table 1 are largely consistent with expectations and the results of
prior movie studies.
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Table 1 Effect of Multiple Media Interplay and Product Appeal on Movie Sales
VARIABLES
Ln(𝑃𝑃𝑃𝑃𝑖𝑖 )

Ln(𝑂𝑂𝑂𝑂𝑂𝑖𝑖 )

Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 )

Ln(𝑃𝑃𝑃𝑃𝑖𝑖 )×Ln(𝑂𝑂𝑂𝑂𝑂𝑖𝑖 )

Ln(𝑃𝑃𝑃𝑃𝑖𝑖 )×Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 )
Ln(𝑃𝑃𝑃𝑃𝑖𝑖 )×𝐴𝐴𝐴𝐴𝐴𝐴𝑖

Ln(𝑂𝑂𝑂𝑂𝑂𝑖𝑖 )×𝐴𝐴𝐴𝐴𝐴𝐴𝑖

Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 )×𝐴𝐴𝐴𝐴𝐴𝐴𝑖

Ln(𝑃𝑃𝑃𝑃𝑖𝑖 )×Ln(𝑂𝑂𝑂𝑂𝑂𝑖𝑖 )×𝐴𝐴𝐴𝐴𝐴𝐴𝑖

Ln(𝑃𝑃𝑃𝑃𝑖𝑖 )×Ln(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 )×𝐴𝐴𝐴𝐴𝐴𝐴𝑖
Ln(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 )
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖
𝐴𝐴𝐴𝐴𝐴𝐴𝑖

𝐶𝐶𝐶𝐶𝐶𝐶_𝑉𝑉𝑉𝑖
𝐶𝐶𝐶𝐶𝐶𝐶_𝑃𝑃𝑃𝑖

Ln(𝐵𝐵𝐵𝐵𝐵𝐵𝑖 )

𝑆𝑆𝑆𝑆_𝑃𝑃𝑃𝑃𝑃𝑖
𝑆𝑆𝑆𝑆𝑆𝑆𝑖

𝑀𝑀𝑀𝑀 Dummies
𝐺𝐺𝐺𝐺𝐺 Dummies
Ln(𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑖𝑖−1 )

(1)
(2)
(3)
Ln(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖 )
0.055
-0.011
-0.018
(0.046)
(0.065)
(0.071)
0.047
0.001
(0.032)
(0.033)
6.223***
6.561***
(2.057)
(2.286)
0.004
0.006
(0.008)
(0.009)
-1.546
-1.724
(1.038)
(1.140)
0.018
-0.021
-0.017
(0.014)
(0.030)
(0.032)
0.008
-0.001
(0.028)
(0.0264)
2.719**
2.607**
(1.094)
(1.195)
0.0004
-0.003
(0.005)
(0.006)
-0.670
-0.551
(0.552)
(0.635)
0.615***
0.608***
0.603***
(0.051)
(0.047)
(0.047)
0.004
0.004
0.003
(0.007)
(0.006)
(0.006)
-0.127***
-0.024
-0.028
(0.043)
(0.069)
(0.073)
0.004**
0.003**
0.004**
(0.002)
(0.002)
(0.002)
0.630**
0.609**
0.573**
(0.258)
(0.250)
(0.264)
0.202***
0.165**
0.164**
(0.072)
(0.064)
(0.066)
0.020
0.103
0.100
(0.109)
(0.096)
(0.101)
0.063
0.069
0.060
(0.151)
(0.145)
(0.147)
Yes
Yes
Yes
Yes
Yes
Yes

Ln(𝑊𝑊𝑊_𝑉𝑉𝑉𝑖𝑖 )
𝑊𝑊𝑊_𝑉𝑉𝑉𝑖𝑖

𝑆𝑆𝑆𝑆𝑆𝑆 Dummies
Constant

Yes
10.45***
(0.586)

Yes
10.88***
(0.531)

Yes
10.94***
(0.550)

Observations
Number of movies
Adj. R-squared

161
161
0.924

161
161
0.938

161
161
0.938

(4)
(5)
(6)
Ln(𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑖𝑖 )
0.161***
0.193***
0.189***
(0.008)
(0.020)
(0.008)
0.125***
0.078***
(0.013)
(0.018)
0.303
0.084
(0.216)
(0.067)
-0.029***
-0.035***
(0.005)
(0.008)
0.150
0.023
(0.120)
(0.029)
-0.014***
-0.008
-0.024***
(0.003)
(0.010)
(0.004)
0.010
0.018*
(0.010)
(0.009)
-0.248*
0.009
(0.141)
(0.052)
-0.010***
-0.008**
(0.003)
(0.003)
-0.118*
-0.038*
(0.070)
(0.022)
0.161***
0.155*
0.418***
(0.008)
(0.082)
(0.023)
-0.008***
0.002
-0.004***
(0.001)
(0.006)
(0.001)

0.629***
(0.015)
0.039**
(0.017)
0.013**
(0.005)
Yes
3.220***
(0.123)

0.746***
(0.072)
0.052
(0.073)
0.014
(0.027)
Yes
2.063***
(0.715)

0.584***
(0.018)
-0.011
(0.013)
-0.002
(0.006)
Yes
3.324***
(0.167)

1,297
200

1,297
200

1,297
200

Notes: Robust standard errors are in parentheses; *** p<0.01, ** p<0.05, * p<0.1.
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6. Conclusions and Future Directions
This study investigates how product appeal moderates the interaction effect of traditional paid
media and social media on sales in the motion picture industry. Our results inform a growing
literature on multiple media promotion. We present empirical evidence that traditional paid
media and social media are complements in the narrow appeal product category but substitutes in
the broad appeal product category. This result also provides practical implications for making
media decisions. For narrow appeal products, complementary effects among multiple media are
more likely, so managers should invest in different channels simultaneously. For broad appeal
products, substitution effects among different media are more likely. To maximize the payoff, it
is better to invest most of the resources in the channels with higher marginal returns.
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Abstract
Despite the extensive use of social media, there is a lack of awareness about the effect and
mechanism of social media marketing. We examine the impact of firm social media strategy
on movie sales. Specifically, we construct a research model of social media engagement on
movie sales and examine the mediating effect of social interaction. We find that, accounting
for influence of personal WOM (word of mouth), firm social media operations, such as the
number of tweets and the number of celebrity friends, have significant influence on social
interaction, which in turn affects movie sales. Further analysis suggests that the effective
mechanism of social media marketing is different between domestic movies and foreign
movies.
Keywords: Social media marketing, Social interaction, Brand pages, Relationship marketing

1. Introduction
In recent years, social media, such as Facebook, Twitter and Weibo, has raised much
attention. Social media gives marketers a great opportunity to disseminate information
through layers of consumers. A majority of marketers are using social media to promote their
businesses. For example, there are over 400,000 marketers who have brand pages on Weibo,
the biggest social media platform in China. Social media allows marketers to release news
and build their brand images based on user formed social network.
Despite the extensive use of social media, there is a lack of awareness about effective social
media marketing strategy theoretically and practically. We still don’t know what is the best
way to run social media marketing and how to get things viral. This has motivated us to
empirically examine the effect of social media operations strategy. In theory, it is important
and necessary to measure the ROI of social media marketing and identify the effective
marketing strategies (Hoffman and Fodor 2010). We, in this study, construct an empirical
framework about how social media marketing strategy influences firm performance.
In practice, most marketers still do not have a clear picture about which social media
operations strategy is more effective. Some marketers regard the number of followers as an
indicator of social media marketing effect, whereas the growth of followers does not
necessarily bring sales increase. Taking Dell as an example, its brand page on Twitter attracts
lots of followers through “suggested user list” function. But the sales increase is much less
than the increase of followers, that is, there is no significant correlation between followers
increase and sales increase. Furthermore, celebrity effect is another common practice used in
social media marketing. Recommendations by celebrity can influence sales revenue via
consumers’ purchase intention. But sometimes the result could just be the opposite. Michael
Arrington, who is the founder of TechCrunch, one of the most famous technology blogging
platforms, forwarded a tweet posted by Comcast and spoke highly of the high quality service
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he experienced. This, however, created a backlash against Comcast, and consumers thought
the brand page of Comcast was only a publicity stunt.
In this study, our research questions are: whether social media marketing strategy (the
number of followers of a brand page, the number of celebrity friends of a brand page, and the
frequency of posting new blogs) is effective and how do they affect firm sales? To study
these research questions, we use data from film industry. Movies are main products of film
distribution companies. They open a brand page for each movie to connect with fans.
According to Weibo rules, movie brand page is one kind of organization pages.
We assemble a novel data set from weibo.com and a third-party consulting company, Yi’en
Consulting, so that we can observe firms’ participation in social media and joint to movie
sales. Following Godes et al. (2005), social interactions (SIs) are consequences of
information dissemination and antecedents of consumers’ behavior. We, following the
literature, take social interaction as a mediator. We find that, accounting for influence of
personal WOM, brand page influences sales through social interaction, and the influence
mechanism of social media marketing on sales are very different between domestic movies
and foreign movies.
2. Hypotheses
There are different types of WOM, such as postings in forum, blog postings (e.g., Dewan and
Ramaprasad 2014), and tweets (e.g., Rui et al. 2013). Extant studies show that WOM has
significant effect on sales. As a type of WOM, tweets on brand pages have significant
influence on firm sales and product sales. WOM affects sales via awareness effect and
persuasive effect (Rui et al. 2013). Brand page is one way to expose consumers to the brand
and firm, and thereby create awareness. The number of tweets about the brand and number of
followers are important measurement of awareness effect (Rui et al. 2013). Therefore we
postulate:
Hypothesis 1a: The number of tweets has positive influence on firm sales.
Hypothesis 1b: The number of followers has positive influence on firm sales.
Firms always utilize celebrities in social media marketing to enhance brand exposure.
Celebrities are similar to opinion leaders on social media platforms. Opinion leaders are those
who have social capital and influence others’ attitude and behaviour frequently. They
distribute information on social media platform to a large number of followers in a short time
period. They have positive influence on consumer loyalty and purchase intention (Godes and
Mayzlin 2004). Here we use the number of celebrity friends (who have lots of followers) of a
brand page to represent celebrity effect. Thus, we propose that:
Hypothesis 1c: The number of celebrity friends has positive influence on firm sales.
Granovetter (1973) notes that one of the measures of the strength of a relationship is the time
and effort invested in maintaining it. Interacting through sharing and expressing certainly
represents an investment in maintenance, in contrast to follower links, which are external and
do not require any effort or upkeep. There are four dominant social interactions taking place
on social media: sharing, expressing, networking and gaming (Peters et al. 2013). Consumers
receive, like, comment and share content from brand pages. This liking, commenting and
sharing behaviour on brand post reflects brand post popularity and intensity of social
interaction (De Vries et al. 2012). Godes and Mayzlin (2004) suggest that a meaningful
measure of social interaction impact might be the “dispersion” of conversations across social
networks. So we use the number of likes, comments, and retweets as measurement of
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“disperation”, that is, social interaction. The number of followers, number of tweets, number
of celebrity friends and tweet content characteristics all have significant influence on social
interaction (De Vries et al. 2012). Here we mainly focus on the first three and take content
characteristics as control variables. Thus, we propose:
Hypothesis 2a: The number of tweets has positive influence on social interaction.
Hypothesis 2b: The number of followers has positive influence on social interaction.
Hypothesis 2c: The number of celebrity friends has positive influence on social interaction.
Movie information widely disperses through social interaction. Tweet information spreads by
geometric series and thus causes ripple effect (Dwayne and Stephen 1999). More and more
potential consumers receive firm information and the awareness effect is increased further.
More consumers will think of purchasing thus sales revenue will increase. So, we propose
that:
Hypothesis 3: Social interaction has positive effect on firm sales revenue.
Our research model is shown in figure 1:
H1
Number of tweets about the brand
Number of followers
Number of celebrity friends
Social media features

H2
Social interaction

H3

Sales revenue

Control variables: firm characteristics,
content characteristics, personal WOM
Figure 1. Reseach Model

3. Model Specifications
Our model specifications are as follows:
ln salesi   0  1 ln weibonumi   2 ln followeri   3 ln famousi   4topicratioi

 5 referratioi   6 ln searchi   7 ratingi  8continuedi

(1)

 9 duplicatedi  10 ln relasedaysi  11regioni  i
interactioni  0  1 ln weibonumi   2 ln followeri  3 ln famousi   4topicratioi
 5 referratioi   6 ratingi   7 continuedi  8 duplicatedi

(2)

 9 ln relasedaysi  10 regioni  i
ln salesi   0  1interactioni   2 ln weibonumi  3 ln followeri   4 ln famousi
 5topicratioi   6 referratioi   7 ln searchi  8 ratingi  9 continuedi

(3)

 10 duplicatedi  11 ln relasedaysi  12 regioni  i
We use above models to test the effect of social media operations strategy and the mediating
effect of social interaction. The dependent variable ln salesi denotes the sales revenue of
movie i. interactioni is dependent variable of model (2) and mediating variable of model (3).
It denotes intensity of social interaction.
Key independent variables include ln weibonumi, number of tweets a brand page posted
during the movie showing period (in logs); ln followeri, the number of followers of a brand
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page during the movie showing period (in logs);ln famousi, the number of celebrity friends of
a brand page during the movie showing period (in logs). We also include a variety of control
variables. There are three types of control variables, movie characteristics, content
characteristics and personal WOM. Movie characteristics involve movie rating (rating),
whether the movie is sequel (continued) or remake (duplicated), number of days that movie is
screening (releasedays) and film origins (region, here we classify as domestic film and
foreign film). Brand page postings’ content characteristics involve the ratio of tweets which
contain hashtags “##” (topicratio), and the ratio of tweets containing interactive sign “@”
(referratio). Since volume of personal WOM has positive influence on firm sales (Rui at al.
2013), we also include personal WOM (lnsearch) to account for the influence of personal
WOM on movie box office. To estimate coefficients of our models, we use the causal
approach popularized by Baron and Kenny (1986) to test the mediating effect of interactioni
and Sobel test as a supplement (Sobel 1986).
4. Data
We collected 305 movies (the entire movies released in that year) that were released in 2013,
involving 245 domestic movies and 60 foreign movies. For each movie, we obtained movie
information and their corresponding social media information.
For social media information, we collected data from weibo.com, which is the biggest
microblogging platform in China. Among the 305, there are 195 movies open a social media
account on Weibo. We got information of each movie through their brand pages, including all
posts (tweet content, posting time, the number of likes, the number of comments, and the
number of retweets), the number of followers, the number of celebrity friends. Here, we treat
friends of this brand page who have more than 500,000 followers as celebrity friends. We
also use other measures of celebrity friends to ensure the robustness of our results.
For movie information, we collected data from Yi’en Consulting, which is an authoritative
organization in China for releasing movie information. We got basic information of a movie
such as actors, directors, whether it is a sequel or remake, origins and sales revenue.
Furthermore, we got rating of a movie from douban.com, which is an authoritative forum
about movies.
We have compared the descriptive statistics of these 195 movies which opened Weibo
account with no-Weibo account movies, and found there is no significant difference between
these two subsamples. We will use these 195 movies as our study sample in next part.
5. Results
First, we conduct a regression analysis of direct effect of independent variables (equation 1).
For full sample, the number of tweets and celebrity friends have significantly positive effect
on movie sales, whereas the number of followers has no significant effect on movie sales.
H1a and H1c are supported. For subsample analysis, we get the same conclusion for domestic
movies. But we draw a contrary conclusion for foreign movies—while the number of tweets
and the number of celebrity friends have no significant influence on foreign movie sales, the
number of followers has positive influence on sales.
Second, we analyze the effect of independent variables on the mediator, i.e., social interaction
(equation 2). For full sample, the number of tweets, the number of followers, and the number
of celebrity friends all have positive effect on social interaction. And we get the same
conclusion for the subsamples. Therefore H2 is supported.
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Our main results of mediating effect for movie sales are consolidated in Table 1, where we
present in separate columns for full sample, domestic movies and foreign. The model fit
(R-square) is close to 1 for all sample sets. For full sample, social interaction (interaction)
has significantly positive effect on movie sales. The coefficients of three key independent
variables become insignificant in this model. So firm’s social media activities are expected to
influence social interaction, which in turn affects movie sales. H3 is supported.
For subsample analysis, domestic and foreign movies have very different patterns in the
social media marketing effects. For domestic movies, the significant two variables (number
of tweets and number of celebrity friends) in the direct effect model (equation 1) become
insignificant, due to the mediating effect of social interaction. Specifically, the effect of
tweets on movie sales are fully mediated by social interaction, whereas the mediating effect
in the relationship between celebrity friends and movie sales is insignificant, according to
Sobel test. As for foreign movies, the only significant effect is the direct effect of the number
of followers, whereas the other two direct factors and the mediating effect are all
insignificant.
Table 1. Mediating Effect of Social Interaction on Movie Sales
Variables

Full sample

Domestic Movies

Foreign Movies

0.383***

0.38**
(0.159)
0.0705
(0.103)
-0.098*
(0.0562)
0.126
(0.0868)
-0.241
(0.275)
-0.882*
(0.472)
0.259***
(0.037)
-0.0264
(0.0682)
1.117***
(0.362)
0.149
(0.459)
1.378***
(0.137)

0.163
(0.4)
0.143
(0.2)
0.268*
(0.145)
0.149
(0.17)
-0.343
(0.581)
-0.0661
(1.043)
0.334***
(0.11)
0.176
(0.161)
0.473
(0.397)
1.231
(1.141)
1.638***
(0.412)

Intercept

(0.144)
0.070
(0.089)
-0.057
(0.0513)
0.119
(0.0755)
-0.24
(0.245)
-1.029*
(0.409)
0.255***
(0.0348)
-0.0144
(0.0621)
0.901***
(0.26)
0.184
(0.415)
1.428***
(0.128)
-0.332
(0.206)
0.709
(0.828)

0.851
(0.823)

-5.758**
(2.848)

N

195

146
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R-square

0.838

0.843

0.798

interaction
lnweibonum
lnfollower
lnfamous
topicratio
referratio
lnsearch
rating
continued
duplicated
lnreleasedays
region

Note: *** p<0.01

**

p<0.05

* p<0.1;

Standard errors are in parentheses.

6. Discussion and Conclusions
In this study, we examine the impact of firm social media operations strategy on movie sales,
and test the mediating effect of social interactions which get firm social media engagement
viral. We find, accounting for influence of personal WOM, firm social media operations,
such as the number of tweets and the number of celebrity friends, have significant influence
on social interaction, which in turn affects movie sales. Besides, domestic and foreign movies
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are very different in social media marketing effects, suggesting different ways of running
social media.
This study has the following research implications. First, we conduct a more complete
examination to quantify the economic value of firm social media engagement. Second, we
examine the mechanism how social media activities affect firm sales, and find social
interaction as a critical mediator. Third, there are different ways of running different types of
firm social media. Researchers and marketers should consider use different metrics to
measure the promotion effect of social media marketing.
Our study offers useful managerial implications as well. First of all, it is beneficial for
marketers to engage social media efforts given our findings. Meanwhile, the quality of
content and followers is more important than their quantity. Marketers should focus on social
interaction instead of simple metrics. Furthermore, marketers could select proper opinion
leaders to enhance awareness and market their products. Overall, marketers need to have a
more comprehensive understanding of social media engagement and arrange efforts
accordingly.
References
1. Baron, R. M., and Kenny, D. A. “The Moderator–Mediator Variable Distinction in Social
Psychological Research: Conceptual, Strategic, and Statistical Considerations,” Journal
of Personality and Social Psychology (51:6), 1986, pp. 1173-1182.
2. De Vries, L., Gensler, S., and Leeflang, P. S. “Popularity of Brand Posts on Brand Fan
Pages: An Investigation of the Effects of Social Media Marketing,” Journal of Interactive
Marketing (26:2), 2012, pp. 83-91.
3. Dewan, S., and Ramaprasad, J. “Social Media, Traditional Media, and Music Sales,” MIS
Quarterly (38:1), 2014, pp. 101-122.
4. Dwayne, D. G., and Stephen, W. B. “The Loyalty Ripple Effect,” International Journal
of Service Industry Management (10:3), 1999, pp. 271-293.
5. Godes, D. and D. Mayzlin. “Using Online Conversations to Measure Word of Mouth
Communication,” Marketing Science (23:4), 2004, pp. 545–560.
6. Godes, D., Mayzlin, D., Chen, Y., Das, S., Dellarocas, C., Pfeiffer, B. and Verlegh, P.
“The Firm's Management of Social Interactions,” Marketing Letters (16:3/4), 2005, pp.
415-428.
7. Granovetter, M. S. “The strength of weak ties,” American journal of sociology, 1973, pp.
1360-1380.
8. Hoffman, D. L., and Fodor, M. “Can You Measure the ROI of Your Social Media
Marketing,” MIT Sloan Management Review (52:1), 2010, pp. 41-49.
9. Peters, K., Chen, Y., Kaplan, A. M., Ognibeni, B., and Pauwels, K. “Social Media
Metrics—A Framework and Guidelines for Managing Social Media,” Journal of
Interactive Marketing (27:4), 2013, pp. 281-298.
10. Rui, H., Liu, Y., and Whinston, A. “Whose and What Chatter Matters? The Effect of
Tweets on Movie Sales,” Decision Support Systems (55:4), 2013, pp. 863-870.
11. Sobel, M. E. “Some New Results on Indirect Effects and Their Standard Errors in
Covariance Structure Models,” Sociological Methodology (16), 1986, pp. 159-186.

53

Impact of Network Externality on
Intertemporal Mixed Bundling Strategy for Information Products
Xiaoxiao Luo
Tianjin University
luoxiaoxiao@tju.edu.cn

Minqiang Li
Tianjin University
mqli@tju.edu.cn

Nan Feng
Tianjin University
fengnan@tju.edu.cn

Jin Tian
Tianjin University
jtian@tju.edu.cn

Abstract
The mixed bundling strategy has been widely used in information industries. This paper
investigates the impact of network externality on the design of mixed bundling strategy. We build
a two-period model to explore when to launch the bundle and whether to offer an intertemporal
bundle or not. The numerical results suggest that it’s optimal for the seller to delay the release of
the bundle when network externality is small, otherwise the seller should simultaneously launch
the bundle with individual products. Offering the intertemporal bundle will reduce the bundle
discount and bring about a higher profit in most cases. Moreover, the impact of network
externality on prices when the seller simultaneously releases the bundle is opposite to those
when the seller delays the release of the bundle in many situations.
Keywords: Intertemporal mixed bundling strategy, Network externality, Information products

1. Introduction
Mixed bundling sells the component products individually as well as all components in a package
at a discount. This strategy has attracted the firms because bundling can reduce the dispersion of
consumer values and better segment consumer population. Mixed bundling strategy for products
with different characteristics has received much attention. Venkatesh and Kamakura (2003)
focused on complements and substitutes. Banciu et al. (2010) considered vertically differentiated
products. Raghunathan and Sarkar (2016) investigated bundling strategy in information markets.
Moreover, the intractable pricing problem of mixed bundling strategy has also been studied by
Hanson and Martin (1999) and Li et al. (2013).
The above literature assumes that the seller will launch the bundle and components at the same
time. However, managers may delay the launch of a bundle in practice. For instance, developers at
platforms, such as App Store and Steam, often distribute applications or games as well as their
bundles at different time. This paper will focus on the intertemporal-bundling behavior of the
seller and provide guidelines for the optimal time to launch the bundle.
Apple Inc. provides Complete Bundle option when it offers bundles in apps, music and TV
shows. With this option, customers who have already purchased some components within a bundle
only need to pay the balance for the other ones, i.e., customers can get all components at a bundle
price even if they purchase them at different time. However, this option is not provided by Steam.
In other words, Steam gamers who purchase two games within a bundle at different time have to
pay a full price. Actually, Complete Bundle option serves the role of intertemporal bundle because
customers who buy all components within a bundle at different time can also enjoy the bundle
discount. We will explore the conditions under which the seller should provide the intertemporal
bundle through Complete Bundle option.
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We consider a monopolist who sells information products with positive network externality.
That is, customers’ values toward a product increase with the size of the user base (Katz and
Shapiro 1985). This effect can be broadly observed among information products. Many extant
articles investigated how network externality may impact product and pricing decisions. In our
study, we consider how network externality may affect the optimal time to launch the bundle and
the optimal choice to provide an intertemporal bundle.
We use a two-period model to characterize the bundle launching behavior of a seller with two
information products. According to the feasible release time of the bundle and the adoption of
Complete Bundle option, four kinds of intertemporal mixed bundling strategy are considered: (1)
simultaneous-launching mixed bundling strategy (SMB), the seller simultaneously releases the two
components and the bundle in the first period; (2) simultaneous-launching intertemporal mixed
bundling strategy (SIMB), the seller simultaneously releases the two components and the bundle in
the first period, and offers an intertemporal bundle through Complete Bundle option in the
second period; (3) delayed-launching mixed bundling strategy (DMB), the seller offers the two
components in the first period and delays the introduction of the bundle in the second period; (4)
delayed-launching intertemporal mixed bundling strategy (DIMB), the seller offers the two
components in the first period and delays the introduction of the bundle in the second period, and
offers an intertemporal bundle through Complete Bundle option in the second period. Given these
four schemes, we will consider the impact of network externality on the choice of intertemporal
mixed bundling strategies and answer the following questions: (1) when should the seller
introduce the bundle to the market? (2) When should the seller offer an intertemporal bundle
through Complete Bundle option? (3) How do the pricing schemes of each bundling strategy
change based on the degree of network externality?
The rest of the paper is structured as follows. In section 2, we formulate the models of four
bundling strategies. In section 3, we analyze SMB strategy and SIMB strategy. In section 4, we
focus on DMB strategy and DIMB strategy. We compare all four bundling strategies in section 5.
Section 6 provides our conclusions and limitations.

2. Assumptions and Models
A profit maximizing monopolist provides two products with identical network externality and
marginal costs. The marginal cost of the individual product is represented by c, and the marginal
cost of a bundle is 2c. The total number of potential customers is normalized to 1. Customers’
reservation prices are composed of two parts. The first part is the customers’ inherent value toward
a product, which is uniformly distributed in , -. The second part is network-based value, which
depends on the currently observed installed base. Following previous studies (Etzion and
Min-Seok, 2014; Prasad et al. 2010), our model assumes that the network-based value is
linearly-increasing with the size of the user base.
Customers act in a myopic fashion because they do not know whether other customers will join
* +) at the first period
the network or not. Thus, customer i’s reservation price for product j (
is equal to his inherent value towards product j, which is denoted by
. Customer i’s reservation
* +) in the second period can be computed by
price for product j (
, where n
captures the marginal network benefit of product j and dj is specified as the number of customers
owning product j after the first period. Let
denote customer i’s reservation price for product j
* +). The reservation price for the bundle is the sum of reservation prices for the
in period k (
two components, which can be represented by
. The customers will purchase a
*
+) once it satisfies individual rationality constraint (
product or the bundle j (
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(
*
+)). Each customer
) and incentive compatibility constraint (
, - and
, demands at most one unit of each product. For presentation, we assume
to make sure that the upper bound of each parameter is equal to the maximum of customers’
inherent value.
As two products are symmetric in their network externality, marginal costs and market
valuations, the optimal individual prices and the corresponding customer demand of individual
products are also symmetric. Let P denote the price of the individual product.
stands for the
price of the bundle. Moreover, when the seller offers Complete Bundle option, customers who buy
two individual products in different periods will be charged for
in total. Prices for products
which are released in the first period keep unchanged in the second period.
Figure 1 presents customer demand in two periods under four bundling strategies. Note that
the Complete Bundle option will only influence the customer demand in the second period. Thus,
if the pricing schemes are identical, the customer demands under SMB and SIMB (DMB and
DIMB) in the first period are equivalent.

Notes. a represents the network-based value of a certain product.
Figure 1 Customer demand in two periods under four bundling strategies
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According to customer demand in two periods under each strategy, we could derive the
profit-maximizing model as follows:

max ( P, PB )  ( P  c)( D11  D12  D21  D22  D2c )  2( P  c) D1A  ( PB  2c)( D1B  D2 B  D2c )

0P1, PPB 2 P

(1)
where
(
* +
* +) stand for the number of customers who only buy product j in
the kth period, and
(
* +) stand for the number of customers who purchase the bundle
in the kth period, and
denote the number of customers who buy both of the two products at
full price in the first period, and
denote the number of customers who use Complete Bundle
option in the second period. The individual price cannot be larger than 1. The bundle price should
be no less than the individual price and no greater than the sum of individual prices. The explicit
expressions of the model for each strategy are omitted due to space limitation. We combine the
analytical method and numerical method to solve the problem.

3. SMB Strategy and SIMB Strategy
With SMB strategy and SIMB strategy, the seller who releases the two individual products and
the bundle in the first period needs to decide whether to offer the intertemporal bundle or not and
how to price the products.
Figure 2 presents the domains of optimality of
SMB strategy and SIMB strategy. Note that when
the marginal costs are very low and the network
externality is small-to-moderate, SMB strategy
converges to pure bundling (PB). All customers
will buy either the bundle or nothing. Besides, in
the absence of network externality, no customer
will purchase in the second period. Thus,
Complete Bundle option will not be provided.
Moreover, when the marginal costs are small and
the network externality is small, the seller has no
incentive to offer Complete Bundle option.
However, when network externality is larger or the
marginal costs are higher, providing the
intertemporal bundle can bring about more profits
Figure 2 SMB strategy vs. SIMB strategy
for the seller.
With increasing network externality, the individual prices under SMB strategy and SIMB
strategy decrease when marginal costs are small and network externality is large, otherwise they
increase. As network externality goes up, the bundle price under SMB strategy decreases when
network externality is small or marginal costs are large, otherwise it increases. When network
externality becomes larger, the bundle price under SIMB strategy decreases when network
externality is small but increases when network externality is large. Offering Complete Bundle
option will decrease the bundle discount in most cases but increases the bundle discount when
network externality is large and marginal costs are high.
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4. DMB Strategy and DIMB Strategy
With DMB strategy and DIMB strategy, the seller only provides the two components in the first
period and introduces the bundle to the market in the second period.
We characterize the domains of optimality of
DMB strategy and DIMB strategy in Figure 3.
DIMB strategy is more profitable when network
externality is small–to-moderate or the marginal
costs are very low. However, when network
externality is very small and the marginal costs are
very small or when the network externality is large,
DMB strategy is more advantageous.
With increasing network externality, the
individual prices under DMB strategy and DIMB
strategy only increase when network externality is
large and marginal costs are small, otherwise they
decrease. The bundle price under DMB strategy
always rises up with network externality. As for
the bundle price under DIMB strategy, it will
Figure 3 DMB strategy vs. DIMB strategy
increase with network externality in most cases
but decrease when the network externality is small and the marginal costs are small. Moreover,
offering the intertemporal bundle will always decrease the bundle discount.

5. Comparison of the Four Bundling Strategies
In this section, we explore the conditions under which each bundling strategy is optimal.
Figure 4 shows the domains of optimality of
each bundling strategy. When network externality
is small, DMB strategy and DIMB strategy are
optimal.
When
network
externality
is
moderate-to-large, SMB strategy and SIMB
strategy are more profitable. Besides, the domain
of DIMB strategy enlarges with higher marginal
costs.
It’s also interesting to notice the different
pricing schemes of SMB strategy and SIMB
strategy as well as DMB strategy and DIMB
strategy. With increasing network externality, the
individual prices under SMB strategy and SIMB
strategy increases but those under DMB strategy
and DIMB strategy decreases when marginal costs
Figure 4 The domain of each bundling
are not very small. As the network externality
strategy
becomes larger, the bundle prices under SMB
strategy and SIMB strategy decrease but those under DMB strategy and DIMB strategy increase
when network externality is small.
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6. Conclusions
In this paper, we examined the impact of network externality on the optimal time to launch the
bundle and the adoption of Complete Bundle option. The comparison of the four intertemporal
bundling schemes suggests that: (1) The seller should delay the release of the bundle when
network externality is small, but simultaneously release the bundle with the components when
network externality is large; (2) Offering the intertemporal bundle through Complete Bundle
option will decrease the bundle discount and lead to a higher profit in most cases; (3) The
changes of prices with increasing network externality when the seller simultaneously releases the
bundle are opposite to those when the seller delays the release of the bundle in many situations.
However, our model is based on several assumptions. First, the network benefit is assumed to
be linearly increasing with the user base. Second, the customers are all myopic. It might be
useful to consider a market with products of non-linearly network benefit and a mix of myopic
and strategic consumers.
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Abstract

Recently, the agency model exploited by publishers in the e-book industry has been highlighted
in the press as a result of the U.S. Department of Justice’s (DOJ) lawsuit against Apple, Inc. We
investigate the strategic impact of the agency model in comparison with the prevalent wholesale
by formulating a dual channel model of distribution accommodating sales of traditional and
digital goods. In contrast to the current press concerning the DOJ’s lawsuit, we find that the
equilibrium price of digital goods is lower in the agency model than in the conventional
wholesale model. Furthermore, the agency model can increase a firm’s profit as well as
consumer surplus by mitigating the double marginalization effect within the digital goods supply
chain. We ascertain that both (a) the revenue sharing structure and (b) the upstream publisher’s
control over the price contribute to the benefits of the agency model.
Keywords: digital goods, channel coordination, e-book industry, agency pricing

1. Introduction
The book publishing industry is currently experiencing a "digital revolution" (Stone, 2012)
impacting both demand and supply chain relations. While sales of traditional books have been
relatively stagnant for decades, the introduction of the e-book has started to eclipse the sales of
traditional books. According to a report in the Los Angeles Times (May 2011), “customers are
now choosing Kindle books more often than print books; for every 100 print books sold on
Amazon, 105 Kindle e-books have been sold.” Another report by the Association of American
Publishers (AAP) also notes that sales of e-books reached $282.3 million in the first quarter of
2012, while sales of hardcover books only amounted to $229.6 million in the same time period.
Explanations for this expansion in the e-book market include technological factors such as the
decreasing costs of e-book readers (Los Angeles Times, May 2011) and the accessibility of ebooks via alternate technological platforms including PCs, laptops, tablets, and smartphones.
The digitalization of physical goods not only transforms consumers’ shopping habits, but also
brings many challenges to business managers and policy makers for related industries. To
illustrate, issues concerning consumer pricing and supplier negotiations are now more complex
due to consumer perception of the digital goods and alternate revenue models with suppliers.
Many new business models have evolved with technological innovation, but not without
concerns. A case in point is the public attention brought by the U.S. Department of Justice’s
(DOJ) lawsuit against Apple, Inc.
Our analysis reveals that the agency model is a very effective pricing model for the e-book
supply chain, which sheds light on why new contracts between Amazon and major publishers are
still based on the agency model after the two year suspension period (Gilbert, 2015). In the early
stages of the e-book market when many consumers still favor the printed book, both the
publisher and retailers are better off under the agency model compared with the wholesale
model. The intuition driving this result is that the agency model utilizes a revenue sharing
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scheme with upstream publisher’s control over the price for sales of the digital goods which
mitigates the double marginalization effect. Further, when the market matures and technology
advances, consumers may prefer the e-book to the traditional printed book. We find that the
agency model can coordinate the supply chain under this situation. Finally, note that although the
agency model has some similarities with traditional revenue sharing contracts, there are key
differences in terms of the mechanisms and implementation.

2. Model Setting
We model the interaction between the publisher and the retailer using a Stackelberg game and
considering the following scenarios including the agency and wholesale model. The publisher
has access to original content from the authors and serves as the game leader by making the first
move. The retailer as the follower will observe the publisher's decision and then make her best
response accordingly. The major difference between the agency model and the wholesale model
is that the former allows the publisher to control the sales price of the digital goods. We also
analyze the vertically integrated supply chain as the benchmark for later analysis. We illustrate
the details of these pricing models in Figure 1. In contrast to Tan et al. (2016), we consider both
the digital and traditional goods supply chain. For the remainder of the paper, we use the
pronoun “he” to represent the publisher and “she” to represent the retailer.
We introduce notation appropriate to a consumer choice model including the possibility of
distributing the products via a traditional channel (denoted by the subscript T) and also a digital
channel (denoted by the subscript D). We also include nomenclature to indicate the
corresponding supply chain position as a publisher/supplier (denoted by the subscript P) and also
a retailer (denoted by the subscript R). Let 𝜃 be defined as the consumer acceptance level. If the
consumers prefer the digital goods relative to the traditional goods then 𝜃 > 1, whereas if the
consumers prefer traditional goods over digital goods then 𝜃 < 1 . We derive the demand
function when 𝜃 ≥ 1 as:
𝑃𝑇 −𝑃𝐷
1−𝜃

(
𝑄𝑇 = {

− 𝑃𝑇 )

0

1
̅
𝑉

𝑃𝑇 <
𝑃𝑇 ≥

𝑃𝐷
𝜃
𝑃𝐷
𝜃

𝑄𝐷 = {

𝑃 −𝑃
(𝑉̅ − 𝑇1−𝜃𝐷 )
𝑃
(𝑉̅ − 𝜃𝐷 )

1
̅
𝑉

1
̅
𝑉

𝑃𝑇 <
𝑃𝑇 ≥

𝑃𝐷
𝜃
𝑃𝐷
𝜃

Analogously, we can derive the demand function when 𝜃 < 1, which denotes the situation where
consumers prefer the traditional goods to their digital counterparts:
𝑄𝑇 = {

1
̅
𝑉
𝑃𝑇 −𝑃𝐷 1
) 𝑉̅
1−𝜃

(𝑉̅ − 𝑃𝑇 )
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𝜃
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)̅
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Figure 1. Decision Sequence for the Publishing Industry
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3. Implications for Digital Goods Management
In this section, we compare and contrast the agency model with the wholesale model.
Proposition 1: Consider the situation where the consumer acceptance level of the digital goods
𝜃 is less than 1. Comparing the agency model with the wholesale model, we find
a) If the revenue sharing proportion 𝛼 ∈ [0,0.25], then the publisher prefers the agency
model while the retailer prefers the wholesale model.
b) If the revenue sharing proportion 𝛼 ∈ [.25, .5], then both the publisher and the retailer
prefer the agency model to the wholesale model.
c) If the revenue sharing proportion 𝛼 ∈ [.5,1.0],then (i) when the dual channel strategy is
employed in the agency model, both the publisher and the retailer prefer the agency
model to the wholesale model. (ii) If the single channel strategy is adopted in the agency
model, then both the publisher and the retailer prefer the wholesale model.
Common wisdom suggests that the publisher and the retailer may have different preferences
concerning the agency and the wholesale models, in the sense that the publisher prefers the
agency model when the value of the revenue sharing proportion 𝛼 is low, while the retailer
prefers the agency model when the value of 𝛼 is high. In general, we find our results are in line
with this expectation. However, we find that when 𝛼 belongs to an intermediate range (i.e., 𝛼 ∈
[0.25,0.5]), both the publisher and the retailer enjoy a higher profit under the agency model as
compared with the wholesale model. This is due to the fact that under the agency model, the
supply chain profit is improved compared with the wholesale model and both publisher and
retailer are satisfied when the division of the digital goods profits is appropriate. Multiple reports
(e.g., Rich & Stone, 2010; WSJ, 2012) indicate that the value of 𝛼 was set at 30% in the book
publishing industry, which lies within the range whereby both parties earn more profit by
utilizing the agency model. As a consequence, we focus our comparison of the agency model and
other pricing models within this range. To further assess the pricing and consumer welfare issues
between these two pricing models, we have the following proposition.
Proposition 2: When the consumer acceptance level of digital goods 𝜃 is less than 1 and 𝛼 ∈
[.25, .5], we compare the dual channel strategy under the agency model with the wholesale
model and find:
a) 𝑃𝐷 𝐴𝑔𝑒𝑛𝑐𝑦 < 𝑃𝐷 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 , 𝑃𝑇 𝐴𝑔𝑒𝑛𝑐𝑦 < 𝑃𝑇 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 , 𝑊𝑇 𝐴𝑔𝑒𝑛𝑐𝑦 < 𝑊𝑇 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒
b) 𝑄𝐷 𝐴𝑔𝑒𝑛𝑐𝑦 > 𝑄𝐷 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 , 𝑄𝑇 𝐴𝑔𝑒𝑛𝑐𝑦 = 𝑄𝑇 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒
[1−2𝛼]
[4𝛼−1]
c) 𝜋𝑃 𝐴𝑔𝑒𝑛𝑐𝑦 − 𝜋𝑃 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 =
𝜃𝑉̅ > 0 , 𝜋𝑅 𝐴𝑔𝑒𝑛𝑐𝑦 − 𝜋𝑅 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 = 4 𝜃𝑉̅ > 0 ,
𝜋𝑆𝐶

𝐴𝑔𝑒𝑛𝑐𝑦

− 𝜋𝑆𝐶

𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒

=

8
̅
𝜃𝑉

16
̅
3𝜃𝑉

>0

d) 𝐶𝑆 𝐴𝑔𝑒𝑛𝑐𝑦 − 𝐶𝑆 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 = 32 > 0
These results show that when utilizing a dual channel strategy with a moderate revenue sharing
proportion, the supply chain profit under the agency model outperforms those associated with the
wholesale model by

̅
𝜃𝑉
16

. This difference stems from the fact that the digital goods demand in the

agency model is strictly higher than the demand in the wholesale model, 𝑄𝐷 𝐴𝑔𝑒𝑛𝑐𝑦 >
𝑄𝐷 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 , while the demand for the traditional goods is kept the same under these two pricing
schemes, 𝑄𝑇 𝐴𝑔𝑒𝑛𝑐𝑦 = 𝑄𝑇 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 . Essentially, the agency model alleviates the double
marginalization effect by utilizing a “partial revenue sharing” scheme. Compared with the
wholesale model, the agency model not only reduces the wholesale price of traditional goods 𝑊𝑇
but also leads to a decrease in the consumer prices, 𝑃𝐷 and 𝑃𝑇 .
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There are two main features that distinguish the agency model with other traditional pricing
contract forms, which are (a) the upstream publisher’s control over the price and (b) the revenue
sharing mechanism. The revenue sharing mechanism has been explored in the previous literature
(Cachon & Lariviere, 2004). Here we investigate whether the publisher’s control over the price
also contributes to the Pareto improving feature of the agency model. To further identify the
precise factors driving the benefits of the agency model, we examine a revised version of the
agency model to compare with our original version (i.e., retailer’s agency model). Under the
retailer’s agency model, the downstream retailer (instead of the publisher) determines the retail
price of the e-book. Similar to the agency model, we assume that the revenue sharing proportion
𝛼 is exogenous. The key difference between the agency model and the retailer’s agency model
concerns which party (i.e., publisher or retailer) takes control of e-book pricing, which is
illustrated in the following Figure 2.

Figure 2. Illustration of Agency Model and Retailer’s Agency Model
Proposition 3: Comparing the agency model with the retailer’s agency model, we find that: the
agency model outperforms the retailer’s agency model in terms of the publisher’s, retailer’s and
supply chain’s profit. Specifically, the wholesale price and the retail price for both traditional
goods and digital goods are lower in the agency model compared with those in the retailer’s
agency model.
When 𝜃 < 1, we focus on the dual channel strategy because the results of single channel and
equivalent price strategy are the same between the agency and the retailer’s agency models. For
ease of notation, we use the superscript R and A to represent the retailer’s agency model and the
agency model, respectively. In the retailer’s agency model, we find that the profits for both the
publisher and the retailer are lower as compared with those associated with the agency model.
The intuition of this result is as follows: In the retailer’s agency model, the pricing of the digital
goods is controlled by the downstream retailer. In this situation, the publisher tends to charge a
higher wholesale price for the traditional goods 𝑊𝑇 𝑅 in response to the loss of the pricing
decision. As a result, we observe that in the equilibrium 𝑊𝑇 𝑅 > 𝑊𝑇 𝐴 . Next, the retail prices of
the traditional goods and digital goods also increase (i.e., 𝑃𝑇 𝑅 > 𝑃𝑇 𝐴 and 𝑃𝐷 𝑅 > 𝑃𝐷 𝐴 ) due to the
higher wholesale price, which results in reduced market demand and creates supply chain
inefficiency. Chiefly, the shift in pricing rights for the digital goods will intensify the double
marginalization effect. In the agency model, only the traditional goods suffer from inefficient
markups, while in the retailer’s agency model, both the traditional goods and digital goods suffer
from double marginalization. The mark-up of the digital goods is implicit in the sense that the
publisher does not charge a price on the digital goods to the retailer directly, but instead
influences the price of the digital goods through setting the wholesale price of the traditional
goods.
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4. Extensions
4.1 Endogenous Revenue Sharing Proportion
In the preceding analysis, we assumed that in the agency model, the revenue sharing proportion,
𝛼, is exogenously fixed. A natural extension to this assumption is to study what factors may
possibly impact this revenue sharing proportion. We employ the standard Nash bargaining
solution, generalized to allow asymmetric bargaining power. When 𝜃 ≥ 1, it’s readily shown
that 𝛼𝑁 = 𝛽, which is the relative negotiation power of retailer. This occurs because only the
digital goods will be distributed (where the demand of the traditional goods drops to zero) when
consumers prefer digital to traditional goods. We summarize the results and insights from the
comparative statics when 𝜃 < 1 in the next proposition.
Proposition 4: When the revenue sharing proportion, 𝛼𝑁 , is determined through Nash
bargaining:
𝜕𝛼
(i)
for 0 ≤ 𝛽 ≤ 1, 𝜕𝛽𝑁 ≥ 0;
1

𝜕𝛼

1

𝜕𝛼

(ii)
for 0 ≤ 𝛽 ≤ 3 , 𝜕𝜃𝑁 ≥ 0 ; for 3 < 𝛽 ≤ 1, 𝜕𝜃𝑁 < 0
The result of part (i) is expected, as the retailer with a stronger bargaining position demands a
higher revenue sharing proportion during the transaction with the publisher. For the second part
of the proposition, we distinguish the results depending on the relative bargaining position for
each player. Specifically, when 𝛽 ∈ [0,1/3], the publisher’s bargaining power is relatively high,
and when 𝛽 ∈ [1/3,1], the retailer’s bargaining position is relatively high. One interpretation of
the second part of this proposition is that when the relative bargaining power of one of the parties
is stronger, that party is willing to sacrifice a proportion of the total revenue in response to an
increase in the consumer acceptance level of the digital goods (cost of the traditional goods). To
illustrate, as discussed in the previous section, an increase in the consumer acceptance level 𝜃
will alleviate the supply chain double marginalization effect and increase profits for both parties.
When the publisher is in the stronger negotiating position, we know the value of 𝛼𝑁 is relatively
small; as a result, the publisher is willing to give a slightly higher revenue sharing proportion to
the retailer to avoid the breakdown of the.
4.2 Heterogeneous Consumers’ Perception of Digital Goods
In this section, we assume that each consumer segment may have a distinct perception towards
digital goods. To keep the model analytically tractable and parsimonious, similar to the previous
literature (Hao and Fan, 2014), we assume that there are two types of consumers in the market,
which are 𝜃1 (high type) and 𝜃2 (low type). Without loss of generality, we assume there exist 𝛿
(i.e., δ ∈ (0,1)) percentage of consumers with perception of 𝜃1 and 1 − 𝛿 with 𝜃2 and 𝜃2 < 𝜃1 .
Essentially, the 𝜃1 type captures the tech-savvy consumers who are more enthusiastic toward
digital goods while 𝜃2 represents the consumer group who prefers the traditional reading
experience associated with physical books. Thus we have a two-dimensional model [0, 𝑉̅ ] ×
{𝜃1 , 𝜃2 } to capture the consumer preference, where the first dimension denotes the consumers’
valuation heterogeneity, and the second dimension captures the consumers’ differing views
toward the digital goods. We find that the presence of horizontal differentiation of consumers’
perception of digital goods does not affect the main qualitative insight obtained from the base
model, where the agency model outperforms the wholesale model. As the proportion of hightype consumers (δ) increases, more consumers have a favorable preference for digital goods.
Roughly speaking, this is equivalent to the situation where consumers’ perception of digital
goods (𝜃) increases in our base model. Further, we find that it is always optimal for firms to offer
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both traditional and digital goods to extract the surplus from the consumers when heterogeneity
exists among consumers’ perception of digital goods.
5. Conclusions
Our analysis shows that under specific equilibrium conditions, the agency model actually
outperforms the traditional wholesale model for distributing digital and traditional goods
simultaneously. According to our research, the optimal price for digital goods using an agency
model is actually lower than the price set utilizing a wholesale model. A counterintuitive result
of this agency model is that the supply chain profit and consumer surplus can be higher than
other pricing strategies. Consequently, there are benefits associated with the agency model which
have been overlooked in the press. The current study presents a first step in understanding how
the agency model impacts the performance of the supply chain as well as the consumer’s welfare
in the digital goods market. We believe that the rising popularity of digital goods presents an
exciting area of research in technology management.
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Abstract
The bursts and multiplicity of Internet advertising have made multi-channel attribution an
immediate challenge for marketing practitioners. Existing attribution models predominantly
focus on analyzing the converting path with respect to one focal firm while largely overlooking
the impact of competitors. We address this problem by developing a competitive analytics model
that considers three distinctive stages of a consumer’s purchase funnel – awareness, alternative
evaluation and purchase - across all competitors within one industry.
Keywords: multi-channel ad attribution, competition, purchase funnel
1. Introduction
The advancement of digital technology has enabled firms to reach consumers through a variety
of advertising channels such as search engines, email, referral sites, and display ads. It is vital for
firms to have a sound understanding of on the effects of various types of online advertisement
across multi-channels and multi-touch-points. Determining the value of digital advertising
channels has attracted a growing interest recently in Information Systems (e.g. Ghose and Todri
2015, Xu et al. 2014) and Marketing (e.g. Li and Kannan 2014). However, these models
predominantly focus on consumer interactions with a single focal firm while leaving out the
impact of competitive actions taken by competitors; we view this as a critical determinant of
customer conversion.
Our objective is to develop a new cross-channel attribution model within a competitive
online shopping environment that incorporates consumers’ both search and purchase behaviors
across multiple competing online stores. Our method has three distinct features. First, we model
cross-competitor multi-channel attribution by considering consumers’ online store choice
decisions across multiple sellers, expanding the literature’s single-seller scope (e.g. Xu et al.
2014). Second, our model adopts a funnel view of consumer online store choice decisions,
addressing the call of Li and Kannan (2014) to study ad attribution across purchase funnels.
Finally, we consider structural state dependence in ad attribution.
In this paper, we propose an integrated multi-stage choice model that considers an individual
consumer’s journey through the purchase funnel by eliminating alternatives from awareness
formation through alternative evaluation to the final purchase decision, and investigate how
multi-channel advertising impacts these decisions.
We estimate this model using a unique individual-level panel dataset that records consumers’
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interactions with all relevant websites within the online air ticket booking industry through
various online advertising channels along the conversion path including search engines, email,
display ads, and referrals (non-paid links from other websites). Our result shows that different
types of digital ads affect consumers differently at different purchase funnel stage.
We contribute to the literature both substantively and methodologically. To the best of our
knowledge this paper is the first multi-channel attribution study that considers a consumer’s
interactions with competing sellers. Companies using these competitive analysis results can
compare their own strategies against competitors and adjust advertising budgets for different
channels accordingly. Methodologically, we develop an integrated model that captures the
competition at the three critical stages of a consumer’s purchase journey. This represents a
significant improvement over extant ad attribution models that typically take a single firm
perspective without regard to funnel stages.
2. Empirical Setting
We obtain an individual-level online panel data set from a leading Internet analytics company.
These raw data include detailed online browsing and transaction data from a group of Internet
users randomly chosen by the data provider for year 2009. Each user’s online activities are
recorded in a click-stream dataset that includes the user ID, domain name, date, time, duration,
number of pages viewed, and redirecting website; it also includes transaction related information
including product description, category, price, quantity, and basket total if a purchase is observed.
This dataset is unique as it tracks every consumer interaction with all relevant websites during a
purchase session, enabling us to capture the dynamics in consumer decisions. We are also able to
infer the advertising channel used by the consumer from the redirecting website.
We choose the air-travel industry as travel is the largest eCommerce category, comprising
36% of all B2C eCommerce sales in 2012 (eMarketer, 2013). Our sample comprises 1697
purchase sessions made by 1002 panelists. When a consumer visits an air travel booking website
through a redirecting website we identify the ad channels as: 1) a search engine in which the
consumer enters a keyword and redirects to the website by clicking either a sponsored or organic
link; 2) an email in which the consumer is directed to the website by clicking an embedded link;
3) display ads which we define as third party websites that runs banner or video ads; and 4)
referral engines which we define as third party websites providing lists for competitors within the
same industry and may or may not provide reviews or ratings on these websites (such as
TripAdvisor.com). If one visit does not have a redirecting website then we label it a direct visit,
meaning the consumer visits the website either by typing the URL directly into the browser or
locating the site through bookmarks, etc. We observe ad clicks from all redirecting websites at
the individual level, and for every user we aggregate the number of clicks from each ad channel
as her channel-specific ad stock at each website.
3. The Model
Our model adopts the purchase funnel view in the context of online purchases of
high-involvement products within a competitive environment. We conceptualize a consumer
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moving through these various funnel stages during a purchase session as: (1) the awareness stage
where the consumer becomes aware of a number of websites due to past ad exposures and
website visits before actually engaging in any purchase-related actions; (2) the alternative
evaluation stage where the consumer visits one or more websites in her awareness set for further
information search and alternative evaluation; (3) the purchase stage where the consumer
completes the transaction at one of the searched websites.
3.1 Awareness Set Formation
At the beginning of the purchase funnel the consumer perceives a need of purchase and
retrieves a set of websites from memory that satisfy this need. The consumer is aware of these
websites due to past ad exposures, interactions with the websites, or word-of-mouth. Such
awareness informs subsequent decisions such as which websites to visit and where to make the
final purchase. Traditional discrete-choice models usually make a convenient full information
assumption that consumers are aware of all available alternatives within the marketplace and
make decisions out of identical choice sets. However, the online air-travel industry is composed
of dozens of websites, including some sites with small market shares and ad spending. Under this
situation it is unrealistic to assume that consumers are aware of all possible alternatives. We
therefore allow the awareness set to vary across consumers and purchase occasions. We model
the formation of consumer specific awareness set at each purchase session as follows.
J
Let Ait   ai1t , , aiJt   0,1 denote the awareness set consisting of members aijt which
indicates whether consumer i is aware of website j at time t. We assume that awareness set
membership is independent across websites so that the probability of consumer i’s awareness set
realization Ait is given as it  Pr  Ait    ijt  1  ijt  , where ijt is the probability that
jAit

jAit

ai1t  1 . We model a websites’ probability of belonging to the awareness set as:

ijt 



exp 0,ij  Iijt i





1  exp 0,ij  Iijt i



(1)

where 0,ij is a website-specific constant that captures any time-invariant characteristics and
Iijt 0,1 indicates whether or not the consumer i has any past interaction (visit or purchase)

with website j before the current purchase session. This specification allows a consumer’s
awareness set to vary across purchase occasions due to changes in past interactions as well as the
overall popularity of websites.
4.2 Information Search and Website Visit Decision
During the second stage of the purchase funnel a consumer begins to visit websites in order to
J
search for information and evaluate alternatives. We use Sit   si1t , , siJt   0,1 to indicate
whether consumer i visits website j at time t. Since a consumer must be aware of a website
before she visits it, sijt = 0 if aijt = 0.
We posit that consumer i’s visit to a specific website depends on her perceived utility which
is affected by her prior interactions with the website including ad clicks, visits, and purchase
history. The utility of visiting website j is governed by the formula below:
Uijt  U ijt   ijt  0,ij  xijti   ijt ,
(2)
where  0,ij captures consumer i’s intrinsic preference for website j, and  ijt follows a
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generalized extreme value distribution. The coefficients 0i  0,i1,...,0,iJ  ' are assumed to
follow MN(α0, W) in order to relax the IIA property of the standard logit model, and we assume
that the covariance matrix W is diagonal.
Our data indicates that the decision regarding which website to visit first is critical. The
search theory asserts that a consumer begins her search process with the highest-utility
alternative. The conditional probability of observing site k chosen as the entry site by consumer i
at time t given her awareness set Ait and individual parameters is therefore given as:
exp  0,ik  xikti 
Pr  Fit  k | Ait ,i  
.
(3)
 exp 0,ik '  xik 'ti 
k 'Ait

Given the awareness set Ait , the entry site Fit , and her individual parameters, the
conditional probability of observing a consumer’s searched set Sit other than the entry site is
given as:
exp  0,il  xilt i 
1
Pr Sit \ Fit | Fit , Ait , i  
(4)

1

exp


x

exp


x





0,
il
ilt
i
0,
il
ilt
i
lSit \Fit 
lAit \ Sit





where Sit\Fit denotes the remaining set of alternatives in Sit excluding Fit.
The xijt in Equations 2 and 4 denotes all covariates that may impact consumer i’s perceived
utility of visiting website j at time t and is composed of three blocks of variables. The first block
involves past information stock regarding the website from the four different online advertising
channels, i.e., search engines, e-mail, display ads, and referrals. The second block of covariates is
a consumer’s past experience with the website, which involves the decayed cumulative amount
of time and money spent on the website in the past.
4.3 Purchase Decision
During the final stage of the purchase funnel the consumer decides which website to
purchase from among those she has visited. Since we directly observe the entire search process
made by each consumer we are able to capture each choice set without any uncertainty. There is
no need to model the heterogeneity in consumer’s choice set in a probabilistic manner. And the
utility of purchasing from website j is given by the formula as follows:
Uijt  U ijt   ijt   0,ij  zijt  i  ijt , (5)
where  0,ij is consumer i’s intrinsic website-specific preference. We assume that the

website-specific intercepts  0i   0,i1,...,  0,iJ  ' follow a multivariate normal distribution MN(γ0,
Ω) with the covariance of γ0i, Ω is diagonal. ijt is the unobserved aspect of utility. Given the
consumer i’s searched set at purchase session t Sit   si1t , , siJt  0,1
tastes the conditional probability of purchasing from website l is given as:
exp  0,il  zilt  i silt
Pr Pit  l | Sit 
. (6)
 exp  0,il '  zil ' t  i sil 't







l 'Sit





J

and her individual



Specifically, if silt  0 then the probability that website l is chosen becomes zero and zilt
involves the covariates that may affect a consumer’s purchase utility.
4.4 Endogeneity and Instruments
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Endogeneity in the context of advertising effectiveness is a well-known problem. In our
model, one can argue that ad clicks (Gijt) are correlated with brand-specific preference γ0,ij,
proneness to past experience and state dependence γi, or unobserved purchase utility ξijt during
the purchase stage, thus making the estimates for ad effectiveness biased. We adopt the control
function approach developed by Petrin and Train (2010).
Endogeneity in ad interactions (exposures or clicks) may come from two sources:
endogenous targeting and simultaneity (Zantedeschi et al. 2015). Endogenous targeting happens
if one firm selects customers to target for a specific campaign based on certain information about
them such as past purchasing or browsing information, responsiveness to ad campaigns, or
demographics. We notice that the most common targeting strategy is still based on observed past
website visits and purchases. These companies have little other information about their
customers since registration with the website merely requires an email address. Luckily, we are
able to observe consumers’ past behaviors on the website as well. Therefore, we use these
variables to construct the control function.
Simultaneity occurs when the number of ad clicks correlates with the unobserved utility ξijt.
It can originate from two sources. Firstly, companies may advertise more heavily during the peak
season, so we simultaneously observe more ad clicks and more purchases. To address this issue,
we use the total number of ad clicks to the website from the same channel by all panelists during
the past seven days. This instrument reflects the website’s investment in a particular ad channel
in the short-run; the higher this value is, the more likely it is that a consumer will see an ad and
click on it. However, our unit of analysis is at the individual level and the investment is unlikely
to be systematically driven by an individual’s purchase propensity. Secondly, the consumers who
are more likely to click flight ads may also have higher likelihood to purchase a flight due to
their heightened interest in the product. We use the consumer’s number of ad clicks to the
website from the same channel for products other than air tickets (e.g. hotel and car rental)
during the past three months as an instrument to address this concern. We argue that this
instrument reflects the consumer’s ad click propensity and is therefore correlated with the
number of clicks on flight-related ads. However, such propensity is associated with other product
categories offered by the website and is therefore not systematically determined by the demand
shock of purchasing a flight ticket on the website.
Valid instruments must be both relevant to endogenous variables and independent of the
error term. To test the relevance assumption, we consider the goodness-of-fit of the first stage
regression relating each endogenous variable to the entire set of instruments. The resulting Wald
F-statistics are all greater than the critical values 10, indicting our instruments pass the relevance
test. To test the exogeneity assumption, we employ the J-statistic of Hansen (1982). The statistic
is distributed as χ2 with degree of freedom equal to the number of over-identifying restriction.
The result shows that the Hansen's J of our model is χ2(5) = 2.374 (p = 0.795), which implies that
the instruments are valid.
4. Results
We first present the parameter estimates and then derive the marginal effect of additional ad
clicks on a consumer’s search and purchase decisions for each website.
4.1 Parameter Estimates
Table 1 presents the parameter estimates at the awareness, alternative evaluation, and
purchase stages.
Awareness Stage. Our result shows that Cheaptickets, Orbitz, Priceline, and Travelocity
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enjoy the highest baseline awareness levels. At the same time there is a very low probability that
a consumer is aware of smaller agents. The coefficient for prior visits is positive and significant,
suggesting that the consumer’s prior interaction with the website significantly increases its
awareness probability for the current purchase session.
Information Search and Alternative Evaluation Stage. This stage is composed of two
sub-decisions: 1) choosing an entry site among the websites within the awareness set, and 2)
deciding whether or not to visit other websites within the awareness set. For the former we find
that even though small agents have a low awareness probability they enjoy a higher preference
than any other competing websites once included within the awareness set. Consumers also favor
airlines’ direct retail websites, Expedia.com, and Travelocity.com compared to other websites.
We find three out of four advertising channels exert a positive impact on the choice of entry site,
among which search engines and display ads are most effective. However, their marginal
effectiveness is not as strong as the number of direct visits to the website, likely because the
latter implies a higher customer familiarity with the website. Decayed cumulative browsing time
increases a website’s probability of being chosen as the entry site. This could be due to reduction
in cost of re-visiting because consumers have learned how to navigate the website from their past
browsing experience. While conversion on the website during the last purchase session does not
affect the choice of entry site, visiting the website during the last purchase increases the choice
probability; this suggests the presence of inertia in the search decision. Such inertia is also more
likely to be a result of an intention to learn more about the website because the interaction term
between lag search and cumulative browsing time is negative and significant, indicating that
state dependence has a smaller impact on the choice of entry site as the consumer accumulates
browsing experience with the website and there is less information to be learned.
Table 1 Parameter Estimates
Awareness
Alternative Evaluation
Entry
Continue Search
airline direct
7.454
-10.639
cheaptickets.com
11.543
-0.507
-7.376
expedia.com
0.001
7.503
-4.020
hotwire.com
4.387
-0.195
-4.118
orbitz.com
13.502
-0.401
-3.172
priceline.com
14.463
-0.165
-2.970
small agents
-4.069
2.226
-1.812
travelocity.com
-0.037
14.335
-3.166
Decayed cum. spending ($100)
-0.013
0.161
Decayed cum. browsing time (10 min)
0.079
-0.179
Lag purchase (0/1)
-0.049
-1.603
Lag search (0/1)
10.128
2.535
2.040
LagSearch*CumBrowsing
-0.081
No. of visits: search engine at (t-1)
0.362
No. of visits: email at (t-1)
0.152
No. of visits: display at (t-1)
0.347
No. of visits: referral engine at (t-1)
0.062
No. of visits: self type-in at (t-1)
0.414
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Purchase
-0.253
-0.379
-0.862
-0.335
-0.788
-25.541
-0.794
0.093
0.044
0.667
0.135
0.112
1.370
0.343
-0.202
0.533
-0.457
0.181

In general consumers have a low probability of visiting websites other than the entry one,
and this is particularly true for airline companies’ online retail stores. The number of previous ad
clicks from all four advertising channels significantly increases search probability; display ads
turn are the most effective channel, followed by search engines. Search probability increases if
the consumer has spent a greater amount of money at this website in the past. Moreover, we find
that consumers still exhibit inertia in searches as is the case with the choice of entry site. The
state dependence in searches is due to intention of learning more about these websites because
the interaction between lag search and cumulative browsing time is negative and significant.
However, if the consumer purchases from one website during the last purchase session but did
not choose it as the entry site during the current session then she tends not to visit this website,
which could be due to dissatisfaction with the last purchase.
Purchase Stage. We find that display ads exert the largest impact on the choice of conversion
site followed by search engines (see Panel C in Table 1 for the estimates). Visits through the
other two ad channels do not appear to significantly affect purchase probability. Our results also
indicate that the cumulative amount of money spent on a given website significantly increases
the conversion probability, while the cumulative amount of time spent on browsing the website
has no significant impact. We find that if the consumer visits more than one website then being
the first website visited does not increase the conversion probability, but being the last one does.
These findings reveal interesting state dependence patterns. Once the consumer reaches the third
stage the state dependence in searching does not exist anymore as it does during the alternative
evaluation stage. This implies that previous visits to the website only affect search decisions, but
have no significant impact on purchase behavior. However, state dependence in purchases still
persists in that a prior purchase increases the likelihood of a current purchase.
4.2 Advertising Marginal Impacts
Our model structure allows us to tease out the impact of multi-channel advertising on two
aspects of consumer choice: first, ad clicks increase a consumer’s purchase probability directly
during the purchase stage; and second, ad clicks increase a website’s probability of either being
chosen as the entry site or being searched during the next purchase session and therefore
indirectly affecting future conversion probability. By considering all relevant websites in the
model we are able to derive competitive intelligence by: 1) comparing and contrasting
advertising effectiveness across different websites, and 2) analyzing the cross impact of one
firm’s advertising on its competitors’ choice probabilities.
Table 2 shows the direct impact of an additional ad-click on the focal website’s own and its
competitors’ conversion probabilities for search ads and display ads. The diagonal entries record
the own-marginal impacts for each website. In general display ads have a greater impact on
conversion probability than search ads. For example, an additional click on display ads increases
conversion probability by 3.93% for expedia.com, higher than the 2.47% increase due to an
additional click on search ads. While the high effectiveness of search engine advertising is
predictable due to the fact that it is consumer initiated, the larger impact of display ads might be
attributed to the use of retargeting advertising. Once the consumer shows interest in purchasing a
flight ticket by typing a relevant keyword into search engine or visiting any flight ticket-related
website then firms can retarget these consumers through banner ads in order to remind them of
this purchase need whenever they surf the Internet, increasing the conversion probability.
However, even though every website sees a boost in conversion probability due to additional
ad clicks this effect size varies significantly across websites. Advertising is most effective for
airline companies’ direct retail websites and expedia.com, but has barely any impact on small
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agents’ conversion probability. The disparate effectiveness of the same advertising channel
across competitors suggests the importance of ad content and message strategies. Firms can use
these figures as the starting point toward a diagnostic process improving its own ad messaging
and copy strategies. By benchmarking its own ad effectiveness with a competitor’s a firm can
determine its standing among the competitive pack.
The off-diagonal entries in Table 2 show the cross-marginal impacts of advertising on
competitors’ conversion probabilities. Each off-diagonal shows the reduction in conversion
probability for the row website due to an additional ad-click from the column website. Websites
with higher conversion probabilities generally suffer more from competitors’ advertising. For
example, an additional click on expedia.com’s search ads will lead to a 1.32% decrease in
conversion probability for airline companies’ direct websites, while the damage is much smaller
on Hotwire with only a 0.22% reduction in its conversion probability. Moreover, the cross effect
of ad clicks varies across channels. For example, an additional click on Expedia.com’s display
ads (-2.11%) imposes greater damage versus an additional click on its search engine ads (-1.32%)
to the conversion probability of airline companies’ direct websites.
Table 2 Direct Marginal Impacts of Advertising (Search Engine)
airline cheaptickets expedia hotwire priceline orbitz
Sm Agnt travelocity
airline
3.77%
-0.44%
-1.32% -0.23% -0.86% -0.59% 0.00%
-0.62%
cheaptickets -0.43%
1.16%
-0.22% -0.05% -0.21% -0.12% 0.00%
-0.13%
expedia
-1.21%
-0.22%
2.47% -0.13% -0.28% -0.25% 0.00%
-0.27%
hotwire
-0.20%
-0.05%
-0.12% 0.61%
-0.07% -0.08% 0.00%
-0.05%
priceline
-0.84%
-0.22%
-0.30% -0.09%
1.80% -0.23% 0.00%
-0.22%
orbitz
-0.53%
-0.11%
-0.24% -0.08% -0.20% 1.40%
0.00%
-0.14%
Sm Agnt
0.00%
0.00%
0.00% 0.00%
0.00%
0.00%
0.00%
0.00%
travelocity
-0.56%
-0.11%
-0.26% -0.04% -0.19% -0.14% 0.00%
1.43%
Display Ads
airline cheaptickets expedia hotwire priceline orbitz Sm Agnt travelocity
airline
5.80%
-0.70%
-2.11% -0.37% -1.36% -0.95% 0.00%
-0.99%
cheaptickets -0.67%
1.84%
-0.36% -0.08% -0.32% -0.20% 0.00%
-0.21%
expedia
-1.85%
-0.35%
3.93% -0.21% -0.45% -0.41% 0.00%
-0.44%
hotwire
-0.31%
-0.08%
-0.19% 0.98%
-0.11% -0.12% 0.00%
-0.08%
priceline
-1.30%
-0.35%
-0.47% -0.13%
2.86% -0.37% 0.00%
-0.34%
orbitz
-0.81%
-0.18%
-0.38% -0.12% -0.32% 2.27%
0.00%
-0.23%
Sm Agnt
0.00%
0.00%
0.00% 0.00%
0.00%
0.00%
0.00%
0.00%
travelocity
-0.87%
-0.19%
-0.41% -0.06% -0.30% -0.23% 0.00%
2.28%

5. Conclusions, Limitations, and Future Research
We improve the current multi-channel attribution models by accounting for cross-competition
effects in a consumer’s purchase funnel. Specifically, we develop an integrated three-stage model
in order to measure the advertising effectiveness on a consumer’s online search and purchase
decisions in a multi-channel, multi-touch-point, multi-competitor environment using
individual-level advertising response data.
Our findings offer managers new insights for evaluating advertising effectiveness. First, we
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find that in the online air travel industry only search engine and display ad clicks are effective in
directly increasing the conversion probability. Our result regarding the strong direct effect of
display ads is contrary to the conventional belief that display ads are less useful in sealing the
deal. This difference demonstrates the strength of our approach because we consider the entire
purchase journey and reward all ad clicks prior to conversion equally while most rule-based
models adopted by practitioners give greater weight to touches that directly lead to a purchase;
this approach under-estimates the effect of assisting touches prior to purchase.
Second, we are able to quantify the channel- and stage-specific marginal ad impacts based
on our model estimates. We find that the marginal ad impact varies across websites. Some
websites may find that advertising has no effect on improving its conversion probability directly,
but this may not be the case for its competitors. These websites should accordingly benchmark
against their competitors and focus more on ad designs.
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Abstract
Online social media offers new channels for firms to communicate and engage with consumers.
More importantly, these channels allow such communications and engagements to be
propagated, attenuated and amplified by peer consumers. We study the effect of firm-consumer
communications (i.e. firm-initiated vs. consumer-initiated communications) on product sales
through social media. Further, we delineate the nature of sociality vs. utilitarian platforms. We
adopt contingency theory to explore the alignment between the type of social media platforms
and the type of communication and assess the effect of this alignment on product sales through
social networks. Using data from 500 firms with active social media presence, we find that the
sociality platform (i.e., Facebook) generates sales through consumer-initiated communications
while the utilitarian platform (i.e., Twitter and Pinterest) generates sales through firm-initiated
communication. However, the results suggest that the opposite has limited influence. We discuss
implications of our findings for practice and future research.
Keywords: Social network platforms, Firm-initiated communications, Consumer-initiated
communications, Product sales

1. Introduction
Social media has penetrated and transformed all aspects of people’s life by redefining the way
firms connect and interact with consumers (Godes et al., 2005; Rishika et al., 2013). Social
media, in the form of brand communities on online social networking (OSN) platforms, not only
offers firms a novel channel for firm-consumer connection, but also provides consumers with an
opportunity to share product and other related information with others (Godes & Mayzlin, 2004),
manage firm-customer relationship (Luo et al., 2009), and elicit customer feedback (Sashi, 2012).
As a result, many firms have dedicated tremendous effort to their social network pages.
However, given the differences in OSN orientation, firms need to devise and implement the
appropriate strategy to effectively communicate with their customers. Communication on social
media includes firm-initiated information for managing its online presence and introducing
products as well as consumer-initiated discussions that involve word of mouth and social
interactions. Firms use both proactive and reactive marketing strategies aimed at attracting,
building, maintaining, and enhancing relationships with existing and potential customers through
their online brand communities (Davenport et al., 2014). More importantly, OSN platforms
possess different social and informational nature (Hughes et al. 2011). In this light, the same
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input may not generate the same output. Despite increasing investments by firms in online social
media to connect with consumers, whether these social media endeavors benefit firms remains
inconclusive as recent studies on social media produce mixed and fragmented results (Luo et al.,
2013). Thus, we prompt to address the following research question: Under what condition do
firm-consumer communications on online social network platforms affect product sales?
Prior studies on the effect of online social media on product sales have been focusing on the
differences between user-generated contents and firm-generated (Chen & Xie, 2008; Goh, et al.,
2013; Mayzlin, 2006). In this study, we differentiate two types of social communication (i.e.,
firm-initiated vs. consumer-initiated communication) and two forms of OSN platforms (i.e.,
utilitarian platform vs. sociality platform) and demonstrate that the alignment between social
communication types and social media platforms play an important role in driving product sales.
We further employ a multi-dimensional construct of user engagement to assess the effect of
consumers’ cognitive, emotional and behavioral commitment in social media communications on
product sales. We draw on resource-based view (Wernerfelt, 1984) to explore the different
nature of social media platforms. Adopting a contingency perspective (Donaldson, 2001), we
consider the alignment between consumer communication type and social media platform type to
better understand the effect of communication-platform fit on product sales.

2. Theoretical Foundation & Hypothesis Development
SNSs can be categorized into utilitarian platform, which is mainly used for information
seeking/exchange (e.g., Twitter, Pinterest), and sociality platform, whose users’ behaviors are
mainly social in nature (e.g., Facebook) (Hughes et al., 2012). Utilitarian platforms have a
non-power-law follower distribution with a short effective diameter and low reciprocity that
deviate from human social networks (Feng et al., 2013). Thus, the message only gets reposted in
a limited timeline, and the relationship of followers and the user being followed tends to be
uni-directional. The broadcasting nature and specialized content restrictions of utilitarian
platforms make them less of a tool for developing emotional relationships but more for
disseminating information. In contrast, on sociality platforms, the connection between users is
mutual and reciprocal. Hughes et al. (2012) also notice on Facebook, users in search of
information also tend to socialize to find that information.
Barney (1991) regards capabilities as a firm’s processes that utilize, integrate and reconfigure the
resource base to match business requirements and help shape the environment in achieving
competitive advantage and superior performance. Two kinds of capabilities have been identified:
(1) the management of information enabled by IT to gain exposure, enhance communication, and
expedite dissemination of information (Hulland et al., 2007), and (2) the capabilities of
developing, nurturing and managing relationships (Day, 2000).
Firm-initiated communications through social media offer consumer the access to various types
of information such as brand news, product information, offerings, promotions, and activities.
According to consumer information search theory in the marketing literature (Moorthy et al,
1997), consumers search for brand and measure the value and cost of information to evaluate the
utility before expanding the search. Information seeking users look for ways to gather as much
information with as little cost as possible to gain maximal utility. Firm’s own postings are the
easiest way to gather such information with least effort, as they can influence the awareness,
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attitudes, perceptions, purchase decisions of potential and current consumers, and lead to
purchases (Goh et al., 2013).
Many social media sites allow consumers to communicate with marketers (c.f. Deighton &
Kornfeld 2009). In brand related UGC, consumers may pose questions or complaints to
marketers, as well as respond to companies’ questions or comments. Twitter has hosted a number
of high-profile consumer marketer exchanges that have attracted media attention (c.f. Deighton
& Kornfeld 2010). While Twitter is recognized as being a site on which users ask for
information and complain (Naaman et al., 2010) – two reasons consumers might direct content
towards marketers – Facebook allows consumers to pose similar content to marketers on their
brand pages. Facebook, as the world's most popular site in terms of time-spent (Radwanick
2011), has attracted many marketers. These two sites are hypothesized to feature a similar
percentage of brand-related UGC that is targeted towards the marketer. Thus, we posit:
H1: Firm-initiated communications on the utilitarian platform lead to more product sales.
“Relationship” is the main focus of sociality platforms. Consumers are active participants in the
interactive process involving immediate communication and multiple feedback loops. Nambisan
and Baron (2007) report that customer’s participation in business-to-consumer (B2C) virtual
product support communities is motivated primarily by the expected benefits of engaging in such
activities. This implies that consumers find participating in reciprocal, interactive
communications and activities rewarding. As competitors eagerly seek closer connection with
users, the risk of losing consumer trust and loyalty increases. Firm may choose to gain
interactivity and engagement rather than to maintain the fan ecosystem and attract new fans. In
such an interactive environment, the relation capability to host and leverage effective consumer
engagement may be more beneficial (Day, 2000). Researchers have investigated the
consequences of “engagement” such as trust (Hollebeek, 2011), commitment, emotional
connection/attachment (Chan & Li, 2010), consumer value and loyalty (Bowden, 2009).
Previous study shows firms use engagement as a social function, consumers are more easily
influenced by peer attitude (Claussen et al., 2013) and attenuated to the influence of original firm
posts. Thus, a firm’s relation capability may not be as effective on the utilitarian platform.
Consumers react to a firm’s initiation and interaction based on the perceived interest in the
specific postings. Van Doorn et al. (2010) and Brodie et al. (2011) study consumer engagement
behaviors by looking at engagement primarily with reference to customer activity types or
patterns. To examine the specific effects involving the different dimensions of consumer
engagement, we follow these studies and identify three levels of consumer-initiated
communication on a social media site:
1) Cognitive level (i.e., a user becomes a fan/follower): Being a fan/follower increases a user’s
access to instant and complete information from the brand that can potentially be beneficial to
the user.
2) Emotional level (i.e., a follower likes a posting): Emotional engagement helps a firm to
identify and leverage the interest of consumer so as to influence the target customer.
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3) Behavioral level (i.e., a follower comments/shares/diffuses a firm-initiated posting):
Engagement at this level encourages the sharing and transferring of individual experience and
knowledge, enhancing the diffusion of information.
On the sociality platform, relationships take dominant positions as consumers invest in social
relations with expected returns (Lin, 1999). They interact with one another through like,
comment and share, creating a process of accessing, maintaining and using their social capital.
Engaged consumers foster a social contagion effect on brand awareness, resulting in economic
benefits for firms. Higher levels of engagement lower the possibility of switching and gradually
establish a “psychological process,” convincing consumer to stay and consume (Bowden, 2009).
Improvements in service and engagement help acquire and retain consumers, gain market share,
and increase customer satisfaction and loyalty, leading to increased sales (Allred et al., 2011).
Thus, we propose the following set of hypotheses on consumer-initiated communications.
H2A: Consumer’s cognition engagement on sociality platforms leads to more product sales.
H2B: Consumer’s emotion engagement on sociality platforms leads to more product sales.
H2C: Consumer’s behavior engagement on sociality platforms leads to more product sales.

3. Data
Our data is collected from Top500Guide and contains an annual ranking and profiling of
the 500 largest social media marketers in the North America e-commerce market. We use the
rankings from 2013 and 2015. Table 1 lists the variables and their descriptions.
Table 1 Variable Definitions
Description

Variable
Firm performance
Product Sales
Total year sales from social media
Firm-initiated communications
Posting
Number of firm postings on its fan page on each of the platforms
Consumer-initiated communications
Cognitive
Number of fans/followers on each of the platforms
Emotional
Number of likes on each of the platforms
Behavioral
Number of comments/shares/retweets/repins on each platforms
Control variables
Year
1=2013, 2=2014, 3=2015
Merchandizer category
According to NAICS (www.naics.com) code
Provider Type
1=In house, 2=outsourcing, 3=hybrid
Merchant Type
1=call center, 2=brand manufacturer, 3=retail chain, 4=web only

4. Results
The proposed hypotheses were tested in linear models include category and type fixed effects in
each of the social network platforms. Analysis of the data (Table 2) reveals interesting
differences and consistencies in the effects between firm-initiated communications and
consumer-initiated communications on firm sales across the three social media sites.
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Firm-initiated communications on Twitter and Pinterest help generate sales, suggesting that the
higher information capability a firm has through firm-initiated communications on the utilitarian
platform, the greater its product sales (H1). Thus, firms need to actively manage their social
media presence, even for the ones who advocate a hands-off organic approach to social media
(Moran & Gossieaux, 2010). Interestingly, firm-initiated communications on Facebook do not
affect online sales, suggesting that firms need to take a different communication strategy on
sociality platforms (Miller & Tucker, 2013).
We find that on sociality platforms like Facebook, the higher cognitive level engagement a firm
receives through fans, the higher its product sales (H2a), suggesting participating in a sociality
platform to enhance cognitive engagement achieves higher performance. In contrast, followers
on utilitarian platforms do not affect a firm’s product sales. Hypothesis 2B and 2C are also
supported, suggesting that higher emotional and behavioral engagements on the sociality
platform are critical for product sales. This means that while intensive user interaction is
important on a sociality site, it is equally important for a firm to keep consumers engaged in
discussions with postings.
Table 2: Effect of firm-initiated and consumer-initiated communication on product sales
Model 1
Model 2
Model 3
VARIABLES
Facebook
Twitter
Pinterest
Intercept
10.68*** (0.319)
12.76*** (0.253)
12.90*** (0.247)
Posting (H1)
-0.00469 (0.0110)
0.0680*** (0.0143)
0.0558*** (0.0130)
Cognitive (H2a)
0.171*** (0.0232)
-0.0138 (0.0142)
0.0124* (0.0145)
Emotional (H2b)
0.0944*** (0.0267)
N/A
0.0337 (0.0444)
Behavioral (H2c)
0.0930** (0.0413)
-0.0198 (0.0130)
0.0108 (0.0251)
2.Type
-0.585***(0.209)
-0.197(0.224)
-0.232(0.236)
3.Type
-0.503**(0.212)
-0.606***(0.232)
-0.630***(0.244)
2.Category
-0.278(0.269)
-0.425(0.294)
-0.429(0.309)
3.Category
-0.169(0.212)
-0.160(0.232)
-0.0342(0.244)
4.Category
1.519***(0.252)
1.748***(0.275)
1.790***(0.289)
5.Category
0.0207(0.306)
-0.0819(0.335)
0.0788(0.353)
6.Category
-0.182(0.170)
-0.260(0.185)
-0.260(0.195)
Observations
1,240
1,229
1,166
R-squared
0. 3337
0.1335
0.1499
Robust standard errors in parentheses, *** p<0.001, ** p<0.05, * p<0.10

5. Conclusion
In conclusion, we examine the alignment between the types of social networking platforms (i.e.,
sociality platform vs. utilitarian platform) and the types of communication (i.e. firm-initiated
communications vs. user-initiated communications) and its effects on product sales. Our findings
suggest that on the sociality platform, a firm needs to foster an environment where consumers
can generate interaction and engagement while on the utilitarian platform a firm has to actively
manage its own communications and create informative postings. As firms continue to develop
more sophisticated SNSs, and as consumers continue to increase their SNS use, the importance
of aligning communication with platform characteristics is only going to grow. Our study makes
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three contributions. First, it provides empirical insights into how different social media platforms
foster firm- and consumer-generated content with different product sales effects. Second, it
considers different dimensions to categorize and measure consumer engagement on the social
media platform. Third, it offers implications for how proactive social media marketing relates to
firm- and consumer-initiated communication.
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Abstract
There is an increasing recognition of the importance of providing patients with safe medical care
and reducing medical errors. Adverse safety events (ASEs) pose great risks for patients with
chronic kidney disease (CKD). In this study, we investigated the task of extracting drugs and
ASEs from patient-generated content in online health communities using a dictionary based
method. In addition, we conducted frequency analysis and association analysis of ASEs. A
comparison of our results with previous findings not only confirmed the ASEs discovered from a
previous cohort study but also discovered new potential associations of ASEs. The experiment
results provide promising evidence for the effectiveness of our proposed methods and the utility
of social media for discovering ASEs.
Keywords: Adverse safety events, Social media platform, association analysis

1. Introduction
Providing patients with safe medical care and reducing medical errors has become increasingly
important. It has been long recognized that Adverse Safety Events (ASEs) represent a significant
health problem all over the world. It is reported that about 5% of hospital admissions are caused
by drug related ASEs. With increasing attention to this problem, many researchers have explored
trying to reduce these medical errors (Tatonetti et al., 2011). Patients with chronic kidney disease
(CKD) may be at high risk for adverse consequences of medical care, but few studies have
addressed the problem of ASE analysis in the context of CKD. Several factors account for the
risk of ASE in CKD patients, including impaired renal function and altered drug clearance, along
with comorbid conditions and frequent hospitalizations (Chapin et al. 2010; Fink et al. 2009).
Although patients with CKD are often hospitalized, their care is largely delivered outside of the
hospital. With the increasing risk that ASEs pose to health consumers, more and more efforts
have been made to discover ASEs in order to minimize their impacts on patients’ health.
Currently, ASE detection and analysis relies heavily on voluntarily reporting system, electronic
health records, or relevant databases. For example, Ginsberg et al. (2014) analyzed
co-occurrence of different safety events in CKD patients based on the data collected from a
cohort study. Although such patient reported data is easy to format and analyze, it has
limitations such as small data size and relatively outdate (Yang et al. 2014). Despite these initial
efforts, the information gap also extends in the opposite direction. Data on ASE collected
through health institutions and official reporting structures may not be available for months or
even years, hindering timely assessment and public awareness. Meanwhile, most consumers are
unaware that they can and should report ASE. There is even significant under-reporting of ASEs
through official channels. To fill the knowledge gap, we extracted ASEs automatically from
online text. With the rapid growth of Web 2.0 technology, a number of online health
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communities (e.g. Medhelp) have emerged. In addition, health related topics have been hot in
general social media platforms (e.g. Twitter and Facebook). Compared with data collected by
formal sources, social media data are inexpensive to collect and are likely to contain early ASEs
or even previously unidentified ASEs. Thus, we collected data from 5 different online health
communities, and conducted frequency and association analysis on the posts to identify
co-occurrences of different ASEs.
This research contributes to the literature in several aspects. First, we focused on extracting
ASEs specific to CKD. Existing studies are dominated by the extraction of general instead of
domain-specific ASEs. However, some ASEs that are not common in the general domain occur
relatively frequently with CKD patients (e.g. hypoglycemia). Second, we collected data from
health related social media platforms (e.g. Medhelp) as well as general-purposed social media
platforms (e.g. Twitter). We employed multiple sources to enrich our medical dictionaries and
improve the accuracy of ASE extraction. Third, we compared our results against the results
generated by (Ginsberg et al. 2014) to validate the findings.
The remainder of this paper proceeds as follows. In the next section, we review relevant
literatures on both ASE extraction and ASE analysis; followed by the introductions of analysis
method, experiment design and results analysis. Finally, we discuss our findings and conclude
the paper with future work.

2. Literature Review
Several lines of research have been conducted in the context of ASE. The first line is ASE
detection, especially for adverse drug reaction (ADR). Researchers have studied concept (e.g.
drug, treatment) extraction within the domains of biomedicine and electronic health records
(Eriksson et al. 2013). Most extraction methods use a concept dictionary either to aid the
extraction process or to map extracted concepts to known concepts. Leaman et al. (2010)
matched medical terms from the content of a discussion forum to a dictionary. The basic
matching result was improved by using a bag-of-words sliding window. Yang et al. (2012) also
utilized a sliding window and a consumer-controlled vocabulary to match the terms. Bian et al.
(2012) first utilized SVM to classify users and then used different sets of features to classify AEs.
Eriksson et al. (2013) described the process of creating an ADR dictionary and used it to find
ADRs in health records that exactly match dictionary entries. Liu et al. (2013) developed
AZDrugMiner to extract drug AEs from patient discussion forums and identified reports from
patient experiences. They made use of MetaMap, which mapped text to UMLS concepts, to
extract drug AEs, and then used co-occurrence analysis to extract relations. In their follow-up
work (Liu et al. 2015), they proposed a framework consisting of medical entity extraction and
drug AE relation extraction. They first used a dictionary-based method to extract all potential
medical terms and then introduced a shortest dependency path kernel method to identify the
relation among medical terms. The extraction results were pruned using medical knowledge
bases.
Another line of research focuses on analyzing co-occurrence of different ASEs (Ginsberg et al.
2014; Yang et al. 2014). Ginsberg et al. (2014) examined patient-reported adverse safety
incidents and actionable safety findings, conditioned on participant use of drugs that might cause
such an event. They used association analysis to identify co-occurrences of these events and
found that the most common events in CKD patients were hypoglycemia and hyperkalemia,
respectively. Yang et al. (2014) extended association rule mining algorithms by adding
interestingness and impressiveness metrics to understand the co-occurrences among medical
terms, and compared their results from the analysis results generated by Food and Drug
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Administration. However, their analysis of ASEs was restricted a small set of drugs instead of
CKD.

3. Extraction and Analysis Methods
3.1 Medical Term Extraction
To determine whether or not a given online post contained a medical term such as ASE and drug,
we applied a sliding window dictionary-based algorithm. The dictionary is the key to drug and
ASE extraction from social media. Because the language used in social media is characterized by
informality and casualness, a standard lexicon of ASE used by medical professionals such as
UMLS is insufficient for analyzing social media content.
We designed methods for extracting drugs and ASEs separately based on their characteristics.
Given the fact that drug names have few variations, we applied a naïve string matching method.
The extraction of ASEs is more complicated. Therefore we designed an integrative approach,
consisting of three components: 1) combine and consolidate ASEs from existing medical
ontologies that contain ASE using MetaMap, which included MedDRA, SNOMED CT,
ICD9CM, ICD10, and ICD10CM; 2) incorporate consumer vocabulary from Consumer Health
Vocabulary (CHV) Preferred Names (http://consumerhealthvocab.chpc.utah.edu/CHVwiki/); and
3) extract layman terms from several common resources, including Wikipedia, Google definition,
WordNet, and results from other works (Vydiswaran et al. 2014). First, we used Wikipedia
articles to identify additional consumer vocabulary using heuristic rules. For instance, in the
following patterns, ‘XX’ and ‘YY’ are treated as synonyms of ‘Word’: “Word is often used
interchangeably with XX”, “Word, technically known as XX or YY”, “Word or XX”, “Word, it
can refer to XX”, “Word (also XX)”, and “Word, previously called XX”. Second, we used
Google Definition and WordNet to obtain additional synonyms of a set of seed ASEs. Third, we
leveraged CHV (Vydiswaran et al., 2014) to link layman terms to professional terminologies
and alternative variants.
3.2 Association Analysis
We aimed to discover two types of associations between ASEs: One type is conditioned on drugs,
i.e. Drug1 ⟹ ASE1, Drug1 ⟹ (ASE1, ASE2), and the other is not: ASE1 ⟹ ASE2, ASE1 ⟹
(ASE2, ASE3). To discover both categories of associations, we applied association rule mining,
specifically Apriori, which is intended to discover strong rules using different measures of
interestingness efficiently.
Let I = {I1, I2, . . . , Im} be a set of medical terms, and T = {T1, T2, … Tn} be a set of threads or
tweets such that Ti ⊆ I. An association rule is an implication of the form A ⟹ B, where A, B ⊆ I.
An itemset that contains k items is a k-itemset. For example, the set {hyperkalemia} is a
1-itemset, and the set {hyperkalemia, diarrhea} is a 2-itemset. The occurrence frequency of an
ASE itemset is the number of threads or tweets that contain the itemset. In order to select
interesting rules from the set of all possible rules, we applied various measures of significance
and interest, including support, confidence and lift. In particular, the lifts of all rules are greater
than 1.

4. Experiment
4.1 Data Collection
Online social media platforms, including health oriented discussion forums and general social
media platforms, provide rich resources for detecting and analyzing ASEs. Users discuss health
related topics (e.g. drugs and treatments) by asking questions and/or sharing experiences. Users
in a discussion forum either initiate a new thread or reply to others’ posts in an existing thread.
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The thread was the unit of analysis for a discussion forum, and tweets were adopted as the unit of
analysis for Twitter in this study.
To retrieve relevant posts and tweets, we used the following search keywords: chronic kidney
disease, weak kidneys, failing kidneys, chronic renal failure, chronic kidney failure, renal
insufficiency, renal failure, chronic kidney damage, and chronic renal damage. The descriptive
statistics of our collected data is reported in Table 1. In addition to the content of posts, we
collected related metadata such as user names and posting time.
Platform

# of Posts

Time period

Discusshealth

310

2013.10~2015.5

Ehealthforum

1268

2014.1~2015.5

Davita

1245

2014.6~2015.5

Medhelp

6499

2014.2~2015.5

Twitter

3214

2015.6~2015.10

Table 1. Descriptive statistics of the datasets
The content of online posts was preprocessed using natural language processing techniques such
as stop-word removal, tokenization, stemming, and misspelling correction. Stemming was used
to reduce different forms of words to their base forms. The misspelling correction component
was employed to improve the recall of ASE extraction by incorporating variant expressions of an
ASE with the editing distance of 1 or less. Furthermore we generated n-grams (n <=3) as
candidates of ASE from the preprocessed text. For example, in the following two original
expression: “I have a low blood sugar” and “my blood sugar is low”, the underlined parts (i.e.,
“low blood sugar” and “blood sugar low”) were extracted as two tri-grams, among others, and
they can both be mapped to the ASE “low blood sugar”.
4.2 Results
The results of the frequency analysis are reported in Table 2. For each data source, we reported
the number of posts that mentioned at least one ASE, and the top-5 most frequent ASEs. The
results show that the occurrences of ASE terms are not uncommon in social media. For instance,
190 out of 393 posts (61%) in “Discusshealth”, and 393 out of 1268 posts in “ehealthforum”,
contained at least one ASE. This suggests that social media can serve as a potential source for
discovering ASE. It is noted that nausea is the most commonly discussed ASE of CKD patients
across the different social media platforms, and vomiting is the second most common one, which
is followed by bleeding.
Data Source

# of posts

Top-5 most frequent ASEs

Discusshealth

190

“bleeding”: 55 “nausea”: 55; “vomiting”: 40 ; “diarrhea”: 30; “cramp”: 17

Ehealthforum

393

“nausea”: 127; “vomiting”: 102; “bleeding”, 35; “cramp”: 20; “diarrhea”: 18

Davita

705

“nausea”: 107 ; “cramp”: 49; ”edema”: 42; “vomiting”: 38; “rash”: 23

Medhelp

3233

“nausea”: 543; “bleeding”: 423; ”vomiting”: 366; ”rash”: 340; “diarrhea”: 298

Twitter

1013

“nausea”: 87 ; “vomiting”: 55; ”edema”: 41; “bleeding”: 24; “rash”: 17

Table 2. Frequencies of the most common ASEs
A comparison of the results in Table 2 with the findings of a previous study (Ginsberg et al. 2014)
showed that the most frequent ASEs reported in social media are different from those collected
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from clinical venues. Unlike (Ginsberg et al. 2014) that identified hypoglycemia as the most
frequent ASE, we found “nausea” to be the most frequent one for most data sources.
Additionally, the rank of ASEs (e.g. top-5 most frequent) generated in the current study was also
different from that of the previous study. We provided two alternative explanations for the
difference: 1) some ASEs are difficult for patients to detect without the availability of laboratory
test results; and 2) it is difficult for patients to express some ASEs without domain knowledge.
We further classified ASEs based on whether they are conditioned on drugs or not and reported
their association rules separately, as shown in Table 3.
Category

Data Source

Association Rules (supp: 0.5%, conf: 0.5%)

Not
conditioned
on drugs

Discusshealth

Nausea  diarrhea, Nausea  confusion

Ehealthforum

Hypoglycemia  dizziness, Nausea  diarrhea

Davita

Hypoglycemia  cramp, Hypoglycemia  edema

medhelp

Hypoglycemia  Nausea, dizziness  cramp
Hypoglycemia  dizziness, rash

Conditioned
on drugs

Twitter

Nausea  bleeding, Hypoglycemia  nausea

discusshealth

N/A

ehealthforum

N/A

davita

Furosemide  edma

medhelp

Acarbose  Hypoglycemia, Furosemide  heart failure

Twitter

Torsemide  heart failure

Table 3. Association Analysis of ASEs
The discovered association rules that are not conditioned on drugs reveal that hypoglycemia is
the leading cause of various other types of ASEs such as nausea, dizziness and cramp across
different social media platforms. When drugs are taken into consideration, however, the analyses
yielded a totally different set of association rules. The reduced size of association rules in the
latter case is primarily caused by the smaller data size. A comparison of the above findings
against those of (Ginsberg et al. 2014) revealed a significant overlap, including “hypoglycemia
→ dizziness”, “hypoglycemia → cramp” and “hypoglycemia → edema”. These findings provided
the preliminary evidence for the feasibility of using social media data to discover ASE.

4. Conclusion
In this study, we extracted drugs and ASEs from patient-generated content in multiple online
health communities (e.g. Twitter and discussion forums) using a dictionary based method, and
then analyzed ASE associations through association rule mining. The experiment results provide
promising evidence for the effectiveness of our proposed methods.
The high likelihood of ASE occurrences in social media suggests that social media is a valuable
venue for detecting ASEs. This study not only confirmed “ASE and ASE” associations identified
through cohort study, but also identified new ASE associations from the social media. However,
the identification of new ASEs still needs formal validation by medical experts.
There are several directions for our future study. First, we plan to increase our data size by
incorporating additional online health communities. Second, drug interactions may be explored
in relation to ASE extraction. Third, understanding the semantic relationships between drugs and
ASEs holds promise for identifying causal-effect relationships.
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Abstract
Smartphones are increasingly necessary for everyday life and consumers find it
important to prevent from privacy violations through Apps on mobiles. Android and
iOS, two of the most popular App platforms, are quite different in App privacy levels.
iOS, which is known to have a higher privacy level, chooses to make its lowest privacy
requirement public. Using vertical differentiation model in a duopoly case, we analyze
the effect of publicizing the privacy threshold when market is fully covered. We justify
the model into a Stackelberg to solve such problem and find that releasing privacy
requirement can motivate both firms lowering privacy level while at the same time
generating more profit. This finding contradicts with the common belief that making a
threshold public can help Apps better. This result calls for awareness of potential loss
from a policy that looks protecting consumers at first sight.
Keywords: Privacy, Vertical differentiation, Duopoly

1. Introduction
Smartphones nowadays are playing an increasingly important role in people’s life and
work. According to IDC, the world smartphone market has grown 13% in 2015. Two
of the most widely-used mobile operating systems are Android and iOS. According to
IDC report, Android and iOS together occupy about 97% of the market share. While
smartphone can lower the cost of communication, information search and storage, and
entertainment, it also poses potential security threats to mobile users. As a
consequence, the security level of mobile operations system has become a critical
factor that influences consumers’ choices of mobile phones. While both Android and
iOS have control over their mobile application market, their policies for screening
mobile applications are considerably different. In this paper, we focus on the
differences in privacy and security level for mobile application screening.
Compared to Android, iOS is known to have a higher privacy and security level.
Ahmad et al. (2013) illustrated this point by comparing the two platforms in a
technical sense. In terms of App reviewing policies, the App privacy requirements for
iOS is more clearly stated and made to public (Benenson et al. 2013). A lot of
industrial reports also demonstrate the point by comparing detailed features of these
two mobile operation systems. Such difference can be understood as a result of
competition. As Android and iOS attract different groups of consumers, it is
reasonable to assume that these groups have different needs for privacy.
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Using vertical differentiation model with two competing firms and analyzing a
fully covered market, we find that firms are able reach equilibrium where both of
them generate positive profit. What we find more interesting is that, under certain
constraints where market is covered, if the firm with higher privacy level claims a
privacy threshold, both firms will result in lowering the privacy levels while
generating more profit at the same time. Consumers, on the other hand, suffer from
such a move. This contradicts from the common belief that when firms are releasing a
lower bound of privacy level, it is increasing its protection to consumers to make
consumers better off. The result, however, calls for awareness to consumers of
potential loss from a “protective” policy.
Our paper differs from past work by considering a threshold which is released by
the firm holding higher valued consumers. Our model can also be applied to other
markets where signals of quality are released by a leading firm. Instead of announcing
the optimal quality that will be otherwise chosen, the leading firm can announce a
quality that is slightly lower than the optimal quality to induce the competing firm to
choose a lower quality, so that “collusion” can be formed without secretive and illegal
agreements.
The rest of the paper is organized as follows. In section 2, we briefly reviewed
past literatures in vertical differentiation. In section 3 we modeled the duopoly case in
vertical differentiation, and considered the influence of releasing threshold. In section
4, we summarized our main findings and discussed on future research topics.
2. Literature Review
This study aims to use a generalized analytical framework to illustrate the decisions of
the competing platforms, and find the rationality for iOS to set a threshold for its
privacy level.
The generalization under such duopoly platform market is closely related to
vertical differentiation. In vertical differentiation, firms that sell product of different
qualities are competing in price. In other words, the firms play a game with at least
two stages, where in the first stage, firms choose their quality, and in the second stage,
they compete in price.
Differentiation in quality was first studied by Gabszewicz and Thisse (1979). The
idea was further illustrated in Shaked and Sutton (1982), where it is established that in
a three stage game, where firms choose whether to enter first, if it ended up with only
two firms in the market, the two firms would choose distinct qualities and both would
enjoy positive profit. Choi and Shin (1992) uses uncovered market to show that the
optimal choice of lower quality firm will choose a fixed proportion of the higher
quality firm. Moorthy (1988) analyzes duopoly case with quadratic fixed costs in an
uncovered market. Wauthy (1996) summarizes the cases without assuming whether
the market is fully covered. More recent papers apply these models into industries
such as insurance (Kuzyutin et al. 2015) and discuss impacts under different scenarios.
Our work is different from traditional vertical differentiation models when
threshold comes into play. By posing a privacy policy, the platform changes not only
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optimal value, but also sequence of the game. And its influence of this move
(releasing privacy threshold) on the result of competition is of great interest.
3. Model
3.1 Model Setup
Suppose there are two platforms (firm 1 and firm 2) in the market, and both platforms
offer Apps with different privacy level𝑠𝑖 to a population of customers. Without loss
of generality, we assume that firm 1 has a higher privacy level: 𝑠1 > 𝑠2 > 0
Firms first decide privacy level 𝑠𝑖 simultaneously, and then choose price 𝑝𝑖
charged to consumers so as to maximize their own profits. The demand for each firm
𝐷𝑖 depends on consumers’ choices across the two firms and is defined as the set of
consumers that chooses firm𝑖. We assume that firms do not have marginal cost but
1

face a quadratic form of fixed cost as a function of privacy level: 𝐹𝐶𝑖 (𝑠𝑖 ) = 𝛽𝑠𝑖 2 .
2

1

Profit function for each firm is therefore:𝜋𝑖 (𝑝𝑖 , 𝑠𝑖 ) = 𝑝𝑖 𝐷𝑖 − 𝛽𝑠𝑖 2
2

Consumers have different valuations of privacy described as:𝑈𝑖 (𝑤) = 𝑤𝑠𝑖 − 𝑝𝑖
That is, for each consumer identified by𝑤, consuming in platform 𝑖yields utility of
𝑈𝑖 . In our case, 𝑤 indicates consumers’ welfare and is uniformly distributed in a
non-negative interval[𝑤
� − 1, 𝑤
�]. The utility function indicates that wealthier people
are more aware of privacy issues. Consumers are faced with the choice between the
two firms. Therefore,𝑈(𝑤) = 𝑚𝑎𝑥{𝑈1 (𝑤), 𝑈2 (𝑤)} . We analyze the case where
market is fully covered, which requires: 𝑤
� −1≥

𝑝2
𝑠2

.

Given that the market is fully covered, demand function can be solved as:
𝑝1 − 𝑝2
𝑝1 − 𝑝2
𝐷2 (𝑝1 , 𝑝2 ) =
−𝑤
� +1
𝐷1 (𝑝1 , 𝑝2 ) = 𝑤
�−
𝑠1 − 𝑠2
𝑠1 − 𝑠2
Nash equilibrium in price competition subgame can be solved as below:
1
1
𝑝1 = (𝑠1 − 𝑠2 )(𝑤
� + 1)
𝑝2 = (𝑠1 − 𝑠2 )(2 − 𝑤
�)
3
3
Optimal privacy level can be solved using first order condition.
𝜕𝜋2
1
𝜕𝜋1 1
= − (2 − 𝑤
�)2 − 𝛽𝑠2 < 0
= (𝑤
� + 1)2 − 𝛽𝑠1 = 0
𝜕𝑠2
9
𝜕𝑠1 9
It can be found that profit of firm 2 is always decreasing in privacy level. So it
will always choose the lowest privacy level possible. Such lower bound 𝑠 − can be
derived from fully covered market requirement, where 𝑠 − =

�
2−𝑤
𝑠 .
� −1 1
2𝑤

And optimal

quality level of the firm can be solved as:
1
1 (2 − 𝑤
�)(𝑤
� + 1)2
(𝑤
𝑠1 =
� + 1)2
𝑠2 = 𝑠 − =
9𝛽
9𝛽
2𝑤
� −1
And relative profits are:
(𝑤
� + 1)4 4𝑤
� −5
𝜋1 =
162𝛽 2𝑤
� −1
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(𝑤
�)2
� + 1)2 (2 − 𝑤
(11𝑤
� 2 − 20𝑤
� + 5)
162𝛽 (2𝑤
� − 1)2
It is important to emphasize that 𝑤
� needs to lie in certain intervals to guarantee
the setup of the whole market including: positive profit for firms, positive utility for
consumers, positive welfare and positive privacy levels. Taking all constraints into
consideration, the feasible region:𝑤
� ∈ (1.5189,2)
𝜋2 =

3.2 Model with Threshold
Now consider that firm 1 posts a threshold for its privacy level. Such threshold can be
understood as a commitment as it is part of the policy published and thus takes time to
change again.
Therefore, the competition between two firms turns out to be a three stage
Stackelberg game. In the first stage, firm 1 decides on its privacy level and firm 2
observes it. In the second stage, firm 2 decides on its own privacy level. And in stage
three, firms decide on prices simultaneously. Suppose consumer and firm patterns
stay unchanged, indicating that the expressions of demand function and subgame
equilibrium in price stays the same. However, optimal privacy level will be changed
as follows:
Firm 2’s optimized privacy level is still 𝑠2𝑠 = 𝑠 − , while firm 1’s optimized level is:
� −1
1 𝑤
(𝑤
𝑠1𝑠 =
� + 1)2
� −1
3𝛽 2𝑤
By plugging the solution back, we are able to find privacy level of firm 2:
1 (𝑤
� − 1)(2 − 𝑤
�)
(𝑤
𝑠2𝑠 =
� + 1)2
2
� − 1)
3𝛽 (2𝑤
And the relative profits are:
(𝑤
� + 1)4 (𝑤
� − 1)2
𝑠
𝜋1 =
18𝛽 (2𝑤
� − 1)2
2
2
(𝑤
� + 1) (2 − 𝑤
�) (𝑤
� − 1)2
(7𝑤
𝜋2𝑠 =
� 2 − 10𝑤
� + 1)
(2𝑤
18𝛽
� − 1)4
Similar to base case, we solve for feasible region, which is: 𝑤
� ∈ (1.3204,2)

3.3 Comparison of two cases
By comparing decision variables across two cases, we find that differences in
optimized privacy levels are:
(𝑤
� + 1)2 𝑤
� −2
2−𝑤
�
𝑠
∆𝑠1 = 𝑠1 − 𝑠1 =
<0
∆𝑠2 = 𝑠2𝑠 − 𝑠2 =
∆𝑠 < 0
9𝛽 2𝑤
� −1
2𝑤
� −1 1
The result indicates that when market is fully covered, compared to original case,
the Stackelberg scenario ends up with a lower privacy level of both firms in the
market. In other words, although firm 1 is posing privacy threshold, instead of raising
the privacy level of itself (which is usually what consumers believed), it is lowering
down the privacy level.
If we analyze the difference of profits of the firms, we can find that different from
common Stackelberg case, both firms are better off as long as𝑤
� is within feasible
region. The result can be shown as below:
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� −2
∆𝑠1 𝑤
(𝑤
� + 1)2 > 0
18 2𝑤
� −1
∆𝑠1 (2 − 𝑤
�)2
𝑠
(19𝑤
∆𝜋2 = 𝜋2 − 𝜋2 =
� 3 − 54𝑤
� 2 + 33𝑤
� − 2) > 0
18 (2𝑤
� − 1)3
The intuition behind is that the released threshold performs as a tool for firms to
collude. When consumers’ wealth is within certain range where market can be fully
covered, firms have the choice to lower its quality proportionally and therefore
lowering fixed cost without hurting market share. The released threshold offers as
extra information for the lower privacy level firm to decide precisely the new privacy
level.
We now move to consumers’ side and analyze their utility change, we can find
that:
∆𝜋1 = 𝜋1𝑠 − 𝜋1 =

∆𝑈1 = 𝑈1𝑠 − 𝑈1 = 𝑤∆𝑠1 − ∆𝑝1 = �𝑤 −

𝑤
�2 − 1
� ∆𝑠1 < 0,
2𝑤
� −1

𝑤∈�

2𝑤
� −1
,𝑤
��
3

2−𝑤
�
2𝑤
� −1
(𝑤 − 𝑤
� + 1)∆𝑠1 < 0,
𝑤 ∈ �𝑤
� − 1,
�
2𝑤
� −1
3
The results indicate that all consumers suffer from a decrease in utility, regardless
of his wealth 𝑤. In other words, the decrease in price is not enough to compromise
the utility loss from a decrease in privacy level. Combining consumers’ situation with
firms’ situation, it is reasonable to conclude that firms are squeezing consumers’
benefits by playing a Stackelberg game.
∆𝑈2 = 𝑈2𝑠 − 𝑈2 =

4. Conclusions and Future Research
In this paper, we study the competing behavior of two most public mobile operating
systems, Android and iOS. We considered specifically their competing strategies in
Apps’ privacy levels on these platforms. We found that the first-moving firm who has
higher level of privacy level can “collude” with the second-moving firm without
secretive and illegal agreement. Specifically, the first-moving firm can announce a
privacy threshold that is lower than its optimal privacy level to induce the
second-moving firm to also adopt a lower privacy level. As a result, the two firms
both gain higher profits, and consumers suffer from this collusion. Our results are not
limited to the mobile operation system market, and can be applied to a broad scope of
markets where the definition of quality is no longer privacy level.
The result is contra-intuitive as it shows that posting a privacy benchmark does
not necessarily lead to an increase in Apps’ privacy level. Besides, such threshold also
does not lead to a protection of consumers’ utilities. It is important to understand that
firms are posting such information so as to increase its own profit. And therefore it is
indeed possible (and in our models, it indeed is true) that firms’ move can lead to both
products with lower privacy level, and a harmful effect on consumers.
There are several limitations of this study where future research can extend the
current model. First, in this study, the result holds only when consumers’ wealth level is
within certain region. If it goes beyond the region, the firm with lower privacy level will
tend to either deviate by taking only part of the market, or be driven out of the market. It
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is also valuable to analyze how firm with higher privacy level performs in these regions.
Second, in this study, we did not consider forward-looking motivations. It is possible
that adopting lower privacy level may harm the firms’ profits in the long run, while it
results in short-run profit gain. By allowing firms to be forward looking, we are able to
gain more insights into firm’s decision of product quality.
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Abstract
The growth of casual games is remarkable among various types of mobile games. Playing this
type of games is “casual” but the revenue amount is not “casual”. The revenue amount of many
mobile casual game developers is astonishing based on their freemium pricing strategy. It is
getting more important to investigate purchasing behaviors of users in the games since freemium
pricing strategy allows users to join the game for free and gives them additional benefits by
selling virtual items. Therefore, this study examines purchasing behaviors for virtual items in a
mobile casual game by analyzing the huge size of user-level log data with two theoretical
perspectives: goal-oriented and habitual behavior. The results show that users are likely to
purchase more virtual items as they are at higher level and they play the game more times.
Keywords: Virtual item purchases, mobile games, freemium, casual games

1. Introduction
The gaming industry is a considerable part of our current economy. Especially the growth of the
mobile game industry has been remarkable. Mobile games are going to generate $23.9 billion
revenue and this is almost double than that of three years ago (Casual Games Association 2013).
Among various monetizing methods, mobile game providers frequently use freemium pricing
strategy as their business model (Hanner et al. 2015; Kimppa et al. 2016). Freemium means that
users play a game for free but they can obtain additional functionality or benefits by paying
money. The game providers can vastly exquisite users since this strategy offers free entry into a
game. Particularly casual games have adopted this model successfully (Zarnekow, 2015).
However, it is not guarantee to gain profit because only a few users spend money on in-app
purchase normally far below 5% of users in most mobile casual games. Moreover, casual games
have very low retention rate (Runge et al. 2014). Thus, it is important to figure out the factors to
affect users’ purchasing behaviors for game developers. Casual games can be easily learned, and
includes arcade games, puzzles, hidden objects, and brain teasers (Wohn, 2011). Playing this
type of games is “casual” but the revenue amount is not “casual”. Supercell, one of successful
mobile game company using freemium pricing strategy, generates revenue of $1.7 billion in
2014 due to hits of mobile casual games like Clash of Clans, Hay Day, and Boom Beach. Despite
the importance and prevalence of virtual item purchasing behaviors in mobile casual games,
there is little academic study which has investigated actual purchasing behavior in mobile games
due to difficulty to obtain micro-economic behavior data from game companies. Furthermore,
many studies have examined users’ intention to purchase rather than actual purchasing behavior.
Capturing the factors which are related to actual purchasing behavior of virtual items is
important because many game companies continue to ride a growing wave of freemium strategy
and depend on sales of virtual items as their main source of revenue. Therefore, this study
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investigates purchasing behavior for virtual goods in a free-to-play casual game by analyzing
user-level log data with two theoretical perspectives: goal-oriented and habitual behavior.

2. Literature Review and Research Hypothesis
Goal-setting theory is one of well-known social psychology theories to explain human
motivation. According to this theory, people tend to be highly motivated by elaborated goals
which are specific, difficult but achievable (Fishbein and Ajzen 1977; Khansa et al. 2015). In the
game case, a goal can be defined as the explicit and attractive target which users want to
complete during the game play. Game users normally try to accomplish goals such as growing up
users’ skill, gaining more score, or getting new items (Choi and Kim 2004). Game providers
offer many types of virtual item to entice users to keep achieving their goals by effectively
reducing users’ boringness. Since the retention rate of mobile casual games is very low, the
major function of casual game items is to reduce waiting time to skip for a next level in the game.
In other words, freemium mobile casual games make an multi-tiered goal structures which
promote players to purchase virtual items to achieve higher level faster (Cotton 2011; Zarnekow
2015). Accordingly, the goal-oriented user can be described as a person who wants to achieve
higher level within a short time regardless of item use. That is, a user with higher level can be
considered as more goal-oriented than a user with lower level. Therefore, we hypothesize:
Hypothesis 1: Stage level of a player is positively related to the number of item purchases
in a mobile casual game.
In addition to reasoned behavior such as goal-oriented, factors outside logical reasoning such as
habits and addictions have been studied to influence actual behavior. Guo and Barnes (2011) find
habitual use has positive impact on purchase behaviors of players in virtual worlds. Venkatesh
and Agarwal (2006) also find website use to predict online purchasing. The user, who frequently
enters and enjoys the game regularly, is more likely to buy virtual items. Therefore, this study
investigates the relationship between habitual game use and virtual item purchasing in mobile
casual game. Frequency of past behavior is strongly associated with habit, and occasionally used
as a proxy when measuring the strength of habits (Hartmann et al. 2012; Neal et al. 2006). Thus,
to figure out the relationship between the two factors between habitual game use and virtual item
purchasing, we measure the average number of daily game play as the strength of habitual game
use. As a result, the second hypothesis is postulated as follows:
Hypothesis 2: Average number of daily gameplays is positively related to the number of
item purchases in a mobile casual game.

3. Data and Method
3.1 Research Data
The dataset used for this study is user-level gameplay log data collected from one of Korean
mobile game company. Players can go next level after finding all pairs with same patterns in
certain time. Although there is no rule of thumb regarding the suitable length of a time window,
we select six weeks based on opinions of game developers and field experts. According to them,
users normally start to buy virtual items within three weeks and easily leave within five weeks
especially in mobile casual games. Thus, the time span is six weeks from May 18, 2015 to June
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28, 2015. We have gameplay behavior logs of all users during all time period, but item
purchasing data is only available during the suggested time window. In addition, the date of
game release is May 14, 2015, so we can see users’ behavior of beginning stage of a mobile
casual game. The price of a virtual item, called a diamond, is about $ 0.1 and users can buy ten
diamonds at $ 1.09. During the data period, the total number of users is 199,363 and the
maximum level is 245. The total number of item purchases is 207,618 and, among them, only
about 3% is paid by users.
Table1.Variable Details
Name

Description

Dependent variable

paid_diamond

Number of item purchases as of this week

Explanatory variable

tenure_date

Number of days that (s)he join the game as of this week

lvl

Stage number as of this week

freq_stage

Number of gameplay during this week

h_cnt

Number of inquiries during this week

item_used

Number of use items during this week

free_diamond

Number of free items during this week

invite_reward

Number of invite-reward item during this week

cul_mean

Average number of gameplay during last 5 weeks

cul_h_cnt

Cumulative number of inquiries during last 5 weeks

cul_item_used

Cumulative number of use items during last 5 weeks

3.2 Variables and Model Specification
Table 1 provides the variables and their descriptions, and Table 2 presents the summary statistics
of our dataset. The dependent variable is the number of purchased items (paid_diamondi) where i
= 1, 2, … 199,363 denotes a particular player. Key variables in our model are the stage number
of the user (lvli) and the average number of daily gameplay (cul_meani). The first one indicates
the propensity of goal-pursuit and the second one indicates habitual game use. The average
number of daily gameplay is calculated as the total number of gameplay divided by the number
of days logged in. We also include control variables such as a player’s tenure as the number of
days which he or she join the game, the player’s problem-solving activeness as the number of
inquiries on a Q&A bulletin board, and the player’s tendency on cherry picking as the number of
free items which he or she has. Since only about 3% is paid-item purchasing, Ordinary lease
squares estimations are not unsuitable in our dataset. Employing such methods to analyze dataset
with many zero values as dependent variables violates the assumption of linearity in the
coefficient and error term. Therefore, we use zero-inflated Poison (ZIP) regression model to
investigate our hypotheses. Furthermore, we categorize users into six groups based on their
tenure days to see the impact of tenure on item purchases. For example, tenure_w1 means the
player’s tenure is between one and seven days, and tenure_w2 means the player’s tenure between
eight and fourteen.
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Table2.Descriptive Statistics
Variable

Obs

Mean

Std. Dev.

Min

Max

paid_diamond

199,363

18.78

221.18

0

23,880

lvl

199,363

102.78

55.39

1

245

freq_stage

199,363

123.98

125.56

1

2,722

item_used

199,363

6.66

20.03

0

2,154

free_diamond

199,363

15.59

17.82

0

168

h_cnt

199,363

0.01

0.22

0

20

invite_reward

199,363

1.04

4.04

0

20

cul_h_cnt

199,363

0.04

0.57

0

36

cul_item_used

199,363

196.49

1004.54

0

122,368

cul_mean

199,363

20.62

13.32

0

269

tenure_date

199,363

22.92

12.70

1

48

4. Results and Discussion
Figure 1 illustrates the predicted number of purchasing items depending on a user’s level. The
result shows that the player is likely to buy more virtual items as he or she is at higher level. As
the player moves to the higher level, the game becomes more difficult. Thus, game developers
design several virtual items for users to skip for a next stage when the player meets the difficult
situation. Therefore, the virtual items are frequently sold when the player wants to move to
higher stage easily and shortly since he or she thinks stage clear is very important task. This is
why the stage level of a player is positively related to the number of item purchasing in mobile
casual game as shown in our result.
In addition, Figure 2 presents that the predicted number of item purchasing is getting larger as
the average number of gameplay is greater. The angle of slopes is getting gradual as the average
number of gameplay is larger. The effect size of habitual behavior on purchasing items is bigger
until a certain point (the average number = 200), and the size is decreased after that point. For
example, the player who played 250 times per day is likely to buy smaller number of virtual
items than the player who played 200 times per day. This is why the habitual behavior is
positively related to the number of item purchasing.
Furthermore, a player who just starts the game has higher predicted value than a player who joins
the game earlier in both cases. The predicted value is getting lower as his or her tenure is longer.
This can be explained by the characteristic of mobile casual games. The mobile game market is
very competitive, especially in casual game category. Many casual games are released with
similar functionality and design, so the retention rate of mobile casual games is relatively low.
Therefore, it is probably more effective to induce new players to purchase items than
experienced users in mobile casual games.

5. Conclusion
In this study, we empirically investigate the factors on virtual item purchasing in a mobile casual
game. We especially focus on the goal-oriented and habitual behavior of players. As the
goal-oriented perspective, the user with the higher level is more likely to buy more virtual items.
As the habitual behavior perspective, the user frequently playing the game is more likely to
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purchase more items. Furthermore, in all cases, the user just joined the game probably has more
virtual items than the user who has longer tenure.
We believe that our study offers one of the first empirical evidences that examine the factors on
virtual item purchasing in the mobile casual game based on large-scale user log data. We also
expect this study give significant implications for game developers which use freemium pricing
strategy as their revenue model.
However, this study does not come without limitations. First, we do not use the demographic
information of users such as gender, age and nationality due to data limitations. If we could
conduct analysis including these factors, the result will be more luxuriant. In addition, we
conduct cross sectional analysis since the information of item purchases is only available during
the last week in the suggested time window. Therefore, further study is planned to obtain
demographic information and panel datasets for more investigation to support the current results.
Figure1. Predicted number of item purchases depending on a user’s level

Figure2. Predicted number of item purchases depending on the average number of gameplay
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Abstract
We design a mobile app recommendation system based on the framework of conditional random
field aiming to maximize the number of apps users download considering that apps on the
recommendation list can influence each other. To the best of our knowledge, this problem has
not been studied before. Moreover, our dataset was collected from one of the biggest Android
apps market in China. Preliminary experiments have been conducted to evaluate our system, and
more comprehensive experiments as well as field experiments will be carried out to measure how
our method performs compared to the system currently in place at the apps market and other
alternative methods.
Keywords: Mobile App Recommendation, Recommender Systems, Graphical Model,
Conditional Random Field, Mobile App Market

1. Introduction
Smart phones are now widely used to carry out a large variety of activities. With the increasing
use of smart phones, millions of smart phone applications (mobile apps) are available for download
through apps markets (e.g. Apple's App Store and Google Play). Due to the large number of mobile
apps available on an apps market, it is getting increasingly more difficult for smart phone users to
discover apps. A well-designed app recommendation system can guide users to find relevant apps,
which accelerates more app downloads that could subsequently generate profit for the apps market
provider as well as app developers.
An app recommendation system normally generates a list of apps which are related to a
specific app a user is browsing or downloading. One of the most common ways to generate
recommended apps is to recommend similar apps to the focal app, which implies that the
recommended apps are also similar to each other. For example, when a user is browsing a flashlight
app, many other flashlight apps are recommended. Due to the similarity in functionality of the
recommended apps, a user hardly has an incentive to download multiple apps recommended.
Given that a mobile user could easily download multiple apps if they see several relevant ones
from the recommendation list, such a recommendation mechanism could miss out on a lot of
opportunities. Motivated by this, we should not only consider the probability of downloading an
app individually when making recommendations, but also take into consideration the effect that
apps have on each other. The recommended list of apps should be optimized as a whole to
maximize the number of apps that a user downloads.
We are working with one of the biggest Android apps markets in China, and helping them
design an app recommendation system whose goal is to maximize the number of apps users
download considering that apps on the recommendation list can influence each other. Since the
number of downloaded apps is very closely related to the profit the App market is getting, solving
this problem is both of academic and practical value. To the best of our knowledge, this problem
has not been studied in either the mobile app recommendation literature or the recommendation
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literature in general. In addition, we will be able to conduct field experiments on their platform
once the recommendation system is fully developed. This paper is work-in-progress. The model
based on conditional random field has been designed. Preliminary experiments have been
conducted on offline data to evaluate our system, and more comprehensive experiments as well as
field experiments will be carried out to measure how our method performs compared to the system
currently in place at the apps market and other alternative methods.

2. Problem Formulation and Approach
2.1 Problem Formulation
For a specific mobile user, the apps market tracks all the apps she has downloaded. Based on the
download history, the user’s rating for each app can be inferred by applying well-developed
recommendation techniques such as collaborative filtering and matrix factorization. In addition,
apps viewed during current browsing session may also help to identify the apps the user could
potentially be interested in downloading. Given the user’s rating for each app and her behavior in
the current browsing session, we want to find the recommendation list that has the maximum
expectation of the total number of downloads.
Let n be the number of apps in the apps market, m be the number of apps viewed in current
browsing session, l be the number of apps on the recommendation list. Let C = {C1, C2… Cm}
refer to the apps a specific user viewed in the current browsing session ordered by time viewed.
Each app Ck viewed in the current session has a binary download status Dk. Dk = 1 means that Ck
has been downloaded during this session, and Dk = 0 indicates that Ck was just viewed by the user.
C1 is the most recently viewed app, and normally the recommended list of apps will appear at the
end of the screen of the information page of C1 or under a recommendation tab on that page. Let
R = {R1, R2… Rl} denote the recommended apps ordered by the position on the recommendation
list. Each recommended app Ri has a rating RTi for the given user (which was computed previously
based on all users’ download history). Let S = {S1, S2… Sl} be the binary download status of the
apps in the recommendation list. Si = 1 means that the recommended Ri is downloaded by the user,
and Si = 0 indicates that the user did not download Ri. Given C, the objective function is to find an
optimal R that maximizes the expectation of the summation of Si, i.e.
𝑅𝑅 ∗ = argmax�E�∑𝑙𝑙𝑖𝑖=1 𝑆𝑆𝑖𝑖 �𝐶𝐶, 𝑅𝑅��
𝑅𝑅

2.2 Approach
To solve this problem, we first need to model the probability distribution over S conditioning on
C and R. We introduce a conditional random field model, which is shown in Figure 1, to represent
the conditional probability distribution.
C, R

S1

...

S2

Sn

Figure 1. The conditional random field model
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The factors function of the model and their explanations are as follows.
1. The rating RTi reflects the preference of the user towards app Ri, thus it would influence the
download status Si. Also the position i of Ri in the recommendation list would also influence
Si. We use logistic regression to model the relationship between ratings, position and download
status. Factor f(Si | Ri) is introduced to capture the influence of Ri on Si.
𝑓𝑓(𝑆𝑆𝑖𝑖 |𝑅𝑅𝑖𝑖 ) = �

(lg(𝑅𝑅𝑅𝑅𝑖𝑖 , 𝑖𝑖))𝛼𝛼
(1 − lg(𝑅𝑅𝑅𝑅𝑖𝑖 , 𝑖𝑖))𝛼𝛼

, 𝑆𝑆𝑖𝑖 = 1
, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

where lg(RTi, i) is the logistic function that returns a value within [0, 1], and α is a parameter
that controls the decline rate.
2. Each Ck viewed in the current session has impact on the download status Si of Ri. Based on
the download and browsing history of all users, we will be able to compute the associations
between a pair of apps. Let A and B refer to any two given apps, and SA and SB are the download
status of app A and B. Generally, probability of A’s download status being SA given that A is
viewed can be derived as follows.
𝑃𝑃(𝑆𝑆𝐴𝐴 |A) =

# 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖𝑖𝑖𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑖𝑖 𝑆𝑆𝐴𝐴
# 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

When the other app B is viewed previously, the probability of A’s download status SA might
be influenced by the fact that B is viewed and its download status SB. Let P(SA | A, B, SB)
denotes the probability of A’s download status being SA given that A and B are viewed in the
same session and B’s download status is SB.
𝑃𝑃(𝑆𝑆𝐴𝐴 |𝐴𝐴, 𝐵𝐵, 𝑆𝑆𝐵𝐵 ) =

# 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵 𝑏𝑏𝑏𝑏𝑏𝑏ℎ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑎𝑎𝑎𝑎𝑎𝑎 𝑆𝑆𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝑆𝑆𝐵𝐵 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
# 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵 𝑏𝑏𝑏𝑏𝑏𝑏ℎ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵′ 𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑖𝑖 𝑆𝑆𝐵𝐵

Now we specify app A to be Si and app B to be Ck. The ratio of P(Si | Ri, Ck, Dk) over P(Si | Ri)
can be used to measure how much more or less likely Ri’s download status will be Si after Ck
is viewed and Ck’s download status is Dk. Also we assume that the extent of influence of Ck
on Ri’s download status Si decreases exponentially as index k increases (i.e. more recently
browsed app has more influence on Si). Factor g(Si | Ri, Ck) is introduced to capture this
influence of Ck on Ri’s download status Si.
𝛽𝛽�
𝑘𝑘

3.

𝑃𝑃(𝑆𝑆𝑖𝑖 |𝑅𝑅𝑖𝑖 , 𝐶𝐶𝑘𝑘 , 𝐷𝐷𝑘𝑘 )
𝑔𝑔(𝑆𝑆𝑖𝑖 |𝑅𝑅𝑖𝑖 , 𝐶𝐶𝑘𝑘 ) = �
�
𝑃𝑃(𝑆𝑆𝑖𝑖 |𝑅𝑅𝑖𝑖 )

where β is a parameter that that controls g factor’s effect to the whole model.
Any two apps on the same recommendation list could affect the download status of each other.
Let A and B refer to any two given apps, and SA and SB are the download status of apps A and
B. The joint probability of A’s download status being SA and B’s download status being SB
given that A and B are viewed can be derived as follows.
𝑃𝑃(𝑆𝑆𝐴𝐴 , 𝑆𝑆𝐵𝐵 |𝐴𝐴, 𝐵𝐵) =

# 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵 𝑏𝑏𝑏𝑏𝑏𝑏ℎ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑎𝑎𝑎𝑎𝑎𝑎 𝑆𝑆𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝑆𝑆𝐵𝐵 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
# 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵 𝑏𝑏𝑏𝑏𝑏𝑏ℎ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

If the download status SA and SB are independent when A and B are viewed in the same session,
the expected probability of A’s download status being SA and B’s download status being SB
given that A and B are viewed is P(SA | A)⨯P(SB | B). Now we specify app A to be Si and app
B to be Sj. The ratio of P(Si, Sj | Ri, Rj) over P(Si | Ri)⨯P(Sj | Rj) can be used to measure how
much more or less likely Ri’s download status will be Si and Rj’s download status will be Sj
when Si and Sj are viewed simultaneously. Factor h(Si, Sj | Ri, Rj) is introduced to capture this
interaction.
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𝛾𝛾

𝑃𝑃�𝑆𝑆𝑖𝑖 , 𝑆𝑆𝑗𝑗 |𝑅𝑅𝑖𝑖 , 𝑅𝑅𝑗𝑗 �

ℎ�𝑆𝑆𝑖𝑖 , 𝑆𝑆𝑗𝑗 �𝑅𝑅𝑖𝑖 , 𝑅𝑅𝑗𝑗 � = �
�
𝑃𝑃(𝑆𝑆𝑖𝑖 |𝑅𝑅𝑖𝑖 ) × 𝑃𝑃�𝑆𝑆𝑗𝑗 |𝑅𝑅𝑗𝑗 �

where γ is a parameter that controls h factor’s effect to the whole model.

The joint conditional probability P(S | R, C) can be derived from the conditional random field
model.
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where Z(θ | R, C) is the partition function.
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Since the size of the recommendation list is usually quite small, i.e. not bigger than 10, we can use
the direct enumerating method to solve the inference problem of the model. We use the maximum
likelihood estimation to learn all the parameters in the model. This model can be easily transformed
to a standard log-linear model, which has a concave log-likelihood function and thus no local
optima. A gradient ascent method is used to iteratively find the optimal parameters given data.
With the conditional probability distribution, we can then proceed to find the solution for
the objective function. We can use a greedy method to quickly generate the recommendation list
by picking the best apps one at a time sequentially. We first determine the best R1, and then
determine the best R2 given R1, and so on so forth. When picking Ri, the apps appear before it on
the list R1, R2…Ri-1 have already been chosen. At this step, we set the length of the recommendation
list to i, and find the optimal Ri that makes the recommendation list (R1, R2…Ri-1, Ri) have the
maximum expectation of total downloads. There are two issues that should be considered in this
step. One is that, in order to increase efficiency, we should narrow down the consideration set,
which is the set of apps from which the recommendation list are selected. Our recommendation
should be relevant to why the user visits the app market in the current session. The criteria used to
form the consideration set can be the same sub-category of any app in the current session or apps
that frequently browsed or downloaded together with the apps in the session. Another issue is how
to rank the apps on the recommendation list, which will affect the expected number of downloads
in our model. Ideally, we should enumerate all possible rankings of the recommended apps, and
chose the one with the highest expectation of number of downloads. Given that the number of
recommended apps is not high (5-10), this strategy is feasible.

3. Preliminary Experiments
3.1 Dataset
We collected the data from one of the biggest Android apps market in China. 5 million records
were collected. Each record contains context, recommendation list and download status for each
app on the list. About 5000 apps are considered after the apps with very low download frequency
were excluded. The size of recommendation list is 5 for each record. And the number of apps in
context ranges from 1 to 10. We separate the data to training set which contains 1 million records
and test set which contains 4 million records.
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3.2 Value of interaction
To demonstrate the benefit of incorporating the h factor, which reflects the interaction among apps
on the recommendation list, we trained two models. In Model 1, we learned all parameter α, β, γ
on the training set. In Model 2, we set parameter γ to 0 to eliminate interaction, and learned
parameterα, β on the training set.
We first use model selection criteria to evaluate these two models. As shown in Table 1,
Model 1 which considers interaction is better than Model 2 on all criteria.
Table 1. Evaluation based on model selection criterion
Model 2
Model 1
Log Likelihood
-133073.5
-133247.4
AIC
266153.1
266500.7
BIC
266188.1
266535.7
HQ
266154.9
266502.6
We then use two models to predict the total downloads in the test set. We use the model to
compute the expectation of number of downloads for each record in test set and then sum up the
values to get the expected total downloads. The true total downloads in test set is shown in the
second column in Table 2. The result predicted by Models 1 and 2 are shown in column 3 and 4
respectively. The results for both models are quite close to the true value, which demonstrates the
predictive power for both models. Based on the preliminary results, the model considering
interaction among recommended apps performs better.
Table 2. Prediction on number of downloads
Real
Model 1
Model 2
# of downloads
102545
102360.2
102848.7
error
184.8 (0.18%)
303.7 (0.30%)

4. Related Work
Due to the increasing popularity of smart phones, app recommendation problem starts to receive
more attention from the research community [3, 4, 5, 6]. Kim et al. [3] used semantic relations
among apps to recommend apps to the users who consumed similar apps. Lin et al. [4] considered
the version update issue in app recommendation. They used a topic model to capture the version
feature, and combined it with gradient tree boosting to predict which app would be accepted by
users. Liu et al. [5] incorporated privacy preference in app recommendation to compute the new
personalized rating of apps after balancing functionality and privacy. Yin et al. [6] introduced the
concept of satisfactory value and tempting value of apps, and used a probabilistic model which
incorporated satisfactory value and tempting value to predict which app would be accepted by
users. All the above work focused on computing user-item scores, which can be used as the
personalized rating which is the input of our model, and ignored the context and interaction among
apps recommended to users.
Context-aware recommendation has drawn the attention from researchers. Specifically in
our paper, the context is the apps browsed or downloaded in current session, which imply the
purpose of the current visit. Garcin et al. [1] proposed a context tree model to improve the news
recommendation performance. They first used the present browsing behavior to build the context
tree and then combined it with expert knowledge to recommend the news that the user is going to
read. Javari et al. [2] used Markov chain model to compute the probability of adopting a new item
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given the adoption status of last k rated items. The probability was computed by multiplying all
the weighted transition probability from rated item to new item together, which is somehow like
how we incorporate the context in our model. However, none of the above work considers
interactions among items recommended to users.
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Abstract
There are approximately 1200 active crowdfunding platforms across the world, which together
channeled $16.2 billion in 2014, representing a 167 percent increase from $6.1 billion in 2013
(Massolution 2015). The existing research, however, mainly studies crowdfunding platforms
individually. In this paper, we investigate two most popular crowdfunding platforms in the USA
and China, namely, Kickstarter and Zhongchou. We adopt an exploratory approach and
compare two platforms from three perspectives: project category distribution, funding success
and success predictability. For each perspective, our results show that both platforms
demonstrate some similarities and differences, possible explanations are then provided.
Contribution and future extensions are also discussed.
Keywords: Crowdfunding, Kickstarter, Zhongchou, Comparison, Funding Success

1. Introduction
The increasing use of crowdfunding warrants its importance of research. This new form of
venture financing allows entrepreneurs to directly appeal to the general public (i.e., the “crowd”)
for help in getting their innovative ideas off the ground, either in the form of donation or in
exchange for some form of reward in order to support initiatives for specific purposes
(Kuppuswamy and Bayus 2013; Belleflamme et al. 2014). Today, there are approximately 1200
active crowdfunding platforms across the world, which together channeled $16.2 billion in 2014,
representing a 167 percent increase from $6.1 billion in 2013 (Massolution 2015). The existing
research, however, mainly studies crowdfunding platforms, such as Kickstarter, individually
(Mollick 2014).
We believe that the varieties of crowdfunding platforms provide us with great opportunities to
further investigate the synergies and differences of crowdfunding in different countries. In this
paper, we investigate two most popular crowdfunding platforms in the USA and China, namely,
Kickstarter and Zhongchou. We adopt an exploratory approach and compare two platforms from
three perspectives: project category distribution, funding success and success predictability.
This paper is organized as follows. We first briefly review literature related to the crowdfunding.
We then describe our data sample. After that, we present and discuss our results. Finally, we
provide conclusions and discuss opportunities for future research.

2. Background and Literature Review
Crowdfunding has its origins in the nonprofit sector (Kuppuswamy and Bayus 2013). Although
crowdfunding is a relatively new phenomenon, existing research has greatly advanced our
understanding of this viable method of funding new ventures. Some researchers have identified a
variety of factors that may directly or indirectly impact the funding success of a project, such as

105

project category and funding goal (Greenberg et al. 2013; Mollick 2014). Some researchers have
found that there is a strong geographical component to the nature of projects. For example, more
projects about country music are from Nashville, Tennessee (Agrawal et al. 2014). Other
researchers have provided practical guidance after the crowdfunding project is launched (Etter et
al. 2013). Existing research studies, however, mainly focus on single platforms and there is no
study on different platforms, let alone across different countries.
In this paper, we choose Kickstarter and Zhongchou, the most popular crowdfunding site (in
terms of number of projects created and funded) in the USA and China, respectively. On
Kickstarter, there are totally 217,590 projects created and 80,971 of them were successfully
funded; Zhongchou has 6,792 projects in total created and 1801 of them were successfully
funded. Both platforms follow a rule called all-or-nothing, which means no one will be charged
for a pledge towards a project unless it reaches its funding goal (Kickstarter 2014). This greatly
helps the comparability of the two platforms. Specifically, we compare the two platforms from
three perspectives: project category distribution, funding success and success predictability.

3. Data Description
We gathered all the available project data from Kickstarter (kickstarter.com) and Zhongchou
(zhongchou.cn). Our final data sample contains 88,008 Kickstarter projects and 5,511
Zhongchou projects between January 2013 and December 2014. The two platforms use different
currencies (US dollar and Chinese yuan), in order to ensure the comparability, we convert all
Chinese yuan into US dollar by using the exchange rate of 0.16.
Kickstarter

Projects
Percentage
Pledged ($)
Pledges

Goal ($)
Backers
Final ($)
Ratio

Zhongchou

Successful
37908
43.1%
771783320
10052736

Failed
50100
56.9%
83131196
1083436

Successful

Failed

Panel A
Total
88008
100%
854914516
11136172
Panel B
Total

10002
265
20359
5.71

47001
22
1659
0.10

31064
127
9714
2.52

Successful
1733
31.4%
12551760
177855

Failed
3778
68.6%
634340
19705

Total
5511
100%
13186100
197560

Successful

Failed

Total

5284
103
7243
2.14

3696
5
168
0.05

4196
36
2393
0.71

Table 1. Data Statistics of Kickstarter and Zhongchou
Table 1 shows the data statistics of our data sample, broken down by platforms and funding
success status. Panel A reports the results at the aggregated level. The results show that 43.1% of
Kickstarter projects and 31.4% of Zhongchou projects are successfully funded. Results also show
that, for those successful projects, roughly 772 million is collected on Kickstarter and only 13
million is collected on Zhongchou. Results in Panel A together show that the scale of Kickstarter
is much larger than that of Zhongchou, in terms of number of projects created, funds collected
and number of pledges made.
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Panel B reports the results at the project level (average). Results show that, on Kickstarter, the
average goal of failed projects is 4.7 times as high as that of funded projects. This is consistent
with the general understanding that lower funding goals are easier to reach. However, the
opposite is found on Zhongchou, where the average goal of failed projects is lower that of
funded projects. In addition, the results show that the average funding ratio on Kickstarter is
much higher than that on Zhongchou, indicating projects on Kickstarter are more likely to be
overfunded. Overall, the results in Table 1 provide evidence that, although sharing some similar
patterns, Kickstarter is more mature than Zhongchou.

4. Results
4.1 Project Category Distribution
Project category is among the first things a creator needs to think over before even starting a
project. Both Kickstarter and Zhongchou provide creators with a wide variety of categories to
choose from. Kickstarter has 15 categories and Zhongchou has 11 categories. The difference of
the category structure and distribution on the two platforms may imply the culture and value
difference between the two countries. For example, there are 5% of projects on Zhongchou are
under Agriculture category but there is no Agriculture category at all on Kickstarter. This
difference interestingly reflects the fact that China, as an agriculture country with a larger
population, pays more attention to the improvement of basic living substances. The distribution
of categories can also reflect the preferences and the trend of projects over time. However, we
only collect two years’ data and we don’t notice any notable changes between these two years, so
the figure of over time trend is not included in this paper.

Figure 1. The Category Distribution of Projects
There are also five categories in common on both platforms, they are Art, Design, Technology,
Publishing and Entertainment (There is no “Entertainment” in Kickstarter. We merged Music
and Film & Video into this category to compare, because the category “Entertainment” in
Zhongchou consists mostly of Music and Film & Video). Figure 1 shows that 34% of projects on
Kickstarter are entertainment related and only 16% on Zhongchou are entertainment related. The
difference would be even bigger if we also consider games or dance as entertainment related.
These results are consistent with the traditional and conservative culture of China. Surprisingly,
we find that the percentage of Technology on Zhongchou (11%) is much higher than that on
Kickstarter (6%). This may indicate the scope difference of categories between two platforms.
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4.2 Funding Success
Having projects successfully funded is crucial to creators since it provides not only the initial
funds but also access to valuable future resources (Zhou et al. 2015). The pass of the “pilot test”
can reinforce project owners’ confidence, gain exposure, help them connect to potential venture
capitalists (VCs), and eventually turn their projects into entrepreneurial firms. In this subsection,
we report the results from two angles: funding success rate and funding ratio. Because the
Design category counts less than 1% of projects on Zhongchou, we only compare the projects of
other four common categories (Art, Technology, Publishing and Entertainment).
4.2.1 Funding Success Rate
As implied by its name, funding success rate is calculated as the number of projects that are
eventually successfully funded divide the total number of projects. Figure 1 (a) represents the
funding success rate of those four common categories across two platforms. Considering the
maturity of Kickstarter and general investment environment in the USA, it may be surprised to
find that funding success rates on Kickstarter are consistently lower than those on Zhongchou.
However, as illustrated in Figure 1 (b), the absolute number of funded projects on Kickstarter is
significantly greater than on Zhongchou. The much higher number of projects on Kickstarter will
definitely increase the competitions among projects, especially when numbers of backers are not
proportionally large enough. This explains why the funding success rate is lower on Kickstarter.

(b)
(a)
Figure 2. Success Ratio and Number of Funded Projects
4.2.2 Funding Ratio
The funding ratio of a project is calculated as the total money pledged divide by the project goal,
regardless whether the project is eventually funded or failed. A funded project has a funding ratio
equal to or greater than one, and a project can be overfunded at different degrees. Figure 3
demonstrates the funding ratio distribution of both Kickstarter and Zhongchou. Here X-axis
represents the funding ratio. As for Y-axis, it shows the normalized frequency of a particular
funding ratio. Because Zhongchou and Kickstarter have different sizes so that the original
frequency numbers are not comparable, we normalize the original frequency using the total
number of projects in Kickstarter and Zhongchou respectively. Our results on both platforms are
consistent with the finding of Mollick (2014) that crowdfunding projects mostly succeed by
narrow margins but fail by large amounts. However, we also find that the distribution line of
Kickstarter is almost always above the line of Zhongchou, both before and after the threshold
(funding ratio of one). This has three implications. First, the overall funding ratio on Kickstarter
is higher than that on Zhongchou; second, the backers on Kickstarter are more likely to overfund
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(continue to contribute funds) a project even the project already reaches its funding goal; third,
backers may demonstrate a herding effect in crowdfunding platforms.

Figure 3. Funding Ratio Distribution
4.3 Funding Success Predictability
As discussed above, previous research on crowdfunding has identified a variety of factors that
may directly or indirectly impact the funding success of a project. These factors have been
incorporated by some researchers to predict the funding success of projects, in hoping to provide
guidance for creators to maximize the funding success (Greenberg et al. 2013; Mollick 2014). In
this subsection, we compare the predictive power of those common factors available to both
platforms. For the sake of comparability, we only compare the projects in those four common
categories mentioned above. Since we classify a project as either a success or a failure dependent
on whether it meets the funding goal. So we use a logistic regression model to study the impact
of various factors on the success of a project, shown below.

The un-tabulated results (because of space limitation) show that the model achieves an Fmeasure of 69% on Kickstarter and 64% on Zhongchou. This implies that those common factors
have more predictive power on Kickstarter than on Zhongchou. Our prediction rate, values and
signs of coefficients on Kickstarter are all comparable to those reported by other researchers
(Greenberg et al. 2013), which indicates that our results are reliable. However, there are some
differences in terms of magnitude on two platforms. For example, adding one image to project
description can increase the funding success rate by 1.7 percentage points on Kickstarter but the
increase is 1.2 percentage points on Zhongchou.

Figure 4. The ROC Curves of Models on Kickstarter and Zhongchou
ROC (Receiver Operating Characteristic) curve is an important tool to evaluate prediction
performance. As shown in Figure 4, compared to the model ROC curve on Zhongchou, the curve
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on Kickstarter is more convex toward upper-left. This indicates that the model on Kickstarter has
a higher true positive rate and a lower false positive rate, which is more useful for backers to
make their funding decisions. In another word, those common factors in the model have better
prediction performance on Kickstarter than on Zhongchou.

6. Conclusion and Future Work
This paper investigates two popular crowdfunding platforms, Kickstarter in the USA and
Zhongchou in China. The paper contributes to the crowdfunding literature in two ways. First,
this study is among the first to study different crowdfunding platforms and across different
countries. Second, this study provides meaningful findings by comparing two platforms from
three perspectives: project category distribution, funding success and success predictability.
This study can be extended in several ways. First, the time range of data sample can be increased
to study the changes and trends over time. Second, the comparison can be extended to include
marketing strategies on two platforms. Third, future study can also apply natural language
techniques to project descriptions to facilitate the measurement of project quality.
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Abstract
Microfinance provides capital for underprivileged people for poverty alleviation. Microfinance
Institutions (MFIs) raise fund from different sources and operate on the principle of sustaining itself.
Due to the risky nature of business, high capital costs and monitoring costs, MFIs need to charge much
higher interest rate than traditional banks. Prosocial lending crowdfunding platforms provide a new
source of low-cost capital for MFIs. The low cost may help to decrease MFI interest rate. Meanwhile,
the monitoring from the crowdfunding platform due to the disclosure of loan portfolio may also
motivate MFIs to improve their performance. In this paper, we study the impact of prosocial lending
crowdfunding platforms on MFIs, specifically the interest rate and operational performance, using
data collected from Kiva, the largest prosocial lending crowdfunding platform, and Microfinance
Information Exchange, a data center for MFIs to provide their information. Our results suggest
decreased interest rate and enhanced operational performance of loan management of MFIs after
partnering with Kiva.

Keywords: Microfinance, MFI, Crowdfunding, Prosocial Lending, Capital Cost, Interest Rate

1. Research Background and Objectives
Microfinance provides capital for underprivileged people who are usually turned down by
traditional banks. It serves the purpose of poverty alleviation for decades. Microfinance
Institutions (MFIs) raise fund from different sources such as customers, donors or government
funding and support small projects of poor people around the world. Due to the risky nature of
MFI loans, high capital costs and monitoring costs, MFIs charge relatively higher interest rates
(Morduch 1999).
Internet-based crowdfunding provides a new way of raising capital for MFIs. Crowdfunding
platforms enable people with financial needs to raise fund from multiple individuals online.
Funders are offered equity, interest, rewards, products or simply warm glow of doing charity in
return. Some platforms focus on prosocial lending to underprivileged people. Although the “crowd”
model, in general, proclaims peer-to-peer lending mechanism, it is possible for intermediaries (e.g.
MFIs) to utilize such platforms to raise fund. We use Kiva, the largest prosocial crowdfunding
platform, to further explain.
Kiva started in 2005 and now has about 1.4 million lenders from 84 countries. Almost a million
projects have got funded through Kiva. The projects, however, are not organized and posted by
individual borrowers, as people would assume, but a variety of organizations including MFIs, i.e.
field partners of Kiva. Figure 1 shows the basic life cycle of a loan between field partner and Kiva
platform. The field partner selects the loans and submits applications to Kiva. Upon Kiva’s
approval, the loans are available on Kiva site for lenders to review and fund. The money is
transferred to the field partner once the project is 100% funded. The field partner also needs to
collect repayment and update loan status to Kiva. For each loan, Kiva website provides detailed
information about the borrower, the project and the field partner who is in charge of the loan. Field
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partner information gives performance metrics such as rating on Kiva, interest rate, and default
rate, etc. From lenders’ point of view, they give interest-free loans to help borrowers. For
borrowers, they still deal with organizations like MFIs and have to pay interest rate. For field
partners, they get interest- and fee-free capital from Kiva lenders (Kiva charges no fees as it runs
on donations from other sources).

Figure 1 Basic Life Cycle of Loan
(Source: Kiva 2015, A Guide to Kiva for Potential Field Partners, p.6)

Working with crowdfunding platforms has implications for MFI operations and performance. First,
we expect the interest rate to go either way or shows no significant change. Capital cost is one of
the major reasons that drive the high interest rate of MFIs (Morduch, 1999; Bogan, 2002). MFIs
get funding mainly from donation, government funding or commercial loans, which are often
costly or not very reliable. The interest-free money from crowdfunding platforms, however, is a
much better capital source. The connectivity of the Internet makes millions of potential lenders
within reach through the platform. MFIs do not need to spend time and effort on marketing or
fundraising as the platform does the promotion and the MFIs are almost invisible. As the platform
grows, every MFI on it benefits. The cost of MFIs is limited for preparing project materials, going
through the application process and managing status updates. With reduced capital costs, MFIs are
expected to reduce interest rate. However, cheap capital may also motivate MFIs to take more
risky projects than before. These risky projects will incur higher monitoring costs or even loan loss
and thus make MFIs lose the capacity to reduce interest rate.
Second, we expect MFIs to improve their monitoring and operational efficiency. The platform
requires details and status updates to be published online for each single project. Such full
disclosure of loan portfolios renders MFIs under the monitoring of a “crowd” of stakeholders.
Traditionally, donors or other stakeholders get to know or monitor the performance of MFIs
through limited information disclosure (e.g., financial statements) and they hardly scrutinize loan
portfolios. Now any lender can access the details of all loans handled by any MFI as long as they
are raised on the platform. Also, the peer-to-peer concept of crowdfunding builds a psychological
bond between lenders and borrowers as each lender thinks she is helping a specific borrower with
a specific project. Lenders would care about the welfare of the borrowers and may want to follow
up. The pressure of being socially responsible to stakeholders may lead to positive reactions of
organizations (Campbell, 2007; Aguilera and Jackson 2003). MFIs would be more cautious
selecting projects and work harder to monitor the progress of loans.
The current study examines the impact of the Internet financing channel on traditional
microfinance and intends to establish a link between the Internet business innovations and a
traditional business model. Specifically, we investigate whether MFIs strategies and performance
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change after they utilize crowdfunding platforms. In this early draft, we focus on the changes of
MFI interest rates and loan loss. The initial results suggest a significant decrease in interest rates
after MFIs adopt Kiva. Also, their interest rate drops more as they rely more on Kiva for capital.
We also find that loan loss of MFIs decreases as they use Kiva. The evidence may indicate that
MFIs operations and performance improve after adopting crowdfunding.
We seek to make contribution to the literature in microfinance and crowdfunding. Research on
MFIs focuses on why and how microfinance works by examining various mechanisms that may
affect MFIs strategies and performance. Morduch (1999) analyzed different programs and
discussed in detail the mechanisms each program takes to ensure sustainability. Loan contract
terms are considered to significantly affect MFIs’ strategies and performance (e.g. Ghatak and
Gunnane 1999; Rai and Sjostorem 2004; Fischer 2012; Field et al. 2013). Also, the organizational
structure of MFIs, e.g. commercial vs. non-profit and the competition between them, may also
impact their strategies and performance (e.g. McIntosh and Wydic 2005; De Janvry et al.2010;
Tchakoute-Tchuigoua2010). The literature on prosocial crowdfunding is emerging. Extant
research has investigated the factors that affect lenders’ incentive to lend (Galak et al. 2011; Gajjala
et al. 2011; Burtch et al. 2014). For example, Burtch et al. (2014) examined the impact of cultural
and geographical distance and found that lenders prefer to lend to proximate borrowers with
similar cultural background. However, there is little discussion on the impact of crowdfunding on
traditional relevant business. Our study may bridge the literature in MFIs and crowdfunding by
shedding lights on the implications of crowdfunding as a financing channel on microfinance
industry.

2. Empirical Analysis
2.1 Data
We obtained data from Kiva website and general MFI information from Microfinance Information
Exchange (MIX), which is a data center where MFIs share data about themselves. Kiva data
provides field partner information disclosed by themselves and all loans they have presented on
Kiva since the start of 2005 until June 1st 2014. The MIX data include annual financial information
of MFIs from 1995 to 2014. We manually identified 122 matches between field partners on Kiva
and MFIs in MIX data. Thus, the final dataset contains 122 field partners/MFIs’ financial and
operational information from 1995 to 2014 and their loan activities on Kiva from 2005 to 2014.
There is a total of 1,242 observations for 122 MFIs.
2.2 Variables
The dependent variables are the performance and operational metrics of MFIs. In initial empirical
analysis, we use “yield on gross portfolio” measures the level of MFI’s interest rate (both nominal
and real after inflation adjustment) and “write off ratio”, which is an indicator of loan loss. We
measure the usage of Kiva with two variables. First is a dummy variable indicating the time period as
before or after partnering with Kiva for an MFI. Kiva data shows the date when a MFI becomes a field
partner. To be more precise about the Kiva impact, we set the year as “After” if the start date is between
January and June. If the start date is between July and December, we still code this year as “Before”
and the “After” year starts next year. The other variable measures the extent to which a MFI’s funding
relies on Kiva, as the percentage of Kiva loans in all outstanding loans by the MFI each year.
2.3 Empirical Models
Our empirical model to investigate the relationship between kiva usage and interest rate of MFIs
is as follows:
𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡𝑅𝑎𝑡𝑒𝑖𝑡 = 𝛽0 + 𝛽1 𝐾𝑖𝑣𝑎𝑈𝑠𝑎𝑔𝑒𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡
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Where i represents the MFI and t indicates the years. ui indicates the MFIs fixed effect to control
the unobserved heterogeneity of MFIs. The dependent variable, InterestRateit is the yearly yield
(nominal and real) of MFI i in year t. KivaUsageit is the Kiva usage of MFI i in year t measured
by two indicators, the Before/After dummy and the percentage of Kiva loans. The control variables
in the model includes age, size, sustainable or not last year, cost per loan, financial intermediation,
loan loss rate, the percentage of female borrowers, and average loan size.
The model for write off ratio is similar, as follows:
𝑊𝑟𝑖𝑡𝑒𝑜𝑓𝑓𝑅𝑎𝑡𝑖𝑜𝑖𝑡+1 = 𝛽0 + 𝛽1 𝐾𝑖𝑣𝑎𝑃𝑒𝑟𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡
The dependent variable, WriteoffRatioit+1 is the write off ratio of MFI i in year t+1 measures MFI’s
loan performance. The lag is to better account for the impact of Kiva, as average repayment term
of loans on Kiva is around 12 months. For independent variable, KivaPerit is percentage of Kiva
loans. Control variables include age and variables related to loan structure, such as average loan
size and percentage of female borrowers, which may affect loan performance of MFI.
2.4 Results
Table 1 reports the summary statistics of the variables. Real and nominal interest rate are averagely
25.3% and 34.1% and can go as high as 92%. The write off ratio of MFIs has an average of 2.1%,
but can go up to 67.8%.
Table 2 reports the results of interest rate study. Both indicators of using Kiva show the pattern of
negative impact on interest rate. The results of Model 1 and 2 suggest that MFIs decrease their
interest rate after joining Kiva. The results of Model 4 show that the more the MFI relies on Kiva
funding, the lower their nominal interest rate can be, while Model 3 does not have significant result.
In general, the evidence is consistent with our projection that using crowdfunding channel reduces
capital cost and thus the interest rate. For control variables, the results are consistent with findings
in the literature. For example, the smaller the average loan size, the higher the interest rate, as the
higher interest rate need to be charged to cover the fixed cost of smaller loans.
Table 3 demonstrates the impact of using Kiva on loan operation performance of MFIs. The
percentage of Kiva loans shows significant negative impact on the write off ratio. It suggests that
the more Kiva loans, the lower the write off ratio. The results provide empirical evidence that using
crowdfunding channel enhances the operational performance of loan management.
Table 1. Descriptive statistic of variables
Variables
Real Interest Rate
Nominal Interest Rate
Write Off Ratio (t+1)
After Kiva
Percentage of Kiva loans
Age_Young
Age_Mature
Sustainable or not Last Year
Cost per Loan
Financial Intermediation_low
Financial Intermediation_high
Loan Loss Rate
Percentage of Women Borrower
Average Loan Size
MFI Size

Obs
900
900
970
1,242
434
1,241
1,241
1,045
762
947
947
1,021
1,062
1,173
1,218

Mean
0.253
0.341
0.021
0.395
0.161
0.194
0.663
0.671
154.8
0.244
0.242
0.030
0.696
0.510
2.5E+07
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Std. Dev.
0.134
0.136
0.043
0.489
0.202
0.396
0.473
0.470
316.4
0.430
0.428
0.403
0.238
0.644
9.2E+07

Min
-0.220
0.010
-0.006
0
0.000
0
0
0
8.0
0
0
-0.259
0.000
0.003
2.30E+02

Max
0.860
0.920
0.678
1
0.970
1
1
1
8,295
1
1
10.97
1.102
8.252
1.27E+09

Table 2. The Impact of Partnering with Kiva as Field Partner on Interest Rate of MFIs
Dependent Variables
After Kiva or Not

Model 1
Real
-0.0144**
(0.0075)

Model 2
Nominal
-0.0134**
(0.0060)

Model 3
Real

Percentage of Kiva Loans

-0.0398
(0.0313)
Age_Young
-0.0071
-0.0124
0.0493**
(0.019)
(0.0150)
(0.0238)
Age_Mature
-0.0238
-0.0447***
0.0792***
(0.0210)
(0.0169)
(0.0280)
Sustainable or Not Last Year
0.0046
0.0066
0.0011
(0.0096)
(0.0078)
(0.0119)
Cost Per Loan
0.0001
0.0000
0.0011
(0.0001)
(0.0000)
(0.0119)
Financial Intermediation_low
-0.0362***
-0.0238**
-0.0378**
(0.0132)
(0.0107)
(0.0174)
Financial Intermediation_high
-0.0309
-0.0228
-0.0371
(0.0196)
(0.0158)
(0.0241)
Loan Loss Rate
-0.0020
-0.0392
0.1260
(0.0833)
(0.0672)
(0.1100)
Percentage of Female Borrower
0.1360***
0.1630***
-0.0269
(0.0452)
(0.0364)
(0.0655)
Average Loan Size
-0.0317**
-0.0401***
-0.0169
(0.0154)
(0.0124)
(0.0235)
MFI Size
-3.08e-11
-3.97e-11
1.22e-11
(5.20e-11)
(2.89e-11)
(7.07e-11)
Constant
0.2010***
0.2920***
0.2070***
(0.0404)
(0.0326)
(0.0562)
MFIs individual effect
Yes
Yes
Yes
Observations
662
662
339
R2
0.0629
0.133
0.066
Significant at the *** 1% level, ** 5% level, and * 10% level. Standard errors in parentheses.

Model 4
Nominal

-0.0690***
(0.0223)
0.0136
(0.0169)
-0.0023
(0.0199)
0.0001
(0.0085)
0.0001
(0.0085)
-0.0364***
(0.0124)
-0.0315*
(0.0171)
0.1550**
(0.0781)
0.0211
(0.0466)
-0.0120
(0.0167)
-3.37e-11
(5.03e-11)
0.3550***
(0.0399)
Yes
339
0.109

Table 3. The impact of Partnering with Kiva as Field Partner on Loan Operation Performance
Write Off Ratio (t+1)
-0.0257**
(0.0120)
Age_Young
-0.0056
(0.0080)
Age_Mature
0.0003
(0.0104)
Percentage of Women Borrower
0.0393
(0.0324)
Average Loan Size
0.0025
(0.0082)
Constant
-0.0032
(0.0242)
MFIs individual effect
Yes
Observations
276
R2
0.0403
Significant at the *** 1% level, ** 5% level, and * 10% level. Standard errors in parentheses.
Percentage of Kiva Loans
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3. Conclusion and Future Work
We investigate how prosocial microlending crowdfunding platforms would affect MFI operations.
Our empirical results show that usage of crowdfunding channel is indeed associated with decreased
interest rate and loan loss. The evidence supports the hypotheses that raising capital from
crowdfunding platforms has positive impact on MFIs: lower capital cost coupled with crowd
monitoring gives MFIs incentive and pressure to reduce interest rate and achieve better loan
performance. The paper contributes to the understanding of the link between microfinance and
crowdfunding. Our study reveals that crowdfunding is a viable and beneficial channel for
microfinance to raise capital and may profoundly change the horizon of microfinance and poverty
alleviation.
We also acknowledge that there is much work to do to strengthen our empirical findings and
explicate the underlying mechanisms that lead to the decrease of interest rate and write off ratio.
First, alternative empirical design (current one is within design) and instrument variable will be
used to enhance our empirical result. Second, we will use alternative dependent variables to further
investigate the impact on operation of MFIs and the underlying mechanism, e.g. financial cost,
operating cost per loan.
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Abstract
The criteria often vary from person to person in evaluating Crowdfunding campaigns. Some
investors are concerned with the fundraiser profiles in perspective of human capital value. On
the contrary, other investors are more interested in the creative ideas, emphasizing the quality of
campaigns alone. Basically, in limited text, campaigns can be described in one of the following
two literal ways: highlighting persons or highlighting ideas. These two types of content emphasis
can be extracted by employing text mining from various textual sources, such as project titles,
abstracts, and detailed descriptions. Empirical study of Kickstarter finds that, the title and the
abstract should put emphases on the “person” aspect; while the detailed description should let
investors know more “idea” aspect.
Keywords: Crowdfunding, Text Mining, Investment intention, Text content emphasis

1. Introduction
Writing, to be effective, must follow closely one clear thought of the writer. For some user
generated contents, due to the limitation of text length, writers tend to highlight certain aspects
on a thing or a person to persuade others. In Crowdfunding platforms, the fundraisers often try to
polish the description by emphasizing some aspects to attract more investors to support
financially. And the fundraisers can describe a project using various types of texts, such as
project title, abstract, and detailed description. So we aim at examining whether the textual
description should emphasize the “person” or the “idea” in different levels of texts.
The purpose of analyzing the text content emphasis is to explore how different the impacts of
“human capital” and “non-human capital” are on the investment intention to Crowdfunding
campaigns. To attract more investors, a start-up business may follow one of the two ways: (1)
advertise the creative ideas; (2) display the fundraiser qualification, such as personal skills and
reputation. However, fundraisers are usually unable to cope with one way without letting go of
the other way (Marom and Sade, 2013). With short time and limited resources, they can hardly
deliver the project information in detail, just as elevator pitch does (Pincus, 2007). The experts of
venture capital have long debated whether the investors prefer to fund “peoples” or fund “ideas”.
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Taking academic publication as example, some text sections are more important than other
sections, such as abstract (Ohtani, 2008). Thus, it is necessary to identify how the campaign
description affects the funding results for the campaigns at different text levels.

2. Literature Review
In order to attract investors, founders may take various tricks to convince investors. There are
two totally different trends: (1) highlight the project idea; (2) emphasize the creator (or team) on
personal ability. Because of limited time and resources, similar to the elevator pitch (Pincus,
2007), highlighting on one aspect will weaken the other inevitably. Table 1 summaries the
research progress related to our study.
Table 1. Summary of the research progress related to our study
Citation
Marom and Sade

Year
2013

Main conclusions
People aspect is more important
than the idea aspect.

Gaps
Do not consider the category, and investors may hold different criteria on different
categories;
The successful ratio of the sample is about 80%, it is too high which results in huge
difference between the negative samples and positive samples;

Mollick

2014

Successful campaigns is positively
correlated with the number of
Facebook followers.

It shows the importance of the “people” aspect, but it does compare the differences
between the human capital and non-human capital;
Do not consider the category, and investors may hold different criteria on different
categories;

Debrulle
Maes et al.

and

2014

People aspect is more important
than the idea aspect.

Do not consider the characteristics of crowdfunding campaigns;
Crowdfunding projects come from various industries, it may have huge differences
between categories;

Munari
Toschi

and

2015

Regional characteristics is an
important factors to assess whether
to invest for the VC firms.

Regional Characteristics is similar to project’s creativity, but there are many
difference as well;
Do not consider the characteristics of crowdfunding campaigns;

Brinckmann and
Kim

2015

Highly educated entrepreneurs tend
to create more pragmatic and
formal business plan.

Highlight the importance of entrepreneurs, but it does not compare with the
creativity of the Crowdfunding campaigns;
Do not consider the characteristics of crowdfunding campaigns;

Existing studies show that the product quality can be revealed by linguistic features (Pennebaker
and Mehl et al., 2003) and it shows that the higher pledge goal of the campaign, the founder’s
name (or team name) is mentioned more frequently in the description text. It means that the
founder expects to persuade the investors by their identity, professionalism and education when
the creator has large ambition rather than the idea itself (Marom and Sade, 2013).
In practice, Arthur Rock, a legendary venture capitalist, once said: “I invest in people, not their
ideas”. His opinion is that an excellent entrepreneur can always find the opportunity to success,
even if the final business is far from the planned area. This leads to the following hypothesis.
H1: Highlight in person aspect is more likely to persuade investors, namely, promotes
successful crowdfunding campaigns.

3. Research Data and Research Model
3.1 Data Collection and Summary Statistics
The data comes from kickstarter (www.kickstarter.com), one of the largest reward based
crowdfunding platforms. We develop a crawler to collect all the campaigns from Kickstarter,
Table 2 shows the statistics for the sample.
Table 2. The category statistics for the sample
Category
Art
Comics
Crafts

Number
10420
3740
1112

Percentage
8.23%
2.95%
0.88%

Avg. goal
20549
8312
5076

% of goal
8.96%
1.30%
0.24%
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Avg. pledged
3686
7772
2731

% of pledged
3.25%
2.46%
0.26%

Success ratio
56.56%
56.18%
47.30%

Dance
Design
Fashion
Film & Video
Food
Games
Journalism
Music
Photography
Publishing
Technology
Theater
Sum

1817
7091
4988
29524
5793
8519
813
25584
3796
13582
4172
5642
126593

1.44%
5.60%
3.94%
23.32%
4.58%
6.73%
0.64%
20.21%
3.00%
10.73%
3.30%
4.46%

5537
23451
11727
28509
17528
32141
39198
7885
7627
8950
57731
10759
18867

0.42%
6.96%
2.45%
35.24%
4.25%
11.46%
1.33%
8.45%
1.21%
5.09%
10.08%
2.54%

3740
25268
7322
7395
8185
28655
5004
4496
3656
3726
41108
4403
9343

0.57%
15.15%
3.09%
18.46%
4.01%
20.64%
0.34%
9.73%
1.17%
4.28%
14.50%
2.10%

75.34%
45.89%
38.07%
49.60%
44.61%
45.10%
45.88%
64.82%
44.15%
40.98%
41.23%
71.38%
52.18%

3.2 Text Content Emphasis Detection Model
In a crowdfunding description, the founder often introduces both the “people” aspect and “idea”
aspect. Therefore, it is unreasonable to consider the text as a binary variable arbitrarily. Existing
studies have shown that the higher pledge goal of the campaign, the founder’s name is mentioned
more frequently. Therefore, it is reasonable that the more number of founders’ name been
mentioned, the more emphasis on “people” aspect; otherwise, more emphasis on the “idea”
aspect (Marom & Sade, 2013). And the founders’ names are often referred as shown in Table 3.
Table 3. The statistical indicators for text content emphasis
Statistical indicators
Really name
User name
Co-founders
Team name or company name
The name on social network

Explanation
The real name of the founder.
The username on the Kickstarter.
Many projects are initiated by multiple founders.
Some projects are initiated by a team or group.
The name on Facebook, Twitter and Flickr

To verify the relationship between the results for the text mining and manual label, we choose
the detailed description text for verifying specially, and Figure 1 shows the statistical relationship
on 600 projects. With the increasing of the number of names mentioned in the detailed text, text
content emphasis tends to “people” aspect gradually. In detail, the text content emphasis is 2.33
in absence of any one name in the text, and it shows a significant trend that the number of names
in the text are positive correlated with the text content emphasis tends which proves the
effectiveness of the text mining.

Figure 1. The statistical relationship between the results of manual label and text mining

3.3 Econometric Models
Equation (1) shows the main econometric model. In which, Project_statusi means the project
'
i ’s status, which is a dummy variable. Content_emphasisi represents the text content emphasis,
Control_variablesi'
represents control variable vector,  indicates the intercept,  and  means
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the coefficients for text content emphasis and control variables respectively,  i represents the
error term.

Project_statusi    Content_emphasisi' .  Control_variablesi' .   i

(1)

4. Results and Discussion
4.1 Text Content Emphasis Results
Table 4 shows the results of text content emphasis analysis, from which we can get an intuition
that the successful campaigns have higher frequency of names than the failed ones. Namely, the
campaigns emphasize the “people” aspect are more likely to be funded successfully.
Table 4. The results of text content emphasis analysis
Text level
Title level

Abstract level

The first 100 words

Detail description

Campaign group
All campaigns
Successful campaigns
Failed campaigns
All campaigns
Successful campaigns
Failed campaigns
All campaigns
Successful campaigns
Failed campaigns
All campaigns
Successful campaigns
Failed campaigns

# of names
18134
12612
5522
13648
9379
4269
38184
23238
14946
187925
119120
68805

# of campaigns
17317
12041
5276
12698
8741
3957
26687
16103
10584
50391
30596
19795

Avg.
0.14
0.21
0.08
0.11
0.15
0.06
0.30
0.38
0.23
1.48
1.97
1.04

4.2 The Impact of Text Content Emphasis on Investment Intention and Discussion
Table 5 shows the results of text content emphasis on different campaigns categories. In general,
emphasis on “people” in title level, abstract level and the first 100 words promotes the successful
campaigns. Specifically, for art-related campaigns, highlight on “people” in title level, abstract
level and the first 100 words improves the successful ratio; however in detailed text level,
highlight on “people” cannot promote the successful campaigns. While for technology-related
campaigns, highlight the “people” is useful only in the title text level, but it cannot increase the
successful ratio in any other text levels. The possible reason is that the backers may be more care
about the “idea” for technology-related projects rather than the founder (Marom & Sade, 2013).
Finally, for life-related campaigns, emphasis on “people” does not have positive impact on
successful campaigns, except for the “food” in title text level.
Table 5. The regression results for text content emphasis
Parent class

Art-related

Technology-related
Life-related

Category
Art
Film & Video
Music
Photography
Publishing
Design
Fashion
Theater
Comics
Dance
Technology
Games
Food
Crafts
Journalism

All campaigns
***p < 0.001, **p < 0.01，*p < 0.05

Title level
.088***
.068***
.087***
.135***
.102***
.104***
.048**
.015
.046
.043
.089**
.060*
.063***
.000
.103
.128***

Abstract level
.037*
.031**
.039***
.115***
.103***
-.007
.015
.057***
.060*
.076***
.046
-.001
.029
.062
.069
.066***
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First 100 words
.013*
-.006
-.002
-.012
.004
.004
-.003
.023*
.025*
.023
.011
.008
.003
.058
-.041
.004*

Detail text level
-.002
.004***
-.001
.003
.000
-.000
.000
.003
-.003
.002
-.000
-.000
.000
-.000
.006
-.000*

4.3 Robustness Check
Firstly, we adopt different models to test the robustness, and the results are shown in Table 6. As
can be seen, almost all the models show the same trends which indicates that the “people” aspect
promotes the successful campaigns in title level, abstract level and the first 100 words, but it
demotes the successful campaigns in detailed text.
Table 6. The results of robustness check on text content emphasis for different models
Model
Title level
Main Model
.128***
Progress Model
.091***
Backers Model
10.014***
Logit Model
.602***
Probit Model
.355***
***p < 0.001, **p < 0.01，*p < 0.05

Abstract level
.066***
.048***
4.165***
.311***
.168***

First 100 words
.004*
.000
-1.179*
.082***
.036***

Detailed text
-.000*
.000*
.198***
-.006***
-.003***

In addition to text mining, social network analysis can be employed to detect the text content
emphasis as well (Baber and Thurasamy et al., 2016). Table 7 shows the results of robustness
check on text content emphasis for social network in which the group is divided by whether the
founder provides a social network link. In social networks group, almost all the coefficients are
smaller than those without the social network which indicates that, to some extent, the founders
with narrow social network need to highlight more on “people” aspect, while the founders with
broader social network may not need to highlight the “people” aspect.
Table 7. The results of robustness check on text content emphasis for social network
Campaign group
Without
social
network group

With
social
network group

Model
Main Model
Progress Model
Backers Model
Logit Model
Probit Model
Main Model
Progress Model
Backers Model
Logit Model
Probit Model

Title level
.146***
.113***
14.362***
.689***
.408***
.112***
.074***
6.715***
.528***
.312***

Abstract level
.076***
.051***
4.593**
.312***
.164***
.056***
.043***
3.451**
.298***
.164***

First 100 words
.007*
.001
-.536
.109***
.047***
-.000
-.000
-1.927**
.057**
.025*

Detail text
-.000*
.001*
.147**
-.006***
-.003**
-.000
.000
.243***
-.005**
-.003*

***p < 0.001, **p < 0.01，*p < 0.1

4.4 Control Variables and Effects
Table 8 shows the control variables and the effects for different models.
Table 8. Control variables and effects
Variable
Main Model
updates_count
.022***
comment_count
-.000***
project_goal
-.000***
funding_lastdays
-.005***
len_full_description
-.000***
pledge_level_number
.006***
is_video
.098***
image_number
-.003***
hyperlink_number
.002***
category
.002***
preceding_project_number
.0012
is_first_project
-.040***
facebook_followers_number .000***
is_facebook_connected
-.068***
min_pledge_money
.000
max_pledge_money
-.000***
avg_pledge_money
-.000***
is_founder_us
.040***
Intercept
.496***
R-squared
0.222
***p < 0.001，**p < 0.01，*p < 0.05

Progress Model
.024***
.000***
-.000***
-.004***
-.000***
.005***
.051***
.003***
.001***
.001*
.0052***
-.100***
.000***
-.063***
.000
-.000***
-.000***
.035***
.557***
0.279
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Backers Model
4.253***
-.006***
.000
-.203***
.002***
1.805***
14.81***
.949***
.292***
.498***
.3971**
-6.817***
.011***
-11.55***
.018***
.006***
-.020***
-.454
7.51***
0.248

Logit Model
1.463***
.755***
-1.236***
-.694***
.005
.609***
.563***
-.300***
.032**
.088***
-.1808***
-.010
.427***
-2.778***
.400***
-.125***
.421***
.249***
6.430***
---

Probit Model
.833***
.425***
-.697***
-.394***
.002
.346***
.320***
-.171***
.019**
.049***
-.100***
.001
.234***
-1.525***
.224***
-.072***
.238***
.143***
3.619***
---

5. Conclusions and Prospects
We study the impact of text content emphasis on successful Crowdfunding campaigns by
adopting text mining and social network analysis. Through empirical study, we obtain the
following main conclusions: (1) it should emphasize “people” aspect in title text and abstract text;
(2) it should not highlight the “people” aspect in detail description; (3) social network can spread
the “people” aspects, and it should be fully used to facilitate the successful campaigns.
Future direction includes: (1) some fundraisers may mention both “people” aspect and “idea”
aspect, on the other hand, funders may value both “people” aspect and “idea” aspect as well, we
do not consider when the fundraisers focus on both aspects; (2) we reveal the phenomenon but
we do not explain the reasons from the perspective of psychology and marketing, thus we plan to
employ theories from some other research areas to explain it.
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Abstract
Adopting the implied volatility (IV) from a firm's traded options as a measure of ex-ante firm risk,
we examine whether IT investment announcements impact firm risk. IV as a measure of risk has the
advantage of being forward-looking -- it is derived from the option price, and hence based on
option market investors' perceptions. In addition, options have different expiration dates allowing
us to distinguish between short- and long-term risk. Using a well-established dataset of ecommerce announcements from 1996 to 2002, we find that in general IT announcements
significantly increase both short-term and long-term firm risk, which is attributable to
announcements that are made by smaller firms, involve new initiatives, digital goods, as well as
B2B applications. Although implied volatility is stock return price neutral, we find those IT
announcements that result in reductions in the stock price -- so-called bad news -- are mostly
responsible for increases in firm risk.
Keywords: IT Investments, IT Risk, IT Value, Options Market, Event Study.

1

Introduction

Do information technology (IT) investments impact firm risk? More specifically, do such
investments increase or decrease firm risk as perceived by option market investors? As IT
continues to be a major driving force for innovation, productivity, and economic growth, IT
projects are becoming increasingly complex and IT capabilities are often unpleasantly hard to
build and manage for the firms. Therefore, it is crucial to understand the impact of IT
investments on firm risk. The IS discipline has long been interested in IS-related risks. However,
only a few studies (i.e., Dewan and Ren 2007; 2011) measure firm-level risk changes from IT
investments. We adopt a new, forward-looking risk measure from the option market, which
allows us to explore the impact of IT investments on both short-term and long-term firm risk. In
particular, we use implied volatilities (IV) from exchange-traded option prices as our risk
measure. IV represents the market’s expectation of the underlying firm’s average stock return
volatility over the remaining duration of the option contract. Prior work is equivocal about
whether IT should decrease or increase firm risk, and is silent regarding short versus long term
effects on risk. On the one hand, IT enhances information processing and thus enables firms to
better respond to demand and task uncertainties (Galbraith 1974); on the other hand, IT are
inherently risky assets to build and manage (Wang and Alam 2007). The mixed support from
prior literature motivates us to explore how exactly IT investments may affect firm risk as
perceived by option market investors.
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A stock option is a contract between two parties (i.e., the buyer and the seller) which gives the
buyer the right, but not the obligation, to buy(sell) shares of an underlying stock at an agreedupon price from(to) the option seller within a certain period of time. Theoretically, IV is derived
from an option pricing model such as the Black-Scholes when we know the market price for an
option. It represents the market’s expectation of the volatility of returns for the underlying stock
over the remaining life of this option. In fact, IV has been recognized and adopted as a measure
of firm risk in many top journals in Finance and Accounting (e.g., Rogers, Skinner, and Buskirk
2009).
Methodologically, we adopt an event study approach and measure the change in firm risk
around the IT announcement dates for the full sample as well as by firm size, by type of ecommerce investments, and by news type. The idea is that, when an IT investment
announcement is made, investors evaluate the public information contained in the announcement
and then re-adjust their beliefs about the expected value and uncertainty surrounding the stock
value of the announcing firm. According to the semi-strong version of the efficient market
hypothesis (Fama 1970), the investors’ beliefs about the expected value of the firm is
immediately reflected in the prices of its traded securities. As a result, we expect to detect a
significant change in IV around the events if the investors indeed believe the IT investments
being announced will increase or decrease the uncertainty about firms’ future returns.

1.1 Advantages of IV as A Risk Measure
Previous studies of IT-induced firm risk have measured risk by the ex-post, or actual variance of a
firm’s stock returns. In this research, we examine an ex-ante risk measure - the IV, which may
differ substantially from the historical volatilities that occurred after the events (Boehm1991).
Below we summarize the advantages of IV as a risk measure.
First, risk in the management literature has always had an ex-ante nature. Tracing back to
Knight (1921), in his work, situations with risk are those where the outcomes were unknown but
governed by probability distributions known at the outset. Classical decision theory
conceptualizes the risk of a decision alternative in terms of variation in possible outcomes, in
their likelihoods as well as their subjective values (Arrow 1965). If we stand at one point in time,
risk is the uncertainty about future outcomes. IV, by design, is an average investor’s expectation
about future return volatilities of the underlying stock. Therefore, IV is an ex-ante measure of
future volatilities and thus a natural candidate measure for firm risk. In fact, ex-ante measures of
risk may be preferable to ex-post measures because firms make actions based on their
expectation of future uncertainties (Silhan and Thomas 1986, Boehm 1991). The reason why risk
is usually measured ex-post, even though it is an ex-ante concept, is because it is often very hard
to know about how managers or investors actually perceive risk (Silhan and Thomas 1986). Our
results using IV will help managers better understand the perceived riskiness of their IT
investments
In the IS litearture, Dewan, Shi and Gubaxani (2007) define IT risk as ”the ex-ante
uncertainty associated with IT returns” (even though they use an ex-post measure). More
specifically, Dewan and Ren (2011) talks about the advantages of ex-ante risk measures:”Ex ante
measure of firm risk reflects the prior assessments of anticipated uncertainty of a firm’s earnings
stream, which is a better reflection of the actual decisions faced by the firm or its managers, as
opposed to the realized variability of returns captured by the ex post measures such as variability
of returns”. Although researchers in Finance and Accounting have been using IV to gauge the
markets prediction for the risk level of the underlying instrument for years, IV has not been used
to assess the risk of IT investment announcements.
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Second, IV is a daily, forward-looking risk measure that allows us to estimate risk changes
immediately after the events. Historical volatility has to be measured over a period of time that
usually ranges from one month to several years. One potential issue with this design is that it is
almost impossible to control for all the confounding factors that may affect firm risk during this
period. In other words, drawing a causal relationship between the event and subsequent change
in risk measured by historical volatilities is an arduous job for the researchers, if not impossible.
IV, on the other hand, can be measured on a daily basis which means we could measure the
change in firm risk in relatively short intervals around information releases, and thus minimize
the possibility that the risk change is caused by hidden factors not observed by researchers.
Third, IV by construction has a term structure (i.e., time until expiration). Therefore, it offers
unique insights on investors’ ex-ante perceptions of firm risk over different time horizons.
Although realized stock return volatility could also be measured over different time horizons, it
is an ex-post measure so it does not reveal the ”real” changes in investor’s perceptions about firm
risk right after an event.
Last but not least, previous research in Finance has shown that option traders are better at
evaluating less-anticipated events than stock market participants. Given that our sample consists
of different types of IT investments from firms in different industries, it is hard to believe that
our events are anticipated in terms of date and content. These findings further validate our
adoption of an option-market based risk measure.

2

Data and Baseline Results
Table 1 - Summary Statistics
Expiration Length # of events

IV

Number of employees

Stock return

Mean

Std. Dev.

Mean

Std. Dev.

Mean

Percentage of
Std. Dev. engative ∆IV

Call
30

428

0.640

0.329

41.726

87.089

0.000

0.058

0.533

60

428

0.628

0.319

41.729

87.178

0.000

0.058

0.544

91

428

0.612

0.306

41.986

87.387

0.000

0.056

0.584

182

318

0.556

0.256

53.109

97.877

0.000

0.049

0.541

365

210

0.486

0.184

70.842

112.472

0.001

0.041

0.567

547

209

0.484

0.175

70.348

112.808

0.001

0.041

0.541

730

179

0.488

0.167

69.280

122.118

0.001

0.044

0.564

30

428

0.648

0.324

41.726

87.089

0.000

0.058

0.526

60

428

0.635

0.315

41.729

87.178

0.000

0.058

0.509

91

428

0.619

0.301

41.986

87.387

0.000

0.056

0.528

182

318

0.566

0.263

53.109

97.877

0.000

0.049

0.535

365

210

0.493

0.192

70.842

112.472

0.001

0.041

0.533

547

209

0.491

0.186

70.348

112.808

0.001

0.041

0.522

Put

730

179
0.493
0.182
69.280
122.118
0.001
0.044
0.564
Notes.
All summary statistics are based on our final datasets that passed the continuity test, so the number of events are
always less than 637.
The contituity test is to make sure that each event has a proper estimation window (i.e., 5 days before
and 5 days after the event), for details please see Research Design.
IV is the average implied volatility across estimation windows and across events.
Number of employees is the average number of employees (in thousands) across the underlying firms of
the events.
Stock return is the average stock return across estimation windows (i.e., [-5,5]) and across events.
∆IV = ln (IV_post/IV_pre)
IV_pre= Implied Volatility from 5 trading days before the event
IV_post=Implied Volatility from 5 trading days after the event

125

Our original list of 640 electronic commerce announcements, generously provided to us by
Dewan and Ren, is from PR Newswire and BusinessWire in Lexis-Nexis, and from four distinct
years: 1996, 1998, 2000, and 2002. Events that have confounding factors such as earnings
announcements and lawsuits have already been eliminated from the list (see Dewan and Ren
2007, P378). The IV data are collected from the OptionMetrics database, where IV is derived
from the hypothetical at-the-money-forward standardized options. Standardized options are built
on a daily basis, to be at-the-money and of constant maturity, which reduces measurement error
that arises from using options that vary in duration and in the extent to which they are in the
money (e.g., Dumas, Fleming and Whaley 1998; Hentschel, 2003; Rogers et al., 2009). We
collect IV data derived from both call and put standardized options for the announcing firm in
each event from 10 days before to 10 days after the event. To access both short and long term firm
risk, we collect IV data for options with 7 different expiration lengths: 30, 60, 91, 182, 365, 547
and 730 calendar days.
Table 1 presents the summary statistics for our dataset. The mean value of IV ranges from
0.640 (call) and 0.648 (put) to 0.484 (call) and 0.491 (put), and generally diminishes as
expiration length gets longer. In contrast, overall the average number of employees in a firm
increases with expiration length: from around 41700 to around 70000 employees. This indicates
that longer time to expiration options are traded on larger firms. The stock return for each event
is calculated as the mean return for the underlying firm over the [-5, 5] day window. We report
the average stock return across events for each dataset, which is consistently close to zero. We
also calculate the percentage of negative log ratio (i.e., ln(IVpost/IVpre)) across the events for
each option type in each dataset. This percentage is consistently around 0.55 for all our datasets,
which suggests that about half of the qualified events in our samples are associated with an
decrease in IV. Under the assumption that the log ratio for the underlying firm in every event
follows an independent normal distribution, our job is to explore if the mean of these
distributions is statistically different from zero.
Table 2 - Base Results
Expiration length # of events
30
60
91
182
365
547
730

428
428
428
318
210
209
179

ln (IV_post/IV_pre)
Call
Put
0.018**
0.018**
0.017**
0.019***
0.017*** 0.019***
0.012**
0.017***
0.009*
0.010**
0.006
0.009**
0.008*
0.009**

t-statistic
Call
Put
2.20
2.27
2.51
2.97
2.96
3.48
2.33
3.34
2.06
2.42
1.47
2.26
1.68
2.17

Notes.
Each expiration length represents the group of standardized options that
would expire in the exact length of calendar days.
Number of events is the total number of events that passed our continuity test.
The log ratio and t statistics are calculated at the event level.
IV_pre= Implied Volatility from 5 trading days before the event
IV_post=Implied Volatility from 5 trading days after the event
***, **, and * indicate significance at the 1%, 5%, and 10% level (two-tailed).

The analysis is executed for each of our 7 datasets with different option expiration lengths. The
longer expirations are necessary because investment in IT may take years to add value to a firm
(Bharadwaj, Bharadwaj, and Konsynski, 1999). Assuming option market investors understand this,
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they would make adjustments to their beliefs about long-run firm risk compared to short-run risk.
To make sure that our results are robust and are not driven by unique factors about put or call
options alone, we calculate the log ratios using IVs derived from both put and call options. Table 2
presents our baseline empirical results, which confirm that there are indeed significant risk
increases induced by the IT investment announcement.
We have conducted additional analysis by firm size , news type, and investment type, and find
that the increases in IT-induced firm risk is attributable to announcements that are made by
smaller firms, reveal ”bad” news, and involve new initiatives, digital goods, as well as B2B
applications. Given IV’s ex-ante nature, our findings can help managers better understand
investors’ perceptions about future firm risk right around the time when IT investment
announcements are made - which is not assessable using historical price volatilities. Enabled by
the unique term structure of IV, our results also shed light on the changes in the ex-ante
expectation of future firm risk over both short- and long-term time horizons.
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Abstract
Supply base theory suggests a dilemma between transaction cost and supply risk associated with
supply base complexity. Supply base complexity is particularly salient in global sourcing
networks where buyers face high costs of identifying and selecting suppliers from a large pool of
manufacturers and also must evaluate the risk due to low technology sophistication of some lowcost service providers and an unstable infrastructure. We identify all-in-one (AIO) online
intermediaries, which leverage IT-enabled capabilities to manage supply base complexity, as a
solution to the tension between transaction cost and supply risk. Our empirical study concerns
an online global chemical products sourcing AIO intermediary that provides all-in-one B2B
transactions. Based on a unique and rich data set from the AIO intermediary, we find that ITenabled capabilities for managing supply base can increase transaction profit while decreasing
profit volatility, thus breaking the tension highlighted by supply base theory. Moreover, the
impacts of IT-enabled capabilities on profit and profit volatility, respectively, increase and
decrease as supply base complexity elevates.
Keywords: All-in-One Intermediary, IT-Enabled Capability, Supply Base Complexity
Problem and Research Objective
Supply base complexity is a key challenge to supply chain managers. A buying firm needs to
coordinate with suppliers in its supply base that consists of manufactures as well as firms
providing complementary services, e.g., logistics, insurance, financial, and product quality
inspection. According to supply base theory (Choi and Krause 2006), supply base complexity
increases with (i) number of suppliers in the supply base, (ii) degree to which those suppliers
differ from one another, and (iii) relationships among the suppliers (e.g., interaction between
product manufactures and quality inspection agencies). Supply base complexity is particularly
salient nowadays when buying firms join global sourcing networks. While seeking to enjoy low
production costs through global sourcing, buyers face high costs of identifying and selecting
suppliers from a large pool of manufacturers and also must evaluate the risk due to low
technology sophistication of some low-cost service providers and an unstable infrastructure.
Supply chains can also be disrupted because of unexpected events, e.g., risks owing to unreliable
supplies, disruption of labor, and transportation due to weather conditions. Managers note that
“global sourcing is a highly complex initiative that can have far reaching impact on processes,
organization and technology. It cannot be taken lightly, in that failed global sourcing results in
higher costs, operational inefficiencies, disgruntled staff, and on occasion, abandoned strategies”
(PwC 2011).
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Supply base complexity must be carefully managed due to a dilemma between transaction cost
and supply risk. Supply base theory (Choi and Krause 2006) submits that, while decreasing
complexity can reduce transaction cost to the buying firm, a large number of suppliers and firms
providing complementary services can serve as a buffer helping the buying firm cope with risks
such as supply disruption. Given the backdrop described above, solving this dilemma has
implications that are economically very significant.
We identify the IT-enabled capabilities of all-in-one (AIO) online intermediaries, which leverage
IT-enabled capabilities to manage supply base complexity, as a solution to the tension between
transaction cost and supply risk (Tang et al. 2011). An AIO intermediary can leverage IT to
configure relationships among various suppliers (Klein et al. 2011). The buying firm only needs
to select the product it wants to buy and the AIO intermediary will find suppliers for the product
and logistics providers that can transport products for each of the suppliers. The buying firm has
the option of selecting services (e.g., financing, product inspection). The AIO intermediary will
combine selected services into a full package and quote a total price for the full package. Such an
AIO transaction greatly simplifies the whole sourcing process. From a buyer’s perspective, it
faces a much simplified supply base (i.e., AIO) while, in fact, still transacting with a large
number of suppliers and complementary-services providers, thus potentially transcending the
tension mentioned above between transaction cost and supply risk.
Our research objective is to investigate the role of AIOs in mitigating the tension between
transaction cost and supply risks. Our empirical study focuses on an AIO in the chemical B2B
global sourcing industry. Our analysis focuses on IT-enabled capabilities (ITCAP) of the AIO
intermediary for managing a supply base. The AIO intermediary’s IT systems record supplier
information, configure business relationships among suppliers, enable buyer search, offer
quotation for all-in-one packages, and allow buyers to track the process of order fulfillment and
select backup suppliers when needed.
Models
We analyze transactions conducted over an AIO intermediary. We model the profit margin of a
transaction (PROFIT) as a function of the intermediary’s ITCAP for managing supply base
because ITCAP helps buyers reduce time and efforts of managing transactions, thus reducing
transaction cost to the buyers. As such, buyers will agree that the AIO intermediary can charge a
premium less than or equal to the transaction cost saving (Choudhury et al. 1998). With this
premium paid by the buying firm to the intermediary, the buying firm is not worse off than the
case where it manages the supply base by itself. Hence, the more the transaction cost saving to
the buying firm, the greater the profit the intermediary can earn. The transaction cost saving is
yielded by the IT-enabled capabilities of collecting supplier information, configuring interrelationships, and facilitating buyer search. Hence, to sum up, the IT-enabled capabilities reduce
transaction cost for the buying firm, which can translate into the intermediary’s profit. The IT
system simplifies the buying firm’s task of managing the complex relationships by offering the
buying firm pre-configured packages. In contrast, if there is only a small number of suppliers in
the supply base, the buying firm does not bear high transaction cost (of working with the
suppliers). As such, transaction cost reduction (and thus the intermediary’s PROFIT) will be
particularly salient in the presence of a more complex supply base. We have the following
regression model:
PROFIT = α + β *ITCAP + γ *Supply Base Complexity + δ *ITCAP*Supply Base Complexity + controls + ε…(1)
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During transaction execution, negative events may occur at the supply side, e.g., supply
disruption; and once there are such negative events, the intermediary may need to take extra
efforts to coordinate execution. Although the suppliers may be called to account for the negative
events, the intermediary bears the additional time and efforts for managing the process, thus
increasing the intermediary’s costs and reducing its profit. Thus, one may assume that supply
risk decreases the intermediary’s profit. However, if the intermediary anticipates high supply risk,
it will take the risk into consideration when negotiating with the buying firm. It would require
higher return to compensate for the high risk. As a result, the direct relationship between supply
risk and the intermediary’s profit is an empirical question. The above discussion suggests
downside and upside shifts of the intermediary’s profit due to supply risk. The update shift refers
to the abovementioned tendency of the intermediary to require higher return ex ante. The
downside shift refers to the additional costs that the intermediary bears during execution. The ITenabled capabilities help the intermediary to cope with supply risk more efficiently, by
identifying backup suppliers and coordinating new relationships (among suppliers, logistics
providers, banks and insurance carriers, and product investigation institutions) when a backup
supplier is set it. Hence, the IT-enabled capabilities reduce the downside risk. The overall
volatility of the intermediary’s profit, therefore, will be observed to shrink. The AIO
intermediary’s IT-enabled capabilities enable the intermediary to more efficiently manage a large
supply base, thus mitigating the negative impact of supply base complexity, and enabling the
intermediary to take advantage of a large supply base to cope with uncertainty. In case negative
events happen, the intermediary can use the IT system to efficiently identify backup suppliers,
especially when there is a large pool of suppliers as candidates to be selected. We thus expect
supply base complexity to amplify the role played by the IT-enabled capabilities in reducing the
intermediary’s profit volatility. We use variability (VAR) of profits of transactions during a
period of time to proxy for risks over that period and expect ITCAP to reduce VAR. We have the
following regression model:
VAR = α + β *ITCAP + γ *Supply Base Complexity + δ *ITCAP*Supply Base Complexity + controls + ε……(2)

Empirics
Our empirical study concerns an online B2B global sourcing AIO for chemical products that
provides all-in-one transactions (i.e., offering products, logistics, and financial and product
inspection services). By the time we collected data in 2013, about 64,000 buyers had registered
with the AIO intermediary and about 34,000 chemical products manufacturers had quoted prices
for their products on the AIO intermediary’s site. We obtained detailed data (including financial
details) about all transactions conducted through a period of thirty-nine months between 20102013. We proxy for ITCAP by using the intermediary’s IT system updates log, which documents
each update of the IT system’s functionalities. Because the AIO intermediary uses the IT system
to manage supply base, we use IT system updates to proxy for improvements of ITCAP for
supply base management.
Supply base complexity manifests in three facets (Choi and Krause 2006): number of suppliers
(NUM), supplier differentiation (DIFF), and relationships among suppliers (REL). We
operationalized the three variables for each transaction in our research context. For instance, for
one historical transaction, we used the intermediary’s archives to identify whether the buyer
requested financial or product inspection services, and if so, we coded REL as one (zero
otherwise) in that supply base management needs to take care of relationships among product
manufacturers and service providers.
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The unit of analysis for Eq. (1) is one transaction and there are a total of 600 transactions during
our sample period. The unit of analysis for Eq. (2) is one month; and accordingly, we compute
VAR across all transaction in one month, and the three variables of supply base complexity are
measured as average across all transactions in one month (i.e., AvgNUM, AvgDIFF, AvgREL).
Our regression results are below:
Table 1. Results of Model (1) on PROFIT
ITCAP
0.00205**
NUM
0.00136*
DIFF
0.00178
REL
0.00539
NUM*ITCAP
0.000186***
DIFF*ITCAP
0.000244
REL*ITCAP
-0.0000172
Control
Included
0.131
R2
600
N
*p<0.1; **p<0.05; ***p<0.01. Controls included.

Table 2. Results of Model (2) on VAR
ITCAP
-0.126**
AvgNUM
-0.309
AvgDIFF
1.885
AvgREL
-2.639***
AvgNUM*ITCAP
-0.0165
AvgDIFF*ITCAP
-0.245
AvgREL*ITCAP
0.249***
Control
Included
0.718
R2
39
N
*p<0.1; **p<0.05; ***p<0.01. Controls included.

Variable definition for Table 1:
PROFIT = Profit margin of one transaction
ITCAP = Cumulative number of IT system updates prior to the transaction
NUM = Number of product suppliers available for the buying firm to select at the time of the
DIFF = The
standard deviation of the supplier class of available chemical product suppliers for the
transaction
buying firm to select at the time of the transaction.
REL = 0 if the buying firm used neither financing nor product investigation service at the time of the
transaction, 1 otherwise.
CONTROL= {Country risk index, Annual average profit margin}
Variable definition for Table 2:
VOLATILITY = Coefficient of variance (standard deviation divided by mean) of PROFIT in one month
ITCAP = Cumulative number of IT system updates at the month beginning
AvgNUM = Mean of NUM across all transactions in one month
AvgDIFF = Mean of DIFF across all transactions in one month
AvgREL = Mean of REL across all transactions in one month
CONTROL = {Average country risk index, Annual average profit margin}

Based on the regression results, we demonstrate the impacts of ITCAP on PROFIT and on VAR
in Figures 1 and 2, respectively. We have two key observations:
(1) High ITCAP increases transaction profit margin and decreases profit variability, consistent
with our expectation that ITCAP reduces transaction cost and mitigates supply risks.
(2) The impacts of ITCAP are contingent on supply base complexity, in that:
 the AIO intermediary’s ITCAP increases PROFIT especially in the presence of high supply
base complexity as proxied by NUM (i.e., a positive interaction 0.000186***, Table 1), and
 the negative relationship between ITCAP and VAR (i.e., decreasing variability) is weaker
when the buying firm involves in more relationships (i.e., financing and quality inspection) in
its supply base (i.e., a positive interaction 0.249***, Table 2). This is different than expected.
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Figure 1. Impacts of ITCAP on PROFIT

Figure 2. Impacts of ITCAP on VAR
AvgREL=Low
AvgREL=High

NUM=High

VAR

PROFIT

AvgREL=Mean
NUM=Mean
n

AvgREL=High

NUM=Low

Low ITCAP

High ITCAP

Low ITCAP

High ITCAP

We offer an explanation for the surprising finding as follows. Financing and quality inspection
services (i.e., captured by AvgREL) deal with supply risk in an ex ante manner, helping the
buying firm prevent currency risk and inferior products through contractual arrangements. ITenabled capabilities (i.e., captured by ITCAP) help the buying firm identify backup suppliers and
coordinate new relationships among suppliers when it faces supply risk, thus reducing the impact
of supply risks in an ex post fashion. Our results seem to suggest that these two different
approaches are substitutive, as illustrated in Figure 3. As ITCAP becomes stronger and more
mature, it substitutes for the role of financial settlement and quality inspection services in risk
mitigation, providing insights on how IT-enabled capabilities create business value for AIO
intermediaries.

AvgREL

Figure 3. Interaction Effect of ITCAP and AvgREL on VAR
(Note. The darker of the color the higher the transaction profit variability (VAR).)

ITCAP

Novelty and Contributions
We contribute to research on IT business value by examining the economic value of AIO
intermediaries through the theoretical lens of supply base complexity. Our results are based on a
unique and rich dataset from an AIO intermediary of financial details of transactions, supply
base composition, and the intermediary’s IT system updates over a thirty-nine months period of
time. \Our results provide insights on how AIO intermediaries’ IT-enabled capabilities for supply
base management influence transaction profit margin and profit variability. Our study is among
the first that looks into the longitudinal improvement of IT-enabled capabilities and the impacts
on two different facets of business value that are in tension (Rai et al 2006). The theoretical
analysis and empirical test allow us to reveal how AIO intermediaries leverage IT to create value
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in terms of profit generation and risk mitigation, and how the value creation is contingent on
supply base complexity.
An interesting implication that is worthy of further research is that, once we extend the boundary
condition of applying the supply base theory to organizations with IT-enabled capabilities of
managing supply base, the tension between transaction cost and supply risk may be re-shaped.
The original supply base theory emphasizes that, in order to better cope with supply risk, a
buying firm needs a larger supply base, which, however, entails higher transaction cost. Our
results, intriguingly, suggest that a buying firm can achieve reduced supply risk and reduced
transaction cost simultaneously. The key is that the IT-enabled capabilities can help the buying
firm efficiently manage interactions with an increasingly complex supply base, not necessarily
incurring increased transaction cost. This is an interesting implication worthy of further research.
For instance, research on supply base optimization primarily concerns on the optimal number of
suppliers. The tension between transaction cost and supply risk, as mentioned above, suggests
that there is an optimal number of suppliers to a buying firm (Bakos and Brynjolfsson 1993,
Bakos 1997, Clemons et al 1993, Choi and Krause 2006). If the IT-enabled capabilities are
introduced into the system, the optimal number will increase, which allows the buying firm to
enjoy the advantage of a larger supply base.
Future Research
Our dependent variables are transaction profit and profit volatility, based on which we infer the
impact of the IT-enabled capabilities on transaction cost and supply risk, respectively. We did
not directly measure transaction cost and supply risk. One direction for future research is to
design metrics that measure transaction cost and supply risk directly, and re-test our findings
using the direct measures.
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Abstract
Learning analytics is an emerging field of research that aims to utilize a wide range of educational
data to establish a deep understanding of the learning processes and learner behavior. In this
short paper, we propose a process mining framework for analyzing large-scale learning
clickstream data collected from a major US university’s learning management system. We address
a number of modeling and analysis challenges from a process mining perspective and propose
new concepts for process-centric learning analytics. Our preliminary research results show
interesting findings that shed lights on future research directions.
Keywords: Learning analytics, process mining, educational data, big data, higher education

1. Introduction
Learning analytics focuses on measuring, collecting, and analyzing various data about learners and
their learning environment for purposes of understanding and improving learning and teaching [1].
Learning analytics is often referred to as the third wave of instructional technologies, where
learning management systems (LMSs) and LMSs plus web 2.0 being the first two waves [2]. There
have been many research communities focusing on learning analytics, such as the Educause
International Conference on Learning Analytics and Knowledge (LAK) and the Society for
Learning Analytics Research (SoLAR). And a number of applications, such as the Signals system
from Purdue University, Moodog system from UC Santa Barbara, and E2Coach from the
University of Michigan, have been developed and deployed to help student retention, advising,
personalized learning [2]. As Massive Open Online Courses (MOOC) has become increasingly
popular in recent years, learning analytics research using MOOC data has also emerged, and
mainly centered around learner engagement and retention issues [3]. There has been lots of
research on clickstream data analysis. For example, Fang et al. used clickstream data from web
server logs to analyze website navigability [4] and Mallapragada et al. leveraged browsing
clickstream data to study consumer online shopping behavior [5]. LMS and MOOC platforms also
collect a large amount of user clickstream data often with various proprietary formats and different
levels of granularity, which pose significant challenges to related learning data processing,
modeling and analysis.
Learning via interactions with LMSs consists of various tasks/activities, such as completing an
online quiz, submitting an assignment, participating in a discussion, and editing a wiki page. Those
activities form students’ learning processes. Business process management (BPM) is the discipline
that combines knowledge from information technology and management sciences and applies it to
operational business processes [6]. Learning processes can be treated as a special type of business
processes to leverage the process design, modeling, analysis techniques from existing BPM
literature. Process mining (PM) aims to discover, analyze, and improve real processes by
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extracting knowledge from event logs readily available in today's information systems [7]. Many
algorithms have been developed for process discovery, such as the alpha algorithm, the heuristic
mining algorithm, the multi-phase mining algorithm, and the fuzzy mining algorithm [8]. PM
techniques have been applied to analyze non-operational business processes. For example, PM has
been used to study knowledge sharing processes in Q&A forums [9] and student video watching
patterns on a MOOC platform [10]. However, PM is not designed for analyzing learning processes,
which makes adapting PM for learning analytics a non-trivial task.
In this paper, we address aforementioned challenges by proposing a new framework for analyzing
learning clickstream data from a unique process mining perspective, which introduces a series of
important methods and new concepts. Based on a large dataset collected from a major US
university’s LMS, we report some preliminary analysis results to provide insights into a number
of future research directions.

2. A Process Mining Learning Analytics Framework

Figure 1. A Process Mining Framework for Analyzing Learning Clickstream Data
shows our proposed process mining framework for analyzing learning clickstream data.
We briefly introduce this framework in this section and then explain the key components in details
in the following sections. Our framework starts with the learning clickstream data collected from
a LMS, which contains information such as who clicked what links with timestamps, the
application modules accessed, and triggered actions (e.g., create, update, delete, etc.). We then
need to understand those click events by studying the data dictionary provided by the LMS vendor
and using other approaches as explained later to identify events relevant to learning. Then, we need
to define a learning process instance for each user in order to apply PM techniques to the
clickstream data. Once the data is cleaned and properly converted into the PM required format, we
conduct various PM analyses, from different PM perspectives such as process structure, process
data, process resources, and process conformance. Based on the PM results, we conduct informal
interviews with a number of students and review related learning theories and best practices, which
lead us to better understand the learning and teaching behaviors. We then propose a number of
Figure 1
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actions (interventions) and experiments to evaluate the impacts of specific actions (e.g., peer
pressure and educational badges) on student learning behaviors. The effective actions will be
documented and implemented to improve student learning. We repeat steps 4 to 7 as we gain more
knowledge about the learning clickstream data, user behaviors, and different interventions.
Ultimately, we aim to optimize the learning processes and environment via continuous learning
analytics. Next, we explain a few key steps with data details and analysis results.

3. Learning Clickstream Data Modeling and Analysis
3.1 Data Description
The database of the LMS contains 57 tables storing information about users (students and
instructors), courses, assignments, conversations (emails), grades, user clickstream events, etc.
The LMS was introduced in the university in the fall semester of 2012, but we only focus on one
semester (fall 2015) data in this short paper, as summarized in Table 1.
Data Collection Period
# of students
# of instructors
# of courses
# of assignments
# of quizzes
# of conversations (emails)
# of clickstream events

Table 1 Data Summary
August 01, 2015 - December 31, 2015
11,130
346
429
10,707
1,881
22,525
54,875,199

The dataset is very rich in terms of covering courses from different colleges, levels (e.g.,
undergraduate, graduate, MBA), and types (online vs. offline). More importantly, the clickstream
data is quite detailed and large (e.g., we collect about 1 million events per weekday this spring
2016 semester, which has more courses hosted in the LMS than the fall 2015 semester shown
above). The clickstream event table has 27 fields recording various information about a particular
user click. We show seven important fields in Table 2.
Table 2. Clickstream Event Attributes
Field Name
Description
id
Unique ID for the event
user_id
Unique ID for the user
timestamp
Timestamp for the event
application_controller
Related application modules, such as files,
submission, gradebook, quiz, etc.
application_action
Actions such as new, create, show, delete, etc.
url
Related url detail of the event
ip
The remote IP of the access
In total, there are 123 unique application controller and 564 controller-action pairs for fall 2015
semester. Understanding each controller-action pair is the foundation of our further analysis, which
is a challenging task given that there are no documentations on the exact meaning of each controller
and action. We manually went over each controller-action pair to document their meaning and
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classify them into four categories based who/what generates the event, i.e., instructor, student,
LMS administrator, and LMS. Note that some pairs can belong to multiple categories, such as
files-preview (preview a file in the browser) can be generated by either an instructor, a student, or
an LMS admin. We also noticed that when a user clicks one link (one user action), one user event
will be generated. However, simultaneously multiple corresponding events will be generated by
the LMS and recorded in the clickstream database. In order to better understand what events are
generated by the system, we conducted an experiment by creating a dummy course, manually
simulating key actions (login, upload file, create syllabus, assignments, quiz, and discussions,
submit assignment, post discussion replies, etc.) by different roles (instructor and student), and
checking the event log after each action. Table 3 shows the percentage of user events for two dates.
In this paper, we focus on user events.
Date
March 11, 2016
March 14, 2016

Table 3. System Events vs. User Events
Total number of events
Percentage of user event
854
17.0%
312
10.9%

Each user event in such a log refers to an activity, i.e., a well-defined step in some process and is
related to a particular process instance. The events belonging to an instance are ordered and can
be seen as one "run" of the process. In the learning clickstream context, how to define such a
process instance is the key to applying PM analysis. In [10], the authors treated each user a process
instance with all his/her events in the entire 6-week MOOC course as activities. That approach
does not work in our situation given that our courses have much longer duration, which leads to
process instances with hundreds of events. Web clickstream research often use 30 minutes to
define a user session [4], which does not work either given that certain learning tasks can last much
longer that 30 minutes, such as taking a complex online quiz. Different from existing literature,
we define a 24-hour window for each user and treat all user events in that window as a learning
process instance, which we refer to as a learning Session. Essentially, a learning session represents
the user’s interactions with the LMS in a single day. Note that the learning session does not
necessarily start at midnight given that some students may study late into the next day morning.
We postpone the detailed way of identifying such learning sessions to our future research and take
a simplified approach of defining the learning session time from 00:00 to 24:00. Each learning
session thus has a number of user events, which may store additional information such as the IP
address and detailed access URL. With that, we can apply PM techniques to learning sessions as
discussed next.

4. Process Mining Analysis
A typical business process has three main perspectives, i.e., control flow (the structure of the
process), data flow (the relationships among data items in the process), and organization (the
relationships among human and agents in the processes). In this short paper, we present some of
our preliminary analysis results from the control flow and data flow perspectives. We extracted
two undergraduate courses’ clickstream data as summarized below:
Course
Course A
Course B

# of students
87
112

# of assignments
7
11
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# of Events
85,545
155,617

We use a process mining tool Disco (https://fluxicon.com/disco/) to generate the process map for
all students in both courses as shown in Table 4.
Table 4. Student Learning Processes

(a) Course A Student Learning Process

(b) Course B Student Learning Process

Although the two courses were of different topics and taught by different instructors, we observe
some consistent process patterns that reveal some common student behavior. For example, courseshow is the landing page of each course, which directly leads to gradebooks-grade_summary,
(students check their grades), assignment-index (students check assignments), files-index
(students access the files uploaded by the instructor). The first activity after the landing page may
shows the initial intention of user sessions, which might be checking grades, assignments, and files
(learning materials). Submission_api-for_students, a student’s submission of an assignment, in
many cases is the last event for the learning session, which indicates that assignment submission
often is the result of user sessions.
Table 4 only shows some of the most frequent activities and paths. After thoroughly analyzing the
events and the relationships among events, we introduce a new concept: Learning Process Context
(LPC), which is informally defined as a minimal set of ordered learning activities that jointly
represent a learning scenario. The learning context information is lost when any individual activity
in the corresponding LPC is removed. For example, files-s3_success represents a successful file
upload and submission-show means viewing a submission. That files-s3_success is immediately
followed by submission-index (files-s3_success > submission-index), means a specific learning
scenario, i.e., a new assignment submission by a student, which cannot be represented by the
individual activities. An example is submission-show immediately followed by files_previewsshow (submission-show > files_previews-show), which represents using browser based speed
grader to grade assignments. The activities in LPC do not have to be adjacent. For example, we
may want to make sure that students should check the course materials (context_module-index)
before submitting an assignment (submission-create), i.e., context_module-index >> submission-
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create, so that they can study the materials before working on the assignment. We plan to
summarize a set of LPCs and use process conformance checking algorithms to verify those LPCs
in different learning processes to better understand student behavior.
Learning processes also have related data, such as the IP addresses associated with click events.
We created geo maps using student access IP addresses for a traditional offline course and a pure
online course as shown in Figure 2, where the online course is apparently serving more distance
students in Virginia and New Jersey. If we look at the location data from a learning process view,
we can generate diagrams like Figure 3, which shows a student traveled from Nigeria to United
Kingdom and back to Delaware, US in two weeks. Information like this can help the instructor
better accommodate professional students with busy travel schedules.

(b) an online course student access locations

(a) an offline course student access locations

Figure 2. Geo Maps of Student Locations

Figure 3. A Student’s LMS Access Locations in Two Weeks

5. Conclusion and Future Work
In this paper, we proposed a new process mining framework for analyzing learning clickstream
data. We address a few modeling challenges and proposed a number of new concepts. In the future,
we plan to continue this research in the following directions: we need to analyze what learning
activates and LPCs are more likely to result in better learning performance. We will conduct
experiments to test the effects of a set of interventions, such as social influence and gamification,
on student learning.
References at https://gist.github.com/harrywang/b3587cbf114119e19be1
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Abstract
Important product information is often not available on company official websites. For instance,
hotels charge extra resort fees but most consumers are not aware of that until the last minute
they check out. Online product reviews provide a valuable source for consumers to find more
production information. The challenges of finding the information through product reviews are
the volume of reviews, the format of unstructured text, and the lack of consistency of covered
topics in the reviews. We study the automatic extraction of hidden topics in product reviews with
the Latent Dirichlet Allocation model. Using the discovered topics, we propose a method that
can identify and recommend products with better values in terms of topics of interest to
consumers.
Keywords: Hidden Information, Latent Sentiment Analysis, Latent Dirichlet Allocation

1. Introduction
From picking a hotel to choosing a dress, all of us probably have purchase experiences that the
products we see online are not what we actually get. Hotels may hide additional resort fees until
late in the checkout process; Dresses can be not true to size or color. Companies often keep
certain things under their hats to make their products look more appealing to consumers, and
may only release the favorable information of their products or services to attract more potential
buyers. The problem of information asymmetry (Akerlof 1970) is widely observed in electronic
markets.
Facing limited information, people are turning to sources such as User Generated Content
(UGC) for more information to be better informed. UGC refers to the content produced by open
collaboration of users and is available through a variety of media, including product reviews,
blogs, etc. According to the report (Nielsen 2012), people consider reviews on UGC websites
more trustworthy than information listed by marketers in general. People research the ratings and
reviews on Yelp.com when choosing a local restaurant; travelers check the popularity index of
hotels on TripAdvisor.com or other travel websites before booking a hotel. For instance, the
review such as “train tracks nearby the hotel” in reviews can certainly affect certain consumers’
booking decisions.
When reading reviews, people are identifying the information for their decision criteria. We
refer the information embedded in the reviews but not disclosed by companies as “hidden
information” or “hidden topics”, because it is normally not available through common sources
such as company official websites. Consumers search for the hidden topics through online
product reviews and use them in making purchase decisions. The challenge of finding the hidden
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information through online reviews is the huge volume and the unstructured text of reviews. It is
nearly impossible for anyone to read all reviews of a product in detail. For instance, on
TripAdviors.com, the Flamingo Las Vegas Hotel & Casino has 11,482 reviews up to date.
Online reviews are based on personal experience and are written from different perspectives. In
the form of unstructured text, the reviews of any product or service often lack the consistency of
the features of products to be covered. Taking the hotel reviews as an example, some reviewers
talk about how crowded the swimming pool is; some reviewers focus on extra fees charged to
access the fitness room; others are concerned about ongoing renovation and construction noise.
Due to the volume and the unstructured format of online reviews, the automatic discovery and
extraction of hidden topics in reviews is needed. In this paper, we study the extraction of hidden
topics in online reviews, using hotel reviews downloaded from TripAdvisor.com. The hidden
topics are the underneath threads of online reviews for any product. We identify the
products/services that provide better values and give recommendations to consumers based on
the discovered topics. The contributions of this study can be summarized as follows.
First, we build the hidden topics discovered through UGC into the consumers’ decisionmaking. Researchers (Chen et al. 2011; Luo and Zhang 2013; Zhang 2015) have studied the
value of UGC, but few of them have considered the hidden topics of reviews in the decision
model of consumers. We use Latent Dirichlet Allocation (LDA) model to extract the hidden
topic structure of reviews. For each review, the hidden topics and the probability of being
assigned to each topic are inferred. The inferred topic probabilities are included into the process
of decision-making.
Second, we conduct a clustering analysis to identify products with better values based on the
topics of interest. Similar products in the same cluster are considered as the ones offering the
same level of utility to consumers in terms of the topics. The products that offer the same level of
utility but charge with lower prices are identified as the products with better values.

2. Literature Review
Related to this study is the research that mine user generated content in the hotel context. Ghose
et al. (2012) propose a hotel ranking system to provide the best value for travelers based on
travel occasions and hotel characteristics. The ranking system is built on a random coefficient
hybrid structural model. The authors apply many techniques including text mining, image
analysis, geo-mapping and human annotations techniques. They use Travelocity’s hotel
reservation data set, along with hotel reviews retrieved from TripAdvisor, hotel geographic
attributes from GeoNames.org, user opinions of hotel important attributes surveyed from
Amazon Mechanical Turk (AMT), and hotel amenities information from Orbitz.com,
Priceline.com, or Hotels.com. The text mining analysis used in the paper is the statistics (the
number of reviews, overall rating, reviewer ID disclosure, review mean and variance) and
readability (the number of characters, syllables spelling errors, etc.). We identify hotels with
similarity in the hotel features of interest within different hotel classes or price ranges. Given the
focused hotel topics (such as sleep quality), we recommend hotels that provide the same level of
utility within lower price ranges or hotel star classes. Our paper differs from the study (Ghose et
al. 2012) in that we use topic models to automatically extract topics from reviews. These
discovered topics (such as noise, resort fee, smell) are not readily available on hotel websites, but
can be valuable decision information to travelers.
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Another relevant branch of studies is topic models (Blei 2012; Blei et al. 2003; Hofmann
2001). In topic models, probabilistic Latent Semantic Analysis (pLSA) uncovers the hidden
thematic structure in the collection of documents (Hofmann 2001). Each document is considered
as a bag-of-words and a mixture of latent topics. The pLSA method connects words with similar
meanings and distinguishes between uses of words with multiple meanings. LDA (Blei 2012;
Blei et al. 2003) further improves pLSA and offers solutions to the problems of pLSA. In pLSA,
each document is a mixture of different topics. LDA provides a generative probabilistic model
for collections of documents.

3. Experiments
We conduct experiments on 2000 hotels which are randomly selected from TripAdvisor.com.
The corpus for this study is the collection of text reviews of the 2000 hotels. Each hotel is a unit
in the corpus. The experiments include topic inference and cluster analysis for product
recommendation. We download the hotel reviews from TripAdvisor.com with a Java crawler.
The topics discovered from the hotel reviews are listed in Table 1. As shown in Table 1, there
are ten topics listed, including “beach”, “service”, “location”, “check”, “cleanliness”, etc. The
top terms in each topic are also listed in the order of frequency in the table. Each hotel is
assigned to these top topics with certain probabilities. The hotels are clustered together using the
discovered topics and the topic probability assignments.
Table 1: Experiment Results of Top Ten Topics
“Beach”

“Service”

“Location”

“Check”

“Cleanness”

“Parking”

“Shuttle”

“Pool”

“Distance”

“Time”

resort

service

great

nice

clean

parking

good

Pool

location

Great

beach

staff

location

great

place

free

airport

Beach

good

time

food

love

love

desk

bed

car

shuttle

View

great

location

Time

great

place

check

look

staff

service

Great

walk

staff

good

excel

help

good

time

walk

shop

Place

breakfast

good

great

restaurant

breakfast

bed

bathroom

good

breakfast

Nice

staff

new

The histogram plot in Figure 1 illustrates the topic probabilities. The most likely topics in
all of the hotels’ reviews are the topic “cleanness” (the Number five topic) and “distance” (the
Number nine topic). The topics with lowest probabilities are the No.1 topic and No.10
respectively, which are the topics “beach” and “time”.
We use a sample of 5-star, 4.5-star, and 4-star hotels to illustrate how the better-valued hotels
are identified. We plot the hotel samples in the dimensions of the top three topics, as shown in
the cube in Figure 2. The 5-star hotels are denoted as red solid dots, 4.5-star hotels are
represented by blue triangles, and 4-star hotels are plotted as green circles. We use the Euclidean
distance to measure the closeness of the hotels in terms of the three topics. The closely located
hotels are considered as similar hotels in terms of the three top topics.
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Figure 1: Histogram of topics

Figure 2: Clusters of 5/4/4.5 Star Hotels
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The closely located hotels provide travelers with the similar accommodation and service in
terms of the topics. As shown in Figure 2, the 5-star hotels overlapped with 4-star and 4.5-star
hotels. The overlap shows that certain hotels are on different hotel star levels but are considered
as the same by reviewers in terms of the three topics. Since hotels on higher star levels often
charge consumers higher prices, we can identify the hotels that can provide the similar service
but charge lower prices as good supplements/alternatives for the hotels on the higher price levels.

4. Conclusion and Future Works
Product information released on company websites is often limited. UGC provides a valuable
source for consumers to find the hidden information of products. We discover hidden topics in
online reviews with LDA model and we cluster the products that offer the similar level of
consumer utility in terms of topics of interest.
This paper is a work in progress. We need to improve the work in several aspects. First, we
need to find a good utility function for product recommendation. Second, we assume that the
hidden topics in the online reviews are unchangeable over years and reviews are written
independently. In reality, those assumptions may not be true.
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Abstract
Vehicle Scheduling Problem has been widely studied as a result of its importance in both its
applications and its difficulty. Saving algorithm is one of the most popular algorithms for the
problem. However, there is a deficiency in the saving-selection procedure of the saving algorithm,
which prevents the algorithm from generating high-quality solutions. To deal with this problem, a
new saving value selection strategy that can guide computers to high-quality solutions is presented
in this paper.
Keywords: Saving algorithm, Vehicle scheduling problem, Saving value selection strategy

1. Introduction
Almost all urban logistics service providers typically face the problem of scheduling a fleet of
vehicles to service customers in their daily operations. For a logistics company with a number of
vehicles, it is very important to schedule its vehicles at a low cost. Different vehicle scheduling
plans can result in different operation costs.
Vehicle scheduling problem can be described in the following. Let G = (V, E) be a graph where V
= {v0, v1, …, vn} is the set of customer nodes {v1, …, vn} and depot node v0 and E = {(vi, vj): vi,
vj∈V, i≠j} is the set of edges. Each customer node vi (i=1…n) is associated with a positive demand
qi. Each edge (vi, vj)∈E (i≠j) is associated with a positive travel cost cij. Define K as a set of
identical vehicles available to deliver goods from the depot to the customers. Each vehicle has the
same capacity Q (Q>>max{qi/1≤i≤n}). The problem aims at delivering each customer at the lowest
travel cost.
The problem has been widely studied and proved to be a NP-hard problem. And many algorithms
are developed to deal with the problem. Among these algorithm, saving algorithm is one of the
most popular and classic heuristics that have been widely applied in practice. Saving algorithm is
first presented by Clarke and Wright [1] and has two versions: parallel version and sequential
version [2]. Readers can see reference [1] and [2] for detailed procedure of the algorithm.
However, there is a deficiency in the saving-selection procedure of the saving algorithm, which
prevents the algorithm from generating high-quality solutions. This is because the saving selection
strategy of the algorithm is a greedy one, which suggests selecting customer pairs in the descending
order of saving values and hence may not accurately identify the best customer pair in some cases.
To deal with this problem, a new saving value selection strategy that can guide computers to highquality solutions is developed in this paper.
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2. Analysis on the traditional Saving algorithm
The concept of saving expresses the saving of the travel cost obtained by joining two routes into
one route as illustrated in Fig. 1, where node 0 represents the depot. Initially in Fig. 1(a) customers
i and j are visited on separate routes. An alternative to this is to visit the two customers on one
route, in which the sequence can be i-j or j-i as illustrated in Fig. 1(b). Assume that the travelling
distances of Fig. 1(a) and (b) are Ca and Cb respectively and the saving of completing one route in
Fig. 1(b) instead of the two routes in Fig. 1(a) can be calculated by Savingij=Cb-Ca.

(a)
(b)
Fig. 1. Illustration of the savings concept.
The saving algorithm iteratively combine two routes with the maximum saving value until all the
routes cannot be combined without violating the vehicle capacity constraint. However, there is a
deficiency in the saving-selection work of the algorithm, which prevents the algorithm from
generating high-quality solutions. Consider a small example demonstrated in Fig. 2. In the example,
there are four customers {A, B, C, D} that need to be serviced by two vehicles {Vehicle1,
Vehicle2}. The expected travel costs of pairs of nodes are labelled in the corresponding edges.
There are no edges between some pairs of nodes, like A and C, because they are not directly
reachable. The two vehicles have the same capacity 20 and each customer’s demand is 10, which
indicates that a vehicle can service at most two customers.

Fig. 2. An example that shows a deficiency of the Saving algorithm.
The procedure of the algorithm can be shortly described in the following two steps: first, the
savings for all pairs of customers are calculated and all pairs of customers are sorted in descending
order of the savings; second, one pair of customers is considered to be connected at a time from
the top down order of the sorted list until all pairs of customers have been considered.
According to the algorithm, the savings corresponding to the travel costs for all the pairs of
customers that are directly reachable can be calculated and sorted in Table 1. Therefore, we should
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first connect customers B and C because they have the maximum saving value 15, and thus a route
“DepotBC” is obtained. As a result of vehicle capacity constraint, the obtained route cannot
be assigned with any more customers. Therefore, the left two customers have to be assigned to
another vehicle, and thus another route “DepotAD” is acquired. Finally, the solution
generated by the algorithm contains two routes “DepotBC” and “DepotAD” and the total
length is 62.
Table 1. The savings for for all the pairs of customers that are directly reachable in the example
Customer pair Saving
B-C
15
A-B
13
C-D
13
A-D
7
However, to solve such a small-scale problem, we can easily tell the optimal solution
{“DepotAB”, “DepotCD”} just by observing Fig. 2. The total length of the optimal
solution is 58 which is less than the total length of the solution obtained by the Saving algorithm.
From the example, it can be concluded that the saving selection strategy of the Saving algorithm
is a greedy one, which suggests selecting customer pairs in the descending order of saving values
and hence may not accurately identify the best customer pair in some cases. Suppose that the
customer pair “A-B” or “C-D” whose saving values are not the maximum but are tied for the
second place is first selected (in this way a strategic and long-term perspective but not greedy
perspective is adopted) the optimal solution can be definitely obtained. But how can we decide
which saving value should be rightly selected at each time if the scale of the problem is beyond
the scope of the human brain to think? What sequence should be followed in selecting saving
values? To achieve this, a new saving value selection strategy that can guide computers to highquality solutions is developed.

3. A Modified Saving Algorithm
Different from the descending order of saving values in the traditional saving algorithm, our
evaluation strategy is illustrated in Fig. 3, where a forest-like data structure is demonstrated. In the
data structure, each point represents a saving and may have its child saving points, in which each
customer pair can be connected without violating any problem constraints if the pair of customers
of its father point has been connected. For example, point 1 is the father point of point 1.1 and
point 1.1 is its child point. The relationship of the two points indicates that the two customers of
point 1.1 are feasible to be connected if the two customers of point 1 have been connected. As
illustrated in Fig. 3, points in the same generation belong to the same layer, e.g. points 1, 2, and 3
in the layer 1.
From the illustration of Fig. 3, the evaluation values of point 1 can be calculated based on the
evaluation values of its children whose evaluation values can be further calculated based on their
children. Therefore, the evaluation values of the first layer’s points may be calculated layer by
layer from the bottom layer to the top layer, which can be called a “roll-up evaluation strategy”.
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Fig. 3. The illustration of the evaluation rule of savings
However, the deeper layer the calculation begins from, the more complex the calculation procedure
is. Even for a small-scale problem with only hundreds of savings, the number of points in the forest
is extremely large and hence it is very time-consuming and impossible to calculate the evaluation
values of the top-layer points from the bottom layer. Furthermore, we do not exactly know the
depth of the forest. Therefore, calculating the evaluation values of the top-layer points from an
intermediate layer, e.g. layer 2 or 3, not the bottom layer, becomes a feasible choice.
The evaluation values of a top-layer point and an intermediate-layer point can be calculated by
formula (1), where EVi, SVi, and ic represent the evaluation value, the saving value, and the
children number of point i respectively. And p in formula (1) represents the weight that the saving
value accounts for the evaluation value. The evaluation value of a point in the layer from which
the calculation begins is equal to its saving value.
=

×

+

(1 − )

×

(1)

The roll-up evaluation strategy uses a long-term perspective in that it can evaluate a pair of
customers not only on its saving value but also on the saving values of its feasible subsequent
connections if the pair of customers is connected. While differently, the traditional Saving
algorithm only suggests selecting customer pairs in the descending order of their saving values,
which may be regarded as a greedy strategy.
The procedure which adopts the recursion idea to calculate the evaluation values of a top-layer
point is detailed in Fig. 4.
1
2
3
4
5
6
7
8

Function calculateEvaluationValue(Saving, Depth):
Set Depth = Depth - 1;
Connect the pair of customers in Saving;
Set TotalValue=0, TotalValueNumber=0;
While there is any saving in the saving list that has not been considered, do:
Fetch a saving from saving list into Sav;
If the pair of customers in Sav can be connected without violating any problem constraint,
do:
If depth>0, do:
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9

Call function calculateEvaluationValue(Sav, depth) and get the evaluation value
of Sav, denoted by SavEv;
Set TotalValue= TotalValue + SavEv, TotalValueNumber = TotalValueNumber +1;
Elseif depth=0, do:
Set the evaluation value of Sav, denoted by SavEv, to its saving value;
Set TotalValue= TotalValue+SavEv, TotalValueNumber=TotalValueNumber+1;
Endif;

10
11
12
13
14
15
Endwhile;
16
If TotalValueNumber >0, set SavingEv= TotalValue / TotalValueNumber;
17
Disconnect the pair of customers in Saving;
18 Return SavingEv.
Fig. 4. The procedure to calculate the evaluation value of a top-layer point denoted by Saving from the Depth layer
of the data structure
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Abstract
Credit scoring plays important role in the financial industry. The main purpose of credit scoring is
to evaluate the applicants’ credit rating, so that to accept the applicants who have high credit
scores and decline those who have low scores. This paper proposes a new hybrid rf-svm ensemble
model, which uses random forest to select important variables, and employ ensemble methods
(Bagging and Boosting) to aggregate single base models (SVM) as a robust classifier. The
experimental results suggest that this new model could achieve effective improvement, and has
promising potential in the field of credit scoring.
Keywords: Credit scoring, Support vector machine, Random forest, Ensemble learning
1. Introduction
Credit scoring is the cornerstone of financial industry, because accurate detection of customer’s
credit can improve the incomes and avoid losses for the financial institutes. Normally, some
statistics methods could be considered to build credit scoring models, such as Liner Discriminate
Analysis (LDA) (Fisher 1936), Logistic Regression (LR) (Wiginton 1980), etc. Nowadays, more
advanced methods have been proved to possess better performance than those old models, such as
Support vector machine (SVM), Neural Network (NN) (Desai et al. 1996), Random Forest (RF),
K-Nearest Neighbors (KNN) (Zhang and Zhou 2007) and so on, which are so called Machine
learning.
Many evidences have shown that the most accurate method is probably support vector machines
(SVM) (Crook et al. 2007). Experimental results revealed that neural network ensemble learning
model(Yu et al. 2008) can provide a promising solution to credit risk analysis(Wang and Ma 2012).
Several types of ensemble learner have been studied by (Nanni and Lumini 2009) for credit risk
analysis. Ensemble learning method has been seen as a vigorous machine learning paradigm
applied in reality according to many research.
In order to improve the prediction accuracy of classifier for credit scoring, this study propose a
new hybrid rf-svm model, which uses random forest to select important variables, and use
ensemble methods (Bagging and Boosting) to aggregate single base models (SVM) as a robust
classifier. The experimental results shown that a more accuracy and robust outcome can be
obtained by the model.
This paper is composed of the following sections: Section 2 is the background of SVM, RF and
ensemble learning methods, and then the framework of this new model investigated by us; Section
3 describes the experiment design, and then analysis the results of experiment; Section 4 is the
conclusion about this study and future work.

2. Background
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2.1 Theoretical basis
The Support Vector Machine (SVM) was firstly developed by Cortes and Vapnik for binary
classification(Harris 2013). SVM tries to find the optimal separating hyperplane among the classes
by maximizing the margin between them. Here, points lying on the boundaries are referred to as
support vectors, while the middle of the margin is called the optimal separating hyperplane (Harris
2015). For many linear inseparable problems, it is hard to find an optimal hyper plane to separate
the two kinds of samples without huge error rate. Fortunately, SVM can map the original
low-dimensional variables into high-dimensional space through defining Kernel Function. So far,
commonly used kernel functions include the linear kernel function, radial basis kernel function,
sigmoid kernel function and polynomial kernel function and so on.
Random Forest (RF) developed by Leo Breiman (Leo 2001) is a collection of tree classifier. It has
the additional characteristics of random feature selection at each node and no pruning or stopping
rule (Archer and Kimes 2008). There are two important parameters in random forest: the number
of variables preselected of tree node and the number of trees in the forest. The first parameter
determines the single decision tree; the second parameter determines the overall size of random
forests. Besides, random forest algorithm can estimate the importance of a variable by looking at
how much prediction error increases when (OOB) data for that variable is permuted while all
others are left unchanged (Liaw and Wiener 2002).
Ensemble learning algorithms work by running a “base learning algorithm” multiple times, and
forming a vote out of the resulting hypotheses (Dietterich 2002). Bagging (Breiman 1996) is the
simplest ensemble algorithm, but represents outstanding performance. Adaboost (Freund and
Schapire 1996) algorithm is the most representative Boosting algorithm. Similar with Bagging,
Adaboost also integrates multiply ‘weak’ base models into a ‘strong’ model. But difference
between Bagging is that Adaboost uses the same training sample dataset to train base learner.
Anyway, weighting of samples and models has been added to each train round.

Fig.1. The framework of this new hybrid rf-svm ensemble model.
2.2 Hybrid classification model
As proposed above, SVM has the excellent learning ability and generalization ability, random
forest is able to compare importance of variables, ensemble learning methods can obtain a robust
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and precise outcome. Based on those advantages and characters of above models, this paper
proposes the hybrid rf-svm ensemble model as a new classifier applied on customer’s credit
scoring, which expect to achieve a better performance. The framework of this new model is
depicted with fig.1.

3. Experiment and analysis
3.1 Real world credit datasets
This paper takes the two real world credit datasets to test the performance of new classifier
proposed above. German credit dataset and Australian credit dataset are available from UCI
Repository of Machine Learning Databases (Murphy and Aha 2001). Table 1 illustrates the details
of those credit datasets.
Table 1
The details of credit datasets.
Names
Instances
Class good
Class bad
Features
German
1000
700
300
24
Australian
690
307
383
14
3.2 Experimental procedure
Take German credit dataset for example, it uses the optimal parameters to build a random forest
and output the importance of variables shown in fig.2. It should be pointed out that this paper
adopts MeanDecreaseGini as the index to evaluate the importance of variables. From fig.2, the
most importance variable is V4 (purpose), followed by V1 (status of existing checking account),
V10 (debtors / guarantors), and so on.

Fig.2. The importance of variables.
Generally speaking, feature selection method can be classified into two types: the wrapper method
and the filter method(John et al. 1994; Kohavi and John 1997). In this experiment, it adopted filter
approach to select 8 variables whose MeanDecreaseGini bigger than 10. Generally, an effective
ensemble classifier consisting of diverse models with much diversity is more likely to have a good
generalization performance (Yu et al. 2006; Zhou et al. 2010). In this experiment, in order to
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achieve diversity of ensemble models, different kernel functions are used to build the based
classifier.
3.3 Experimental results
There are some frequently-used principals to estimate the performance of classification models.
They are classification accuracy, sensitivity, specificity and the receiver operating characteristic
(ROC) curve (Westin 2001). The definition of these measures can be explained with respect to a
confusion matrix(Wang and Ma 2012).
Therefore, these indicators can be defined as follows:
TP + TN
(1)
Accuracy =
TP + TN + FP + FN
TP
(2)
Sensitivity =
TP + FN
TN
(3)
Specificity =
TN + FP
After applying 10-fold cross validation, table 2 shows the results of 7 classification models which
used German credit dataset. For conciseness, the results of Australian credit dataset will not be
displayed. However, no matter what credit dataset used, the new hybrid ensemble models we
constructed could both achieve the best outcome contracted with other classifiers. For the final
ensemble models, obviously, different threshold value could produce different outcomes of
experiment. This study adopts the half-of-voting method that means the outcomes depend on the
vote of more than half of these single base models. In German dataset, the model of SVM + RF +
Bagging and SVM + RF + AdaBoost improved the accuracy to more than 80%. Among these three
indicators, sensitivity usually gets more attention, because misclassification of a bad credit
applicant into a good one could lead to huger loss than wrongly divide a good credit applicant into
a bad one. As can be seen from table 3, the new hybrid ensemble model improved sensitivity from
30% to 50% in comparison of Neural Network model.
Table 2
The results of each classifier (German credit dataset).
Models
Accuracy
Sensitivity Specificity AUC
SVM
76.20%
43.16%
90.54%
0.796
CART
74.30%
46.09%
86.57%
0.737
KNN
69.60%
39.19%
82.88%
0.509
German
Neural Network
69.20%
31.24%
85.38%
0.632
credit
Naï
75.70%
49.67%
86.23%
0.749
ve
Bayes
dataset
SVM + RF + Bagging
81.23%
52.05%
91.61%
0.839
SVM + RF + AdaBoost 83.55%
54.91%
90.46%
0.840
For classification problem, the more common criterion chosen to measure model’s effect is the
area under the receiver operating characteristic curve (AUC) (Baesens and Vanthienen 2003;
Brown and Mues 2012). The higher of AUC is, the better of this classifier tends to be. In the two
credit datasets, the new model performed the best in terms of AUC.
3.4 Statistical test
A series of AUC values were obtained after performing 10-folds cross validation. The
non-parametric Wilcoxon signed rank test was conducted to testify whether there are significant
differences between the new classifiers and these benchmarks. As depicted in table 3, there are
significant differences between the new model proposed by this study and reference models
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(Only the results of SVM + RF + Bagging were listed because of conciseness). But it is not sure
which is better in terms of SVM + RF + Bagging and SVM + RF + Adaboost.
Table 3
Wilcoxon signed rank test between novel model and reference models.
Data set
New model
Reference models
p-value
Rejected
SVM
0.005857
Yes
CART
0.001953
Yes
German
SVM + RF + KNN
0.001953
Yes
Bagging
Neural Network
0.003906
Yes
Naïve Bayes
0.005889
Yes
SVM + RF + 0.842300
No
Adaboost

4. Conclusions
For the importance of credit scoring in financial activities, so much research has been made to
improve the level of credit scoring. Only one percent scoring accuracy increases would retrieve a
great loss for banks (Chen et al. 2009). This study proposed a new hybrid rf-svm ensemble
classifier for credit scoring problems. All results depicted in these experiments showed that the
new model can been seen as a better substitute in contrast to other models built in the experiment.
From this paper, the new hybrid rf-svm ensemble model is a promising method for classification
task to some extent.
However, there is still a lot of work needed to be done in the future. Other researchers could use
more datasets to inspect the model. What’s more, inspired by this method to construct new models,
other based learners could be studied, such as neural network, k-nearest neighbors.
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Abstract
End user of information system (IS) is the weakest point in terms of IS security. A variety of
approaches are developed to convince end users to avoid IS risky behaviors. However, they do
not always work. We would like to argue that one of the reasons is that previous studies focused
on System 2 thinking (analytic, deliberate, rule-governed and effortful process) and overlooked
the factors that can influence people who are using System 1 thinking (automatic, effortless,
associative and intuitive process). In this study, we propose a model that integrates influential
factors for both modes of thinking together. Moderators of such relationships will be discussed
as well. A laboratory experiment will be conducted to verify the proposed theory. Neuroscience
technique will be used to differentiate the two modes of thinking.
Keywords: Dual-process theory, system 1 thinking, system 2 thinking, IS security

1. Introduction
Information system (IS) is pervasive in people’s everyday life. When people rely more and more
on the convenience of such systems, the protection of data in IS becomes a central concern of
both service providers and individual users. According to a recent report, IS security incidents
soared 60% in healthcare in 2015. Power and utility companies detected 527% more incidents in
their IS in 2014, over 2013. The average cost of a corporate data breach increased 15% in the
2015 to $3.5 million. 1 Although engineers in computer science have developed a variety of
security mechanisms to maintain and enhance the IS security, end user is still the weakest point
in the whole system. User’s behavior often put the IS in to risk in terms of destroying the
integrity, confidentiality and availability of data. In this study, we define such behavior as IS
risky behavior.
To solve the problem, researchers in IS security area have identified a variety of models to
explain end users’ risky behavior. The theoretical foundations used by previous studies include
deterrence theory (e.g., Herath and Rao 2009), rational choice theory (e.g., Bulgurcu et al. 2010),
accountability theory (Vance et al. 2013, 2015), reactance and justice theories (e.g., Lowry and
Moody 2015), and protection motivation theory (e.g., Herath and Rao 2009). These studies have
made notable contributions to our understandings about individual’s IS security behavior.
However, the mixed empirical results of these studies also shown that the factors that are thought
to be influential do not always work. We would like to argue that the failure is related to the
assumptions they used about the mode of thinking that people may use to process risk related
information. According to dual process theory, there are two different ways the brain forms
1

https://www.netiq.com/communities/cool-solutions/netiq-views/84-fascinating-it-security-statistics/
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thoughts: System 1, which is fast, automatic, frequent, emotional, stereotypic, and subconscious;
and System 2, which is slow, effortful, infrequent, logical, calculating, and conscious (Kahneman
2011). In the research mentioned above, System 2 thinking occupies a dominant role. The
fundamental assumption of these researches is that human being is rational. People can calculate
benefit and cost and therefore make a best decision according to logical standards. In this case,
although drawing on different theories, in general, studies in this stream try to emphasize the
effects of the negative consequences of risky behavior, such as severity of a threatened event,
vulnerability of the individual to an attack, and formal or informal punishment of risky behavior.
In other words, studies in this stream believe that the decision of risky behavior is based on
System 2 thinking. However, in reality, System 2 thinking may not be always triggered.
According to Alos-Ferrer and Strack (2014), decision making involves the use of both System 1
and System 2 processes, depending on the personal characteristics and situational factors, the
mode of thinking (System 1 or System 2) may differ. People may use different modes of thinking
to process the same message due to different contextual factors and therefore may have different
decisions. Specifically, when system 1 thinking occurs, peripheral cures that are external to the
message itself affect people’s decision. When system 2 thinking occurs, the quality of message
arguments will be important (Petty and Cacioppo 1986). Thus factors that can influence people’s
decision under system 1 thinking are overlooked by previous studies. Further, contextual factors
which can moderate the direct effect from peripheral cues and quality of arguments on people’s
decision are not controlled in previous studies.
The gaps mentioned above are hard to be solved by the traditional data collection method in
behavior research, such as self-report survey. However, by facilitating neuroscience techniques,
such as Magnetoencephalography (MEG), we can observe the individuals’ brain activities and
therefore know which mode of thinking they are using to process the information. Therefore, in
this study, we will first identify the factors that may have direct effects on individual’s decision
in both modes of thinking. Then, we will identify moderators that can either enhance or weaken
the direct effects. Finally, we will verify the model via a laboratory experiment with the help of
MEG to monitor participants’ brain activities.

2. Theoretical Background
Dual process theory suggests that there are two distinctively separate cognitive systems
underlying thinking and reasoning. These systems are often referred to as “implicit” and
“explicit” or by the more neutral terms “System 1” and “System 2” thinking. System 1thinking
relies upon frugal heuristics yielding intuitive responses, while System 2 thinking relies upon
deliberative analytic processing (Gervais and Norenzayan 2012). Dual process theories have
been successfully applied to diverse domains and phenomena across a wide range of fields (see a
review by Evans 2008)
In IS security literature, System 2 thinking occupies a dominant role (Wright et al. 2014).
Persuasive techniques that are designed based on System 2 thinking provide detailed descriptions
of the threats and negative consequences, and expect people to make a rational decision by a
systematical evaluation of the current situation. For example, severity of a threatened event and
vulnerability of the individual to an attack are supposed to influence individual’s behavior
decision, which are used by previous studies to encourage people to comply with the IS security
policy. Recently, System 1 thinking based persuasive techniques that take advantage of an
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individual’s tendency to rely on automatic information processing are also introduced to IS
security research. For example, research has found that unless alerted to potential harm,
individuals rely on simple rules of thumb when processing phishing emails (Jingguo et al. 2012,
Wright et al. 2014).

3. Theory Development
Depending on personal and situational factors, people may use either one mode of thinking to
process risk related information. For each mode of thinking, the influential factors of people’s IS
risky behavior decision are different. Therefore, in this study, we propose a model that put the
two modes of thinking in the same picture with moderators (see Figure 1).

Figure 1. Research Model
3.1 Dual Process in IS Risky Behavior Decision
Previous studies suggested that people with different modes of thinking may depend on different
factors to make a decision (Bhattacherjee and Sanford 2006). Specifically, two general concepts,
source credibility and argument quality, are used by previous studies respectively (Petty and
Cacioppo 1986). People who use system 1 thinking to process information tend to rely on
peripheral cues such as source credibility to make a decision. People who use system 2 thinking
to process information engage in thoughtful processing of an information message and, therefore,
tend to be more persuaded by argument quality (Kahneman 2011).
In our context, source credibility is defined as the extent to which an information source is
perceived to be credible by information recipients (Sussman and Siegal 2003). Further, it
contains three dimensions: source expertise, source trustworthiness and source attractiveness
(McCracken 1989). Source expertise refers to the extent to which information recipients perceive
that an information source is competent in the domain. Source trustworthiness refers to the extent
to which information recipients perceive that an information source is trustful. Source
attractiveness refers to the extent to which information recipients perceive that an information
source is attractive. Consistent to the previous studies, people who use system 1 thinking to
process risk related information tend to rely on source credibility to make fast, automatic and
subconscious decisions. Therefore, for such people, source credibility of the message will
influence their risky behavior intention negatively.
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H1: When people use System 1 thinking, source credibility of informational messages has a
negative effect on user’s risky behavior intention.
Argument quality is defined as the extent to which an argument about the risky behavior is
perceived to be strong (Bhattacherjee and Sanford 2006). Specifically, previous studies
suggested that the strength of the arguments on severity of a threatened event, and vulnerability
of the individual to an attack can influence people’s risky behavior intention. People who use
system 2 thinking to process risk related information will evaluate the severity of a threatened
event and vulnerability of the individual to an attack systematically and then make slow, effortful
and logical decisions. Therefore, for people who are using System 2 thinking, argument quality
of the message will influence their risky behavior intention negatively.
H2: When people use System 2 thinking, argument quality of informational messages has a
negative effect on user’s risky behavior intention.
3.2 Moderators of Dual Process
According to Stiff and Mongeau (2003), there is a variety of situational and personal
characteristics that can moderate the direct link between source credibility and behavior intention,
as well as the link between argument quality and behavior intention. The two most influential
factors are motivation (Petty and Cacioppo, 1979) and ability (Petty et al. 1976). In additional,
personal relevance and cognitive dissonance are also relevant to people’s mode of thinking.
In the context of IS security behavior, motivation is operationalized as knowledge desirability
and is defined as the desire to learn IS security knowledge from the message. Individuals who
take greater pleasure in learning than others tend to engage in more effortful thinking because of
its intrinsic enjoyment for them (Kruglanski et al. 2012).
H3a: Knowledge desirability has a negative moderating effect on the association between source
credibility and risky behavior intention.
H3b: Knowledge desirability has a positive moderating effect on the association between
argument quality and risky behavior intention.
Ability is operationalized as user expertise and is defined as the information recipient’s
capability for critical evaluation of IS threats. People who have more knowledge on information
threats may tend to evaluate the argument of the message systematically.
H4a: User expertise has a negative moderating effect on the association between source
credibility and risky behavior intention.
H4b: User expertise has a positive moderating effect on the association between argument
quality and risky behavior intention.
Personal relevance is operationalized as situation similarity and is defined as extent to which the
information recipients believes that they may engage in the same situation as described in the
message. Those people who are thinking they may be threatened by the same problem as
mentioned by the message would think more about the issue than those who are not.
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H5a: Situation similarity has a negative moderating effect on the association between source
credibility and risky behavior intention.
H5b: Situation similarity has a positive moderating effect on the association between argument
quality and risky behavior intention.
Cognitive dissonance is operationalized as cognitive discrepancy and is defined as the extent to
which the information delivered by the message is conflicted with recipient’s existing beliefs,
ideas, or values. When people are presented with new information (a message) that conflicts with
existing beliefs, ideas, or values, they will be motivated to go through the argument carefully to
eliminate the dissonance, in order to remain at peace with their own thoughts (Kunda 1990).
H6a: Cognitive discrepancy has a negative moderating effect on the association between source
credibility and risky behavior intention.
H6b: Cognitive discrepancy has a positive moderating effect on the association between
argument quality and risky behavior intention.

4. Studies
Researchers have demonstrated evidences for dual processes using neuropsychological methods
(Goel et al. 2000). In general, they found that different kinds of reasoning can activate one of two
different systems in the brain. Specifically, the prefrontal cortex was critical in detecting and
resolving conflicts, which are associated with System 2 thinking; and the ventral medial
prefrontal cortex, known to be associated with the more intuitive or heuristic responses of
System 1 (Goel and Dolan 2003). In our study, we will use MEG to observe brain signals during
the experiment. Its strengths consist in independence of head geometry compared to EEG,
non-invasiveness, high temporal resolution as opposed to fMRI and will give participants more
flexibility to complete our task on a computer. In the experiment, we will ask participants to read
a scenario that is related to risky behavior and contains information about source credibility,
severity and vulnerability. Then, we will ask participants to make their decision on the risky
behavior. The brain signals when they are making the decision will be captured by MEG. A post
survey will be conducted to measure IVs and moderators.

5. Expected Results and Contributions
Depending on the results from MEG, data will be divided into two groups, System 1 thinking vs.
System 2 thinking. Source credibility will be the influential factor for people in System 1 group
and argument quality will be the influential factor for people in System 2 group. Moderation
effects of other factors will also be tested.
This study is expected to have several contributions on IS security behavior research. First, we
develop a model to integrate influential factors for both modes of thinking together. Second, we
contextualize the concept of source credibility and argument quality. Third, we identify
moderators that determine the mode of thinking. Last but not least, we use neuroscience
technique to differentiate the two modes of thinking empirically.
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Abstract
In this paper, the “purchasing-reviewing” time interval is employed to explore when did
customers publish reviews and what are their opinions after shopping online. To that end, an
aspect mining method is introduced to discover the reviewed contents, and a theoretical model is
proposed to analyze how the customers’ reviews formed. In addition, the experiment results with
very big data reveal some interesting insights on the formation of massive E-commerce reviews.
Keywords: E-commerce; Online review, Purchasing-reviewing promptness, Aspect mining

1. Introduction
Previous studies have revealed that, web 2.0 technology has attracted increasing numbers of
people with various background to become active online writers and viewers. As a result, quite a
lot of online reviewing behaviors are more a type of emotional expression (Pang and Lee 2008).
Moreover, certain reviews are generated casually by unwilling users with a kind of lazy attitude
(Gretzel et al. 2007). For these various situations of fostering an online review, we are interested
in exploring the formation of a huge number of online reviews.
Review promptness means the time interval between user’s online shopping and reviewing. The
formation of time interval for many reasons. For example, if one has been offended in online
shopping process, people may take a quick reaction to express a grievance or warn others
(Brown 2012). Gretzel et al. (2007) found those who did not write online reviews, time
constraint was the most frequent reason. Other reasons include less interest, lack of confidence in
writing or laziness. Moreover, reviewing promptness may reflect the initiative and efforts made
by reviewers to post reviews (Fu and Wang 2013), so the reviewed contents at a particular time
point (too quick or slow) may be inspired by an exact motivation. Therefore, the time interval of
“purchasing-reviewing” could cover some hidden information about the online reviews.
Our focus is the formation of a huge number of online reviews. Firstly, “purchasing-reviewing”
time interval is employed to explore when customers wrote reviews after purchasing online.
Then, we introduce a text mining method to discover the aspects reviewed by the massive online
users. Finally, we present a theoretical model to analyze how the customers’ reviewing
promptness would show information related to their backgrounds and contents they reviewed.

2. Theories and Hypotheses
2.1 Customers reviewing motivation
The classic characterization of motivation as broadly extrinsic or intrinsic was used to discuss
motivations to contribute to online communities (Kraut and Resnick 2012).
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2.1.1 Social exchange theory and personal gain
This motivation is related to reviewer’s personal gain, such as social (community) status and
financial reward. Social exchange theory (Cook and Rice 2006) tries to explain the individual
behavior of participating in the exchange of resources. According to the theory, if one person
provides advice based on his or her knowledge, then he or she expects certain types of social
rewards, such as approval, respect, or increased status in the eyes of the other individuals (Wasko
and Faraj 2005). Most B2C websites trend to classify their customers into different membership
levels (Fu and Wang 2013). Moreover, the higher level users will enjoy more benefits and
rewards from the website. It seems that the lower-level customers would like to publish reviews
quickly to increase his/her membership level and then obtain other concessions provided by the
online shopping systems. It is reasonable to hypothesize that:
Hypothesis 1a: Membership has positive impact on users’ reviewing promptness.
In addition, previous research results have shown that a part of personal gain can draw from the
conspicuous consumption, which denotes the act of buying many things, especially expensive
things, done in a way that makes people notice the purchases (O’Cass and McEwen 2004). So, it
is rational to introduce the averaged product price to our model and made a hypothesis that:
Hypothesis 1b: Product price has negative impact on users’ reviewing promptness.
2.1.2 Venting positive or negative feelings
The customers are highly pleased with the online shopping experiences and want to share the
experience information with others. Alternatively, the customers are not satisfied with the
product quality or service, and thus they would like to express their grievances as soon as
possible, imposing a negative impact on the follow-up sales. These two reasons indicate that
extremely angry or happy customers may have stronger incentives to write reviews quickly to
criticize the transaction. For example, if one has been offended, or staffs have been rude in
online shopping process, people may take a quick reaction to express a grievance or warn others
(Brown, 2012). Therefore, we propose the following hypothesis:
Hypothesis 2a: Rate polarity has positive impact on reviewing promptness.
2.1.3 Concern for other consumers
If the main concern of a reviewer is to help other people make a better decision (or warn them
against making a bad decision) or to reward a company for a good product, she/he may review
her/his experiences carefully with very detailed information (Lu et al. 2010), especially, for
product information updating (Kwark et al. 2014). Since posting a “rich-information-review” is
an effortful work, we can expect that:
Hypothesis 3: If the reviewed aspects is product quality related, it has positive impact on
reviewing promptness.
2.2 Affects of E-business process
Generally, in a B2C business process, three types of service can be perceived by the buyer:
service from the producer, the seller and the delivery. In a traditional business, if the customers
have any positive or negative feelings about the experienced shopping process, most of them
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would explain their words directly to the management side of shopping store. Similarly, in the
online business, the service of E-commerce platform (online shopping mall) also could be a
reviewing objects. Accordingly, we can propose the following hypothesis:
Hypothesis 2b: Service of the E-commerce has negative impact on reviewing promptness.
Logistics in E-commerce is more important than that in traditional business (Ramanathan et al.
2014) for it bridging the physical distances between end-users and their bought products online.
Thus, we made the following hypothesis:
Hypothesis 4: Logistics in E-commerce has negative impact on reviewing promptness.
2.3 Affects from the reviewer’s social tie
A person’s decision to buy a product is often influenced by his or her friends, acquaintances and
business partners, rather than strangers (Kim and Srivastava 2007). Bearden et al. (1986)
observed the existence of two kinds of social influence in the adoption of a new product: the first
is normative social influence which creates social pressure for people to adopt a product because
if people not to do so, he may be treated as “old fashioned regardless of the individual’s
preference toward the product. On the contrary, informational social influence is a learning
process through which people observe the experience of early adopters in their social network
and decide whether to buy the new product. Further, Huang provided evidence of a feedback
loop between the visibility of contributors and the popularity of their stories, which increases the
importance of social influence over time (Ung 2011). Thus, we made the following hypothesis:
Hypothesis 5: The social relationship has negative impact on reviewing promptness.
2.4 The concept model
Accordingly, we propose a research model as shown in Figure 1.
Personal gain
Venting feelings
Concern other consumers

Reviewing
promptness

Business process-service
Business process-logistics
Social tie in E-commerce

Product price

Figure 1: The concept model.

3. The Data
3.1 Data collection
The review data was extracted from the product category of mobile phone in www.jd.com
website. In which, the top-100 sold mobile phones (487,817 reviews) are selected in the research.
The attributes extracted are USER ID, PURCHASE TIME, REVIEW TIME, REVIEW, SCORE
and MEMBERSHIP LEVEL. The distribution of the data is shown in (Table 1).
Table 1: Descriptions of the data set.
Characters
Level of reviewer’s membership
Score

Min. Max.
1
1

5
5
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Ave.
3.548
4.65

Std.
0.96
0.85

Price (RMB)
“Purchasing-reviewing” interval
# of reviews for each product
Length of review text (in Chinese)

59
0
14
2

4,699
183
28,462
1,265

930.1
24.59
6870.66
33.78

1,068.32
35.87
7,440.62
28.68

3.2 Aspect mining
An improved LDA algorithm programmed with Java is implemented on a data server (with 6
cores of Intel i7 CPU and 16G RAM) to do the computation of aspects mining. The mined
aspects and their top-5 features are presented in following Table 2.
Table 2: Reviewed aspects in online reviews.
Aspects
Appearance
Function
System
Value
Service
Logistics
Social tie

Top-5 features
Screen, Brand new, Appearance, Color, Beautiful
Call, Function, Complete, Photography, Operation
Apple, Smooth, Stable, Android, Symbian
Price, Cost performance, Economical, Cheap, Worth
Authentic product, Shopping, JingDong, Invoice, Shopping Mall
Delivery, logistics, Package, Seal Film, Delivery
Uncle, Father, Old people, Mother, Friends

4 Hypothesis testing
4.1 The model
Based on the aspects mined in Table 2, the reviewing contents are formed with 7 binary variables
to be measured as “1” if they had been mentioned in a review contents, and as “0” for the
otherwise situation. Finally, all the variables used are summarized in Table 3:
Table 3: Variables and explanations.
Type
Variable Explanation
Dependent
Independent

TI
Rating
Member
Appearance
Function
System
Value
Service
Logistics
SocialTie
Price

User’s purchasing and reviewing time interval.
The rated score.
Membership of an reviewer in a EC system.
1 for appearance aspect reviewed, otherwise 0.
1 for function aspect reviewed, otherwise 0.
1 for system aspect reviewed, otherwise 0.
1 for value aspect reviewed, otherwise 0.
1 for service aspect reviewed, otherwise 0.
1 for logistics aspect reviewed, otherwise 0.
1 for social aspect reviewed, otherwise 0.
The averaged product price.

We use a linear specification for the reviewing promptness estimation.
log(TI+1)=α+β1log(Rating)+β2Member+β3Member2+β4Platform+β5Logistics+β6Apearance
+β7Function+β8System + β9Value+β10SocialTie + β11 log(Price) + ε.
The dependent variable of log(TI+1) is used here for avoiding zero value in calculation.
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4.2 Empirical results
The results of the regression analysis for the model are shown in Table 4. The residual standard
error is 1.247 on 487,805 degrees of freedom, the adjusted R-squared is 0.040. The F-statistic is
1825 on 11 and 487,805 degrees of freedom, p-value is less than 2.2e-16. In spite of Value
(β9=−0.009753), all the other variables were statistically significant have impacts on log(TI+1).
Table 4: Results of regression analysis (*p < 0.05; **p < 0.01; ***p < 0.001).
Estimate Std. Error t-value Pr(>|t|)
(Intercept)
log(Rating)
Member
I(Member2)
Platform
Logistics
Appearance
Function
System
Value
SocialTie
log(Price)

2.859996
-0.266418
0.272334
-0.032416
-0.031410
-0.557926
-0.097599
0.028081
-0.030743
-0.009753
0.062638
-0.071637

0.026657
0.005988
0.013704
0.001905
0.003601
0.005395
0.003704
0.004914
0.004023
0.003594
0.004235
0.001681

107.289
-44.490
19.873
-17.018
-8.723
-103.423
-26.348
5.715
-7.642
-2.714
14.792
-42.615

<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
1.10e-08
2.15e-14
0.00665
<2e-16
<2e-16

***
***
***
***
***
***
***
***
***
**
***
***

Table 4 shows that, Member, Function and SocialTie have positive effects on reviewing
promptness, which mean alone with a longer purchasing-reviewing time interval: (1) People with
high level of membership trend to publish lazy review online. This is mainly because the current
review reward mechanism of the EC system has lost its incentive effect for the high level users.
(2) If one is intent to make comments on the aspect of function for a cell phone, she/he may need
more time to experience the product and then make a credible evaluation. (3) The results about
social tie pressure is very different from our Hypothesis 5. By rechecking the review contents,
we find that, lots of cell phones were bought as a gift. So, the reviewers need time to waiting the
feed-back of the end-users. In contrast, log(Rating), Member2, Appearance and System have
negative effects on reviewing promptness. It represents that: (1) Under the behavior of quick
reviewing, a relative high score would be assigned by user. (2) People with low level of
membership trend to publish quick review to obtain personal gain from the E-commerce
platform. (3) With a short purchasing-reviewing interval, the reviewed topics are more about
Appearance and System, which can be experienced quickly and make a fast evaluation.
Interestingly, E-commerce platform related aspects variables of Platform and Logistics have
negative effects on reviewing promptness. They indicate that, the service direct from the
E-commerce system side would suffer from a quick response. Service is an important factor for
an E-commerce dealer, especially, the delivery. In addition, log(Price) has negative effect show
that, in Chinese E-market, there exists some conspicuous consumption behavior. The final test
results are included in Table 5:
Table 5: Summary of results.
H
Description
Result
H1a
H1b
H2a

Membership has positive impact on reviewing promptness.
Product price has negative impact on reviewing promptness.
Score shows has positive impact on reviewing promptness.
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Supported
Supported
Rejected

H2b
H3
H4
H5

Service has negative impact on reviewing promptness.
Reviewing product quality will results a longer time interval.
Reviewing logistics will results a shorter time interval.
Social tie has negative impact on reviewing promptness.

Supported
Partial supported
Supported
Rejected

5. Conclusion
A deeper understanding of when customers will review and what motivates them to write online
reviews is therefore of both theoretical and practical significance. In fact, if a consumer’s
“purchasing-reviewing” time interval is relatively short, the customer’s evaluation contents are 1)
service-related and 2) what the customer is the most interested in. In this way, there is little
valuable information in the reviews for follow-up buyers. This result would be a limitation in the
formation of word-of-mouth for the product. These implications can help B2C sellers in terms of
how to manage consumers’ relationships and adjust online marketing strategies accordingly.
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Abstract
This research attempts to understand why physicians are reluctant to take advices from clinical
decision support systems. We hypothesize that physicians’ resistance to clinical decision support
systems is reduced by their perception of the system’s usefulness and increased by their
sociocultural belief of face loss. Furthermore, we propose that these main effects are contingent
on time pressure faced by physicians. When time pressure is high, perceived usefulness has a
stronger effect on reducing resistance, whereas face loss has a stronger effect on reinforcing
resistance. We have collected a longitudinal survey data from 182 physicians in a Chinese
hospital and will complete the analysis next. This research is expected to make a contribution to
IS research by integrating the concept of face loss into resistance research and revealing the
paradoxical moderating effect of time pressure in the healthcare context.
Keywords: Physician, Resistance, Face loss, Time pressure, Clinical decision support

1. Introduction
While many studies have shown that Clinical decision support systems (CDSS) can improve
practitioner performance and patient outcomes (Bright et al. 2012; Garg et al. 2005), widespread
use of such systems has not become available due to numerous technological, social,
psychological, legal, financial, and organizational barriers (Ali et al. 2016; Boonstra and
Broekhuis 2010). Among social organizational factors, user resistance is one of the main causes
for the failure of CDSS (Coiera 2015). User resistance is particularly serious in healthcare
settings in which healthcare professionals are characterized by high professional autonomy and
low propensity for being persuaded by people outside their profession (Bhattacherjee and Hikmet
2007; Lapointe and Rivard 2005; Liang et al. 2010).
Despite the importance of physician resistance, only a few studies in the IS literature have
explicitly investigated this problem (Bhattacherjee and Hikmet 2007; Lapointe and Rivard 2005;
Xue et al. 2015). Much is left unknown regarding why physicians engage in resistance behavior.
Moreover, littler research has examined resistance to CDSS. CDSS differ from other health
information systems in that they are more than passive data entry and display. They actually act
like a human expert to provide guidelines, recommendations, and alerts to physicians during
clinical encounters to facilitate decision making (Osheroff et al. 2007). When physicians use
CDSS, it appears as if they are taking advice from the system. This begs the question: Will
physicians be willing to accept this submissive role when using CDSS?
In this paper, we draw on the concept of face to explain why Chinese physicians’ pride can make
them resist CDSS. Leung and Chan (2003) define face as “the respect, pride and dignity of an
individual as a consequence of his/her social achievement and the practice of it”. Kim and Nam
(1998) point out that face is a powerful concept that can help generate many insights of the
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distinctive context when studying individual behaviors in Asian cultures. Although face is
developed as a general concept that is applicable in both Eastern and Western countries
(Goffman 1978), it is believed to play a more salient role in the Chinese society to explain social
interactions. As a part of the Chinese consciousness, people pay great attention to caring for
one’s face (Huang et al. 2008). People try to maintain their face by gaining recognition and
respect from others. Face is lost when the person fails to meet the basic requirements of her
social position either through her own action or collective action of others in her social group.
Although it is unnecessary for one to strive to gain face, losing face often leads to serious
consequences which will put stigma on her name and undermine her effective functioning in
society (Ho 1976). Thus, face is an important social factor that individuals cannot avoid when
deciding their behaviors that are visible to others.
From the face saving perspective, this paper attempts to investigate the factors influencing
physicians’ resistance of CDSS in outpatient settings. The next section will propose the research
model and hypotheses. It is followed by the description of a longitudinal survey study conducted
in a large Chinese hospital. Then we present results and discussions.

Perceived
Usefulness

H1

Resistance
Face Loss

H2
H3

H4

Age

Time
Pressure

Gender

Education

Control Variables

Figure 1. Research model of physician resistance of CDSS

2. Research Model and Hypotheses
Based on a synthesis of a variety of literature, we develop a research model (Figure 1) which
posits that physician resistance of CDSS is determined not only by their rational perceptions of
CDSS’ usefulness, but also by their sociocultural perceptions of face saving. To contextualize
this model, we include time pressure as a contextual factor that is unique for physicians’ decision
context. Next we discuss detailed theoretical rationales behind each hypothesis.
Perceived usefulness refers to the extent to which users believe that system usage will enhance
their job performance (Davis 1989; Davis et al. 1989). CDSS can provide relevant knowledge
and person-specific information, intelligently filtered and timely presented, to assist physicians
and other health professionals with their clinical decision making tasks for improved healthcare
(Osheroff et al. 2007). A plethora of studies have shown that CDSS are effective in improving
healthcare processes as well as clinical and economic outcomes (Bright et al. 2012). When
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physicians realize the benefits of using CDSS to improve performance and care quality, they are
likely to actively integrate CDSS into their clinical practice and unlikely to resist CDSS. Thus:
H1: Perceived usefulness of CDSS is negatively associated with resistance to CDSS
Face is important for individuals embedded in social interactions, especially for physicians who
take a great deal of pride in what they do to save lives. The effect of face can be explained
through the lens of self-presentation. As the dramaturgical view of Goffman (Goffman 1978)
posits, humans’ social interactions are similar to theatrical plays and all individuals are actors
who try to control or guide how others make an impression of them by engaging in
self-presentation behaviors. In a similar vein, we suggest that the patient encounter can be seen
as a play in which physicians perform the provision of medical services in front of a group of
audience, possibly including the patient, the patient’s family members, nurses, physician
assistants, and physician interns (John 1996). However, our interviews show that many
physicians felt embarrassed if they had to use CDSS to help them make clinical decisions during
the encounter with a patient. They worried that patient might think they were incompetent and
lack necessary medical knowledge if they used CDSS for reference in front of the patient. Thus,
CDSS could lead to a reputational threat and face loss. Research has shown that physicians can
develop threat perceptions toward IT and subsequently resist IT use (Bhattacherjee and Hikmet
2007; Xue et al. 2015). Therefore, we propose that loss of face related to CDSS use will impel
physicians to resist the use of CDSS.
H2: Perceived face loss is positively associated with resistance to CDSS
Time is a critical resource in human judgment and decision making. High quality decisions
depend on activities that take time to complete and time pressure has been found to lower
decision quality (Svenson and Maule 1993). However, time pressure is a common feature of
professional decision situations. This is particularly true for outpatient doctors in China who
have only a few minutes for a patient during an encounter (Bai 2014; Jin and Chen 2016). Most
doctors in large hospital are extremely overloaded. Although the government requires doctors to
spend at least eight minutes for each patient, it is difficult to comply with this policy due to
overwhelming patient demands (Jin and Chen 2016).
The decision literature suggests that individuals have three major approaches to adapt to time
pressed decision situations: acceleration, filtration, and change of strategies (Payne et al. 1993;
Svenson and Maule 1993). When time is limited, physicians have to make quick diagnostic and
treatment decisions, and they are also likely to take these adaptive approaches. CDSS, if useful,
could facilitate all three approaches. First, the clinical guidelines and order sets embedded in
CDSS can help them accelerate decision speed. Second, CDSS can provide critical information
such as drug allergy and drug-drug interactions which could lead to serious harm if ignored.
Hence, the more important physicians think the CDSS information is, the less likely they will
neglect it if they have to use filtration. Finally, when physicians apply attribute-based decision
strategies, they need to compare specific features of different decisions. CDSS allows them to
make quick searches and complete the comparison in a timely manner. Therefore, when time is
limited, CDSS can streamline physicians’ information processing need for quick decisions.
Research shows that time pressure has a negative impact on physicians’ diagnostic accuracy
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(Alqahtani et al. 2016). If physicians perceive that CDSS can help them make better decisions
when time pressure is high, they are unlikely to refuse the use of CDSS. In contrast, when time
pressure is low, even if physicians perceived CDSS to be useful, they may still resist using it
because they have plenty of time to seek help from other sources. As a result, the perception of
usefulness will have an increasingly stronger effect on resistance as time pressure increases
H3: Time pressure strengthens the negative relationship between perceived usefulness and
resistance to CDSS, so that it is stronger when time pressure is high than when it is low.
While physicians try to maintain pride and create an image of competence, the use of CDSS
could reveal their weaknesses to the audience, posing a reputational threat. Thus, physicians
could interpret the use of CDSS as intrusive in their medical practice. Decision research shows
that under time pressure individuals will selectively process information and assign higher
weight to negative information (Svenson and Maule 1993). Thus, time pressure will amplify the
negative perception of CDSS. Compared with the no time pressure condition, physicians’
judgment of CDSS under time pressure will be more heavily influenced by the potential that
CDSS could make them lose face. As a result, in order to save face, physicians are more likely to
resist the use of CDSS. Furthermore, while the face-losing effect of CDSS can be stressful for
physicians, time pressure will likely make it even worse (Babbott et al. 2014). To alleviate the
intensified stress, physicians are motivated to avoid the stressor by not using CDSS. This is
consistent with Liang and Xue (2009) who articulate that when technology threat causes a
stressful situation, a major coping behavior that individuals will undertake is to remove the
stressor. Hence, we hypothesize that
H4: Time pressure strengthens the positive relationship between face loss and resistance to
CDSS, so that it is stronger when time pressure is high than when it is low.

3. Method
3.1 Measures
The three items for resistance are based on Bhattacherie and Hikmet (2007). A sample item is “I
don’t want CDSS to change the way I work.” Perceived usefulness is measured by four items
adapted from Liang et al. (2010). A sample item is “CDSS would increase the quality of care I
provide.” Time pressure is measured by two self-developed items based on the logic that
pressure comes from insufficient time for patient visits (Babbott et al. 2014). A sample item is “I
have very limited time to see each patient.” Since no existing scales measure physicians’ face
loss beliefs, we developed three items for this research. A sample item is “I will be embarrassed
if somebody else tells me how I should do my job.”
3.2 Data Collection
We carried out a longitudinal survey study in a large Chinese tertiary hospital. Two surveys were
administered. The first survey was one month after the CDSS implementation, and the second
survey was six months after the first survey. We collected physicians’ perceptions on the
usefulness of CDSS, face loss, and time pressure during the first survey. During the second
survey, we asked respondents to rate their IT resistance perception. Both surveys were set up in
the hospital’s local area network. Among all of the 429 physicians in the hospital, 182 completed
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both surveys, showing a response rate of 42.4%. Of the respondents, 53% are female and 73%
have college education. Their average age is 38, ranging from 22 to 59.
3.4 Data Analysis Plan
We plan to use structural equation modelling (SEM) to analyze the measurement model and
structural model simultaneously. A preliminary analysis shows that all of the hypotheses are
supported. We will conduct formal data analysis soon.

4. Discussion
This research makes two major contributions to the healthcare information systems (HIS)
research. First, it is an early attempt, if not the first, to integrate sociocultural beliefs and
cognitive perceptions to understand physicians’ technology resistance behavior. While some
studies have examined how physician resistance to IT is influenced by personal, technological,
cognitive, and organizational factors, few have taken a sociocultural perspective (Bhattacherjee
and Hikmet 2007; Lapointe and Rivard 2005; Liang et al. 2010). Specifically, we propose that
face loss is a significant concern for physicians who use CDSS during patient encounters. Face is
not only a salient cultural belief in China, but also a general social factor that exist in Western
societies and has received extensive attention from academics (Goffman 1978). Given the high
levels of autonomy and pride associated with the medical profession, face is a particularly
interesting concept that could lead to an in-depth understanding of physician behavior.
Second, we try to build contextualized theory by taking time pressure into consideration. As
Hong et al. (2013) suggest, theories should address the unique features of the context within
which the focal phenomena take place. We answers their call by stressing the moderating role of
time pressure. Despite the importance of time pressure in healthcare (Babbott et al. 2014),
surprisingly no research has investigated how it can affect physicians’ IT usage behavior. We fill
this blank in the literature by suggesting that time pressure can strengthen both the negative
impact of perceived usefulness and the positive impact of face loss on CDSS resistance.
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Abstract
The employees in an organizational unit must comply with its enterprise information systems
(EIS) policy in order to properly support business operations. Direct and heavy-handed
management actions are widely used to regulate EIS usage, but there is evidence that
compliance problems persist. Thus, it is imperative to identify additional ways to encourage
employees to comply with EIS policy. We integrate organizational context literature and social
capital theory to explore the effects of two types of organizational context on the collective
compliance behavior of employees in business units: social context and performance
management context. We surveyed unit managers in 116 Chinese firms that had deployed EIS,
and found that social context affects business unit EIS policy compliance via the social capital
that exists between the focal business unit and the IT unit of the firm. Furthermore, the
performance management context positively moderates this mediation relationship, such that
it is stronger when the organization put greater emphasis on performance management. The
theoretical and practical implementations of these findings are discussed.
Keywords: Organizational context; EIS compliance; social capital
1. Introduction
Enterprise information systems (EIS), which are comprised of multiple functional
modules, must be properly used by functional units if they are to realize their intended
benefits (Liang et al. 2015). In order to maximize the value of their EIS investment, firms
establish EIS policy to regulate the use of the system(Straub Jr et al. 1990). Functional unit
employees are expected to comply with EIS policy when they collectively use EIS to get
work done (Anthony 2005). Thus, it is important for an organization to understand how it can
ensure that its functional units comply with EIS policy. This constitutes the broad objective of
our study.
Previous literature has explored the IT policy compliance of individual users (Liang et al.
2013; Xue et al. 2011). Two direct and obtrusive management actions have been studied: (1)
reward and punishment (sanctions) based on control and relational choice theories (Bulgurcu
et al. 2010; Chen et al. 2012; Liang et al. 2013; Xue et al. 2011); and (2) awareness-building,
education, and training based on general deterrence theory (D'Arcy et al. 2009). Although
these perspectives are useful, it has been observed that EIS policy non-compliance persists
even when reward, punishment, and training are adopted (Vance et al. 2015). Prior research
has reported that these managerial interventions have mixed effects (D'Arcy et al. 2009;
Siponen et al. 2010; Vance et al. 2013; Xue et al. 2011). This may be because the formal and
direct approaches to regulating IT compliance, which tend to assume that employee and firm
interests can only be aligned through economic benefit or loss, undermine workplace moral
sense and encourage employees to defy policy settings (Tyler 2006; Vance et al. 2015).
This current study proposes that an organizational context perspective will help shed light
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on the EIS compliance behavior of functional units. The organizational behavior literature has
long proposed that organizations use management action to create a broad work environment,
termed organizational context, to induce collective cooperative actions from their constituting
units (Ghoshal et al. 1994; Tyler 2006). Organizational context is systems, processes, and
beliefs that develops “hard versus soft elements” (Gibson and Birkinshaw 2004:213) and
builds an effective moral order within the organization. Soft elements capture social context:
the extent to which the paired attributes of trust and support exist to induce members to rely
on each other for commitment and assistance. Hard elements capture performance
management context: the extent to which the paired attributes of discipline and stretch exist to
motivate members to meet expectations and strive for more ambitious goals. Research has
found that a proper organizational context promotes cooperative employee behavior (Galletta
et al. 1992; LePine et al. 2002).
To the extent that EIS compliance can be understood as cooperative behavior, it seems
plausible that the notion of organizational context can play a role here. However, we do not
yet fully understand whether and how organizational context, as a general management
construct, influences compliance with EIS policy. Clearly, a more nuanced understanding of
how organizational context works to promote EIS policy compliance behavior by functional
units can add to the growing IS compliance literature. This leads to our research question:
How does organizational context affect the EIS compliance behavior of organizational units?
EIS policy compliance is distinguished from other compliance behavior because it
requires users to learn and assimilate EIS knowledge into their job routines (Liang et al. 2010).
Thus, social interactions between the functional unit and the IT unit are important. We
respond to our research question by integrating the literature on organizational context with
social capital theory; the latter theory highlights the social and relational nature of human
interactions. By integrating these two perspectives, we propose that social context and
performance context affect the EIS compliance behavior of functional units via the
mechanism of social capital, in different yet complementary ways.
2. Theory Background
2.1 Organizational Context
Organizational context refers to a context constituted by a carefully selected set of
systems and processes that provides employees with the embedded work ethics (Gibson and
Birkinshaw, 2004), what – Barnard (1938:261) called the “moral factor” of the organization.
Thus employees in some organizations with strong work ethics routinely do so much more
“for the good of the organization” than their economic rewards would justify (Barnard,
1938:200). The moral factor created by organizational context could influence a large group
member’s behavior as it builds a collective moral order shared by all members (Bottom et al.
2006).
Organizational context is manifested in the “hard” and “soft” aspects. The hard side
refers to performance management context, a context that includes the behavior-framing
characteristics of discipline and stretch. Discipline is the attribute of the performance context
that induces employees to voluntarily strive to achieve the organization’s expectations (Arvey
et al. 1984; Choo 1996). Stretch is defined as the attribute of performance management
context that encourages employees to voluntarily strive for more ambitious objectives (Kerr et
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al. 2004; Thompson et al. 1997). The soft side refers to social context, a context that is
comprised of the behavior-framing characteristics of trust and support within the organization.
It is concerned with the principles to manage social relationships (Gibson et al. 2004). Trust is
defined as the attribute of social context that induces employees to rely on the commitments
of each other (Ambrose et al. 2003; Six et al. 2008). Support is defined as the attribute to
induce employees to lend assistance and countenance to others (Ambrose et al. 2003).
Organizational context has been found to improve employees’ behavior, such as
cooperative behavior (Ghoshal et al. 1994; Krosgaard et al. 2002). Specifically, social context
has been found to influence mutual collaboration and collective learning between units
(Eisenberger et al. 1990; Ghoshal et al. 1994), due to the development of employees’ moral
sense of helping each other voluntarily. Performance management context could influence the
morale sense of self-obligations and dedication to the organization. Previous literature found
that discipline and stretch could inspire employees’ initiative actions, due to their motivation
to learn new knowledge and achieve excellence (Ghoshal et al. 1994).
3. Research Model And Hypotheses Development
Drawing on the organizational context literature and social capital theory, we develop our
research model. Social context is proposed to improve social capital between business and IT
units, which in turn helps the business unit comply with EIS policies. Performance
management context is proposed to moderate the effect of social context on social capital, as
well as the effect of social capital on EIS policy compliance.

3.1 Social Context and Social Capital between Business and IT Units
We propose social context of an organization to be a relatively new antecedent for
developing high quality social capital between business and IT units. The feature of trust in
social context builds social capital by providing opportunities for interaction. The attribute of
support in social context could improve social capital through resource accessibility.
Hypothesis 1: Social context is positively related to social capital between business
and IT units.
3.2 Social Capital and Compliance of Business Units with EIS Policy
We argue that social capital facilities knowledge transfer from IT unit to functional unit,
thus functional unit are better able to conform with EIS policy when they acquire enough
knowledge to understand the policy. Social capital facilitates the knowledge exchange by
affording the interaction opportunities for information flows, avoiding misunderstandings via
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mutual trust (Karahanna et al. 2013), and the cognitive ability to assimilate knowledge and
experiences (Wagner et al. 2014). As such, we propose that:
H2: Social capital is positively related to business units’ EIS compliance.
Given that we have hypothesized a positive relationship between the social context and
social capital between business and IT units (i.e., Hypothesis 1), we further predict that social
capital carries the effect of social context on the compliance behavior of business units.
H3: Social capital will mediate the relationship between social context and business
units’ EIS compliance behavior.
3.3 Effects of Performance Management Context
We argue that the mediating relationship of social capital between social context and EIS
policy compliance is contingent upon its performance management context. As discussed
earlier, performance management context could eliminate conflicts in interactions between
business and IT units, via the clear accountability induced by discipline and stretch (Arvey et
al. 1984).
H4: Performance management context will moderate the relationship between social
capital and compliance with EIS policies.
H5. Performance management context will moderate the relationship between social
context and social capital.
To test this moderated mediation model, we formulate the following hypothesis:
H6: The indirect relationship between social context and EIS policies compliance
behavior is moderated by the performance management context for the path from social
context to social capital and the path from social capital to EIS policies compliance.
4. Methodology
We conducted a survey of Chinese companies to test the research model and hypotheses.
The firms operated in various industries and regions and they had heterogeneous management
styles, organizational context, and inter-unit social relationships. The following sections
describe our research setting and data collection procedure.
4.1 Survey Procedure
Survey setting. To increase the generalizability of the findings, we included a broad range
of industries in our sample frame (Mingers 2001).
Data collection. Our target respondents were business department supervisors and senior
managers who were knowledgeable about EIS policies in their company.
5. Results
5.1 Hypotheses Testing
Mediation effect. First, we tested the direct effect of social context on business unit
compliance with EIS policies, which was significant (β=0.367, p<.001). Second, we
constructed a mediation model; we added indirect effects from social context through social
capital to EIS policy compliance. The path from social context to social capital was
significant (β=0.524, p<0.001), supporting Hypothesis 1. The path from social capital to
business unit compliance with EIS polices was also significant ( β =0.375, p<0.05),
supporting Hypothesis 2.
Moreover, after introducing the indirect effect, the direct effect of social context on EIS
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policy compliance becomes insignificant (β=0.170, p>0.10), suggesting a full mediation
effect. Thus, Hypothesis 3 was supported.
Moderation effect. In the next step, we introduced performance management context as
the moderator. The interaction effect of performance management context and social context
on social capital was significant (β=0.178, p<0.05). Together, the interaction effect of social
capital and performance management context on EIS policy compliance is also significant (β
=0.219, p<0.05). Therefore, we have evidence to propose that H4 and H5 are supported.
Moderated mediation effect. Hypothesis 6 predicted that performance management
context would positively moderate the indirect effect of social context on EIS policy
compliance via social capital, such that the indirect effect is stronger when performance
management context is high. To test this hypothesis, we conducted the bootstrapping
suggested by Edwards and Lambert (2007) to obtain the results. Social context affects EIS
policy compliance by enhancing social capital, more strongly under conditions of high
performance management, while lends support for the moderated mediation effect of H6.
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Abstract
Gray market is a worldwide phenomenon thriving in a variety of product categories. It is critical
for brand owners to understand both gray market sellers’ and consumers’ behaviors to better
manage gray market. However, no prior study has examined the dynamics of gray market due to
difficulty in acquiring gray market data. To fill the gap, we tracked gray market listings and
transactions on the largest Internet retail website in China for a 34-week period and examined
the impact of the brand owner’s channel controls decisions on market dynamics. Analysis shows
that two dimensions of channel controls, price and product offering (availability), affect the
degree of gray market activities. We find that more expensive products are less attractive to
sellers irrespective of larger price gaps. Regarding product offering, products available in the
authorized channel draw more gray market sellers but not necessarily more transactions.
Keywords: Online gray market, Gray market, Unauthorized channels, Luxury goods

1. Introduction
Gray market refers to “the sale of genuine trademarked products through distribution channels
unauthorized by the manufacturer or brand owner” (Antia et al. 2006, pp. 92). In the case of
designer handbags, gray market sellers buy handbags from the origin countries such as US or
Europe then resell them in Asia to make a fortune, taking advantage of the price gap between the
handbags’ origin countries and export countries. It was reported that the top two guests on the
VIP list of LV’s Galeries Lafayette location regularly resell their LV handbags on Taobao.com,
China’s equivalent of eBay (Wilson 2008). Gray market is not unique to designer handbags. This
phenomenon thrives in a wide variety of product categories, ranging from lumber, electronic
components, broadcast signals, IPOs, automobiles, heavy construction equipment, watches,
cosmetics, health, beauty aids to prescription drugs (Antia et al. 2004). Worldwide gray market
was estimated to run over $40 billion in revenue each year (Kotler and Keller 2009).
The advances of information technologies and electronic commerce have further generated
a rapidly growing online gray market. The Internet significantly lowers the barriers for the gray
market sellers to establish online retail stores and reach out to a wide range of consumers. Gray
market becomes a distribution channel for the branded products and challenges the brand owners
on the management of their global supply chains. However, the brand owners have very limited
understanding of the gray market activities. The major challenge is that the gray market activities
are difficult to observe and hence collection of gray market data and systematic analysis of such
data are impossible to accomplish (Antia et al. 2006). The emerging online gray market provides
us the unprecedented opportunity to directly observe the selling and buying activities in gray
market. Using Internet searching tools such as web crawlers, we are able to fetch billions of web
pages on e-commerce websites located in a different geographic region and monitor online gray
market incidents.
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In this study, we focus on luxury goods, in particular, luxury handbags. Prior studies
suggest that gray market incidents are most likely to arise under two conditions. First, the
product has a prominent brand name (Bucklin 1993); and second, price gap is large across two
geographic markets (Onkvisit and Shaw 1989). Luxury handbags satisfy both conditions. We
developed a web crawler to automatically track gray market listings and transactions and collect
the related data on the largest Internet retail website in China for a 34-week period. To the best
of our knowledge, our paper is among the first to collect gray market data in a large scale and
empirically examine the dynamics of gray market activities.

2. Hypotheses
This study focuses on identifying the key factors that affect the degree of gray market activities
for a branded product. The degree of online gray market activities for a product is represented by
the numbers of selling and buying incidents for this product on gray market.
We adopt a benefit-cost perspective since both sellers and buyers evaluate benefits and
costs when making their gray market entry decisions. Based on literature review, we identify two
key factors that may influence the benefits and costs associated with buying and selling in online
gray market: price level and product offering. We choose these two factors for two reasons. First,
these two factors are important output channel controls implemented by brand owners. Second,
they are manageable from the brand owners’ perspective. In addition to these two factors, we
control for product popularity, reaction effects between buyers and sellers, and product features
including size, material, and release time.
2.1 Price Level
From the benefit perspective, more expensive products may attract more buyers and sellers in
gray market. Sellers enter gray market to take advantage of the arbitrage opportunity arising
from a product’s price gap in the authorized channels between a lower-priced country and a
higher-priced country (Ahmadi and Yang 2000). The price gap is highly correlated with the
product’s price level in its origin country as a result of price coordination required by the global
marketing strategies of a multinational firm (Zou and Cavusgil 2002). In our data, the Pearson
Correlation between a luxury handbag’s price gap between its origin country and the Chinese
market and its price in the origin country is over 0.99.
Higher product prices lead to larger price gaps, which suggest more earnings for the sellers
and more savings for buyers. Gray market sellers acquire products from the authorized channels
in the lower-priced country. A larger price gap gives gray market seller more flexibility to price
the product and may result in a higher profit margin. Gray market sellers expect to gain more per
unit by selling a more expensive product and therefore are more likely to enter the gray market
and sell more expensive products. On the demand side, the higher price gaps pertaining to more
expensive products allow the sellers to offer higher price discount to consumers. So higher
savings associated with more expensive products may motivate consumers to enter gray market.
Xiao et al. (2011) find that consumers are more willing to buy gray market goods if the price gap
between gray market and the authorized channel is large. We therefore hypothesize that:
H1a: A product’s price level in the origin country is positively associated with the degree of
online gray market activities in the higher-priced country.
Conversely, from the cost perspective, more expensive goods may be less attractive for
both sellers and buyers. Gray market sellers face risks of unsold products (Padmanabhan and Png
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1997). As unauthorized retailers, they can only return unsold products during a limited time
window and the risks of unsold products are higher with more expensive products (Peter and
Ryan 1976). Furthermore, higher prices require larger capital investments, which create higher
market entry barriers for sellers (Porter 1980). On the demand side, gray market consumers face
purchasing risks associated with the lack of channel authorization, such as unreliable guarantee,
the lack of manufacturer warranty, and unavailability of after-sales service (Huang et al. 2004;
Lee 2006). Such risks increase with a product’s price level, which may cause consumers to avoid
gray market products. Moreover, consumers who can afford more expensive products are more
likely to have lower price sensitivity (Lee 2006). The Weber-Fecher law of psychophysics
suggests that increasing the magnitude of the original stimulus leads to less noticeable difference
(Grewal and Marmorstein 1994). So consumers who can afford more expensive products may
value saving from gray market purchase less. Consequently, more expensive products may
attract fewer buyers in unauthorized channels. Based on the above discussion, we propose the
following competing hypothesis.
H1b: A product’s price level in the origin country is negatively associated with the degree of
online gray market activities in the higher-priced country.
2.2 Product Offering
A brand owner’s product offering decision involves whether or not to make a product available
in a distribution channel. Gray market sellers can free ride marketing efforts that the brand owner
and authorized distributors invest on the product available in the higher-priced country (Anita et
al. 2006) and benefit from the improved market recognition at no cost. In addition, they can also
free ride on the presale and other additional services, such as product demonstration, education,
and repair, provided by brand owners (Knoll 1986). The free-riding potential would be low for a
product not offered in the higher-priced country (Anita et al. 2006). Product availability in the
authorized channels may also benefit gray market buyers. Consumers have the opportunity to
closely inspect those products before purchasing from online gray market. In addition,
availability in authorized channels may help increase products’ value perceived by consumers.
Socially consumers may gain higher conspicuousness value since products offered via authorized
channels have better market awareness (Wiedmann et al. 2007). Therefore, we hypothesize:
H2: Product availability in the authorized channels is positively associated with the degree of
online gray market activities in the higher-priced country.
In our analysis, we also control product popularity, interplay between gray market sellers
and consumers, and product characteristic including size, material, release time in the market.

2. Data and Model
We collected our data from both the authorized Coach and LV online distribution channels and
gray market in China. In particular, we collected the handbag information, such as style number,
U.S. official price, China office price, and size from the official websites (www.coach.com,
china.coach.com, www.louisvuitton.fr, www.louisvuitton.cn). The data collection was initially
conducted in April 2011 and then repeated in September 2011 to incorporate new product
releases for the Fall/Winter collection. To collect gray market data, we developed a computer
script, which fed the Coach and LV style numbers obtained from the official websites into Linux
shell scripts to search for all matching items that were listed on Taobao.com. For each listing, we
collected information such as listing prices and transaction history, etc. Data collection was
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performed once per week automatically for about 34 weeks, from May 30th, 2011 to January 23rd,
2012.
Table 1: Description of Variables
Variables
SELLER
TQ
PRICE
AVAILABILITY*
WISHLIST
NEW
SIZE
MATERIAL
AGE

Description
Number of sellers for a handbag style
Transaction quantity of a handbag style
Official price in the origin country
Whether a style is available in the official channel in china
Average count of a style being bookmarked per seller
Whether a style is new arrival
Size of a handbag
Whether a style is made by leather
Weeks elapse since a style was released
Whether the month includes a holiday such as National Day (October 1),
HOLIDAY
Christmas, and New Year.
* Note: All LV handbags are available in China.

The dependent variables, weekly aggregated number of sellers and transaction quantity are
both nonnegative integers. Therefore we use count regression models in our analysis. A close
examination of the data further suggests that different model estimation techniques are required
to handle these two dependent variables because the issue of excessive zeros exists in transaction
quantify.
We find that the listing data has the overdispersion issue, i.e., the variances of the
dependent variables are larger than the means. We therefore adopt a negative binomial
maximum-likelihood regression model for the supply side (Hibe 2011; Wuyts et al. 2004). For
handbag style i, at week t, we have
 1

yit

(SELLER it   1 )   1   it 
P(SELLER it | Xit ) 

 

( 1 )(yit  1)   1  it    1  it 
where SELLER it is the number of sellers for handbag style i in week t,  (.) denotes the gamma
integral,  is the dispersion parameter, Xit includes PRICEit, AVAILABILITYit, WISHLISTit,
TQit-1, NEW SIZEi, MATERIALi, AGEit, HOLIDAYt , E[Seller | X , ]   ,
Var[Seller | X , ]   (1  ) , and
it  exp(0  1PRICEit   2 AVAILABILITYit  3WISHLISTit   4TQit 1
.
 5 NEWit  6 SIZEi  7 MATERIALi  8 AGEit  9 HOLIDAYt   it )
We apply zero-inflates count regression to explore the degree of gray market activities on
the demand side to deal with the issue of excess zeros in addition to overdispersion. We therefore
estimated the following model:
with probabilit y  it
0
TQit 
NB(TQit | X it ) with probabilit y 1 -  it

Where  it is the zero-inflated link function and specified as a logistic regression and Xit includes
PRICEit, AVAILABILITYit, WISHLISTit, SELLERit-1, NEW SIZEi, MATERIALi, AGEit,
HOLIDAYt.
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3. Results
In order to test whether our findings can be generalized across brands and tease out possible
brand-specific effects, we run the econometric regression analyses for Coach and LV separately.
Table 2 presents the estimation results.
Table 2: Results

Price
Availability
Wishlist
Lagged TQ
Lagged No of
Sellers
Size
Material
New Arrival
Age
Holiday
Cons
N
R2

Number of Sellers
Coach
LV
-0.00014*** -0.00007***
(0.00004)
(0.00001)
0.53879***
--(0.08044)
0.02747***
0.06178***
(0.00559)
(0.01549)
0.04342***
0.08807***
(0.01215)
(0.01242)
---

---

0.15158*
(0.06792)
0.2178**
(0.0828)
-0.174*
(0.07758)
0.00457
(0.00354)
-0.02975*
(0.01255)
2.96789***
(0.12919)
6397
0.399

0.02703
(0.0505)
-1.446***
(0.12731)
-0.39376*
(0.19435)
0.02071***
(0.00188)
0.08959***
(0.01216)
3.596***
(0.14705)
7365
0.63

Diff-t
n.s.

*
*

n.s.
***

***
***
**

Transaction Quantity
Coach
LV
Diff-t
-0.00024*
0.00004
*
(0.00011)
(0.00002)
0.18506
--(0.13994)
0.04179***
0.03262***
n.s.
(0.00563)
(0.00989)
---

---

0.01583***
(0.00185)
0.31764***
(0.09268)
-0.25237
(0.14407)
0.05648
(0.11187)
-0.03189***
(0.00625)
-0.40203***
(0.07413)
-0.34353
(0.27824)
6397
0.456

0.01449***
(0.00117)
0.02705
(0.06891)
0.08941
(0.79424)
-1.25472*
(0.5545)
-0.07084***
(0.0053)
-0.36817***
(0.07862)
0.56373
(0.28982)
7365
0.368

n.s.
*
n.s.
*
***
n.s.
*

For both brands, the coefficients for PRICE in the equation for number of sellers are
negative and statistically significant, indicating that more sellers offer luxury handbags in the
online gray market for less expensive styles. This result suggests that the cost of acquiring the
handbags and risk of not selling are major concerns for gray market sellers. In the equation for
transaction quantity, only the coefficient for the PRICE for Coach is negative and statistically
significant and that for LV is insignificant. The discrepancy between Coach and LV is
statistically significant, suggesting that Coach buyers prefer handbag styles that are less
expensive in online gray market but the LV buyers’ preference for a handbag is not affected by
price. Therefore, H1a is rejected and H1b is partially supported.
For Coach, the coefficient for AVAILABILITY is positive and statistically significant in
the equation for the number of sellers, but is insignificant in the equation for transaction quantity.
The result indicates that gray market sellers prefer to offer the Coach handbag styles which are
available in the authorized channel in China, but the buyers show no difference. So H2 is only
partially supported.
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For both brands, the coefficients for WISHLIST are positive and statistically significant in
the equations for number of sellers and transaction quantity, indicating the gray market incidents
are more likely to occur for more popular handbag styles. We find that there is a positive and
statistically significant temporal interdependence between the number of sellers and transaction
quantity for both brands. An increase in demand in a previous period is associated with an
increase in supply in the current period in gray market. Similarly, an increase in supply in a
previous period is associated with an increase in demand in the current period. The results also
suggest that in addition to market features, product features also influence gray market dynamics.
5. Conclusion and Future Research
This study empirically examines the impact of channel controls on the selling and buying
activities in online gray market using a large sample of field data. The findings suggest that more
expensive products are less attractive to sellers, since higher entry barrier and risks may
overshadow potential arbitrage opportunities. The other channel control, product offering, is
effective in deterring gray market sellers, but not buyers. In this study, our analyses were based
on product-level aggregation. In the next step, we will explore gray market activities at
individual levels and examine individual sellers’ pricing decisions and the driving factors of
successful transactions.
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Abstract
This paper aims to investigate the lenders’ herd behavior when selecting peer-to-peer lending
platforms. Our dataset consists of weekly platform level data from the peer-to-peer lending
markets in China. We first provide evidence that the collective actions of previous lenders will
largely accelerate the subsequent lenders’ platform selection behavior, but with a diminishing
marginal effect. Secondly, subsequent lenders adjust their herd behavior according to lender and
borrower concentration. Lastly, we find three mean-deviation patterns about the herding
magnitude during our sample period. And the transmission between these patterns coincides
with the time of regulation events.
Keywords: Peer-to-peer lending, Herd behavior, Investment decision

1. Introduction
Peer-to-peer lending is growing fast in many countries. As the Economist reports, in America,
Lending Club and Prosper, which held the lion’s share of the market, have originated over $6
billion in loans in 2014, up from $2.4 billion in 2013 and $871 million in 2012. In Britain, loan
volumes are doubling every six months. They have just pasted $1.7 billion. Moreover, other
small peer-to-peer lending platforms also grow fast in other countries.
1.1. Problem Description
Herding has been studied within a number of diverse domains including finance, information
technology as well as peer-to-peer lending (Banerjee 1992, Duan et al. 2009, Lee and Lee 2012,
Zhang and Liu 2012). When it comes to the online peer-to-peer lending markets, individual
lenders may also have the tendency to converge to the predecessors’ behavior. The main reasons
are as follows: First, on peer-to-peer lending markets, lenders have little information about the
loan quality and little control over the refund process, this increase information asymmetry. Thus,
using information on existing lenders may reduce the information asymmetry and help those
hesitant lenders to decide whether to join a lending platform. Second, the information overload in
the peer-to-peer lending markets may also motives lenders to follow herd. The information
overload is strengthened in online environment (Duan et al. 2009). It is sophisticated for lenders
to make the optimal decision among hundreds of listings and platforms. Another reason why
herding is prominent in peer-to-peer lending markets relates to the availability of information.
The available information includes history trading data, loan attributes, borrowers’ identity
information to borrowers’ offline family members, friends and colleagues. Given these
information sources, following the predecessor’s choice could be an efficient and rational way
for subsequent lenders.
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However, the implications of the influence of previous lenders on subsequent lenders under this
digital visible context are still unclear. Our study seeks to understand the influence of previous
lenders on subsequent lenders when selecting peer-to-peer lending platforms. we concern about
(ⅰ) whether lenders herd when selecting their peer-to-peer lending platforms, (ⅱ) whether this
herd behavior is critical, (ⅲ) can outsider factors like regulation events affect the herd behavior,
and if so, how.

2. Data and Variable
2.1 Sample Data
Our sample consists of 128 peer-to-peer lending platforms from January 1, 2014 to November 4,
2014. Data on these platforms are obtained from wangdaizhijia, an independent third party that
offers peer-to-peer lending transaction data on popular peer-to-peer lending platforms in China.
For each lending platform our dataset contains the average interest rate, loan duration, the time it
takes to successfully funded an listing, number of listings, number of lenders, number of
borrowers, the average requested amount, the invest amount, transaction volume, and other
platform characteristics.
2.2 Measure of Herd Behavior
Lenders’ herd behavior could be inferred through the number of lenders (Lee and Lee 2012) .Our
primary measure of herding, defined as Acum_lenders, is the cumulative number of lenders that
participate in a particular peer-to-peer lending platform in a given week. This measure can
directly reflect previous lenders’ collective evaluation of a listing. The larger previous lenders’
influence on the subsequent lenders, the stronger the herding effect is.
So we adopt the second herding measure, Acum_invest amount, to capture the inflow of capital
to a peer-to-peer lending platform. If a platform with larger cumulative investment amount
attracts more subsequent lenders than the small one, herding exists. In addition, time-based
measure does help (Luo and Lin 2013).

3. Empirical Analysis and Results
The fixed effect panel model can deal with the endogeneity caused by time invariant variables
unique to individual peer-to-peer lending platform, such as management quality or structure, risk
control capability. Those features could be treated as constants during our sample period. And
we also consider the possible week fixed effect.
(1)
ln(lendersit )= 0 + 1ln(Acum_lendersit-1 )  3 X it +4 Zit  i  t   it
The dependent variable is the number of lenders on a particular platform i at week t, and the
main independent variables of interest is the cumulative number of lenders until week t-1. A
square form of the cumulative number of lenders is added to capture the possible diminishing
effects. X represents the loan characteristics, including Loan amount, Interest rate and Loan
duration. Z contains Listings, Volume ratio and other variables. All variables are on a weekly
basis for the peer-to-peer lending platforms. To allow for heteroscedasticity and correlation over
time for given platform i, we use cluster-robust standard errors.
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3.1 Basic Result
We investigate the existence of herd behavior among lenders, and examine whether the herding
effect diminished as the number of lenders gets larger. As shown in the column 1 and column 2
of Table 1, the coefficient on Acum_lenders is positive and significant, which indicates that
peer-to-peer lending platforms with larger number of previous lenders will attract more lenders
in the following week. Then we introduce the squared form measure to explore whether there is
diminishing marginal herding effect when selecting peer-to-peer lending platforms. The squared
cumulative number of lenders until the previous week, SqrAcum_lenders, is added to the
baseline model. Column 3 of Table 1 shows that coefficient on the squared form is -0.016, which
is significantly negative.
Table 1

Empirical Result of Herding

Dependent variable
log Lenders

1
Basic

log Acum_lenders

0.325***
(0.018)
0.058***
(0.022)
0.209***
(0.066)
-0.068*
(0.040)
-0.024
(0.029)
0.224***
(0.039)

2
Add week
effect
0.540***
(0.021)
0.097***
(0.024)
0.239***
(0.085)
-0.044*
(0.023)
0.013
(0.022)
0.116***
(0.028)

3
Square form

0.489***
(0.055)
log Listings
0.091***
(0.022)
Interest rate
0.252***
(0.056)
log Loan duration
-0.047
(0.038)
log Loan amount
-0.020
(0.028)
log Volum ratio
0.184***
(0.038)
SqrAcum_lenders
-0.016***
(0.005)
Week fixed effect
NO
YES
NO
_cons
5.161***
4.067***
4.407***
(0.399)
(0.359)
(0.411)
N
4,591
4,591
4,591
R2
0.353
0.502
0.359
Adjust_R2
0.352
0.482
0.358
Notes. The dependent variable is the number of subsequent lenders on platform i at time t, the main independent
variable of interest is the cumulative number of lenders until time t-1. Cluster-robust standard errors are presented in
parentheses, *p< 0.1, **p< 0.05, ***p< 0.01

3.2 Understanding the Herd Behavior
There are two conflicting forces on the herding effect (Li and Duan 2014). On one side, lenders
on peer-to-peer lending markets face information asymmetries; they have little information about
the platforms’ quality. Since the existing lenders’ choice may reflect their private information
and evaluation of the platforms to some extent, later lenders who are uncertain about whether to
choose a platform may tend to herd. On the other side, if the demand size on a peer-to-peer
lending platform is fixed for a given time, later lenders may perceive existing lenders as
competitors. Lenders’ herd could decrease as the previous lenders accumulate.
We introduce factors regarding the lender and borrower composition to better understand the
herd behavior under those above conflicting forces. One factor is the proportion of outstanding
debt held by the top ten lenders, defined as Lender concentration. As the industry matures, big
lenders such as institutional lenders are infiltrating into peer-to-peer lending. Those big lenders
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have greater resources, and can get the best loan on offer. Low quality loans are left to individual
lenders. Thus, individual lender may hesitate to participate in high lender concentration
peer-to-peer lending platforms. We expect a negative relation between the presents of big lenders
and the individual lenders’ herd behavior.
The other is the proportion of outstanding debt that comes from top ten borrowers, defined as
Borrower concentration. Big borrowers are in great capital demand. Individual lenders’ herd
behavior may decrease with the presence of other lenders, as their small contribution is unlikely
to be needed. Also, the risk clustering associated with high borrower concentration maybe
another consideration for the individual lenders. So we expect that the borrower concentration is
negatively associated with the lenders’ herd behavior. Empirical results from the above two
aspects are shown below.
(1) Lender concentration Compared with the baseline herding magnitude (0.540), on those
platforms with lower lender concentration (in the first and second quartiles), subsequent lenders
are more likely to follow the herd (0.624 and 0.696). While for platforms with higher lender
concentration (the third and last quartiles), subsequent lenders are less likely to herd (0.423 and
0.440).
Lower lender concentration means individual lenders have equal opportunity to invest in their
interesting projects. In this sense, subsequent lenders may attach a larger information value to
previous’ lenders decision and follow herd. On the other hand, high lender concentration
indicates that the market is dominated by several larger lenders; later lenders may see them as
powerful competitors and hesitate to join the platform.
(2) Borrower concentration The herd magnitude of lower quartile (0.593) is larger than the
baseline result (0.540). This is because lower borrower concentration means that the risk on the
platform is diversified. Lenders may have more tendencies to herd. While on those platforms
with the higher borrower concentration, the herd magnitude (0.506, 0.399) is lower than the
baseline result. On platforms with high lender concentration, the transaction risk is clustered on
several large borrowers. So lenders are less likely to follow previous lenders.
3.3 The impact of regulation events.
We explore the relation between herding magnitude and regulation events. We investigate
regulation events that are related to the regulation and operation of peer-to-peer lending markets
during our sample period. Table 2 gives the description of these events.
Table 2

Regulation Events of Peer-to-Peer Lending

Date

Description of events

April 21, 2014

China Banking Regulatory Commission (CBRC) issued "Four Red Line" to
regulate the operation of peer-to-peer lending platforms.

E1

April 29, 2014

The People's Bank of China released “China Financial Stability Report”, in which
five principles of internet financial regulation are stated.

E2

May 22, 2014

Chinese president emphasized the importance of financial risk control and
financial innovation during a Shanghai foreign expert panel.

E3

July 8, 2014

The officer of CBRC detailed the idea about peer-to-peer lending supervision
during a bank development forum.

E4

October 20, 2014

The officer of the People's Bank of China publicly disclosed that the peer-to-peer
lending is to be under the supervision of CBRC.

E5

Event
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Figure 1 Trend of Herding during Sample Period

Notes. Solid line denotes the average herding magnitude of our sample platforms across 44 weeks. And the dash line
represents the standard deviation of the average herding magnitude. Stage one: before week 21; Stage two: week
21-week 26; Stage three: week27- week 41; Stage four: after week 42.

Figure 1 illustrates the trend of herding during our sample periods. During stage one, the lenders’
herd behavior increases on the overall lending markets and the herding magnitude does not
fluctuates a lot among different lending platforms. At stage two, the average trend of herding is
still rising, but the herding magnitude varies greatly among different lending platforms. This
transition between stage one and stage two is associated with E1, E2 and E3. Because regulation
rules stated in E1 and E2 equip the lenders with the basic knowledge of how to identify a legal
lending platform from illegal ones. E3 remind lenders about the necessary of risk control, and
promote them to be caution when making investment decisions. As a result, lenders may adjust
their herd behavior according. After week 27, no important events happen, and the lenders’ herd
tendency remains constant. Then the herding sees a rise after week 42, at which E5 happened. E5
means that the era of no oversight comes to an end, and peer-to-peer lending platforms will
operate under the supervision of CBRC. Under this situation, lenders fell safe to invest on
peer-to-peer lending platforms. Their herding rises but more strategically, they herd on some
lending platforms rather than other ones, the heterogeneity among peer-to-peer platforms become
larger.
To summarize, this part shows that lenders response to the regulation events positively. They
gradually adjust their perceptions about the operation and prospect of peer-to-peer lending
markets, and update their herd behavior accordingly.
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4. Conclusion
This study comes to the following conclusions. First, Previous lenders’ platform selection
decision may affect the decision of subsequent lenders. This means herding might exists when
lenders making decisions about which the peer-to-peer lending platforms to investment.
Then we introduce lender concentration and borrower concentration measure into analysis, and
find that lenders’ adjust their herd behavior according to the lender and borrower concentration
of the peer-to-peer lending platforms.
Moreover, the relation between the mean of herding magnitude and the deviation of herding
magnitude exhibits three patterns. The transitions between these four mean-deviation relation
changes coincide with the government regulation events.
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Abstract
Most previous studies in price dispersion literature consider only the dispersion of post price.
We build a model to study the actual sale through each post price and combine price dispersion
together with the dynamic growth of the reputation system in an Internet market. We find that
both the seller side behavior (different reputation levels, as well as different in how important to
be a high-reputation seller) and the market side factor (how healthy an internet market is)
impact the degree of price dispersion. We argue that a healthy internet market builds trust
among informed buyers, who are then willing to buy from new sellers with low reputation. This
gives incentive to new, low-reputation sellers to offer lower price to generate sales and grow into
a high-reputation seller. As a result, price dispersion is different among sellers with different
reputation levels, and in different stages in the growth of the Internet market.
Keywords: Seller Reputation, Buyer Informativeness, Online Market, Price Dispersion

1. Introduction
Online price dispersion is always an important topic in the development of internet economy.
Because internet market features fierce competitions due to the increased number of sellers (Liu
etal 2009), reduced search costs (Bakos 1997, Soh et al 2006) and price transparency, it is
claimed to be a frictionless market (Brynjolfsson and Smith 2000). According to the classical
Bertrand model, all sellers should set the same price—the “law of one price” (LOP) in such a
market. However, contrary to the theoretical prediction, researchers find substantial price
dispersion in online markets (Baye et al 2004, Brynjolfsson and Smith 2000, Pan et al 2004). The
causes for price dispersion of homogenous goods may come from the differences among sellers
(Clay et al. 2002, Luo and Chung 2010, Rabinovich et al. 2008, Venkatesan 2006), and the
differences among buyers (Alessandria 2009, Salop 1977, Varian 1980).
This paper explains online price dispersion from the perspective of seller reputation and buyer
informativeness. Internet market features huge uncertainties compared to a physical market:
sellers are often hidden under the masks of meaningless electronic IDs (Kauffman and Wood
2006); it is hard to inspect the product before payment; at the same time, the payment and
delivery for the products are also separated (Andrews and Benzing 2007). Fortunately, various
reputation systems were developed such as buyer ratings and reviews, feedback systems, online
discussion forums, etc (Ba and Pavlou 2002, Srinivasan and Sun 2009, Utz et al 2009.) Such
reputation systems greatly reduce consumer uncertainties and facilitate online transactions. For
example, research shows that products receiving good reviews are sold better, too (Chevalier and
Mayzlin 2006).
On the seller side, reputation affects the pricing strategy of sellers. For example, Ba and Pavlou
(2002) finds that consumers are willing to pay a price premium to sellers with higher reputation.
From the buyer side, whether or not a buyer is informative, that is, whether or not the buyer
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knows how to search, compare and look for an ideal deal, determines whether or not this buyer
will buy a product at a high price, which in turn affects the pricing strategy of sellers. For
example, a low-reputation seller may completely give up the consumers who know how to
search and compare, and set a high price just for those uninformed buyers. However, by doing
so, such low-reputation sellers forego the opportunity to gain sales to grow into a seller with high
reputation and they may always remain to be low-reputation sellers.
To capture this dynamic feature of reputation growth in an internet market, our model
incorporates seller characteristics, buyer characteristics and the healthiness of an Internet market
in the following way: (1) for sellers: the existing reputation system cannot always reflect the true
“quality” of the seller. For example, a new seller in the market has “low reputation”, but that
does not indicate that this seller necessarily offers low-quality product. (2) for buyers, they may
be “informed” or “uninformed”, depending on their online shopping experience, education
background, etc. (3) the reputation system not only helps consumers to find high-reputation
seller. More importantly, it should also help those “high-quality” sellers with low reputation to
develop into a high reputation seller. The chance that a low reputation seller may be a “good”
seller gives confidence for some “informed” buyers to buy from a low-reputation seller. This
gives incentive for a low-reputation seller to grow into a high reputation one, which in turn
boosts the “healthiness” of the market. How likely a low-reputation seller is a “good” seller is
determined by the internet market, and this in turn determines how likely an “informed” buyer
will buy from a low-reputation seller.
Our model finds that online price dispersion depends on all these three aspects: (1) online price
dispersion reduces when more buyers are informative; (2) online price dispersion is smaller
among sellers with higher reputation; (3) online price dispersion reduces when the internet
market is healthier, that is, when there is less chance that a low-reputation seller is a “bad” one,
or, when the internet market attracts less “bad” sellers.

2. Benchmark Model
Consider an Internet market selling one homogeneous product. The product costs 0 to the sellers,
and offers a utility of 1 to consumers. There are two sellers with established reputation through
their past transaction and services. Denote these two sellers as high-reputation sellers. For
simplicity, we normalize their reputation level to be consistent with the product quality they offer.
That is, we normalize their reputation level to be
. Now consider one new seller entering
the market without any reputation
. Denote this seller as the low-reputation seller.
Assume that there is a probability that this seller offers a product with quality 1, and a
probability of
this seller offers a product with quality 0.
There are two types of consumers in the market. Following Varian (1980), we assume that k
percent are informed consumers and 1  k  percent are uninformed consumers. An informed
buyer will compare the products from each seller and purchase from the seller who offers the
highest expected utility; while an uninformed buyer will randomly visit one seller without
knowledge of the seller’s true quality, and purchase if the expected utility is non-negative. We
assume that an informed buyer will make judgment about a low-reputation seller’s true quality
level at
, while an uninformed buyer believes that any seller they transact offers a product
quality of 1. So, an informed buyer’s expected utility in a transaction with seller can be
specified as
if purchasing from a high-reputation seller, and
if purchased from a
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low-reputation seller; while an uninformed buyer’s expected utility is always
. Buyers
will purchase the product only when the expected utility is non-negative. In this model, each
high-reputation seller has to compete not only with the low-reputation sellers, but also with the
other high-reputation seller. The low-reputation seller competes with the two high-reputation
sellers. The three sellers set their optimal prices
,
and
optimally to compete in the
market.
Proposition 1: In equilibrium, the low-reputation seller sets a price at 1, while the
high-reputation sellers play mixed strategy in pricing, where FH  p   1 

1  k 1  p  .
3kp

Proposition 1 shows that, the existence of the new, low-reputation seller places little risk to the
existing established sellers. The new seller cannot set a price lower than 1 because two
high-reputation seller can quickly undercut and compete away those consumers.
Corollary 1: In equilibrium, the low-reputation seller cannot sell to any informed consumers.
Corollary 1 indicates that, since the low-reputation seller only sells to uninformed buyers, she
will never reach a reputation level similar or higher than the two established sellers and in turn,
will never sell to any informed consumers again. Such a market does not grant any opportunity
for the low-reputation seller to grow.

3. Model with Growth Opportunity for the Low-reputation Seller
Now assume that part of the informed consumers is willing to trust the new seller offering a
product with the same quality as is offered by high-reputation sellers, even though the seller has
no/low reputation score. The trust of consumers may inherit from their trust to the specific
internet market (for example, the market may promote that they strictly select the set of sellers
who sells on their platform;) or from signals that they observe and trust (for example, the seller is
their friend or family members in real life;) or their past purchasing experience (they may have
purchased from an unknown seller in their life before;) or simply because these buyers are risk
taking and willing to try new opportunities when information is limited. Specifically, assume that
r percent of the informed buyers believe that the new seller is trustworthy (which offers a
quality level of 1, the same as high-reputation sellers), while the remaining 1  r  percent of
them believe that the new seller cannot be trusted (with quality 0).
In this way, the low-reputation seller may earn a chance to sell to the experienced buyers, thus a
chance to sell more than a high-reputation seller and grow into a high-reputation seller. To
characterize this different objective of a low-reputation seller, we assume that (1) the objective of
a new seller is to maximize the number of sales generated; (2) to achieve such an objective, the
new sellers may be willing to sacrifice certain profit. Let
represent the percentage of
profit that a low-reputation seller is willing to sacrifice to obtain a sale. Obviously, when
,
the seller’s objective is to maximize its market share without any profit; when
, the seller’s
objective is to maximize its short-term profit as in the benchmark case.
There is also a critical
: when
, the low-reputation seller can definitely get the
experienced buyers; when
, the low-reputation seller can get the experienced seller at
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certain probability (in the case when the two high-reputation sellers all charge higher than the
low-reputation seller). Therefore, we have proposition 2:
Proposition 2: There is a critical e* 

k 1  r 
,
3 1  2k 

(1) When e  e* , in equilibrium, the low-reputation seller plays pure strategy and sets price p * ,
while the high-reputation sellers play mixed strategy:

 1  k 1  p 
,
1 
3
kp

 1  k  1  p* 

FH  p   1 
,
*
3
kp

1,


where

p*

 1 k

when p  
, p* 
1  2 k

when p   p* ,1

,

when p  1

can

be

solved

in

the

quadric

equation:



 1  k  1  p*  
 1 k   
 p*  1  e 1  k  ;

kr
*
 3



3kp
3




2

(2) When e  e* , in equilibrium, the low-reputation seller plays pure strategy and sets any
 1  k 1  e  1  k 
,
price in the domain p  
 , while the high-reputation sellers play mixed
 1  k  3kr 1  2k 

1  k 1  p  .
 1 k

,1 , and FH  p   1 
strategy: pH  
3k 1  r  p
1  2k  3kr 

(a) When e<e*

(b) When e>=e*
Figure 1, CDF against Price
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4. Model analysis
4.1 Negative Price Premium
One interesting question to ask is whether or not a high-reputation seller sets a higher price than
a low-reputation seller because consumers have high willingness to pay for a product with higher
quality. Some literature finds that this is true, while others find the reverse. In our paper, since
the high-reputation seller plays mixed strategy in pricing, we can easily find that the
high-reputation seller can set either a higher or lower price than a low-reputation seller. To
explore whether a high-reputation seller sets a higher price on average, we compare the average
price of the high-reputation sellers against the price of the low-reputation seller.
Proposition 3: Under the critical , negative price premium is more likely to happen; Over the
critical , price premium is more likely to happen.

Figure 2, Expected price against e
It is valuable to note that the critical value
is influenced by k
k is larger, or r is smaller. Therefore, we have proposition:

and r .

is larger when

Proposition 4: It is more likely to observe negative price premium when the proportion of
informed buyers is large (k is large), and/or when an informed buyer less trust the market price
(r is large).
The explanation on this proposition is as follows: the less likely the low-reputation sellers
compete with the high-reputation sellers, the more likely they will charge relatively higher price.
When the percentage of informed consumers are large, the competition among the
high-reputation sellers are fierce, the low-reputation sellers are more likely to give up the
competition; when the percentage of experienced consumers are small, the low reputation sellers
have less incentive to compete the experienced consumers, thus are more likely to give up the
competition.
4.2 Price dispersion
Our understanding of the price dispersion does not only consider the post price, but more
importantly, the actual sale generated by the price, including the consideration of who sells the
product (high or low-reputation sellers) and who made the purchase (informed vs uninformed
buyers, experienced buyers, etc.)
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To study this question, we need to extend the model. Suppose there are m established sellers,
np new sellers pursuing profit maximization, and ns new sellers pursuing market share
maximization. Each of the ns new sellers have a profit sacrifice value xi draw from a
distribution N  X  . Given a large enough ns , we may suppose there are both xi below and

under the critical value, and the established seller also know this situation. Let x1 to be the
minimize of the value xi . Then the equilibrium should be:
Equilibrium:
For the np new sellers pursuing profit maximization, they play pure strategy and set p  1. For
the ns new sellers, they play pure strategy and set pi  1 
informed

consumers.

The

established

xi  m  n p  ns 

sellers

1 k
take





1  k 1  p 
1 k

pH  
,1 , and FH  p   1  
  m  n p  ns  k 1  r  p 
1   m  n p  ns  1 k 


Then we can simulate the price dispersion.

, try to win the kr
mixed

strategy:

1
m 1

.

Proposition 5: The high-reputation seller has a narrow range of price than the low-reputation
seller.

5. Conclusion
Online price dispersion is an important phenomenon to study. This paper examines price
dispersion from both the perspective of the seller side (reputation) and the buyer side
(informativeness.) More importantly, we make the first attempt to connect price dispersion with
the growth of an internet market which impacts both sellers and buyers through reputation
systems. A “healthy” Internet market that can sustain in the long run should have a reputation
system that helps to differentiate “good” low-reputation sellers from “bad” low reputation sellers.
This way, the “good”, low-reputation seller is able to grow into a high reputation seller and this
help promote a healthier internet market. We find that the existence of such a growth potential
increases the price dispersion for low-reputation seller, while reduces the price dispersion for
high-reputation sellers.
Future direction includes the consideration of more than 2 buyers at each reputation level. It is
also worthwhile to perform a more detailed empirical study, for example, a longitude study for a
set of sellers, to analyze the dynamic evolution about internet sellers with different reputation
levels.
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Abstract
A crowdsourcing contest platform provides a two-sided marketplace that connects members who
have tasks to be solved (seekers) with members who have the skills to solve them (solvers).
Seekers (usually firms) can specify various parameters – such as the number of awards, the prize
amount, and the duration- of the task they wish to post, to increase the chances of obtaining high
quality solutions. Once the task is posted, interested solvers provide solutions. The seeker
evaluates the submissions after a pre-specified deadline and selects winners. The winners
receive the specified prize amounts, the platform collects a commission, and the task is deemed
successful. If there are no acceptable solutions however, nothing for their efforts. Solvers
arriving at the platform will have many tasks to choose from. Platforms classify tasks into
categories, with tasks in the same category being similar in terms of the skills needed of the
solvers. Therefore, the tasks in a category target the same pool of solvers. While this competition
is likely to impact many variables of interest to both seekers and solvers, there has been very
limited research into the exact nature of the impact. By investigating the impact of competing
tasks on various important variables, this paper fills part of this gap.
Keywords: Magnitude of competition, Quality of Competition, Task Success

1. Introduction
A crowdsourcing contest platform provides a two-sided marketplace that connects members who
have tasks to be solved (seekers) with members who have the skills to solve them (solvers).
Seekers (usually firms) can specify various parameters – such as the number of awards, the prize
amount, and the duration – of the task they wish to post, to increase the chances of obtaining
high quality solutions. Once the task is posted, interested solvers provide solutions. The seeker
evaluates the submissions after a pre-specified deadline and selects winners. The winners receive
the specified prize amounts, the platform collects a commission, and the task is deemed
successful. If there are no acceptable solutions however, the task terminates without a winner,
and the task is deemed a failure; participants in failed tasks receive nothing for their efforts.
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The popularity of crowdsourcing platforms has increased in recent years, as has the number of
tasks posted on them (e.g., over a hundred tasks are posted daily on the platform 99designs).
Consequently, solvers arriving at the platform will have many tasks to choose from. Platforms
classify tasks into categories, with tasks in the same category being similar in terms of the skills
needed of the solvers. Therefore, the tasks in a category target the same pool of solvers (Yang et
al. 2009) – in other words, these tasks are competing with each other for good solvers. While this
competition is likely to impact many variables of interest to both seekers and solvers, there has
been very limited research into the exact nature of the impact. By investigating the impact of
competing tasks on various important variables, this paper fills part of this gap. Figure 1 provides
a concise representation of the relationships being explored in this work. The solid arrows
represent relationships observed in prior work, while the others have not been explored earlier.

Figure 1: Competing tasks and potential effects

2. The Impact of Competing Tasks: Investigations on Volume
We collect data on 12,145 tasks and 36,539 solvers from CrowdSPRING, a large crowdsourcing
contest platform. The first set of relationships we investigate are the effects of competing tasks
on (i) the number of solvers (#Solvers), (ii) the number of entries, i.e., the number of solutions
submitted to a task (#Entries), (iii) the solution quality, measured by the highest rating given by
the seeker to a solution in a task (MaxScore), and (iv) the task outcome (whether the task was
successful or not). The number of competing tasks (#CT) is operationalized as the number of
tasks posted within ±24 hours of when a focal task is posted (most tasks are open for 3–15 days).
Prior research has found that the number of solvers and the number of entries are impacted by
two important task specific parameters: prize amount and duration (Yang et al. 2009). Therefore,
we control for these variables in all our experiments. CrowdSPRING allows seekers to provide
awards to multiple solvers participating in a task, and we include the number of awards as a
control variable as well. The model to examine the impact of #CT on #Solvers is shown below.
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(1)

Analogous models (Models 2-4) are examined for the other three variables of interest. As task
outcome is a binary variable, a logistic regression model is used. The results are in Table 1.

Table 1: Results based on Quantity of Competing Tasks
Duration

Model 1: #Solvers
0.567023***

Model 2: #Entries
2.658062***

Model 3: MaxScore
0.001179

Model 4: Outcome
-0.04178***

Prize
#Awards
#CT
Constant

0.060476***
-10.8925***
-0.06101***
17.78338***

0.241721***
-38.2208***
-0.1598***
31.93286***

-0.0003***
0.207456***
0.000381
3.850983***

0.001247***
0.487186**
0.005294**
17.78338***

Yang et al. (2009) find that the number of solvers in a task decreases with more competing tasks.
Wooten and Ulrich (2015) find that there are fewer entries when there are fewer solvers, while
Wooten and Ulrich (2014) find that more entries improve quality. These point to the dilution of
solver participation due to an increase in #CT, and are as expected. We also examine a variant of
Model 2, where we control for the number of solvers; we find that #CT is no longer significant,
suggesting that the number of solvers mediates the impact of #CT on the number of entries.

The results from Models 3 and 4 are surprising. Even though the numbers of solvers and entries
go down with #CT, the MaxScore of a task is not significantly affected. Even more surprisingly,
the probability of success increases significantly with #CT. In order to better understand what
may be driving these results, we explore the impact of competing tasks in more detail next.

3. The Impact of Competing Tasks: Investigations on Quality
As the reduction in the number of solvers and the number of entries could be expected to
negatively impact solution quality and task outcome, these results are somewhat counter-intuitive.
So far, we have not considered solution quality and its potential impact on a solver’s decision to
switch to another task (Salvucci et al. 2009). Consider a solver participating in a task. If the
qualities of solutions in many competing tasks are poor, he might find it worthwhile to switch to
one of those tasks to improve his chance of winning a prize. Similarly, if he finds many
competing tasks with good solutions, he would realize that switching to those tasks will not
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help – he is likely to be better off improving his solution for the current task. This suggests that a
solver’s participation and switching decisions could depend on the quality of solutions in
competing tasks. This may affect not only the number of entries in a task, but also their quality
and the eventual outcome. We revisit Models 2– 4 to account for the quality of competing tasks.
We expect the number of entries for the focal task to increase when there are more competing
tasks with high quality solutions, and vice versa. We operationalize this by dividing #CT into
two categories – tasks with MaxScore > 3 out of a possible 5 (CT>3), and tasks with MaxScore 
3 (CT≤3). Model 5 tests these relationships.
(5)

Table 2: Results Incorporating Quality of Solutions in Competing Tasks
Models
Duration
Prize
#Awards
#Solvers
#Entries
MaxScore
#CT
#CT_great3
#CT_less3
#CT_greater
#CT_lesser
Constant

5: #Entries
0.774974***
0.052942***
-4.51724***
3.162494***

6: MaxScore
-0.00121
-0.00062***
0.261543***

7: MaxScore
-0.00217
-0.00058***
0.256065***

0.001034***

0.001024***

0.000581
0.118647***
-0.3466***

-23.3473***

8: Outcome
-0.06037***
0.002108***
0.393722

9: Outcome
-0.06123***
0.002133***
0.392931

0.576497***
0.000446

0.462284***

0.002261***
-0.03337***

3.811676***

3.826881***

-0.45631

-0.03648***
0.029202***
0.062784

The number of entries does increase when there are more competing tasks with good solutions
(even after controlling for the number of solvers), and vice versa (Table 2, Model 5). These
opposing effects cancel each other when we do not separate competing tasks by quality,
incorrectly suggesting that competing tasks do not significantly affect the number of entries.
Next, we examine how the quality of solutions in competing tasks affects MaxScore. We look at
two models, one to test if #CT impacts MaxScore after controlling for the number of entries, and
another where #CT is split by quality into CT>3 and CT≤3 (Table 2, Models 6-7). As conjectured,
MaxScore increases when there are more competing tasks with high quality solutions.
Finally, we examine how the quality of solutions in competing tasks impacts the success
probability of a focal task. As tasks are often public in this platform, seekers can view solutions
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submitted to other tasks. This could affect their assessment – seekers who observe many
competing tasks with solutions of better quality than in their task could feel that their task has not
received adequate attention from solvers, and decide not to select a winner; that task is less likely
to succeed. The reverse could be true if seekers perceive that most competing tasks have poorer
solutions relative to theirs – seekers are more likely to find a solution in their task acceptable.
Thus, the seeker’s expectations could be affected based on what she observes in competing tasks.
We investigate these effects using Models 8 and 9 (Table 2). The results support this conjecture.
When controlling for MaxScore, #CT is not significant; however, once we incorporate the quality
of solutions in the competing tasks, the relationships between the number of such “higher quality
competing tasks” and “lower quality competing tasks” and the task outcome, respectively, hold.

4. Conclusion and Future Work
We explore the impact of competing tasks on a focal task in crowdsourcing contests. Not
surprisingly, the number of competing tasks dilutes the number of solvers and consequently, the
number of entries, in a focal task. Interestingly, the number of competing tasks does not
negatively impact the quality of solutions received by a focal task or the probability of success of
the task – in fact it impacts the latter positively. Further, we find that the qualities of solutions in
competing tasks have interesting implications as well. High (low) quality solutions in competing
tasks increase (decrease) the number of entries and the quality of solutions in the focal task –
probably because the quality of solutions in competing tasks affects how solvers switch across
tasks based on the competition they face. Higher (lower) quality solutions in competing tasks
relative to those in a focal task also affect the probability that a task is successful, but in the other
direction – the probability of success decreases (increases). This could be because seeker
expectations are influenced by solutions observed in competing tasks. This has interesting
implications for solvers. Just because there are more tasks to choose from does not indicate
seekers will settle for less quality – in fact the seekers’ expectations may increase. In future
research, we will examine if the switching behavior of solvers is indeed prevalent in the platform
as we have conjectured.
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Abstract
Constant technological change is a significant characteristic of high-tech industries and a
significant part of the fast-moving dynamic due to the high rate of new entry in the form of
entrepreneurial ventures. Leveraging a novel measure of new entry threats from text mining, we
test the conjecture that threats from new entry leads to operating performance deterioration. In
addition, we hypothesize that this relationship is moderated by board capital, a proxy of the
board’s ability to bridge outside resources. Our evidences show increasing new entry threats
indeed leads to an incumbent’s worse performance. Interestingly, we find that the direction of
moderate effects from board capital depends on the type of board capital. Board capital breadth,
connecting firms with diversified resources, mitigates the impact from new entry threats. Board
capital depth, referring to the embeddedness of the board in the focal firm’s industry, exacerbates
the relationship between new entry threats and firm performance.
Keywords: New Entry Threats, Board of Director, Firm Performance, Board Interlocks

1. Introduction
The threat of new entrants, referring to new competitors, pose to existing incumbents in an
industry, is a critical construct since Porter raised it in five competitive forces model (1979). The
threat of new entrants in Porter’s model affects the competitive environment for the existing
incumbents and influences the ability of those firms to achieve profitability. This phenomenon is
particularly salient in the digital business era for high-tech industries. There is little doubt that
digital business is altering the nature of competition. Today, it is not just traditional industry
competitors that have to be addressed, but also new entries from entrepreneurial ventures
equipped with new digitally based business models. They are leveraging the social network and
media, business analytics and data science, mobile channel and cloud platforms, and are often
adding personalized context from machine learning, cybersecurity and the Internet of Things to
optimize the traditional business model. Industry competition is no longer a battle between the
same set of incumbents, but a war with “invisible emeries” – threats from entrepreneurial firms.
According to recent research from Constellation Research, 89% of the Fortune 500 companies
went out of business between 1955 and 2014, and 52% of them have been merged, acquired,
gone bankrupt or fallen off the list solely since 2000.1 The main reason that entry is increasingly
easy to move in is because digital business is lowing the traditional barrier to entry. For example,
Internet-enabled crowd-funding has provided capital access to entrepreneurs who have difficulty
accessing traditional offline channels of credit (Kim and Hann 2013); entrepreneurs jump start
their marketing strategy by incorporating social media (Geho and Dangelo 2012).
1

http://www.computerworld.com/article/2976572/emerging-technology/digital-disruption-from-the-perspective-of-porters-five-fo
rces-framework.html#
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Threat of new entry is particularly significant in high-tech industries, which is characterized by
constant technological changes and fast clock speed, and technology startups are constantly
introducing new products and business models to the market. Indeed, a majority of all
venture-capital funded startups tends to be associated with high-tech industries, thus bringing
significantly threats from new entry experienced by existing incumbent firms. The presence of
intense entrepreneurial activity in the product market of an incumbent can cause turbulence in
the market. Incumbents do observe the activities of new entry, perceive the threats and adjust
strategically in response to new entry threats, such as reducing innovation and holding cash (Pan
et al. 2015).
In this study, we test the conjecture that the “invisible enemies” cause performance deterioration
of the existing incumbents, and how this relationship is moderated by the board capital. Resource
dependence theory (Pfeffer and Salancik 2003) proposes that when a firm appoints a member to
a board of directors, it expects the director to help the firm with their expertise, skills, and
experiences and linkage to external organizations. Board capital is a construct intended to
capture the ability of the board to bridge outside resources through interlocks with other firms.
We investigate whether such connection to outside resources would act as a buffer and mitigate
the consequence of impact from new entry threats or exacerbate the performance deterioration.

2. Literatures on Board Capital
Resource dependence theory proposes that corporate boards are a mechanism for managing
external dependencies, reducing environmental uncertainty and lowing transaction cost
associated with environmental interdependency. As described by Pfeffer and Salancik (2003),
boards are “vehicle for co-opting important external organizations.” The ability of board
members to bridge external resources is captured by board capital (Hillman and Dalziel 2003).
Haynes and Hillman (2010) disentangle the board capital construct into two dimensions with the
emphasis on capturing the human and social capital makeup of the board.Heterogeneity is one
dimension, describing the diversity of the board interlocks of the focal firm to different industries.
The other dimension is embeddedness, which captures how deep the focal firm rooted in its own
industry.
Board Capital Breadth. The first dimension of board capital, “breadth,” captures various facets
of the heterogeneity of the board. Conceptually, board capital breadth (BCB) has its roots in the
research literature on group heterogeneity. In general, more heterogeneous groups are more
creative and make better decisions.
Board Capital Depth. Board capital depth (BCD) refers to board access to industry-specific
resources. Access to more or better information through a variety of industry ties enables the
firm to lessen the impact of uncertainty originating in its immediate industry environment. In
another words, a firm whose board members have multiple ties to the firm’s main industry can
more quickly understand industry events and trends.
In this study, we empirically address whether board capital in these two dimensions can protect
firms in turbulent markets caused by increasing threats from new entry.
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3. Empirical Methodology
3.1 Data
The dataset used in the analysis was constructed using multiple sources. The high-tech sample is
defined by the Bureau of Labor Statistics (Hecker 1999) by 46 4-digit NAICS industry codes.
Financial data and other firm characteristics are obtained from Compustat. For board capital data,
we obtained the detailed board members of each public firm from 1996 to 2013 from the
RiskMetrics (formerly Investor Responsibility Research Center, or IRRC) database. The
database coverage of relatively large firms is found in the S&P 1500 and approximately 400
other widely held firms. Our key variable new entry threats (NET) are measured based on text
mining the product descriptions of the incumbent and new entrepreneurial startups (Pan et al.
2015). Our final dataset consists of 965 publicly traded firms in high-tech industries over the
period 1997-2013, representing an unbalanced panel. We describe the key variables in our
analyses below.
ROA. Return on assets (ROA) is a commonly used firm profitability measure in literature on firm
performance(Cascio et al. 1997). We use ROA as our main dependent variable and define it as
operating income before depreciation, interest, and taxes (OIBDP) divided by total assets (AT).
New Entry Threats (NET). A key innovation of our study is that we adopt a novel text mining
measure to capture the threats emerging from startups. Pan et al. (2015) provide details on
construct and validation of the NET data set, and we briefly discuss the intuition here. New entry
threats are calculated as the cosine similarity of product descriptions of established firms and
aggregated product descriptions from startups that receive first-time funding in a specific year.
The product descriptions of established firms are from firm annual reports (10-Ks) in the United
States that have been used to create measures of firm fundamentals such as competitive intensity,
industry classes and firm strategy (Hoberg and Phillips 2015; Tetlock 2011; Tetlock et al. 2008).
Intuitively, this measure captures how the text of an established firm’s product description is
similar to the text of a product description from a startup universe. The more similar the two
product descriptions are, leads to the higher value of NET, which represents more threats.
Board Capital Breadth and Depth. Board capital breadth is indicated by heterogeneity of
interorganizational linkages and was calculated using Blau’s (1977) heterogeneity index based
on four-digit NAICS codes of the directors’ interlocked industries. Board capital depth is the
ratio of board members’ industry interlocks to total interlocks. We define the industry interlocks
as the number of interlock with rivals within same TNIC industry, which is a more accurate
industry classification based on similarity of product description (Hoberg and Phillips 2015). As
a robustness check, we also construct a binary indicator for high-BCB firms and high-BCD firms.
We separate the high-BCB and low-BCB firms by the median of firm’s average BCB captured
by four-digital NASIC codes of the directors’ interlocked industries over the sample time frame.
The binary indicator for high-BCD firms is created in the same fashion.
Controls. Following firm performance literature, we control for a vector of firm characteristics
that may affect a firm’s performance, including firm size, asset tangibility, leverage, capital
expenditure, and product market competition. In addition, we also control for a set of board
characteristics, including CEO duality, board size, average age of board member, average tenure
of board member, interlocks, and percentage of independent board members.
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3.2 Empirical Model
Our baseline model estimates the main effect of new entry threat (NET) and board capital on the
incumbent firm’s performance outcomes, using a two-way fixed-effects panel data specification
below:
FirmPerformanceit = ηt + λi + β1 ⋅NETi ,t−1 + β2 ⋅BCDi ,t + β3 ⋅BCBi ,t
+ β4 ⋅BCDi ,t ⋅NETi ,t−1 + β4 ⋅BCBi ,t ⋅NETi ,t−1 + X i ,tγ + µi ,t
!
where i indexes firms, and t indexes time periods. The dependent variables used are ROA,
calculating as operating income before depreciation, interest, and taxes divided by total assets.
Because firms with higher NET values should experience deteriorating profitability in the
following year, as the threats materialize, we lag NET for one year in the empirical model. X is a
set of firm characteristics and board characteristics that may affect a firm’s operating
performance. We control for time-invariant unobservable firm characteristics by including firm
fixed-effects, !! . We include year fixed-effects !! to control for economy wide shocks. We use
robust standard errors clustered at the firm level (Wooldridge 2010).

4. Main Results
The results are reported in Table 1. In Column (1), the direct effect of NET on firm performance
is negative and significant, suggesting that increased threats from new entry to the market of the
incumbent is associated with deteriorated firm performance. We present results with continuous
measures of BCB and BCD in columns (2) - (6). The coefficient estimates on the interaction term
of BCB and NET in column (3) is positive and significant, meaning that board with diversified
interlocks with different industries mitigates the influence from threats of new entry. We report
the moderate effect of BCD in column (5) and the interaction term of BCD and NET is negative
and significant, denoting that board with close relationship within certain industry exacerbates
the relationship between NET and firm performance. In our full model (column (6)), we add the
interactions of NET and both type of board capital, and the results are still hold. In addition, we
repeat our empirical analysis with alternative measures of dummies indicating high-BCB firms
and high-BCD firms, and then report the results in column (7) - (9). We observe similar patterns
in the results. The interaction terms of NET and a high-BCB dummy are positive and significant
at the 1% level in column (7) and column (9), showing that facing the same level of new entry
threats firms with higher BCB are in a better situation regarding performance. The interaction
terms of NET and a high-BCD dummy are negative and significant at the 1% level in both
column (8) and column (9), denoting that given the same level of new entry threats firms with
higher BCD are worse off. In summary, we find the director board moderates the relationship of
new entry threats and firm performance. More interestingly the direction of the moderation
effects depend on the type of resources that bridged by board member through interlocks. Boards
with very diversified interlocked industries, with high board capital breadth, buffer the impact
from new entry threats, while boards deeply embedded in the same industry, with high board
capital depth, amplify the consequence of new entry threats on firm performance.

5. Conclusion
In this study we examine how emerging product market threats from entrepreneurial startups
impact existing incumbents’ performances in the high-tech sector, and how this relationship is
influenced by the nature of the outside resources that boards are connected with. Our work
makes important contributions to academic research and managerial practice. First, we extend IS
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literature by bringing in an important construct – new entry threats, which become a significant
concept in the high-tech sector with the a large number of startups and fast growth of
entrepreneurial firms facilitated by the extensive digital businesses of today. New entry threat
has existed in literature since Porter’s five forces model. However, because the threat from the
individual entrepreneurial startup is small and nearly invisible to the existing incumbents and no
existing measure of the threats at aggregated levels, we have little studies investigating the
consequences of incumbents facing increasing new entry threats. We fill this gap by adopting a
novel text based measure through product descriptions of startups and establish the relationship
between new entry threats and firm performance. Second, we contribute to high-tech firm
performance literature by examining how board capital moderates the effects of new entry
threats on firm performance. We disentangle the moderate effect of board capital according to
the type of resources bridged by board interlocks into two dimensions: board capital breadth
linking more diversified resources functions as a buffer to mitigate the influence of new entry
threats; and board capital depth embedding the incumbent within its own industry exacerbates
the impact from disturbances from new entry from startups. Further, our findings also show
important implications for practice. For corporate directors and senior executives, our evidence
provides guidance on how to leverage the board’s role of providing essential resources or
securing those resources through linkages to the external environment so as to protect firms
against the turbulence in their own product markets from the threats of new entry.
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Table 1 New Entry Threats, Firm Performance and Board Capital
Dependent
Variable: ROA
L. NET_TFIDF

Continuous Measure of BCB and BCD
(1)
-0.005**
(0.002)

Board Capital Breadth

(2)
(3)
(4)
-0.005** -0.010*** -0.005**
(0.002)
(0.003)
(0.002)
-0.004
(0.003)

BCB x L.NET

Binary Measure of BCB and BCD

(5)
-0.003
(0.002)

(6)
-0.007**
(0.003)

0.003
(0.006)
-0.016***
(0.006)

-0.005*
(0.003)
0.006*
(0.004)
0.001
(0.006)
-0.014**
(0.006)

-0.005*
(0.003)
0.008**
(0.004)

Board Capital Depth

-0.001
(0.006)

BCD x L.NET
High BCB Dummy x L.NET

(7)
-0.010***
(0.003)

(9)
-0.003
(0.003)

-0.013***
(0.004)

0.013***
(0.004)
-0.014***
(0.004)

Yes
Yes
Yes
7,142
965
0.643

Yes
Yes
Yes
7,142
965
0.645

0.013***
(0.004)

High BCD Dummy x L.NET

Board Level Controls
Firm Level Controls
Firm & Year FE
Observations
Number of Firms
Adjusted R2

(8)
0.003
(0.003)

Yes
Yes
Yes
7,142
965
0.643

Yes
Yes
Yes
7,142
965
0.642

Yes
Yes
Yes
7,142
965
0.643

Yes
Yes
Yes
7,142
965
0.642

Yes
Yes
Yes
7,142
965
0.643

Yes
Yes
Yes
7,142
965
0.643

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
Note: new entry threats are standardized with mean of zero and standard deviation of one.
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Yes
Yes
Yes
7,142
965
0.643
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Abstract
In this paper we propose a study on the effectiveness of monetary incentives on promoting the
continuous use of Internet-based IT innovations. Based on the Diffusion of Innovations theory,
we propose to have a holistic view on the continuous use of Internet-based IT innovations,
investigating not only the subsides to the users for their use of the innovations but also the
technological attributes of the innovations and the social factors surrounding the use of the
innovations.
Keywords: Continuous use of IT, Internet-based IT innovations, monetary incentives

1. Introduction
In the last two decades, rapid advancements in the Internet and Information Technologies have
led to fast and wide spread changes to life styles and world economy. While earlier research in
IT acceptance (Davis et al. 1989; Venkatesh et al. 2003) and diffusion (Rogers 2003) concerned
the technical features and/or user characteristics in end-user computing and enterprise
computing, diffusions of Internet-based IT innovations seem to put an unusual emphasis on
establishing as large a user base as possible as fast as possible. There are certainly
understandable reasons for doing so. Researchers found that reaching a critical mass of users
is especially important for users to consider using Internet-based IT such as Instant Messenger
(Li et al. 2005) due to network externality (Katz and Shapiro 1985): the more users use the
same IT, the more utility they can get from using the IT, and the more attractive the IT becomes.
To expedite reaching the critical mass, many vendors of Internet-based IT innovations often
adopted monetary incentives. Some offer services or products at low prices, or even for free,
to draw users. Both Amazon.com and JD.com, the largest B2C companies in the U.S. and in
China respectively, have clearly put more emphases on acquiring more users than making
profits (Edwards 2015). The largest C2C company in China, Taobao.com, offered its service
to online retailers for free, effectively driving eBay, who charged its sellers for listing
merchandises and making transactions, out of Chinese market (Wang 2010). Some subsidize
consumers directly for using their innovations. In China, the competing taxi-hailing apps, Didi
and Kuaidi, were reported to have spent a combined $400 million on subsidies to both riders
and drivers just in the first half of 2014, not only propelling them to a combined market share
of more than 99% but also leading to their fateful merger in 2015 (Huet 2015).
While such lavish spending apparently helps to drive quick acceptance and initial use of the
Internet-based IT innovations, there have always been doubts among practitioners on their
long-term effectiveness (Edwards 2015; Mak 2015). Theoretically, in the IS field, little
research on IT innovation acceptance or diffusion has explicitly addressed the role played by
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monetary incentives. In this paper, we propose a study that addresses this practically important,
theoretically intriguing, yet understudied phenomenon. In particular, this study attempts to
address two research questions: Will monetary incentives lead to continuous use of Internetbased IT innovations? What additional factors help to lead to continuous use of IT innovations?

2. Theoretical Development
IS research on continuous use of IT have been informed by a variety of theories, including the
diffusion of innovation theory (DoI, Rogers 2003), the technology acceptance model (TAM,
Davis et al. 1989; Venkatesh et al. 2003), the theory of reasoned action (Ajzen and Fishbein
1980; Davis et al. 1989), the theory of planned behavior (Ajzen 2002), and the motivation
theory (Davis et al. 1992; Li et al. 2005). In DoI, diffusion is defined as the process “by which
an innovation is communicated through certain channels over time among the members of a
social system” (Rogers 2003, p5). Accordingly, DoI theory concerns four main elements in
diffusion: an innovation or new technology, a social system, the communication channels of
the social system, and time. It is this explicit incorporation of the time element that drew us to
base our proposed study on DoI, as the phenomenon under study – the diffusion of the Internetbased IT innovations – has clearly emphasized the speed of adoption by potential users.
Due to the technological nature of IT innovations, IS research using DoT theory has primarily
concerned the innovations’ technical features (e.g. Moore and Benbasat 1991). Rogers (2003)
identified five categories of innovation characteristics affecting diffusion: relative advantage,
compatibility, complexity, trialability and observability. Karahanna et al.(1999) suggested that
image works as an aspect of relative advantage. In our research model, we consider three
technology attributes of the Internet-based IT innovations: relative advantage, compatibility,
and image.
Relative advantage is “the degree to which an innovation is perceived better than the idea it
supersedes (Rogers 2003, p229).” Relative advantage can be reflected in economic terms as
well as in aspects such as social prestige, convenience, and satisfaction. Relative advantage is
similar to the perceived usefulness in the TAM popularly used in IS research (Moore and
Benbasat 1991). Studies comparing adopters and non-adopters of IT innovations consistently
find that adopters had significantly higher perception of relative advantage.
Rogers (2003, 240) referred compatibility to “the degree to which an innovation is perceived
as being consistent with the existing values, past experiences, and needs of potential adopters.”
Compatibility represents how congruent an innovation is with the prior existing operational
practice and has a positive effect on continuous use of innovations (Karahanna et al. 1999; Sun
and Jeyaraj 2013). Both relative advantages and compatibility are particularly important to the
Internet-based IT innovations as these innovations are often disruptive technologies that can
dramatically change existing business models and lead to profound changes to business
operations (Lyytinen and Rose 2003a; Lyytinen and Rose 2003b). Hence we propose that,
H1: Relative advantage of the Internet-based IT innovations is positively associated with the
continuous use of the innovations.
H2: Compatibility of the Internet-based IT innovations is positively associated with the
continuous use of the innovations.
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Image refers to“the degree to which an individual believes that an innovation will bestow them
with added prestige or status in their relevant community (Plouffe et al. 2001, p68)”. Image
carries along the social approval associated with innovation adoption. As the Internet-based IT
innovations are typically considered frontier innovation technology, adopters who use them
may be viewed innovators or smart persons. Thus positive image associated with adopting the
Internet-based IT innovations should motivate continuous use of the innovations. Hence,
H3: Positive image of using the Internet-based IT innovations is positively associated with the
continuous use of the innovations
While DoI theory acknowledges the roles incentive – both monetary and nonmonetary – plays
in speeding up the adoption of innovations (Rogers 2003), little IS research has specifically
investigated the effects of monetary incentives on the adoption of IT innovation (Lindgreen et
al. 2013). The DoI theory assumes that a potential adopter’s decision is rational and base her
decision on her evaluation of innovation’s performance, value or benefits (Mahajan et al. 1990).
It considers the effects of incentives in terms of increasing the degree of innovations’ relative
advantage, thus encouraging the adoption of the innovations.
Theoretically, marketing research has long established that promotion stimulus can directly
trigger potential customers to purchase new products, or result in unplanned purchases (Peres
et al. 2010). Practically, we have recently witnessed waves of lavish subsidies that dramatically
drive the adoptions of many Internet-based IT innovations such as taxi-hailing and ride-sharing
apps (Huet 2014; Mak 2015). Conversely, there have been growing concerns that users who
are used to subsidies would stop using the apps once the subsidies are discontinued. Thus for
our study, we believe the monetary incentives can promote continuous use of the Internet-based
IT innovations in a more direct manner. Hence we propose,
H4: Monetary incentive to use the Internet-based IT innovations is positively associated with
the continuous use of the innovations
One main element of diffusion theories is social system (Rogers 2003). The basic premise of
the DoI theory is that new ideas and practices spread through interpersonal communication
(Valente and Davis 1999), and social contacts, social interaction, and interpersonal
communication greatly influence innovation adoptions (Valente and Rogers 1995). Any user
of the Internet-based IT innovations is a member of various social networks, and her behavior
of using the innovation is influenced by many interpersonal factors (Jo Hatch and Schultz 1997).
The interconnected nature of the Internet-based IT innovations may further amplify such
influences: as the Internet greatly increase the volume and diversity of the information users or
potential users receive to an extent that overwhelms their capabilities of self-judgement, they
increasingly have to rely more on other group-related factors to make decisions.
Two such factors are subjective norm and group identity. In our study, subjective norm refers
to the social pressures an innovation adopter perceives when deciding whether to continue use
an IT innovation. In research based on the TRA or TPB, there is a large body of research
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confirming the effect that subjective norm have on behavior intention (Venkatesh et al. 2003).
Group identity refers to the extent to which people feel connected to a group’s character or
purpose. It highlights people’s attachment to a group. “Group identity in everyday life emerges
when people define a collection of people as members of the same social category (Ren et al.
2012, p843).” Many Internet-based IT innovations provide the opportunities for users to
interact with each other or even bond with each other (Zhang and Watts 2008), facilitating the
growth of such group identify. As common group identity increases member participation and
retention (Hogg 1992; Ren et al. 2012) and reinforces each other’s behavior, we believe it will
encourage continuous use of Internet-based IT innovation. Thus we hypothesize,
H5: Subjective norm is positively associated with the continuous use of the innovations H6:
Group identity is positively associated with the continuous use of the innovations
We present our research model figuratively in Figure 1:

Figure 1. Research Model

3. Proposed Research Method
We plan to test our model using the taxi-hailing apps in China. Taxi-hailing apps such as Uber
in the U.S. and Didi in China allow passengers to conveniently request taxi services through
their smart phones. Both significantly disrupted the taxi service industries in the cities where
they are available to consumers. In both the U.S. and China, especially in China, the taxihailing apps have subsidized users generously for using them. In fact, many attributed the
stunningly rapid growth of their user bases to the oversized incentives they dispensed to both
drivers and riders. Therefore, they offer our proposed study a perfect research context.
Currently, we are collecting field data – both qualitative and quantitative – to test the research
model and the hypotheses. There haven’t been much research efforts in understanding the
effects of monetary incentives on continuous use of the Internet-based IT innovations. In this
sense, the study proposed here is exploratory in nature. Qualitative field data collected through
field observations and interviews will allow us to gain more insights into this novel
phenomenon and allow us the opportunity to verify our theoretical development and refine it.
Quantitative data collected through surveys, on the other hand, allow us to test the developed
hypotheses in the positivist way. Through triangulating the findings from both analyses, we
can gain more confidence in the validity of the findings.
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4. Discussions
In this paper we propose a study that is stimulated by the extraordinary marketing strategy
adopted by many Internet-based IT innovations: pay the users for using them. With the
proposed study, we intend to address practitioners’ concerns over whether this strategy has long
lasting effects and to fill the theoretical gap in the literature that few studies have attempted to
investigate. We base our research model on the Diffusion of Innovations theory and explicitly
consider the role played by monetary incentives as well as the technical features of the Internetbased IT innovations and social factors surrounding their uses.
We hope to make both theoretical and practical contributions with this study. Theoretically, our
study will lead to a much clearer picture of the role monetary incentives play in promoting the
continuous use of the Internet-based IT innovations. In this way, we not only contribute to
better understanding of the continuous use of the Internet-based IT innovations but also enrich
the DoI theory. Practically, insights generated from this study can better inform the vendors of
the Internet-based IT innovations of the long-term effectiveness of monetary incentives in
promotion the continuous use of the innovations, and thus help them adjust not only the
marketing strategy – including both incentive strategy and perhaps social strategy –but also the
technical characteristics of their innovations.
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Abstract
This study examines what kind of APP development firms would have superior customer agility,
which captures the speed of the innovator’s respond to customers’ demand, and how customer
agility contributes to firm performance. Using data of APP development, we found that
experienced APP firms tend to have a higher customer agility, which in turn enhance the firms’
subsequent performance. Furthermore, the complexity of demand knowledge plays an important
role such that when knowledge complexity is high, APP development experience is more needed
for constructing customer agility and customer agility would have a stronger effect on firm
performance.
Keywords: Customer Agility, Product Innovation, Open Innovation, Customer-Driven Innovation,
Mobile Apps, Organization Learning

1. Introduction
A growing body of literature examines open system innovation (Chesbrough 2003; West et al.
2014), where firms develop innovative products by leveraging external knowledge. An important
external knowledge source is from product customers (Urban and von Hippel 1988), who have
valuable demand-side knowledge. While getting customers involved in the innovation process is
not a new idea (Von Hippel 2007), it is still a challenge for firms to learn effectively from a large
number of customers. Accordingly, a stream of literature about customer-driven innovation is
emerging (Greer and Lei 2012; Priem et al. 2012).
Although previous studies indicate that demand-side knowledge transferred from customers to
innovators is critical for customer-driven innovation (Greer and Lei 2012; Payne et al. 2008), little
is known about how the knowledge transfer can create strategic values to the firm. In this study,
we examine this important phenomenon by focusing on a firm's customer agility. Customer agility
captures the degree to which a firm can respond quickly to the opportunity embedded in the
demand-side knowledge (Roberts and Grover 2012) and create innovation that can appropriately
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address the demand. More specifically, our study will examine the firm characteristics that are
associated with higher customer agility and the effect of customer agility on firm performance?
In our study we choose the mobile app industry as our research context for the following reasons.
First, demand-side knowledge is represented as mobile app user reviews. There are hundreds of
thousands of user reviews available for popular mobile apps because users are motivated to provide
feedback about their experiences. Second, customer-driven innovation happens when app
developers take into consideration demand-side knowledge embedded in user reviews when
developing an updated version. Prior literature considers this type of innovation as sequential
product innovation, which is commonly seen in the technology industry (Bala and Carr 2009;
Boudreau 2012; Kornish 2001). Third, due to the fast development of the mobile app industry,
there are a large number of mobile app products developed by many different development firms.
It makes it easier to collect a large sample of empirical instances.
Our paper is organized as follows. In Section 2, we discuss related work and our research model.
In Section 3, we describe an empirical study and its findings. Section 4 concludes our paper with
discussions and future extensions.

2. Related Work and Research Model
We draw upon the customer-driven innovation ( Priem et al. 2012) and the organizational learning
(Nonaka 1994; Simonin 1999) literatures to develop our theoretical propositions. First, viewing
customer agility as a knowledge-related firm capability, we contend that firms are heterogeneous
in terms of customer agility (Roberts and Grover 2012). Accordingly, customer agility would be
influenced by firm-specific factors. Second, customer agility is strategically important for firms
and would directly influence firm performance. In addition, we propose that the characteristics of
customers’ demand-side knowledge plays an important role in the development of customer agility,
because knowledge characteristics would influence how firms absorb (Simonin 1999) and use
knowledge. More specifically, we focus on the complexity of customers’ demand-side knowledge,
which is a key dimension of knowledge stickiness, determining the difficulties of transferring
knowledge (Simonin 1999).
2.1. The antecedent of customer agility
We examine firms’ app development experience as the antecedent of customer agility. We propose
that firms with more app development experience would have superior customer agility. In order
to analyze customers’ demand-side knowledge, firms need to have strong absorptive capacity
(Cohen and Levinthal 1990). Prior experience of absorbing demand-side knowledge helps the firm
develop specific routines that facilitate the construction of such capability (Priem et al. 2012).
Therefore, our first hypothesis is:
H1. Firms with more app development experiences tend to have higher customer agility
than firms with less experiences.
We further argue that when customers’ demand-side knowledge is complex, App
development experience becomes more valuable in constructing customer agility. Complex
knowledge is more difficult to be absorbed (Simonin 1999). Therefore, while simple and
explicit demand-side knowledge may be absorbed by all app development firms, complex
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demand-side knowledge can only be absorbed by experienced firms whose absorptive
capacity is high. As a result, we propose that:
H2. The complexity of customers’ demand-side knowledge positively moderates the
relationship between app development experience and customer agility.
2.2. The outcome of customer agility
Customer agility should create strategic value to the firm. For mobile app development firms, a
strategic goal is to attract more customers who would use their innovative products. When a firm
can effectively respond to customers’ comments and address their concerns in their product
innovation process, their customers are more likely to value the firm's products. Further, by
responding to customers’ demand quickly, a firm can build up its reputation among customers.
Customers would tend to believe that the firm’s next innovative product is useful. It would help
the firm maintain their existing customers and attract new customers. Thus, we argue that:
H3. Customer agility has a positive effect on firm performance.
We believe the complexity of customers’ demand-side knowledge also plays an important role in
determining the outcome of customer agility. On one hand, complex knowledge is difficult to be
interpreted and absorbed by the firm. On the other hand, product innovation based on complex
knowledge, if interpreted correctly, has important value to customers (Von Hippel 1994).
Customers provide complex knowledge, to some extent, because they perceive the information is
important to them. Also, those customers who are capable of providing complex knowledge
usually are experts in the field of mobile app development. If a firm can absorb complex
knowledge in their product innovation process, it will bring more value than simply addressing
simple and explicit demand-side knowledge. Further, recognizing opportunities embedded in
complex demand-side knowledge may make the competitors difficult to imitate their products
because it requires a high level of absorptive capacity (Spender and Grant 1996). Thus, we
hypothesize that responding to opportunities embedded in complex demand-side knowledge can
lead to a greater improvement of firm performance than responding to opportunities embedded in
simple demand-side knowledge:
H4. The complexity of demand knowledge positively moderates the relationship between
customer agility and firm performance.
Our research model is illustrated in Figure 1.

Figure 1. Research model

218

3. An Empirical Study
3.1 Data
The sample for this study consists of public and private companies whose mobile app products
appeared in the top game charts of the Google Play Store. Our study is focused on the firm-level
behavior. Therefore, we removed individual app developers who published less than 3 apps. We
identified 65 app development companies and collected their firm profiles (e.g., firm size, firm
age) is from LinkedIn. Those companies have developed and published 274 mobile apps at Google
Play Store. We have collected the customer reviews for the 274 apps from the Google Play store
between Sep 8, 2014 and April 5, 2015. Data collected include basic app attributes, business model
(free or paid apps), release/update dates, customer ratings, customer reviews, and developer
information. Table 1 shows the basic summary statistics for our collected data.
Table 1: Summary statistics of collected data

Mobile Apps’ Product Information and Customer Reviews (Google Play Store)
Time period
Sep 8, 2014 – April 5, 2015
Total number of apps
274 (28 paid apps; 246 free apps)
Total number of reviews

95,167

Total number of app updates 726
Company Profiles (LinkedIn)
Total number of companies 65 (17 public; 48 private or partnership)
3.2 Measurements
Dependent variable. In order to determine a firm's customer agility responding to online customer
reviews, we use the time duration (in days), that it takes for a firm to release the next app date from
the previous update date, to measure customer agility. For the measurement of a firm's
performance, we used the aggregated rating counts received for the firm's app products.
Independent variables. The measure of firm experience is a binary variable. Its value is coded
as 1 if the firm is recognized as a “Top Developer” by the Google Play store. Top developers are
the best developers who are committed to launching high quality and innovative apps based on
their cumulative work. Our measure of knowledge complexity is the Fog index of online customer
reviews which is commonly used measure to evaluate text complexity. It estimates the number of
years of formal education that a reader of average intelligence would need to understand the text.
It is built on the premise that complex words and long sentences are difficult to understand. A
word is considered as a complex word if it contains 3 or more syllables.
Control Variables. We considered the mobile app business model (free or paid), firm age and size
to be important control variables in our study. Existing literature find that these variables can affect
firms’ customer agility and innovation performance (Roberts and Grover 2012).
3.3 Results
Table 2 OLS Model for Customer Agility
Model 0

Model 1

Model 2

(1) Firm Size

0.01* (0.01)

0.01 (0.01)

0.01 (0.01)

(2) Firm Age

-0.01 (0.02)

-0.01 (0.02)

-0.01 (0.02)
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(3) Business Model
(4) Knowledge Complexity

-197.49** (60.50)

-193.14** (58.79)

-192.99** (59.09)

4.37***(1.82)

4.71**(1.78)

4.87* (2.01)

40.9**(15.35)

41.17**(15.51)

(5) Top Developer
(6) Top Developer *
Knowledge Complexity

1.47(8.99)
-5.67 (37.56)

Constant

-7.58 (36.49)

-8.23 (36.89)

Note. Significance levels: *p <0.05, **p <0.01, ***p <0.001; Standard errors in parentheses
We use OLS models to estimate customer agility. Results are reported in Table 2. Model 1 shows
that firms with a top developer badge in Google play store have a positive relationship with firms’
customer agility. That is to say, firms with experienced app developers can be more actively and
faster to give a response for customer’s requests. Our hypothesis 1 is thus supported. Hypothesis
2 argues that APP development experience is more important in constructing customer agility
when demand-side knowledge is complex. However, in our result, there is no significant
interaction effect between firm experience and complex customer knowledge. Our hypothesis 2
was not supported.
Table 3 A Poisson Model for Firm Performance
Model 3

Model 4

Model 5

(1) Firm Size

0.21***(0.00)

0.22***(0.00)

0.22***(0.00)

(2) Firm Age

4.28e-4***(0.00)

5.01e-5***(0.00)

4.45e-5***(0.00)

(3) Top Developer

0.74***(0.00)

0.39***(0.00)

0.64***(0.00)

(4) Business Model

-2.32***(0.02)

-2.42***(0.11)

-1.77***(0.11)

(5) Knowledge Complexity

-0.02***(0.00)

-0.02***(0.00)

-8.32e-3***(0.00)

3.16e-3*** (0.00)

2.37e-3***(0.00)

(6) Customer Agility
(7) Customer Agility *
Knowledge Complexity
Constant
𝜒2

1.99e-4***(0.00)
6.89***(0.01)

6.94***(0.02)

186091.28

355651.10

6.95***(0.02)
356111.35

Note. Significance levels: *p <0.05, **p <0.01, ***p <0.001; Standard errors in parentheses
Since our measure of firm performance is count variable, we use Poisson model to estimate firm
performance and results are reported in Table 3. Model 4 shows that customer agility has a
significant positive effect on firm performance, supporting our hypothesis 3. Finally, hypothesis 4
predicts a positive interaction between knowledge complexity and customer agility, which was
supported in Model 5. The results indicate that customer agility contributes firm performance more
when the firm face complex demand-side knowledge.

4. Conclusions
Using the mobile app data from the Google Play Store, we examined how firms develop innovative
products by absorbing demand-side knowledge from customer reviews. We found that firms with
more app development experiences have higher customer agility. They can respond to customers’
demand much more quickly, especially when demand-side knowledge is complex. We also found
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that customer agility enhances firm performance, measured by aggregated rating counts. Such an
effect is amplified when complexity of demand-side knowledge is high.
Our study contributes to the literature in two important ways. First, our study makes an important
contribution to the customer-driven innovation literature by examining firms' customer agility and
empirically testing its antecedents and outcomes in a unique empirical context with emerging
importance. Second, building on the organizational learning literature, we systematically develop
theoretical arguments about how customer knowledge influences customer-driven innovation.
Future research can investigate further on other meaningful antecedents of customer agility.
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Abstract
With the rapid development of modern educational technology, computer multimedia technology
and Internet technology which as the representative of the most advanced information technology
tools have been integrated into the teaching and learning area ,so that the network is increasingly
popular on college campuses. Virtual reality technology, as an important direction of simulation
technology, has some features such as more perception, existence, interaction and autonomy, etc.
In this paper, we study whether combining VR with teaching can further improve the users'
learning effectiveness. Based on the Technology Acceptance Model, Task Technology Fit, we
construct our research model about users' effectiveness in virtual reality environment. Reflective
thinking is the effective way to improve their learning effectiveness, when users believe that VR
can solve learning tasks they are facing, they will learn by VR, and the adoption of VR will
promote the formation and improvement of reflective thinking. We use the SMART PLS 2.0, this
data analysis software ,to analyze effective data samples to prove this theory model and
assumptions of rationality . From this study, we can conclude that virtual reality will influence
reflective thinking and further indirectly improve perceived learning effectiveness.
Keywords: Virtual reality, Task-technology fit, Technology quality, Technology accessibility,
Perceived learning effectiveness

1. Introduction and literature review
With the rapid development of Internet technology, more and more online services have emerged,
such as e-commerce, e-government and e-learning. In this paper, we focus on the e-learning area,
especially in virtual reality-based e-learning systems. As compared to traditional face-to-face
learning, electronic learning (e-learning) is a more flexible method for learning without time,
distance, and space barriers (Lin et al., 2007; Yu et al., 2007). However, while e-learning has
improved these aspects, it fails to respond to users’ social needs, offers little synchronous
communication and is unsuccessful in maintaining users’ interest (Monahan et al., 2008). We
believe there is still some space to progress before a truly stimulating and realistic learning
experience is offered online (Monahan et al., 2008). Thus, through the use of new technology
named virtual reality (VR) e-learning is now being further extended. Virtual reality can provide
real time visualization and interaction within a virtual world that closely resembles a real world
(Chuah et al., 2008). It supports real world learning experience and provides great learning
outcomes, for instance, better learning in geosciences (Li et al.,2002); better understanding of
physics concepts (Kim et al.,2001); and has a positive effect on learning driving rules and
regulations (Chen,2006). We feel that social interaction is overwhelmingly important in any
learning environment. Through a virtual reality-based e-learning system, users can receive
immediate feedback from teachers and have real -time communication with classmates.
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With the Web3D technology (e.g., Second Life, World of Warcraft), it is possible for virtual
reality to provide a shared virtual environment to support and enable collaborative learning
through synchronous and/or asynchronous communication. Virtual reality emphasizes
immersion、interaction and imagination. Immersion comprises physical immersion and mental
immersion (engagement). Interaction means that users can see an activity change on the screen
through their input (e.g., a gesture) and respond to the new activity instantaneously. Imagination
means that a VR environment triggers the human mind’s capacity to perceive, imagine in a
creative sense, nonexistent things. The ability of an information system to support a task can be
explained by the model of Task-Technology Fit (TTF) (Strong et al., 2006). The TTF implies
matching of the capabilities of the technology to the demands of the task (Goodhue et al., 1995).
There is a basic argument that for a technology to have a positive impact on individual
performance, the technology must fit performance, system characteristics and task characteristics
in a task-technology fit.
As Davis (1989) mentioned, the information technology quality is the degree to which users
believe a particular information technology will enhance their learning outcomes. Mark (1999)
thought that the whole notion of usefulness implies that the software is useful for something and if
the technology provides a good fit with the task, users should perceive that the technology is useful
for that task. Technology accessibility is the degree to which users believe that using a particular
system will be free of effort (Davis, 1989). Students consider the effort involved in learning and
using new systems (Oghazi et al. 2012) and they tend to avoid systems which require extra effort
of mentally and physically (Venkatesh 2000). Technology quality and accessibility prompt the
VR features to be designed to influence some learning behaviors, such as reflective thinking,
which indicates that the unique desktop VR features alone are not sufficient to facilitate learning,
thinking and understanding (Lee, 2010). And when technology fits tasks well, users will gain
higher perceived technology quality and accessibility.
Reflection is important for someone who wants to be an effective lifelong learner, an adaptive
thinker and an effective problem solver. Reflective thinking involves actively monitoring,
evaluating, and modifying one’s thinking and comparing it to expert models, peers and prior
experience. The function of reflection is to make meaning: to formulate the “relationships and
continuities”among the elements of an experience, between that experience and other experiences,
between that experience and the knowledge that one carries, and between that knowledge and the
knowledge produced by thinkers other than oneself.In traditional classes, teachers may not have
useful tools and resources to prompt students’ reflection, and virtual reality may offer some
functions to support reflective thinking which leads to learning outcomes. However without
appropriate support, students have difficulty engaging in high-level reflective thinking even with
information technology which indicates that task-technology fit will also mediate users’ reflective
thinking and further contribute to learning effectiveness.
Most of the prior studies have researched users’ intention to use virtual reality based on the
technology acceptance model, whilst fewer of them have explained how virtual reality affects
learning outcomes, especially perceived learning effectiveness. Although some research has
described virtual reality that would improve learning outcomes when task was designed well, none
has really take the view of task-technology fit into consideration. And few prior studies explain the
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indirect impact between virtual reality and perceived learning effectiveness. This paper aims to fill
this gap in the research, and clarify the issue.

2. The development model
The main aim of this research has been the development of a method to evaluate virtual reality’s
influence on perceived learning effectiveness. Virtual reality, as a new immersive learning
technology, has two major features: representational fidelity and immediacy of control, which will
improve users’ technology usefulness and make it easy to use in some designed tasks such as
learning chemistry molecular structures. Thus, an appropriate set of learning tasks needs to be
designed, with appropriate task support that learners deem to be useful and easy to use (Dalgarno
et al., 2002). That is, when virtual reality does not fit the tasks users are performing, they will not
regard it as a useful and easy to use technology. Thus, we believe that task-technology fit will
moderate the relationship between virtual reality and technology quality, and also between virtual
reality and technology accessibility. Therefore, we hypothesizes:
H1a: virtual reality will positively affect technology quality.
H2b: virtual reality will positively affect technology accessibility.
H2a: virtual reality will positively affect technology quality greater in the condition of
task-technology fit.
H2b: virtual reality will positively affect technology accessibility greater in the condition of
task-technology fit.
According to Collins (1995, p.146), it is the instructional implementation of technology, and not
technology itself, that determines learning outcomes. Technology should improve users’ learning
behavior, which is the determination of learning outcomes. When technology is fitting to solve
learning tasks, it can ameliorate some of the users’ characteristics about learning, like reflective
thinking, to influence learning outcomes. Empirical findings show that reflective thinking is
predictive of learning effectiveness if the learning objectives are aligned closely to assessment
tasks (Elinda, 2010). Thus, we can hypothesizes:
H3: Technology quality will positively affect reflective thinking.
H4: Technology accessibility will positively affect reflective thinking.
H5: Reflective thinking will positively affect perceived learning effectiveness.
Figure 1 depicts the research model used in this research.

Figure 1. Research model

3. Research method
A total of 135 students (89 females and 46 males) participated in this study. All participants are
graduate students who took a business analytics course over eight weeks. During the eight weeks, to
avoid common method bias, we conducted two rounds of surveys to collect data from the class in the
fourth and eighth weeks, respectively. All items were measured with a five-point Likert scale, from
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1 = strongly disagree to 5 =strongly agree. For each item, respondents were asked to circle the
response that best described their level of agreement with the statements.

4. Results
4.2 Measurement model
In the present study, we conducted confirmatory factor analysis to measure the validity and
reliability of all constructed items. 1. Cronbach’s alpha should be significant and exceed 0.7;
2.composite reliability should exceed 0.7; 3.average variance extracted (AVE) for each construct
should exceed 0.5; and 4.all items' factor loading should be higher than 0.7. From Table 1, we
can see that all Cronbach’s alphas are greater than 0.7.The minimum for composite reliability is
0.9 which also exceeds 0.7. AVE varies from 0.48 to 0.85; the AVE of TTFM1 is 0.48, which is
near 0.5. All the measures fulfill the recommended levels. In addition, most items' factor loading
exceed 0.7. The results suggest an adequate validity of the measurements and convergent validity
and reliability are ensured. The discriminant validity of all the latent constructs is confirmed by
comparing the square roots of AVE to the correlation coefficients of the other variables as shown
in Table 1.
Table 1. Descriptive Statistics, Reliability and Validity of Research Constructs
Cronbach’s composite
AVE VR
TTF
TQ
TA
RT
PLE
TTF
TTF
alpha
reliability
M1
M2
VR
0.93
0.94
0.70
0.84
TTF
0.91
0.94
0.85
0.63
0.92
TQ
0.92
0.94
0.73
0.41
0.48
0.85
TA
0.88
0.92
0.73
0.33
0.36
0.72
0.85
RT
0.83
0.90
0.75
0.65
0.68
0.40
0.29
0.87
PLE
0.90
0.92
0.70
0.43
0.48
0.76
0.62
0.45
0.84
TTFM1 0.97
0.95
0.48
-0.10 0
0
0
0
-0.01 0.69
TTFM2 0.97
0.97
0.59
-0.03 0
0
0
0
0.03
0.93
0.77
VR=virtual reality; TTF=task-technology fit; TQ=technology quality; TA=technology accessibility;
RT=reflective thinking; PLE=perceived learning effectiveness; TTFM1=TTF*VR; TTFM1=TTF*VR

4.3 Structural model
Structural equation model test results are shown in Figure 2, which implies the path coefficients
and path significance. Most hypotheses were supported, except H2a、H2b and H4. Virtual
Reality technology significantly influenced technology quality (b = 0.1654, p <0.05) and
technology accessibility (b = 0.1745, p <0.05), thus H1a and H1b were supported. With the
exception of H3, technology quality was confirmed to positively affect reflective thinking
(b=0.3876, p<0.05). Figure 2 also indicates that task-technology fit would positively affect
technology quality (b=0.3553, p<0.01) and technology accessibility (b=0.2377, p<0.05). Against
our expectations, it was found that task technology cannot positively moderate the relationship
between virtual reality、technology quality and technology accessibility, which means that H2a
and H2b will be rejected. The path significance between technology accessibility and reflective
thinking was greater than 0.05, and so H4 was not supported. And it was found that reflective
thinking would positively affect perceived learning effectiveness (b=0.4544, p<0.01).
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TQ

0.3552**

-0.1941

TTFM1(VR*
TTF)

VR

TTF

RT

0.4544**

PLE

0.2377*

TTFM2(VR*
TTF)

-0.1687

TA

Figure 2. Structural equation model

5. Conclusion
The use of virtual reality can prompt users’ reflective thinking and further indirectly influence
their learning effectiveness. Consistent with prior studies (Elinda, 2010), this study finds that
reflective thinking would improve users’ perceived learning effectiveness. It is the technology
quality not technology accessibility that will prompt reflective thinking. This is because users’
perceived ease of use may change over time when they are quality familiar with virtual reality and
the ease of use will not help users to solve tasks they are handling in reality. And virtual reality
does indeed improve user’s users’ perceptions of technology quality and accessibility. However,
surprisingly, the moderation of task-technology fit is not confirmed. This is mainly because that
none of the participants have experience of using virtual reality to solve their tasks and they have
no idea what kind of problems have how virtual reality’s two major features can help them solve.
Thus, they regard virtual reality as useful technology in any learning tasks and the moderation of
task-technology fit is neglected. Future research could divide participants into two groups using
virtual reality to solve two kinds of tasks, which one designed to be fit for virtual reality and the
other not, to explore the influence of task-technology fit in the use of virtual reality.
There some limitations in this study. First, researching the influence of virtual reality through
reflective thinking is relatively new, so this study should be considered as exploratory in nature.
Second, responses were voluntary and respondents did not have any actual virtual reality
experience, thus inevitably the study is subject to self-selection biases.
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Abstract
A central virtue of open-source software (OSS) is the contributions from the communities, yet our
knowledge of how to coordinate and maximize the benefit of such contributions for market
success is limited. In this paper, we uniquely formalize, analyze, and validate the impact of
product release frequency as a coordinating mechanism in the adoption of open-source products.
We first build a formal model to characterize the two-sided nature of the OSS product market.
Our theoretical model predicts that release frequency should be related in a curvilinear
(inverse-U) manner with both adoption and community contributions. We then test the model
predictions with empirical data we collected from SourceForge.net. Our empirical analysis
supports the hypotheses: Releasing too often seems to backfire due to the fact that it may exhaust
the community and dampen market reception. High adoption cost and development cost
attenuate the effectiveness of frequent release.
Keywords: Open-Source Software, Product Release Strategy, Two-sided Market, Community
Contributions

1. Introduction
Open-source software (OSS) has become an important example of collaborative production.
Recently, such model has extended beyond successful software products such as Linux, Apache,
and MySQL. Even non-software products are now embracing the collaborative approach, as seen
by Lego’s collaboration with customer communities and Dell’s implementation of customer
ideas (Bayus 2013). To better understand and manage the success of the collaborative production
model, the governance of OSS stands out as an important research topic (von Krogh and von
Hippel 2006). One specific aspect of the governance of OSS that has not been addressed to date
is the management of the finite/scarce common pool of the OSS community capacity. Typically,
an OSS project starts with a small core team, and then grows as it attracts community
contributions, which we define as the input from users and developers outside the core team.
Since most core teams are small and have limited resources, community contributions and the
co-creation between the core team and the community are crucial to the quality and diffusion of
the OSS products (Setia et al. 2012). Like other common community resources (Ostrom 1990),
the OSS community must also be managed.
While previous studies have identified important project characteristics affecting OSS success
(e.g., Singh et al. 2011; Stewart et al. 2006), how to manage the co-creation process has not been
well studied, which leaves a gap in our understanding of the nature of OSS co-creation. Seeking
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to narrow this gap, we examine how to coordinate the co-creation process by focusing
specifically on the impact of release frequency on the quality and adoption of an OSS project.
Release frequency refers to the number of releases in a defined time period. It is a deliberate
decision made by the core team, and as we will see in this paper, has an important effect on
co-creation success. Within this scope, we seek to study the following research questions: (1)
What is the effect of release frequency on community contributions? (2) How is the release
frequency of an OSS project associated with its adoption as measured by number of downloads?
(3) What is the influence of various environmental factors such as adoption cost, development
cost, etc., in this process?
We develop a theoretical base by constructing a two-sided market model to explain the
consumers’ adoption decisions and the community developers’ contribution decisions. Our
model features the cross externalities that the consumers and developers impose on each other
(Rochet and Tirole 2006). The change of release frequency would affect both sides due to these
externalities. Our model predicts a curvilinear relationship between release frequency and
download. A similar relationship also exists between release frequency and community
contributions. Based on these model predictions, we develop several hypotheses and empirically
test them with a panel data set we collected from SourceForge.net. Our empirical evidence is
consistent with our theoretical predictions. While releasing frequently is initially positively
associated with downloads, releasing too often may hurt the adoption of the project. In fact,
release frequency has an inverse-U relationship with downloads. This relationship may emanate
from the supply side of the OSS co-creation process, where we also find a curvilinear
relationship between release frequency and community contributions. Further analysis shows
that both adoption cost and development cost may attenuate the effectiveness of high release
frequency. Apparently fast release frequency when the costs are high may decrease the
consumers’ incentive to adopt and even exhaust the community’s incentive to contribute.
Our key theoretical view point is that the open-source community must be carefully managed
like a common pool of exhaustible shared resources. In this sense, the management of the
community contributions is like tackling the common-pool resources problem in the economics
literature (Ostrom 1990), although a key difference is that natural resources cannot
actively/endogenously resist depletion. With OSS, the community can choose how much effort to
contribute according to the alignment of values and incentives. In this sense, the OSS community
resource is somewhere between a private good and common good. Software teams must
understand that they need to manage the open-source community contributions carefully: while
sharing of information does not necessarily deplete the OSS community, providing feedback by
testing and bug-fixing requires effort, and can potentially deplete the community. Specifically,
we propose that the developer teams risk exhausting the community, and not receiving adequate
contributions if they overextend the release frequency of their products. This offers a different
insight from the earlier literature to which we now turn.

2. Theoretical Analysis
We begin with a formal model of OSS co-creation, which we use to capture the key interactions
behind the impact of release frequency. We model that the key decision variable for the
innovating OSS team is the release frequency, n, a decision that is governed by two interacting
sides: consumers on one side and a community of developers on the other side. The two sides
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have cross externalities. To keep the focus on the release frequency, we consider an OSS team
that is making a fixed quality enhancement
during a given time period . The team must
choose on the number of releases
, where
is a finite positive number. We assume
that each release delivers an equal share of the quality enhancement to consumers.
The release frequency decision will impact both sides – consumers and the community. The
consumers benefit from the quality enhancements from each new version. The quality
enhancements in OSS come from two sources: the core software development team and the
community. The core team is dedicated to the development, but most core teams are small and
have limited resources (Raymond 1999). On the other hand, a much larger community works
voluntarily for the project (Setia et al. 2012; Belenzo and Schankerman 2014). Therefore, we
model that consumers derive utility from the quality improvement, the community contributions,
and incur an adoption cost from updating the software:
where
is a consumer’s valuation of the software,
is the valuation of the new quality
improvement in each release,
stands for the community contributions,
is the valuation of
community contributions, and
is the adoption cost. As the release frequency increases, the
quality enhancements from the core team decrease in each release. One exception is when the
project does not release any new version. In this case, we assume that
.
Even though most of the OSS products are distributed for free, costs exist in adoption (Ellison
and Fudenberg 2000). No matter whether a user is installing or upgrading, it takes time and effort
to implement and learn the new version, especially for software that affects large organizations.
If a new release is of limited scope and contains few quality enhancements, the adoption cost
may outweigh the benefit. This adoption cost is captured by
in our model.
We assume that
is uniformly distributed over
and
. A
consumer chooses to adopt the new version if
. Then we can find the portion of consumers
who adopt the new version:
When
, we would have
. On the developer side, a community developer values the software itself,
appreciates the users who adopt the new version, and incurs a development cost:
where
captures the developer’s inherent valuation of the OSS
project,
captures the developer’s valuation of the user adoption
, and
captures the
cost of development. When the project does not have any new release, we assume that
. We also assume that
is uniformly distributed over
,
, and
. Then we can obtain the portion of developers who decide to
contribute by letting
:
Combining the two sides, we can obtain the equilibrium consumer adoption and community
contributions. Further, we can obtain the total downloads and community contributions by
combining the n releases in time period T:
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We can see that both the downloads and community contributions have a curvilinear (inverse-U)
relationship with the release frequency . That is, there exist a positive value of
where the
effect of release frequency is zero; before this point, release frequency has a positive effect on
the dependent variables; after this point, release frequency has a negative effect.
We then translate the theoretical model into testable hypotheses which we validate using
empirical data. Due to the limit of space, the hypotheses are omitted in this submission.

3. Data
To test the hypotheses generated from our model, we collected data from the open-source
repository SourceForge.net (SourceForge). Our sample contains 3,874 projects. we constructed
an unbalanced quarterly panel for all the projects. Table 1 provides variable definitions and
descriptive statistics. We transform all count variables in our data using natural logarithm to
reduce the impact of extreme observations.
Table 1 Descriptive Statistics
Variable
Description and Measure
Mean
Std. Dev
downloadsit
number of downloads
7.674
2.139
patchesit
number of patches
0.117
0.390
releasesit
number of releases
0.289
0.574
releasesit2
squared term of rit
0.413
1.163
codeit
number of code commits
0.898
1.977
useri
=1 if project i is user oriented
0.585
0.493
cumcodeit
cumulative commits
0.898
1.977
bugsfixedit
number of bug fixes
0.143
0.433
cumit
cumulative number of downloads
10.298
2.554
ageit
days since the registration
6.999
1.028
2
ageit
squared term of ageit
50.047
12.693
Subscripts i stands for project i, t stands for quarter t. N = 3,874. Obs = 89,372.

Min
0
0
0
0
0
0
0
0
0
0
0

Max
17.102
4.615
5.112
26.132
12.134
1.000
12.134
4.060
19.308
8.299
68.866

4. Empirical Analysis and Results
We use the following specifications to test our main hypotheses:
.

(1)

The dependent variable
is
and
in two regressions, respectively.
Then the coefficients
and
could capture the curvilinear relationship if
and
.
is one of the moderator variables (
,
, and
).
captures the moderating effect of
.
is a vector of control variables that contains
, and
. And
is a random error. We then estimate the
model with fixed-effect (FE) panel data specification.
We first examine how the release frequency of an OSS project is associated with its downloads.
Model (1) and (2) of Table 2 presents the estimated parameters from the adoption regression.
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The regression also includes a set of quarter dummy variables, whose coefficients are omitted for
brevity. The model-fit indices are shown in the bottom rows. We focus on the coefficients of
releases (subscripts are omitted for brevity in discussion) and its interaction terms to test each
hypothesis.
Table 2 Impact of Release Frequency
Dependent Variable
releases
releases2
code
L.cum
L.age
L.age2
releases x user
releases x cumcode
releases x bugsfixed
Constant
Adjusted R2
Projects
Observations

Downloads
(1)
.573***
-.063***
.075***
.733***
-1.058***
.040***

3.703***
0.620
3874
89372

(2)
.523***
-.065***
.074***
.733***
-1.057***
040***
.090***
-.030***
.039***
3.700***
0.620
3874
89372

Patches
(3)
.070***
-.016***
.022***
.015***
-.006
-5.1e-04

-.059**
0.620
3874
89372

(4)
.053***
-.018***
.021***
.014***
-.006
-4.8e-04
-6.6e-04
-.004**
.055***
-.058**
0.619
3874
89372

In Model (1), we test the effect of release frequency on downloads by just controlling the
network effect and product diffusion. We find that there exists a curvilinear relationship between
release frequency and downloads. We also find significant coefficients of the control variables
(code, cum and age). The signs of the coefficients are as expected. Higher quality enhancement
from the team increases the downloads. Downloads also increase with the install base and
decrease as the project becomes older. In Model (2), we analyze the moderating effects with
interaction terms. The moderating effect of user is positive, which suggests that faster release
may work better when the adoption cost is low (user-oriented projects should have lower
adoption cost). The negative coefficient of the moderating effect of cumcode implies that higher
development cost (more code means higher cost to develop) may decrease the effect of release
frequency on downloads. We also find a significant positive moderating effect of bugsfixed,
which suggests that that in project with higher capacity to convert community contributions to
quality enhancement, release early and often may work better.
We examine the coordinating role of release frequency in the OSS co-development process in
Model (3) and (4), where patches (community contributions) is the dependent variable. Our
hypothesis about the curvilinear relationship between release frequency and community
contributions is supported in Model (1) with significant (p<0.01) positive coefficient of releases
and negative coefficient of releases2. Column (4) in Table 2 presents the results related to the
moderating effect. We do not find a significant effect of the adoption cost. The reason can be that
the adoption cost affects the community contributions through consumer adoption. If the
developers do not value the consumer adoption much, then this may not be statistically
detectable. In contrast, we find a negative moderating effect (p<0.05) of development cost. That
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is, as the development cost increases, the effect of release frequency on community contributions
would decrease. We also find a significant positive moderating effect for bugsfixed.

5. Concluding Remarks
As open-source software moves into the mainstream in software development and expands
beyond software, it becomes increasingly important to understand how to manage “open” models
of product co-creation to make it scalable and sustainable. We add to the emerging literature on
open-source innovation by analyzing how release frequency, a factor that the project managers
can control, would influence its co-creation efficiency and market success. More broadly, this
research is related to open models of co-production and its content, coordination, and adoption in
user communities over time. In such an environment, technology-enabled platforms facilitate
open collaboration and co-creation among distributed users and producers, without relying on
traditional employment, ownership or formal organizational structures. Meanwhile, new
challenges such as product releases, community incentives, and intellectual property rights need
to be managed so that the open community of co-production can be sustainable in the
marketplace. Our work reported in this paper, though it is examined in the OSS context, may
help to understand these larger issues in other contexts as well.
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Abstract
This paper studies a software vendor’s decision to offer perpetual or lease-based licensing when
customers are uncertain about their valuation for the software prior to adoption. In a two-period
model, we show that perpetual licensing can be more profitable than leasing when customers
face valuation uncertainty. This result sheds light on the historical prevalence of perpetual
licensing in the software market and contrasts with the conventional wisdom of durable-goods
theories. In addition, we discuss how other elements of software adoption may impact the
vendor’s preference between perpetual licensing and leasing. Interestingly, having more
information on a customers’ purchase history can hurt a software vendor’s profit from leasing.
When software adoption requires a high upfront implementation cost, the vendor is more likely
to offer perpetual licensing than leasing.
Keywords: software licensing, perpetual licensing, leasing, value uncertainty

1. Introduction
Software has been studied extensively as a durable good (Waldman 2003). A well-known result
in the literature on durable-goods pricing is that leasing is at least as profitable as selling, and
therefore, this literature suggests that durable-goods vendors prefer leasing to selling (Coase
1972; Bulow 1982). Prior durable-goods theories that cited software markets as a modeling
context confirm the conventional wisdom of the durable-goods literature. Fudenberg and Tirole
(1998), for instance, study pricing of successive generations of software and find that even
though sales of upgrades or new versions help improve the profitability of perpetual licensing,
the equivalent of selling for software, perpetual licensing cannot be more profitable than leasing.
Stokey (1979) also cites software markets as a context and confirms the insights of standard
durable-goods theories. Nonetheless, perpetual licensing has been the predominant pricing model
for software for decades. In the enterprise software market, perpetual licensing accounts for more
than 92% of packaged software licenses held by client firms in North America and Europe
according to a Forrester 2005 survey (Wang 2006). Consumer software is generally sold via
perpetual licensing (Hohmann 2008, pp.71). In contrast, lease-based licensing is rarely offered,
and its revenue contribution is negligible for many software applications (Cusumano 2007). Why
wouldn't software vendors offer more leasing, as predicted by durable-goods theories?
The objective of this paper is to bridge this gap between theory and practice and to investigate
the predominance of perpetual licensing over lease-based licensing in the software market. We
demonstrate that an important feature of software adoption may explain the observed pricing
practice, and challenge the standard result of durable-goods theories: Software has features of an
experience good; that is, customers are unable to fully evaluate it before using it (Shapiro and
Varian 1998).
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The difficulty of assessing the value of a software acquisition before use is well documented
(Gross and Ginzberg 1984; Ulrich 2006). This value depends on the fit between users' needs and
the technology (e.g., the software's functionality), both of which can be quite challenging to
assess. Although users may have information on their own needs, it can be a daunting task to
translate them into software specifications that are necessary to evaluate a software product
(Bubenko 1995). To understand a complex technology such as an enterprise system, one must
understand abstract concepts and assumptions, logic and algorithms, as well as interdependence
among subsystems. While this information is known to software vendors, they cannot transfer
such organizational know-how to their customers easily (Attewell 1992). Therefore, customers
are often uncertain about the value of a software product prior to adoption.
Customers may wish to reduce value uncertainty by attending product demos or pilot testing the
software, which informs customers about their valuation for the software. But such learning is far
from complete. Testing a software package in a controlled environment does not subject it to the
complexity encountered in operational conditions. More often than not, users are unable to
envision or predict all possible conditions that the software may be required to cover until they
have gained substantial working experience with the system. Without perfect information, a
customer risks adopting a software product that does not fit her needs. Approximately one half of
all enterprise resource planning (ERP) projects fail to achieve the anticipated benefits (Robey et
al. 2002). From an office system (Galletta 1986) to electronic commerce applications (Han and
Noh 1999), history has witnessed many users that are unable to generate value from seemingly
very promising technologies. This paper shows that such value uncertainty may offer a potential
explanation to the predominance of perpetual licensing in the software market.

2. Model
Consider a two-period model. At the beginning of period 0, a unit mass of new consumers enters
the market and lives for two periods. A monopoly software vendor offers a software product via
perpetual or lease-based licensing in every period. We use the terminology of the durable-goods
literature and refer to perpetual licensing as selling and to lease-based licensing as leasing.
Selling allows a consumer to use the software for the rest of her life, while leasing allows a
consumer to use it for only one period. The monopolist is assumed to be able to recognize his
prior customers and, hence, is able to distinguish returning lessees from new customers. This is
consistent with the empirical evidence showing that software vendors often treat new clients
differently than their existing clients (Larkin 2008).
Consumers are indexed by a type parameter v, which represents the utility that a consumer gains
from using the software for one period after full implementation. Within each generation, there
are two types of consumers: a fraction β of the consumers are high types with value v= vH, and a
fraction (1-β) are low types with value v=vL ( 0< vL < vH). A consumer's true type is unknown to
her before she adopts the software. Nevertheless, she may conduct market research or pilot-test
the software, through which she receives a signal y of her true type (or perceived valuation for
the software), where y= vH or vL. With probability α, the signal is the same as her type, and with
probability (1-α), the signal is incorrect. α denotes the accuracy of consumers' signals (or their
perception), and a sufficient condition that the signal be informative is: Pr[v=vH|y=
vH]=((βα)/(βα+(1-β)(1-α)))>β, or the conditional probability that one is the high-type (or
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low-type) given a high-type (or low-type) signal is higher than the prior, which gives α∈(1/2,1].
A consumer learns her true type only after using the product for one period.
A consumer incurs an upfront cost to implement and use the software for the first time, denoted
by c. It is assumed that there are no further adjustment costs in future periods after the software
is implemented. Assume that 0≤c≤ vL. The monopolist and consumers have the same discount
factor δ. The marginal production cost of the software is zero. To avoid discussing trivial cases,
we assume that βvH >vL, which implies that the number of high-type consumers is not too low.
The timing of the game is as follows. At the beginning of period t=0, one unit mass of new
consumers enters the market and receives private signals on their valuation for the software. The
monopolist announces a selling price ps,t and a leasing price pl,t. Consumers observe the prices
and make a purchase decision, anticipating their total payoff. Trade takes place. Consumers who
decide to buy or lease the software then invest a fixed cost (i.e., c) to implement the software and
learn their true valuation for the software. At the end of the period, the monopolist observes the
realized sales from selling and leasing, although he does not know each consumer's private signal
or type.
At the beginning of period t=1, the monopolist announces a selling price ps,t, a leasing price pl,t
for new customers and a lease renewal price rt for returning leasees. Consumers who have not
adopted the software or those who have leased the software previously observe the prices and
make a purchase decision. Trade takes place. Consumers who adopt the software for the first
time invest a fixed cost to implement the software. Consumers who have implemented the
software previously can continue using the software if they have access to it in period 1. Pure
selling and pure leasing are special cases of this setup in which the prices for the alternative
option are prohibitively high. We are interested in characterizing the Subgame Perfect Nash
Equilibria (SPNE) of the game.
This two-period model differs from the classic durable-goods models in three aspects: 1)
customers' value uncertainty; 2) upfront implementation cost; and 3) the software vendor's ability
to separate new and existing customers. To compare this paper's findings with those of the
standard durable-goods models and highlight the role of customers' value uncertainty, the
following Section 2.1 starts with a benchmark model in which the above three model features are
absent (i.e., no value uncertainty (or α=1), no implementation cost (or c=0), and no
discrimination between new and existing customers (or r1 = pl,1)). This benchmark model
replicates the classic durable-goods models. Next, Section 2.2 introduces customer value
uncertainty only into the benchmark model (i.e., 1/2<α<1). Finally, Section 2.3 incorporates the
remaining two features of software markets and solve the full main model. We discuss how each
of these features impacts the profitability of selling and leasing at the end.
2.1 Benchmark Model without Value Uncertainty
When the software is only for sale, a consumer with valuation v who does not buy the software
in period 0 buys the software in period 1 if the benefit from adoption is higher than the cost, or
v≥p₁. In period 0, a consumer buys the software if the payoff from buying in period 0 is no less
than that from buying for the first time in period 1 or from not buying the software at all, or
(1+δ)v- ps,t ≥max{δ(v-Ep₁),0}, where Ep₁ represents the expected price in period 1.
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The monopolist's optimal pricing strategy, given consumers' decisions, can be solved through
backward induction. Space limitation prohibits a detailed analysis. One can show that when βvH
> vL, there exists a unique SPNE. In equilibrium, the monopolist sells the software for ps,0 = vH
+δvL in period 0 and p₁=vL in period 1. High-type consumers buy the software in period 0, and
low-type consumers buy in period 1. The monopolist's optimal profit is βvH+δvL.
When the software is only for lease, in period 1, a consumer with valuation v leases the software
if the benefit of leasing is higher than the cost, or v≥p₁. A consumer with valuation v leases the
software in period 0 if the payoff of leasing in period 0 is no less than that of leasing for the first
time in period 1 or of not leasing the software at all. That is, v – pl,0
+δ*max(v-Ep₁,0)≥max{δ(v-Ep₁),0}, or simply v≥ pl,0.
Given consumers' decisions, the monopolist faces the same demand in each period: a measure β
of consumers are willing to pay up to vH for the leases, and a measure 1 of consumers are willing
to pay up to vL for the leases. Since βvH>vL, the optimal lease prices are pl,0 =vH and p₁=vH. In
equilibrium, high-type consumers lease the software in period 0 and period 1; low-type
consumers never lease the software. The monopolist's optimal profit is (1+δ)βvH. Compare the
profitability of selling and leasing, one can show the following results:
Proposition 1. Without customer value uncertainty, if the monopolist is unable to separate new
and existing customers, and c=0, then leasing dominates selling.
2.2 Benchmark Model with Value Uncertainty
When the software is only for sale, a consumer who receives signal y and does not buy the
software in period 0 buys the software in period 1 if the expected benefit from adoption given
signal y is higher than the cost, or E[v|y]≥p₁. In period 0, a consumer buys the software if the
expected payoff from buying in period 0 given signal y is no less than that from buying for the
first time in period 1 or from not buying at all, or (1+δ)E[v|y]- ps,0≥max{δ(E[v|y]-Ep₁),0}.
The monopolist's optimal pricing strategy can be solved through backward induction. Space
limitation prohibits a detailed analysis. The SPNE may be one of two possibilities: 1) In period 0,
ps,0=E[v|H]+δE[v|L]; in period 1, p₁=E[v|L]. Customers receiving the high-type signal buy the
software in period 0. Customers receiving the low-type signal buy the software in period 1. 2) In
period 0, ps,0=(1+δ)E[v|L]; in period 1, p₁>=E[v|L]. All customers buy the software as soon as
they enter the market.
When the software is only for lease, in period 1, a consumer who receives signal y and does not
lease the software in period 0 leases the software for the first time if the expected benefit from
adoption is higher than the cost, or E[v|y]≥p₁. A returning lessee, after learning her valuation for
the software v, leases the software again in period 1 if the benefit from leasing is higher than the
price, or v≥p₁. In period 0, a consumer leases in period 0 if the overall payoff from leasing in
period 0 is no less than that from delaying adoption until period 1 or from not adopting at all, or
E[v|y]- pl,0+δmax(0, Prob[v=vH|y=vH](vH-Ep₁), E[v|y]-Ep₁)≥max{0, δ(E[v|y]-Ep₁)}.
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The monopolist’s optimal leasing strategy can be solved in a similar fashion through backward
induction. The SPNE has two possibilities: either only consumers receiving the high-type signal
lease in period 0 or all consumers lease the software in period 0. Comparing the profitability of
selling and leasing, we have the following results:
Proposition 2. With customer value uncertainty, if the monopolist is unable to separate new and
existing clients, and c=0, then selling dominates leasing if either one of the following two sets of
conditions hold: 1) E[v|L]≥βvH, or 2) αβvH≤E[v|L]<βvH, and (αβ+(1-α)(1-β))E[v|H]≥ (1-δ)E[v|L]
+ δβvH.
This result shows that when customers face value uncertainty prior to adopting the software, the
conventional wisdom of the durable-goods theory breaks down, and perpetual licensing (or
selling) can be more profitable than leasing. We discuss the intuition behind this finding in the
Conclusion section
2.3 Main Model with Value Uncertainty
This subsection analyzes the full main model including all three features of the software market:
1) customers' value uncertainty; 2) upfront implementation cost; and 3) the software vendor's
ability to separate new and existing customers. The SPNE of the game can be solved in a similar
manner as in the previous models. A detailed analysis is omitted due to space limitation but
available upon request. One can show that:
Proposition 3. With consumer value uncertainty, if the monopolist is able to separate new and
existing customers, selling dominates leasing if either (1-δ)E[v|L]+δβvH< (αβ+(1-α)(1-β))E[v|H]
+ (1-δ)(α(1-β)+β(1-α)))c, or βvH<E[v|L].
When leasing is optimal, the monopolist offers a low introductory lease price in period 0 so that
all customers can try out the software and learn their true values. He then raises the lease price in
period 1 to take advantage of the improved willingness-to-pay in the high-end market.
Role of Customers' Upfront Implementation Costs. Proposition 3 suggests that selling is more
likely to dominate leasing if the implementation cost is high. This is because the implementation
cost lowers customers' willingness-to-pay for the software. Thus, the monopolist needs to
subsidize customers' adoption through lower prices. As the implementation cost increases,
leasing becomes more costly to the monopolist, because he has to subsidize more heavily in the
initial lease, while only a fraction of the initial adopters are willing to renew their leases at a
higher price later on.
We discuss how the vendor's knowledge about customers' purchase history and hence ability to
separate new and existing customers affects his pricing strategy in the next section.

3. Conclusion
This paper makes three main contributions. First, this paper proposes a formal model for
customers' value uncertainty, which is intended to more closely represent the demand
characteristics in the software market. In this model, customers' valuation depends on the fit
between customers' needs and the software's features: Some features are valuable to certain
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customers but not to others. Customers' true valuation is unknown to them prior to adoption and
can only be learned through using the software. Prior literature that studies software as an
experience good often assumes that when facing value uncertainty, customers share a common
prior belief on the value of the software before adoption. In practice, however, customers usually
conduct research on a software package prior to adoption, through which they form a perceived
valuation for the software that is informative of their true valuation. In this model, customers'
perceived valuation for the software prior to use is heterogeneous and informative of their true
valuation for the software.
Second, this paper demonstrates that when customers are uncertain about their valuation for the
software prior to use, the conventional wisdom of the durable-goods theory breaks down, and
perpetual licensing (or selling) can be more profitable than leasing. This result offers a potential
explanation for the historical prevalence of perpetual licensing in the software market.
The intuition is as follows. When customers face value uncertainty, their willingness-to-pay for
the software changes as they gain more experience with the product. With leasing, customers can
limit their upfront payment and have the flexibility to revise their adoption decisions once more
information becomes known. After the initial lease, some customers are willing to pay more,
while others are only willing to pay less for the software after learning their true valuation. When
there is enough high-end demand, the monopolist finds it optimal to raise the lease renewal price
to take advantage of the improved willingness-to-pay in the high-end market. However, he loses
the demand from the low-end customers who find the software to be a misfit. With perpetual
licensing, the vendor does not have the flexibility to adjust his prices over time, but he can sell to
more customers early on for using the software in perpetuity albeit at a moderate price point to
account for the risk of adoption. The tradeoff between perpetual licensing and leasing depends
on the monopolist's gain from the flexibility to adjust prices over time and his loss from a lower
demand volume due to discriminative leasing prices in the subsequent period.
Third, this paper shows that, counterintuitively, having more information about customers may
hurt a software vendor's profit from leasing. Specifically, when a software vendor knows a
customer's purchase history and is able to separate new and existing customers, after any initial
lease, the vendor finds it optimal to segment the market and offer existing customers a different
lease price than new customers since these two market segments are described by very different
demand distribution. In particular, the monopolist finds it optimal to reduce the new lease price
for the new customers and raise the lease price for existing customers since the early adopters are
more likely to be willing to pay more for leasing the software again. While such market
segmentation optimizes the vendor's one-period profit, it hurts the vendor's overall profit. A
rational customer anticipates lower new lease prices in the future, and thus are willing to pay less
to lease in the first period, which hurts the monopolist's profit from leasing.
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Abstract
In this paper, we analyze the profitability of selling and leasing models by considering both
software upgrades and dynamic price discrimination. We construct a two-period model to depict
software upgrades process and dynamic pricing behavior of the monopolist vendor. We consider
three price discrimination strategies: inter-temporal, behavioral, and combined both price
discrimination. We find that the leasing model always dominates the selling model under
inter-temporal price discrimination. While under behavioral price discrimination, the leasing
and the selling models are equally profitable. Under combined behavioral and inter-temporal
price discrimination, the selling model could dominate the leasing model when the magnitude of
upgrade is large.
Keywords: Selling, Leasing, Dynamic price discrimination, Software upgrades

1. Introduction
"Selling or leasing for durable goods?" has been discussed by practitioners and academic
researchers for decades. Traditionally, software vendors used to employ the perpetual licensing
model which is equivalent to the selling model to deliver their software products (e.g.,
Microsoft's Windows, SAP's ERP). With the rapid advancement of information technologies,
more and more vendors have transferred to the subscription model or the leasing model to rent
their software products or services over the Internet (e.g., Microsoft's Office 365, Adobe's
Photoshop). Early scholars (Coase1972, Bulow 1982) suggest that the leasing model is more
profitable than the selling model when the rational consumers can anticipate the changing of
durable goods' future prices. Subsequently, some researchers re-examine the robustness of
previous scholars' result by modifying some assumptions, and obtain some new conclusions
(Desai and Purohit 1998, Bhaskaran and Gilbert 2005, Chien and Chu 2008, etc.).
This paper addresses this issue as well by considering the dynamic price discrimination strategy
of a monopolist software vendor in a two-period model with successive generation of software
upgrades. We mainly investigate three possible price discrimination strategies: i) Inter-temporal
price discrimination under which the monopolist sets prices based on the time period, ii)
Behavioral price discrimination under which the monopolist sets prices based on consumers'
purchase history, and iii) combined Behavioral and Inter-temporal price discrimination where the
monopolist sets prices based on both time period and consumers' purchase history. Penmetsa et al.
(2015) give us a detailed description of these dynamic price discrimination strategies in
subscription markets where there exists value uncertainty regarding the new features of services.
Bala and Carr (2009) similarly analyze the optimal upgrade price, which includes both
inter-temporal and behavioral price discrimination strategies, of a traditional software vendor
who using perpetual licensing scheme by characterizing the role of product upgrades and user
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costs. In fact, the impact of dynamic price discrimination strategies on the profitability of selling
and leasing models are not exactly the same. Considering the impact of dynamic price
discrimination strategy might bring us different conclusions.

2. Literature Review
A variety of literature has examined the profitability of selling and leasing models for durable
goods. The earliest related study can be traced back to Coase’s (1972) work which conjectures
that the leasing model is always more profitable than the selling model when the monopolist
cannot commit to its future price for the durable goods in the early stage. Stokey (1981) and
Bulow (1982)also indicate that leasing model can avoid the time inconsistency problem which
hurts the monopolist’s profit. Subsequent research has examined the robustness of the Coase
conjecture by changing in assumptions.
Bucovetsky and Chilton (1986)indicate that selling is more profitable than leasing when there
exist competition among firms. Desai and Purohit (1999) investigate this issue in a duopoly
market, and get similar conclusion when durable products are sufficiently substitutable. They
also analyze the impact of different depreciate rates of leased and sold products on firm’s choice
between selling and leasing models (Desai and Purohit 1998). Recently, Bhaskaran and Gilbert
(2005)investigate the situation where an independent firm could produce a complementary
product in the market. Chien and Chu (2008) find that profits from selling durable goods might
be higher than from leasing when there exists network effects. Zhang and Seidmann (2010)
compare the perpetual, the subscription, and the hybrid license software ways by considering
some specific factors such as network effects, quality uncertainty, upgrade compatibility, and the
vendor’s ability to commit to future prices. Gilbert et al. (2014) study the per-use rentals and
sales models of durable products, and analyze their distinct roles in price discrimination
strategies. Our analysis extends the literature by considering the effect of both behavioral and
inter-temporal price discrimination with product upgrades.

3. Basic Model
A monopoly vendor provides software to a continuum of consumers under two pricing models:
selling and leasing (represented by s and l, respectively). Under the selling model, consumers
pay perpetual license fee for the ownership of software which is installed on-premises. While
under the leasing model, consumers pay subscription fee for the usage of service which is
provided remotely over the Internet. We analyze the profitability of these two pricing models by
considering both software upgrades and dynamic pricing discrimination.
Consider a two-period model. At the beginning of period 1, the monopolist releases its initial
version software with quality 𝑞. The software quality will depreciate from 𝑞 to 𝜌𝑞 in period 2
due to technical obsolescence. At the beginning of period 2, the monopolist will release an
updated version software with quality 𝑞 to substitute the outdated version in period 1. Hence,
1 − 𝜌 represents the deprecation rate as well as the magnitude of upgrade. 𝑞 and 𝜌 are
common knowledge. Consumers are assumed to be heterogeneous in their quality preference
which is indexed by parameter 𝜃 uniformly distributed over the interval [0,1]. Each consumer
knows his own type, while the monopolist is only familiar with the distribution of consumers'
type. A consumer of type 𝜃 obtains a baseline utility 𝜃𝑞 from using software with quality 𝑞.
We assume that the monopolist cannot credibly commit to future prices in period 1, that is, the
monopolist makes pricing decisions when each period arrives. The monopolist can choose three
prices: 𝑝𝑖1 for all consumers in period 1, 𝑝𝑖2 charged to new consumers in period 2, and 𝑝𝑖𝑜
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charged to old consumers in period 2 (𝑖 ∈ 𝑠, 𝑙 , represented the different pricing models). Under
the inter-temporal price discrimination strategy, the monopolist commits to set the same price for
consumers who purchase in the same period, that is 𝑝𝑖𝑜 = 𝑝𝑖2 . The monopolist only decides two
prices 𝑝𝑖1 and 𝑝𝑖2 in each period. Under the behavioral price discrimination strategy, the
monopolist commits to set the same price for new consumers who purchase software for the first
time, that is 𝑝𝑖2 = 𝑝𝑖1 = 𝑝𝑖 . The monopolist chooses 𝑝𝑖 in period 1, and 𝑝𝑖𝑜 in period 2.
Specifically, because the monopoly vendor cannot distinguish between old and new consumers
in period 2 under the selling model, the prices 𝑝𝑠𝑜 and 𝑝𝑠2 have to be subject to the constraint
𝑝𝑠𝑜 ≤ 𝑝𝑠2 . Under the combined behavioral and inter-temporal price discrimination, the
monopolist has no commitment power to future prices. Hence, he may set different prices for
new and returning consumers, and for consumers in different periods.
The timing of the game between the monopoly vendor and its consumers is as follows. At the
beginning of period 1, the monopolist announces its first period price (𝑝𝑖1 ). According to the
announced price (𝑝𝑖1 ) and the expected price (s) (𝑝𝑖2 or 𝑝𝑖𝑜 ) in period 2, consumers make their
first period purchase decisions (assume that consumers can rationally expect price (s) in
equilibrium). At the beginning of period 2, the monopolist then selects its second period price (s)
(𝑝𝑖2 or 𝑝𝑖𝑜 ). And then, consumers make their purchase or upgrade (under the selling model)
decisions based on the announced price (s).

4. Dynamic price discrimination with software upgrade
We compare the profitability of selling and leasing models under three price discrimination
strategies where the monopolist provides an updated version with quality 𝑞 in period 2.
4.1 Behavioral and Inter-temporal price discrimination with upgrade
Under the combined behavioral and inter-temporal discrimination strategy, the monopolist has no
commitment power to future prices, which may result in different prices for consumers arriving
in different periods, and for new and returning consumers. In period 1, the monopolist announces
𝑝𝑖1 for all consumers. Then in period 2, the monopolist announces 𝑝𝑖2 for new arrivals, and 𝑝𝑖𝑜
for returning consumers.
The Selling Model
Under the selling model, in period 1, consumers decide to purchase or not purchase the initial
version software based on the announced 𝑝𝑠1 and the expected 𝑝𝑠2 and 𝑝𝑠𝑜 . In period 2,
consumers who have not purchased the initial version software then decide to purchase or not
purchase the updated software based on the announced 𝑝𝑠2 . Meanwhile, consumers who have
purchased the initial version software decide to upgrade or not upgrade according to the
announced 𝑝𝑠𝑜 . In addition, 𝑝𝑠𝑜 and 𝑝𝑠2 should satisfy the constraint 𝑝𝑠𝑜 ≤ 𝑝𝑠2 . As a result,
consumers have four options to choose over two periods: purchasing in both periods (BB),
purchasing only in period 1 (BH), delaying purchase in period 2 (IB), and never purchasing (II).
The corresponding utility functions are as follows.
𝑈𝑆 𝐵𝐵 = 𝜃𝑞 − 𝑝𝑠1 + 𝜃𝑞 − 𝑝𝑠𝑜 ;
(1)
𝑈𝑆 𝐵𝐻 = 𝜃𝑞 − 𝑝𝑠1 + 𝜃𝜌𝑞;
𝑈𝑆 𝐼𝐵 = 𝜃𝑞 − 𝑝𝑠2 ;
𝑈𝑆 𝐼𝐼 = 0;
The possible market segmentation is [II,IB,BH,BB]. Three indifferent points 𝜃𝑖=1,2,3 are solved
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by setting two adjacent utility functions equal. In period 2, the demand of upgraded consumers is
𝐷𝑠𝑜 = 1 − 𝜃3 , and the demand of new arrivals is 𝐷𝑠2 = 1 − 𝐷𝑠1 − 𝜃1 . The objective function is
𝑀𝑎𝑥𝑝 𝑠2 ,𝑝𝑠𝑜 𝛱2 = 𝑝𝑠2 𝐷𝑠2 + 𝑝𝑠𝑜 𝐷𝑠𝑜 . In period 1, the demand of purchased consumers is
𝐷𝑠1 = 1 − 𝜃2 , and the objective function is 𝑀𝑎𝑥𝑝 𝑠1 𝛱𝑆 = 𝑝𝑠1 𝐷𝑠1 + 𝛱2 . Solving the problem by
backward induction, we get the following equilibrium solution.
Lemma 1. Under the selling model with behavioral and inter-temporal price discrimination and
software upgrades, the equilibrium market segmentation is [II,IB,BB], the optimal selling prices
∗
∗
∗
(𝑝𝑠1
, 𝑝𝑠2
, 𝑝𝑠𝑜
) are
1
2−𝜌 𝑞
(1−𝜌) 2−𝜌 𝑞 (1−𝜌) 2−𝜌 𝑞
0 < 𝜌 ≤ 2;
,
,
,
2
2
2
2 𝜌 −2𝜌+2 2 𝜌 −2𝜌+2
2 𝜌 −2𝜌+2
∗
∗
∗
,
, 𝑝𝑠𝑜
) = 3 2𝜌+1 𝑞 3𝑞 3 1−𝜌 𝑞
, 𝑝𝑠2
(𝑝𝑠1
1
, ,
,
< 𝜌 < 1;
10

2−𝜌

and the optimal profit 𝛱𝑠∗ =

2𝑞

4(𝜌 2 −2𝜌+2)
9𝑞

,
20

10

,

2

5

1

0 < 𝜌 ≤ 2;

.
<
𝜌
<
1;
2
1

The Leasing Model
Under the leasing model, the monopolist also has three price variables (𝑝𝑙1 , 𝑝𝑙2 , 𝑝𝑙𝑜 ) to decide.
All consumers have to decide to subscribe or not subscribe the software service in each period.
Consumers have four options to choose over two periods: subscribing in both periods (BB), only
subscribing in period 1 (BI), delaying subscribing in period 2 (IB), and never subscribing (II).
The utility functions are
𝑈𝐿 𝐵𝐵 = 𝜃𝑞 − 𝑝𝑙1 + 𝜃𝑞 − 𝑝𝑙𝑜 ;
(2)
𝑈𝐿 𝐵𝐼 = 𝜃𝑞 − 𝑝𝑙1 ;
𝑈𝐿 𝐼𝐵 = 𝜃𝑞 − 𝑝𝑙2 ;
𝑈𝐿 𝐼𝐼 = 0;
Comparing the utility functions in each option, we get two possible market segmentations: i) if
𝑝𝑙2 ≥ 𝑝𝑙1 , the option [BI] weakly dominates the option [IB]. The market segmentation is
[II,BI,BB], there exists no new consumers subscribe in period 2; ii) if 𝑝𝑙2 ≤ 𝑝𝑙1 , then the option
[IB] weakly dominates the option [BI]. The market segmentation is [II,IB,BB], all old consumers
and some new consumers subscribe in period 2. Solving the problem in each case by backward
induction, we have the following results.
Lemma 2. Under the leasing model with behavior and inter-temporal price discrimination and
software upgrades, the equilibrium market segmentation is [II,IB,BB], the optimal leasing prices
∗
∗
∗
are 𝑝𝑙1
= 𝑝𝑙2
= 3𝑞/10, 𝑝𝑙𝑜
= 3𝑞/5 and the optimal profit is 𝛱𝑙∗ = 9𝑞/20.
Proposition 1. Under behavioral and inter-temporal price discrimination with software upgrades,
the selling model dominates the leasing model when 0 < 𝜌 ≤ 1/2. Otherwise, the leasing and
the selling models are equally profitable.
4.2 Inter-temporal price discrimination with software upgrade
Under the inter-temporal price discrimination strategy, the monopolist can commit to set the
same price for consumers who purchase in period 2, that is 𝑝𝑖𝑜 = 𝑝𝑖2 , but may set different price
𝑝𝑖1 in period 1. The monopolist announces 𝑝𝑖1 and 𝑝𝑖2 at the beginning of each period,
respectively.
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The Selling Model
Under the selling model, the monopolist commits to set 𝑝𝑠𝑜 = 𝑝𝑠2 . In period 1, all consumers
decide to purchase or not purchase the initial version based on 𝑝𝑠1 and the expected 𝑝𝑠2 . In
period 2, all consumers then decide to purchase or not purchase the updated version based on
𝑝𝑠2 . Consumers have the same four options to choose as in previous case in Section 4.1 under the
selling model. The possible market segmentation is [II,IB,BH,BB]. There are three indifference
points 𝜃𝑖=1,2,3 which are solved by setting two adjacent utility functions equal. In period 2, the
demand of purchased consumers is 𝐷𝑠2 = 1 − 𝜃3 + 1 − 𝐷𝑠1 − 𝜃1 . The monopolist's objective
function is 𝑀𝑎𝑥𝑝 𝑠2 𝛱2 = 𝑝𝑠2 𝐷𝑠2 . In period 1, the demand of purchased consumers is 𝐷𝑠1 = 1 −
𝜃2 , and the objective function is 𝑀𝑎𝑥𝑝 𝑠 𝛱𝑆 = 𝑝𝑠 𝐷𝑠 + 𝛱2 . We use the backward induction to
solve the problem in each cases, and we have the following sub-game equilibrium solutions.
Lemma 3. Under the selling model with inter-temporal price discrimination and software
∗
∗
upgrades, the optimal selling prices(𝑝𝑠1
, 𝑝𝑠2
) are
2−𝜌 𝑞

∗
∗
(𝑝𝑠1
, 𝑝𝑠2
)

=

2 𝜌 2 −2𝜌+2

(1−𝜌) 2−𝜌 𝑞

,2

𝜌 2 −2𝜌+2

,

2𝜌 4 −4𝜌 3 −3𝜌 2 +6𝜌+1 𝑞 (1−𝜌)(3𝜌 2 −5𝜌−1)𝑞
(2−𝜌)(4𝜌 2 −7𝜌−1)
2−𝜌 2 𝑞

,

(2−𝜌)(4𝜌 2 −7𝜌−1)

0 < 𝜌 ≤ 𝜌′ ;
.
, 𝜌 < 𝜌 < 1;
′

0 < 𝜌 ≤ 𝜌′ ;
And the optimal profit 𝛱𝑠∗ = 𝜌 4 −7𝜌 2 +6𝜌+1 𝑞
,
′
,
𝜌
<
𝜌
<
1;
(4𝜌 2 −7𝜌−1) 𝜌 −2
4(𝜌 2 −2𝜌+2)

,

where 𝜌′ is the root of the equation 4𝜌4 − 8𝜌3 + 3𝜌2 − 6𝜌 + 4 = 0 in the interval [0,1].
The Leasing Model
Under the leasing model, the monopolist commits to set 𝑝𝑙𝑜 = 𝑝𝑙2 , and has two price variables
(𝑝𝑙1 , 𝑝𝑙2 ) to decide. The four options for consumers are the same to the case in Section 4.1 under
the leasing model. We also get two possible market segmentations: i) if 𝑝𝑙2 ≥ 𝑝𝑙1 , the market
segmentation is [II,BI,BB]; ii) if 𝑝𝑙2 ≤ 𝑝𝑙1 , the market segmentation is [II,IB,BB],. Solving the
problem in each case using backward induction, we have the following conclusions.
Lemma 4. Under the leasing model with inter-temporal price discrimination and software
upgrades, the equilibrium market segmentation is [II,BB], the optimal leasing prices are
∗
∗
𝑝𝑙1
= 𝑝𝑙2
= 𝑞/2, and the optimal profit is 𝛱𝑙∗ = 𝑞/2.
Proposition 2. Under inter-temporal price discrimination with software upgrades, the leasing
model always dominates the selling model.
4.3 Behavioral price discrimination with software upgrade
Under behavioral price discrimination strategy, the monopolist can commit to set the same price
for new consumers who purchase software for the first time, that is 𝑝𝑖2 = 𝑝𝑖1 = 𝑝𝑖 , but may set
different price 𝑝𝑖𝑜 for old consumers who have purchased software in period 1. The monopolist
announces 𝑝𝑖 in period 1, and 𝑝𝑖𝑜 in period 2, respectively.
The Selling Model
Under the selling model, the monopolist sets 𝑝𝑠1 = 𝑝𝑠2 = 𝑝𝑠 for new arrivals, and 𝑝𝑠𝑜 for
upgraded consumers. 𝑝𝑠𝑜 and 𝑝𝑠 should satisfy the constraint 𝑝𝑠𝑜 ≤ 𝑝𝑠 . Comparing 𝑈𝑆 𝐵𝐻
and 𝑈𝑆 𝐼𝐵 , we find that the option [BH] always dominates the option [IB]. Hence, there exists
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no consumers who intend to delay purchasing software in period 2. The possible market
segmentation is [II,BH,BB]. The marginal consumer types 𝜃1 , 𝜃2 are solved by setting
𝑈𝑆 𝐼𝐼 = 𝑈𝑆 𝐵𝐻 , and 𝑈𝑆 𝐵𝐻 = 𝑈𝑆 𝐵𝐵 , respectively. In period 2, the demand of upgraded
consumers is 𝐷𝑠𝑜 = 1 − 𝜃2 and the objective function is 𝑀𝑎𝑥𝑝 𝑠𝑜 𝛱2 = 𝑝𝑠𝑜 𝐷𝑠𝑜 . In period 1, the
demand of purchased consumers is 𝐷𝑠 = 1 − 𝜃1 , and the objective function is 𝑀𝑎𝑥𝑝 𝑠 𝛱𝑆 =
𝑝𝑠 𝐷𝑠 + 𝛱2 . Solving the problem by backward induction, we get the following result.
Lemma 5. Under the selling model with behavioral price discrimination and software upgrades,
the equilibrium market segmentation is [II,BH,BB], the optimal selling prices are 𝑝𝑠∗ =
∗
= 1 − 𝜌 𝑞/2, and the optimal profit is 𝛱𝑠∗ = 𝑞/2.
1 + 𝜌 𝑞/2, 𝑝𝑠𝑜
The Leasing Model
Under the leasing model, the monopolist announces 𝑝𝑙 for all new subscribers arriving in each
period, and 𝑝𝑙𝑜 for returning subscribers in period 2. It is obvious that consumers who subscribe
only one period obtain the same utility, that is 𝑈𝐿 𝐵𝐼 = 𝑈𝐿 𝐼𝐵 . The possible market
segmentation is [II,IB/BI,BB]. Similarly, we solve the marginal consumer types 𝜃1 , 𝜃2 by
setting 𝑈𝐿 𝐼𝐼 = 𝑈𝐿 𝐵𝐼 and 𝑈𝐿 𝐵𝐼 = 𝑈𝐿 𝐵𝐵 . The demand of returning subscribers in
period 2 is 𝐷𝑙𝑜 = 1 − 𝜃2 , and the objective function is 𝑀𝑎𝑥𝑝 𝑙𝑜 𝛱2 = 𝑝𝑙𝑜 𝐷𝑙𝑜 . The demand of
new subscribers is 𝐷𝑙 = 1 − 𝜃1 , and the objective function in period 1 is 𝑀𝑎𝑥𝑝 𝑙 𝛱𝑆 = 𝑝𝑙 𝐷𝑙 + 𝛱2 .
The corresponding results are as follows.
Lemma 6. Under the leasing model with behavioral price discrimination and software upgrades,
the sub-game equilibrium solutions are the same with the results with inter-temporal price
discrimination.
Proposition 3. Under behavioral price discrimination with software upgrades, the leasing and the
selling models are equally profitable.

5. Conclusions
In this paper, we analyze the profitability of selling and leasing pricing models by considering
both software upgrades and dynamic price discrimination. We construct a two-period
game-theoretic model to simultaneously depict software upgrades process and dynamic pricing
behavior of the monopolist vendor. In our model, the monopolist releases an updated version
software in the latter period to substitute the outdated version software. In addition, we consider
three representative dynamic price discrimination strategies: inter-temporal, behavioral and
combined behavioral and inter-temporal price discrimination. We find that under inter-temporal
price discrimination the leasing model always dominates the selling model. While under
behavioral price discrimination, the selling and the leasing models are equally profitable.
However, under combined behavioral and inter-temporal price discrimination with software
upgrades, the selling model could dominate the leasing model when the magnitude of upgrade is
large.
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Abstract
This research-in-progress proposes to explore the role of routines in free and libre open-source
software (FLOSS) projects development processes. FLOSS projects are known for their chaotic
development style and high quality products. How routine diversity and routine change
contribute to project performance remains under-researched. Drawing upon theoretical bases
such as Viable System Model, we propose a model of drivers and outcomes of routine diversity
and changes. A computational, mixed-method approach will be applied to digital trace data of
150 FLOSS projects to test the model. Data mining techniques such as hidden Markov models,
are utilized to automate the analysis. The study contributes to the understanding of routine
diversity in FLOSS projects, as well as providing management implication to practitioners.
Keywords: Open Source Software, Data Mining, Sequence Mining, Routine Diversity, Big Data

1. Introduction
Free/Libre Open Source Software (FLOSS) is a harbinger of future forms of organizing
(Puranam et al. 2014). The open and dynamic heuristics that guide FLOSS development are
increasingly spreading to other areas such as crowdsourcing, open innovation, etc. Insights
gathered from FLOSS development have important implications for a broad range of sciences,
especially regarding open innovation. We propose to approach the development activities of
FLOSS projects from a design routine perspective. In the context of FLOSS development, design
routines are prevailing (Gaskin et al. 2014; Gaskin et al. 2011). However, there is a lack of
research that empirically investigates routine diversity and changes in this context via analysis of
big, digital trace data. To fill this gap, we propose to address the following research questions:
(1) What factors drive routine diversity and routine change in FLOSS projects?
(2) What is the impact of routine diversity and routine change on FLOSS project performance?
Drawing upon theories such as Viable System Model and complexity theory, we propose a
model of the drivers of design routine diversity and change, and their impact on project
performance. Extracting digital trace data from GitHub.com, we propose to examine this model
with a computational, mixed-method approach. The expected findings of this study will
contribute to FLOSS and routine literature, and provide implication for FLOSS practitioners.

2. Theoretical Background
2.1. Term Definitions
In accordance with Gaskin et al. (2011), we define FLOSS routines as “a sequence of FLOSS
design activities, which are patterns of behavior executed by participants to perform a design or
development task”. Similar to Feldman et al. (2003), we define routine diversity and routine
change. Routine diversity is defined as number of different configures/patterns of the same
routine type (Pentland et al. 2011), and number of different routine types observed within a given
period. Routine change is defined as a change of routine configurations/patterns over time.
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2.2. Routine Diversity and Environment Complexity
Routine diversity has been referred by different terms such as routine variation(Gaskin et al.
2014; Pentland et al. 2011), or routine heterogeneity (Lindberg et al. 2015). Pentland et al. (2011)
believe that variation is “a prerequisite for change”. Page argues that diversity can enhance
robustness of complex and adaptive systems (Page 2010). Diversity and variation is considered
as a foundation for learning in general (Campbell 1960; Weick et al. 1979) and for learning in
routines (Levitt et al. 1988). Routine diversity allows actors to work in different ways, providing
the flexibility required by dynamic environments. Lindberg conducted a case study to investigate
the co-evolution relationship between FLOSS coding practice and communities (Lindberg 2013).
A positive relationship between practice diversity and inflow of new developers was reported.
Adapting from the concepts of requisite variety (Ashby 1956), Beer developed a Viable System
Model (VSM) (Beer 1979). VSM is concerned with the characteristics that system needs to
survive in a forever-changing environment. A system has to be able to generate a variety
equivalent to the variety of the system to be regulated (Beer 1979). Complexity Theory suggests
that diversity enhances robustness of complex adaptive systems (Benbya et al. 2006; Page 2010).
FLOSS projects have been considered as examples of CAS (Muffatto et al. 2003; Van Aardt
2004). Complexity is magnified in a FLOSS context, by the continuous changes in requirements.
Therefore it is essential for the development system to have the requisite variety in its processes.
2.3. Routine Change
Routines have been the subject of discussions on organizational stability and change. Pentland et
al. suggests that routine changes are changes in “patterns of action” (Pentland et al. 2011,p.1371).
Researchers hold different views on whether routines contribute to organizational stability and
change. Some researchers conceptualize routine as stable, repetitive, standard operating
procedures that do not change (March et al. 1958). Others hold a “routine as change” perspective,
viewing routines as “continuously changing entities”(Geiger et al. 2014. page 171). Changes of
routines have been empirically studied. Feldman found that routines change for different reasons
as responses to problems. This view is consistent with Levitt and March’s theory that routines
change in response to evaluation of outcomes.

3. Research Model and Hypotheses
The research model that captures the drivers of routine diversity and routine change, and the
effect of these constructs on FLOSS project performance, is shown in Figure 1.
3.1. Research Hypotheses
3.1.1. Environment Complexity and Routine Diversity and Change
From the VSM perspective (Beer 1979) and a complexity theory perspective, diversity of
processes are responses to the complexity of environment. A FLOSS project has to generate and
maintain appropriate level of diversity, according to the complexity of the environment. To
generate diversity, a project must have a diversified set of routines. To maintain the variety, it
needs to continuously change the configuration of variations of routines, to accommodate the
ever-changing complexity. In support of these concepts, our hypotheses are as follows:
H1: Environment complexity is positively associated with routine diversity.
H2: Environment complexity is positively associated with routine change.
We include three constructs as environment complexity factors: code, team and requirements.
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Environment Complexity

Routine Diversity

Code Complexity

H3 (+)

H1 (+)

Project Performance
- Attractiveness
- Sustainability

Team Structure
Complexity
H4 (-)

H2 (+)

Requirement
Complexity

Routine Change

Control Variables
- Project Age
- Workflow Actors
- Programming Language

Figure 1. Research Model

3.1.2. Relationship between Routine Diversity and Project Performance
Three reasons explains why routine diversity attract FLOSS users and developers, and sustain
developer participation. Firstly, diversified routines allow developers to contribute to the project
in multiple ways, thereby encouraging developers’ sustained contribution (Lindberg 2013). A
project with a higher level of routine diversity allows developers to use more routine
configurations. This flexibility attracts more developers to participate and stay. Secondly, routine
diversity is believed to be an indicator of innovation (Nelson et al. 1982; Pentland et al. 1994). A
project with higher routine variety provides more innovation opportunities, attracting more
developers. Thirdly, routine diversity can facilitate learning. Variation has been considered as
foundation for learning in general (Campbell 1960). A diversified set of routines provide
participants with more opportunities to learn the “lesson of history” (Levitt et al. 1988). As a
result, developers will be more willing to participate in a project in which they can learn from
various routines that codify experience. Therefore, we expect that:
H3a: Routine diversity is positively associated with project attractiveness.
H3b: Routine diversity is positively associated with sustained participation.
3.1.3. Relationship between Routine Change and Project Performance
A project with a high level of temporal change, requires a substantial effort for participants to
learn and adapt (Conboy 2009). Dramatic changes in routines increases the design difficulty, and
thus hinders participation (Cant et al. 1995; Robbins et al. 1996). Additionally, a high level of
change indicates lack of control. Such projects will lose the capability of attracting participants
and their sustained commitment. This line of reasoning leads to the following:
H4a: Routine change is negatively associated with project attractiveness.
H4b: Routine change is negatively associated with sustained participation.
A set of control variables are included in the model, to account for project heterogeneity,
including project age, average number of actors per routine, and programming language.
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4. Method
4.1. Data Collection
A web crawler collected digital trace data from GitHub.com, an open-source code repository. A
stratified sample strategy was applied to ensure variation along the performance variables.
Number of stars and number of forks, are proxies for project attractiveness. Random samples of
projects were selected from groups with different ranges of forks and stars. The development
activity data across seven years (2008 to 2015) from 150 FLOSS projects were obtained.
4.2. Routine Elicitation
Each project is represented as a sequence of development activities. Design routines were
extracted from the activity sequences. We only focused on two types of routines: issue handling
routines, and pull-request handling routines. A routine begins with either an IssueEvent or a
PullRequestEvent, followed by events that reference to the initiating event. A sequence of
activities (such as IssueEvent, Comment, and Commit) that were performed to solve the same
issue were considered as one routine instance and thus extracted from the sequence of activities
of a project. We extracted routine instances from the 150 projects, with an average of 46 routine
instances per month per project. We clustered the routines into 50 clusters based on eight
configuration elements: type of open event(issue or pull request), open actor and close actor
(same or different), duration, final state, outcome, number of unique actors, number of comments,
and number of activities. Each routine instance was coded into one of 50 routine types.
4.3. Constructs and Measurements
We constructed a dataset to test the model. Table 1 presents the constructs in the model.
Table 1. Constructs and Measurements
Construct

Measurement Item

Definition

Empirical program entropy

Average
information content

McCabe’s Cyclomatic number

Number of linearly independent paths through the
program

Module size

Average size of a program’s modules

Power centrality

Extent to which the developer network cohesion is
organized around focal points

Issue volatility, variance,
velocity

Average issue complexity

Activity entropy

Sum of probability of activity types at a given
period

HMM difference

Magnitude of changes in varied sequences of
routines between time windows

Project Attractiveness

Fork and star rate

Number of forks (and stars) a project gets per day

Sustained Participation

Member retention

Average time a member spent active in the project

Code Complexity

Team Structure
Complexity
Requirements
Complexity
Routine Diversity
Routine Change

We use Shannon-Wiener index (Shannon 2001), to measure the average routine diversity in a
project. We use average Hidden Markov Model (HMM) difference, to measures the degree of
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routine change in a project. A Hidden Markov model is a commonly used probability model for
anomaly detection (Rabiner 1989). Each project is divided into data windows. For each window,
an HMM (λi) is created representing the sequence of activities in the design routines. Given two
HMMs in sequence, λ1 and λ2, Kullback-Leibler divergence was computed (Kullback 1997) to
quantify the change. Their average is used to measure the magnitude of routine change.
We use fork rate and star rate (daily numbers of forks and stars), to measure the project
attractiveness. Forks show the popularity of a project, or how useful it is perceived by developers
(Dabbish et al. 2012). Users create a star to show appreciation to the maintainers. The average
time members spent active on the project is used to measure a project’s ability to retain
participation.
4.4. Data Analysis
We will apply OLS regression to test the relationships present in the proposed model.

5. Expected Contribution
Building on theoretic bases such as VSM and complexity theory, this study proposes a model
that captures the underlying theoretical relationship among environment complexity, routine
diversity and change, and FLOSS project performance. The expected contributions of this paper
are epistemological and methodological. The study contributes to literature both in FLOSS
development and in routines. It extends the current understanding of why and how FLOSS
routines change over time, and what is the effect of such diversity and changes on project
performance. It also provides a novel perspective to predict FLOSS project performance by
routine characteristics. The study makes a further methodological contribution by identifying and
demonstrating appropriate data analysis methods for digital process data. For practitioners, a
better understanding on drivers and effects of diversity and change of routines can help them to
better manage and steer their projects to attract and sustain developer participation.
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Abstract
Virtual inter-organizational communities of practice (IOCoPs) enable professionals to
exchange and share knowledge via computer-mediated interactions. Prior literature mainly
focuses on internal motivating factors at the individual level. However, knowledge sharing
requires social interactions and influences from external entities play an important role in
encouraging individuals’ community participation. In this research, we study external motivating
factors generated from two channels: peer effects and organizational influences outside the
virtual community. We apply a novel identification method to analyze a unique dataset in the
financial trading sector. We find that external motivating factors from peers and organizations
are influential in determining community participation quantitatively as well as qualitatively.
Differentiating motivating factors enables us to design various mechanisms with which IOCoPs
can apply to engage collective learning and knowledge management across organizations.
Keywords: inter-organizational communities of practice, peer effects, organizational influences,
multilevel framework
1. Introduction
Knowledge is a key organizational asset sustaining competitive advantages (Grant 1996).
Understanding the creation, mobilization, and management of knowledge is an enduring theme
in the management literature (Nonaka 1994). Most organizations do not possess all required
knowledge within their boundaries, thus need to acquire knowledge from external (Wasko and
Faraj 2005). One potential channel to access external expertise is virtual Inter-organizational
Communities of Practice (IOCoPs), where professionals in different organizations are brought
together to exchange ideas and learn from each other (Wenger et al. 2002; Battersby and Verdi
2015). Although community activities are self-organized through individual initiatives,
knowledge sharing and socialization are tied in virtual IOCoPs (Wasko and Faraj 2005). Thus, it
is important to understand motivating factors from online peers and from work environment.
At the peer level, the methodology to empirically identify, disentangle, and estimate both
endogenous peer effects (i.e., the impacts of peers’ behavior) and exogenous peer effects (i.e.,
the impacts of peers’ characteristics) is a recent development (Bramoullé et al 2009; Pool et al.
2014). Studies that scrutinize joint effect of personal attributes and peer effects often use network
autocorrelation models (Valente 2005). However, our phenomenon presents two challenges.
First, the individual attributes and the networks in which individuals embedded are longitudinal.
Second, there are possible unobserved individual level factors from the virtual platform
correlating with observed attributes. To address these issues, we extend Bramoullé et al (2009) to
support panel data and incorporate individual level fixed effects to address potential endogeneity
issue. This extension allows us to investigate the peer influence in virtual communities.
At the organizational level, it is well known that organizations play a key role in articulating
and amplifying knowledge developed by individuals (Nonaka 1994). However, it is not clear
how organizations shape individuals’ knowledge sharing and consumption outside their formal
boundaries. Some argue that organizational characteristics provide context for individuals, and
they can affect individual attitudes and behavior as a higher-level situational factor (John 2006).
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Others suggest that individuals could ignore contextual forces, and “the presence of contextual
variables does not mean they will shape behavior” (Mowday and Sutton 1993). Thus it is
intriguing to explore, in virtual IOCoPs where participation is purely autonomous and voluntary,
whether individuals are still influenced by organizations they are working for.
We conceptualize a multilevel framework to explore motivating factors in virtual IOCoPs.
While multilevel analysis provide a deeper and richer portrait of this new digitally mediated
collaboration (Klein et al. 1999), such empirical studies are just emerging (Sarker and Valacich
2010). Our analysis yields interesting results about external motivating factors from online peers
and organizations. We find evidence for both endogenous and exogenous peer effects in IOCoP.
The existence of endogenous effects suggests the positive spillover of individuals’ virtual
community participation. While exogenous peer effects indicate that individuals’ characteristics
also matter to their online peers. At the organizational level, individuals’ online behavior outside
of organization is subject to influences from their work environment. More interestingly, our
results suggest that organizations and virtual IOCoPs complement each other as two learning
channels. If individuals come from more knowledgeable organizations, they participate less
quantitatively in the virtual IOCoP, but their contribution quality is higher.
2. Context and Data
The virtual IOCoP examined is an online forum created by the FIX Trading Community, a
non-profit, standard body defining the Financial Information eXchange (FIX) protocol. In order
to have reasonable size of observations for online messages, and sufficient estimation precision,
the time period or temporal unit is set as a year. The response variable in this study is users’
participation level in the IOCoP. To accurately assess the volume of participation in a given year,
we examined two measures for each individual: number of questions asked (# of questions), and
number of answers provided (# of answers). The formal represents active knowledge
consumption (Passive consumption is not available), while the latter represents knowledge
contribution. We used helpfulness of answers contributed (Helpfulness) to quantify the quality of
participation. Following Wasko and Faraj (2005), we rated messages that answered the posted
questions as very helpful (4), helpful (3), somewhat helpful (2), and not helpful (1). Helpfulness
scores were averaged in a given year for each individual. If an individual did not provide any
answer to others in a given year, she received a Helpfulness score of zero. Two human raters
evaluated the helpfulness of all the answering messages. An inter-rater reliability check using
Cohen’s weighed kappa (Cohen 1968) was 0.72, indicating a substantial agreement (Landis and
Koch 1977). All rating discrepancies were jointly reconciled by the co-authors.
We examine three individual-level variables. Tenure measures how long an individual has
participated in the IOCoP, reflecting her cognitive capital (Wasko and Faraj 2005). Informational
benefits reflect the average quality of answers an individual receives during a time period.
Degree centrality reflects an individual’s structural capital in the network (Wasko and Faraj
2005), and is measured by the weighted number of individuals that a focal person connected with
in the conversation network, where the weight is the number of posts sent and receivez. Such
weights can be considered as a measure for the strength of ties. We include two organizationallevel variables. Member is a dummy variable indicating whether an individual’s organization is a
member of the FIX Trading Community in a given year. Number of unique individuals from the
same organization answering questions in the IOCoP in a given year is used as a proxy to
measure organizational knowledge. The rationale is due to “the role of the individual as the
primary actor in knowledge creation and the principle repository of knowledge” (Grant 1996).
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We also control for additional heterogeneities at three different levels. At the individual
level, we control for one-timer, which indicates whether an individual only participates in the
IOCoP for one time period and never comes back. One-timer is not retained by the community,
and is less likely to participate actively due to lack of identity or emotional attachment to the
community (Blanchard and Markus 2004). At the peer level, we control aggregated peer
contribution measured by the total number of posts in the virtual IOCoP in a year. At the
organizational level, we control for different organizational affiliations. Our IOCoP has three
types of individuals: the first type comes from IT vendors who develop standards-compliant
systems; the second type works for software user organizations who adopt the standards for the
automated trading of financial instruments with other financial institutions. The third type
consists of self-represented individuals, who either claim themselves as self-employed or do not
disclose employer information in the IOCoP. Table 1 shows the variable descriptive statistics.
<<---Please insert Table 1 here--->>
3. Model
We extend Bramoullé et al.’s model (2009) to study individuals’ virtual IOCoP participation
decision, and notations of the model are provided in Table 2.
<<---Please insert Table 2 here--->>
The structural model for a focal virtual IOCoP individual 𝑖 in year t is characterized as:
∑ y jt
∑ x jt
yit = α t + β

j∈Pit

+ γxit + δ

j∈Pit

+ η i + ε it , E(ε it | xit , α t ) = 0
nit
nit
where 𝑦#$ is the decision made by individual 𝑖 in year 𝑡. 𝑥#$ is a 1×𝐾 vector of individual
observable attributes, including both individual-level attributes and organizational features
associated with individual i. Each 𝑖 has a peer group Pit who has conversations in the virtual
IOCoP at time t, with a size of nit. β captures the endogenous peer effect from the network, and δ
captures the exogenous peer effect. We also include fixed effects ηi to capture the unobserved
factors common to each individuals across the different years. This assumption allows for
correlation between the unobserved attributes of individuals (e.g. years of experience in the
industry) and observed attributes (e.g. years of participation). The model in matrix notation as:
y t = α t ι + βG t y t + γXt + δG t X t + η + ε t (1)
E(ε t | X t , G t , α t ) = 0
X t = µ + e t , ( η, e t ) ~ MVN(0, Ω)
Ω ~ InvWishart( Σ Ω , d Ω )
In this study we investigate three online behaviors about individuals, number of questions
asked, number of answers provided, and average helpfulness of answers by individual i in year 𝑡.
The specification of these different response variables is shown below. The definition of
response variables yt_QUES, yt_ANS, and yt_HELP is provided in Table 2.
y t _ QUES = α t ι + βG t y t _ QUES + γX t + δG t X t + η + ε t
(2)
y t _ ANS = α t ι + βG t y t _ ANS + γX t + δG t X t + η + ε t

(3)

y t _ HELP = α t ι + βG t y t _ HELP + γX t + δG t X t + η + ε t
(4)
𝛊 is an n × 1 vector of ones. Gt is an n × n matrix describing the post conversations between
1
individuals in the IOCoP, with G jit =
if individual 𝑗 responds to individual i’s original post in
nit
year t, and 0 otherwise. nit is the total number of individuals who respond to 𝑖 in year t. Since Gt
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describes directed relationships between individuals, it is an asymmetric matrix. η is an 𝑛×1
vector of the individual level fixed effects for all n participants. Covariates Xt can be represented
as mean µ with time-variant error et. η and et follow a multivariate normal distribution with
parameters 0 and Ω. Ω follows an inverse Wishart distribution with parameters ΣΩ and dΩ.
4. Results and Discussion
The results of our main model are presented in Table 3. Within the own characteristics and
exogenous peer characteristics, we cluster the results into two levels, individual level and
organizational level. Exogenous peer effects assess “the influence of exogenous peer
characteristics” (Bramoullé et al. 2009; pp. 41), and the set of exogenous peer characteristics
corresponds exactly to one’s own characteristics.
<<---Please insert Table 3 here--->>
Endogenous peer effects are significant and positive in all three model estimations,
suggesting that peers’ participation behavior has a positive impact on the participation of the
focal individual, in terms of both quantity and quality. In terms of the number of questions asked,
the results show that one tends to ask more questions if the peers are more senior, have more
organizational knowledge, or are from a member organization. With regard to the number of
questions answered, one tends to give more answers if peers are more senior, more centrally
located in the network, or has an organizational affiliation. For helpfulness, the results show that
an individual provides more helpful answers if peers are more senior, more centrally located,
belong to a member organization or a vendor. Additionally, an individual’s own posts tend to be
less helpful when peers have received more information benefits, indicating the existence of
diffusion of responsibility in such a community. Coefficients of exogenous peer effects are in
general smaller than those of endogenous peer effects, suggesting that one’s participation
behavior is more influenced by peers’ actions than by peers’ characteristics.
Organizational factors have significant influences on individuals’ participation in the virtual
IOCoP. Individuals from a member organization ask fewer questions and provide more answers.
The answers provided by such participants are shown to be more helpful, indicating participants
from member organizations play a positive role in the knowledge contribution to the forum, both
in terms of quality and quantity. Individuals from vendor organizations exhibit a similar pattern
to those from member organizations. Individuals from software user organizations show an
opposite pattern – they tend to answer less and the quality of their answers is lower. This clear
contrast in behavior indicates the differential influences of their organizational factors.
The coefficients of the control variables at the individual level are mostly significant and
conforming to existing literature. Particularly, individuals who receive more information benefits
tend to ask more questions and contribute higher quality answers, indicating a reciprocity
behavior. Tenure and degree centrality have positive and significant impacts on participation.
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Table 1: Variable Descriptions and Summary Statistics
Variable
Response variable

Mean

SD

Min

Max

yt_QUES

# of questions ask by an individual in year t

0.995

1.735

0

29

yt_ANS

# of answers provided by an individual in year t

1.891

6.872

0

159

yt_HELP

average helpfulness of answers by an individual in year t

1.715

1.343

0

4

Tenure: number of years an individual has participated in the
IOCoP
Information benefit: average quality of answers an individual
receives in year t
Degree centrality: weighted number of unique peers a focal
individual is connected to in the conversation network
One-timer: participants who only participate in current year (yes=1,
no=0)
Organizational Level Attributes

1.791

1.034

1

16

1.524

1.600

0

4

3.517

5.768

0

91

0.512

0.500

0

1

Member: individuals whose organization is member of the standard
body hosting the IOCoP
(yes=1, no=0)
Organizational Knowledge: total number of unique individuals from
the same organization answering questions in the IOCoP in year t
IT Vendor: individuals whose organization is an IT vendor (yes=1,
no=0)
Software user: individuals whose organization is a software user
(yes=1, no=0)
Aggregated peer contribution

0.271

0.445

0

1

0.859

1.167

0

8

0.395

0.489

0

1

0.356

0.479

0

1

602.7

133.9

412

905

Individual Level Attributes

xt_Tenure
xt_Info benefit
xt_Degree
xt_One-timer
xt_Member
xt_Org Knowledge
xt_Vendor
xt_Sottware User
xt_Aggr Peer

Total number of posts from all individuals in year t
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Table 2: Notations of the Econometric Model
yit
yt
xit
Xt
Gjit
nit
G$
ηi
Η
Α
𝛽
𝛾
𝛿

Value of response variables of individual i in year t.
An n × 1 vector of response variable for all individual in year t.
An 1 × K vector of the observable characteristics of individual i in year t.
An n × K matrix of individual observable characteristics in year t.
Gjit = 1/nit if individual j responds to i’s original post in year t; 0 otherwise.
The total number of individuals responding to i in year t
An n × n matrix describing the post conversations between individuals
Individual level fixed effects of individual i, correlated with xit.
An n × 1 vector of the individual level fixed effects for all n individuals.
Coefficient of the intercept term
Coefficient of endogenous peer effects
Coefficient of participant’s own characteristics
Coefficient of exogenous peer effects

Table 3: Main Model Estimation Results
Variables
Own Characteristics
Individual Level
Tenure
Information benefit
Degree centrality
One-timer

(1)
# of Questions

-0.46*** (0.17)
0.19*** (0.042)
0.16*** (0.049)
0.42*** (0.080)

(2)
# of Answers

0.27*** (0.092)
0.27
(0.17)
0.50**
(0.23)
0.082*** (0.027)

(3)
Helpfulness

0.025**
0.018***
0.014***

(0.012)
(0.0021)
(0.0028)

0.26***
(0.045)

Organizational Level
Member

-0.21*** (0.082)

1.7***

(0.31)

1.3***

Organizational Knowledge

-0.11*** (0.032)

-0.40***

(0.15)

0.15***

(0.019)

IT Vendor

-0.41**

(0.17)

1.3***

(0.29)

0.063**

(0.029)

Software user

1.1

(0.76)

-1.5***

(0.37)

-0.011*** (0.0042)

0.33**

(0.16)

0.40**

(0.20)

0.62***

(0.24)

0.047*** (0.011)
0.070
(0.043)
0.038*** (0.0090)
0.15
(0.093)

0.029**
0.13***
-0.036***
0.061

(0.012)
(0.019)
(0.011)

0.19
0.046
0.24**
0.46**

0.087**
0.0059
0.060**
-0.030

(0.040)
(0.025)
(0.029)
(0.019)

Endogenous peer effects
Exogenous peer effects
Individual Level
Tenure
Information Benefit
Degree centrality
One-timer
Organizational Level
Member
Organizational Knowledge
IT Vendor
Software user
Year fixed effects
Aggregated peer contribution

0.030*** (0.011)
0.022
(0.014)
0.011 (0.0065)
0.017
(0.011)
0.048***
0.071***
-0.12
0.016

Observations
Adj. R

2

(0.017)
(0.026)
(0.077)
(0.010)

(0.039)

0.0040

0.0037

0.0088

(0.0028)

(0.010)

(0.013)

2,024

2,024

2,024

0.42

0.40

0.65

*** p<0.01, ** p<0.05, * p<0.10, standard errors in parentheses.
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(0. 17)
(0.031)
(0.11)
(0.22)

(0.39)
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Abstract
Senior citizens could greatly be benefited from the social support received from a community. All
participants of online communities are motivated by their desire of seeking social support. And
such support occurs when community members form relational links among them and have
interactions that intend to help. For senior citizens, even though they can be greatly benefited
from the social support received through participation, the obstacles they need to overcome in
order to feel engaged could be larger than that of younger people, especially when they come to
the community for the first time. They could be easily overwhelmed by the content that has been
generated by other existing members, finding it difficult to identify an appropriate member to
initiate a meaningful interaction. It therefore is critical for an online community system to help
senior participants identify other existing members who are more likely to supply the type of
support they are seeking. While many previous studies have uncovered the variety factors,
contextual or individual, that impact the degree to which a senior citizen receives social support
needed from an online community, it remains unclear what the characteristics of existing
community members who are more likely to provide a new comer the kinds of support,
informational, emotional, companionship, or appraisal are. And the answer to this question may
have significant academic and practical implications. This study thus proposes to fulfil the gap
by utilizing data collected from a senior community website to investigate the links between the
characteristics of existing senior members and the amount and the types of support they provided
to new comers.
Keywords: social support, online community, senior citizen, social cognitive theory

1. Introduction
By December 31, 2014, the population of senior citizens (aged 60 and above) in China has
reached 212 million1. Helping senior citizens live a healthy and happy life not only has become a
serious social issue but also presents huge business opportunities. While it has been shown that
technology supported virtual communities could play a significant role in the lives of senior
citizens (Michailidou et al. 2014), how to help senior citizens overcome the initial obstacles in
1Data from “Statistical Communiqué of the People's Republic of China on the 2014 National Economic and Social Development” released by National Bureau of Statistics of China. Source:
http://www.stats.gov.cn/english/PressRelease/201502/t20150228_687439.html.
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order to benefit from the participation remains a critical issue. Not very different from all other
types of virtual community participants, senior citizens join an online community seeking social
support in information (Pfeil 2007; Xie 2008), emotional support (Pfeil 2007; Pfeil and Zaphiris
2009; Wright 2000), companionship (Kanayama 2003; Pfeil and Zaphiris 2009), or validation
(Ashida and Heaney 2008; Goswami et al. 2010). The social support received from a social
network community, regardless its type, could be beneficial to the life of a senior citizen (Choi et
al. 2014). At the same time, studies have also demonstrated that senior citizens usually have
more difficulty to obtain the social supports they need from an online community compared with
their younger counterparts (Bennett 2011). Senior citizens usually lack the social and technic
skills to overcome the initial obstacle needed to join an online community (Charness and Boot
2009; Lee et al. 2011). More importantly, it takes them longer time to trust and to be able to form
a personal link with strangers, especially those they meet online (Pfeil et al. 2009), because they
have stronger sense of privacy than younger people (Charness and Boot 2009; Xie 2008). As a
result, they are more likely to be overwhelmed by what is required to connect with a community
even though they may have a strong desire to do so.
It therefore becomes extremely important for an online social network community system to
provide guidance and support to senior citizens to overcome the initial obstacles when they visit
an online community for the first time. More specifically, a social network system needs to help
new participants to acquire the support they are seeking. One efficient and effective way of
providing such help is to identify existing community members who are more likely to provide
the kind of the social support that a new participant needs. And the new member could avoid
most of the initial hassles associated with finding the right member to interact to fulfill his needs.
While many previous studies have uncovered the variety factors, contextual (Pfeil and Zaphiris
2009; Wang et al. 2015; Xie 2008) or individual (Wang et al. 2014, 2015, 2012; Wright 1999),
that impact the degree to which a senior citizen receives social support needed from an online
community, it remains unclear what the characteristics of existing community members who are
more likely to provide a new comer the kinds of support, informational, emotional,
companionship, or appraisal are. And the answer to this question may have significant academic
and practical implications. This study thus proposes to fulfil the gap by utilizing data collected
from a senior community website to investigate the links between the characteristics of existing
senior members and the amount and the type of support they provided to new comers.
We expect the contribution of this study to be two folds. The paper extends social cognitive
theory to the domain of senior participants in online communities, seeking to identify behavioral
and interactive patterns associated with the action of providing appropriate social support to new
comers. While social cognitive theory suggests that people’s previous interactions with the
community impact their future communication/interaction with the same community, the paper
identifies the specific circumstances under which an existing community member is more likely
to provide social support to new participants. At the same time, the paper also contributes to the
existing understanding of online communities by identifying behavioral characteristics of an
existing community member associated with supplying the right type of social support to new
senior participants. These findings could have significant practical implications. Practitioners
could apply our results to provide guidance to new online community participants, mining the
effort required to join the community. At the same time, practitioners could build a friendlier
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online community by encouraging behaviors that we know are associated with the action of
supporting new comers later on.
The rest of this article is organized as follows. Section 2 reviews related literature and describes
the development of theoretic framework, followed by section 3 that depicts the data and the
method of this study. And finally section 4 reports the status of the project and discusses possible
contributions and implications of the study.

2. Background
2.1 Senior Citizens and Online Communities
Senior citizens could greatly be benefited from the social support received from a community
(Choi et al. 2014; Goswami et al. 2010). Social support denotes to the interaction/communication
with others, verbal or nonverbal, reducing the uncertainty or enhancing the self-perception of in
control of one’s own life (Albrecht and Adelman 1987). All participants of online communities
are motivated by their desire of seeking social support. And such support occurs when
community members form relational links among them and have interactions that intend to help
(Heaney and Israel 2002). A network member can receive/send different types of social supports
from/to others. Informational support transmits information and provides guidance related to the
task/question a community member has (Krause 1986); emotional support expresses
understanding, encouragement, empathy affection, affirming, validation, sympathy, caring and
concern (House 1981; Wang et al. 2014); companionship or network support gives the recipient
a sense of belonging (Keating 2013; Wang et al. 2014); and appraisal support enhances the selfevaluation of the recipient (House 1981). Studies have shown that people are usually motivated
by their desire of seeking one or more types of social support to participate in an online
community (Goswami et al. 2010; Kanayama 2003; Pfeil 2007; Pfeil and Zaphiris 2009; Wright
2000; Xie 2008). And such social support can only be acquired during the interaction with
others. For senior citizens, even though they can be greatly benefited from the social support
received through participation, the obstacles they need to overcome in order to feel engaged
could be larger than that of younger people (Charness and Boot 2009; Lee et al. 2011), especially
when they come to the community for the first time. They could be easily overwhelmed by the
content that has been generated by other existing members, finding it difficult to identify an
appropriate member to initiate a meaningful interaction.
At the same time, not different from their younger counterparts, different senior citizens seek
different types of social support when they decide to join an online community. And usually their
initial experience with the community will largely impact if they could benefit from the
participation or if they will never come back. It therefore is critical for an online community
system to help senior participants identify other existing members who are more likely to supply
the type of support they are seeking.
2.2 Social Cognitive Theory
According to social cognitive theory (SCT), people could learn by observing other people’s
behaviors and the consequences of those behaviors (Bandura 1986). The extent to which people
could perform the skill learned from this way largely depends on how comfortable they feel
about their own capability of executing the behavior learned and about if such behavior will lead
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to the desired outcome, which is usually measured by self-efficacy (Bandura 1989). Although
self-efficacy is a necessary antecedent to the execution of learned behavior, the interaction with
the system and others in the same community could shape people’s perception about their own
self-efficacy (Bandura 1986, 2011). And such changed self-efficacy could further impact the
next round of execution of learned behavior (Bandura 1986). As a result, the previous interaction
with the community has significant impact on an existing member’s confidence and desire to
supply the type of support sought by a new participant. And it is the goal of this paper to identify
the behavioral features and the interactive patterns with others of an existing member associated
with his probability of providing certain type of social support to a new senior participant.

3. Proposed Research and Status
We will utilize data from www.rd1860.com, a non-profit website involving online social
network and community functions. This site is designed to encourage senior citizens and younger
people to interact with each other in online activities. The platform has collected a large number
of users’ data from its launch in June 2012. By April 12, 2015, it has a total of 1247 registered
users, including 97 senior users and other younger users. We will use SQL statement to query the
database for data collection.
We define the senior members in their first 6 days as the new participants. By analyzing their
initial interactions with the community, we will identify the type and the sender of each social
support a new participant received. We will also be able to identify all community members that
a new participant interacted within the first 6 days. And all those members interacting with the
new participant will be grouped into two categories, providing social support or not providing
social support to the new person. And the members in the support group could be further
categorized based on the type of support they provided to the new participant. We will compare
the members in support and not support groups to identify behavioral features of an existing
member that is associated with the probability of providing social support to the new member.
Following are the behavior variables we plan to use: login frequency, frequency of
seeking/providing/receiving social support, frequency of companionship building/support
receiving, frequency of seeking/providing/receiving informational support, frequency of
seeking/providing/receiving emotional support, frequency of seeking/providing/receiving
appraisal support, and number of other members a member follows.
The research is currently at the stage of developing theoretic model for the project. We are also
in the process of preparing the data collected for data analysis and will be able to report our
initial findings at the conference if the paper is accepted.

4. Summary
In summary, we propose to analyze data collected from www.rd1860.com, a non-profit website
that provides an online platform for a social network community specially designed for senior
citizens. The server of the website documented the content generated by and the interactions
among all community members. In addition, the server also recorded all actions of a community
member. The data collected from this website could be applied to test the theoretical model
developed. Findings from this study expect to contribute to existing understanding of online
social support from several perspectives. It extends existing social cognitive theory to the domain
of online communities for senior citizens, identifying the circumstances under which an existing
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member is more likely to provide the right type of social support to a new participant in the same
community. At the same time, the study will also contribute to the existing understanding on
social support in online communities by finding the links between behavioral features of an
existing member and his probability of providing certain type of social support to new
participants. For practitioners, the findings from this study could help them provide guidance to
senior citizens who are new to an online community by suggesting a list of existing members
who are more likely to provide the type of social support sought by them. At the same time,
practitioners could also apply the results from this paper to promote a friendlier community by
encouraging certain type of behaviors from existing members that are known to be associated
with providing social support later.
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Abstract
This paper studies the interaction between vertical integration and platform ecosystem, two
co-existing intra-organizational forms. Specifically, the work investigates the moderating role
of platform strategies on the relationship between vertical integration and performance. The
study analyzes data from 1922 cinemas of China’s film industry that is undergoing business
transformation as a result of the emergence of online film platforms. The results suggest that
self-established platforms can enhance the impact of vertical integration on cinema
performance. The findings also reveal that vertical integration and third-party platforms may
be substitutable for a cinema. Finally, directions for future research are discussed.
Key words: Platform strategies, Vertical integration, Online film platform, Performance
1. Introduction
IT-enabled business transformation involves two significant organizational changes:
redefinition of business scope (Bharadwaj et al. 2013; Venkatraman 1994) and the rise of
digital platforms (Dhar and Sundararajan 2007; Yoo et al. 2012). The two changes are not
isolated but interrelated. Digital platforms play the major role in reshaping industrial structure
and changing the boundaries of industries (Hacklin et al. 2013; Yoo et al. 2012). China’s film
industry provides a rare example to investigate the role of digital platforms in reshaping
industry structure. The industry had maintained its off-line business model until some of
China’s online platforms launched group purchase of film tickets in 2011. Since then, the
proportion of online ticketing in box office has been soaring. In the second quarter of 2015,
online ticket sales accounted for 69.18% of total box office. The emergence of online
platforms has driven the annual growth of the film industry to more than 30% (Liu and Lu
2015), well above the growth of the countries’ GDP.
Vertical integration between distributors and theaters is an important industrial
organization in the film industry around the world. The industrial organization can effectively
mitigate uncertain demand, and improve operation efficiency to a certain degree in the
pre-digital-economy era (Eliashberg et al. 2006). However, China’s online platforms have
moved into the market by means of group purchase at the beginning stage and online seat
selection at the current stage. Further, the online platforms try to develop platform-centric
business ecosystems. So cinemas have to deal with two intra-organizational forms
simultaneously: vertical- integrated exhibition chains and platform ecosystems. This paper
will explore the impact of platform strategies adopted by cinemas on their performance.
Specially, the paper will investigate the moderating effects of platform strategies on the
relationship between vertical integration and cinema performance. To the best of our
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knowledge, this is the first paper empirically explore the compatibility between digital
platforms and traditional organizational forms. It can deepen our understanding on the role of
digital platforms in business transformation and industry convergence.
2. Hypotheses
Studies on the incentive sources of vertical integration can be classified into two schools:
neoclassical theories of imperfect market and transaction cost economies/incomplete
contracts. Neoclassical theories of vertical integration is fundamentally based on the
presumption that vertical integration, and non-standard vertical arrangements, reflected
responses to market power that existed in upstream and downstream market and/or reflected
efforts to create or exploit market power. In this way, vertical integration is institutional
arrangement to avoid double marginalization (Tirole, 1988), internalize horizontal
externalities (Mathewson and Winter, 1986) leverage market foreclosure (Salop and
Scheffman, 1983; Aghion and Bolton, 1987) and secure uncertain supply input (Carlton,
1979). Transaction cost economies regard asset specificity as the main determinant of vertical
integration in light of incomplete contracts (Williamson, 1996). Empirical results support
efficiency motivations for vertical integration and asset specificity as an important causal
factor influencing vertical-integration decision (Joskow, 2005).
One of the natures of the film industry is extremely uncertain demand, which makes it
difficult to predict the box office of a film. Vertical integration is a useful way to deal with
the nature. It can partially solve the problem of incomplete contracts between distributors and
exhibitors, which can give rise to underinvestment in cinemas, unsecure input from
distributors, and underreporting of revenues (Eliashberg et al. 2006). In the context of
China’s film industry, investment-based relationship is regarded as a higher degree of vertical
integration, while contract-based relationship is regarded as a lower degree, which can be
cancelled upon the termination of a contract. Investment-based vertical integration can
internalize vertical externalities (Tirole, 1988) and effectively reduce opportunistic behavior
(Williamson 1996). Additionally, investment-based vertical integration can bring benefits of
operation efficiency such as well coordination and leverage of brand advantage. Therefore,
we present the following hypothesis:
H1 The vertical-integration degree of a cinema is positively correlated to performance of a
cinema.
When an exhibition chain runs an online platform, it can better coordinate its relationship
with vertically integrated cinemas than those exhibition chains that have not established an
online platform. An exhibition chain can achieve better synergy effects by leveraging
resource, process and strategic complementarity between its online platforms and its cinemas
(Ennen and Richter 2010). As for resources, an online platform has strong information
collection, aggregation and processing capabilities due to the open nature of the Internet and
the design of its information system. If exhibition chain establishes an online platform, it can
increase the size of its customers by leveraging installed base of its online platform, and
enhance customer loyalty by taking advantage of online communities . As for processes, an
online platform and cinemas can develop an interoperable information system so as to
streamline consumption process and even establish a closed-loop process. A customer makes
a decision after reading recommendations on an online platform, and then booking his/her
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seat and pay the ticket online, finally the customer may give his/her own opinions on the
movie or cinema, which further drive more consumption(Duan et al. 2008)。As for strategies,
an exhibition chain with an online platform can improve operation efficiency by coordinated
marketing and operation strategy implementation (Suarez and Kirtley 2012). Therefore, we
posit the following hypothesis:
H2 A self-established online platform of a cinema can positively moderate the impact of
vertical integration on the performance of the cinema.
For a given cinema, exhibition chains and platform ecosystems are two
inter-organizational forms and also two institutional arrangements. Exhibition chains as a
form of vertical integration focus on improving film distribution, and online film platforms is
originally dedicated to matching film demand with supply (Eliashberg et al. 2006). The two
parties may complement each other when online platforms can increase potential demand for
a cinema and even an exhibition chain. However, we argue that the substitute relationship
between the two parties dominate their complementary relationship due to the following
reasons. Firstly, an online platform and an exhibition chain have overlapping functions in a
film industry, including film marketing and distribution. Actually, some of China’s online
platforms have obtained license of film distribution granted by the SARFT. Secondly, the two
inter-organizational forms may compete for resources and power in the industry, among
others, the resources and capabilities of a cinema (Tiwana et al. 2010). In this way, a cinema
may exist in two competing intra-organizational forms, and have to follow two sets of rules
of governance (Tiwana 2013). The two competing intra-organizational forms may have
conflict requirements on resources and capabilities of a cinema. Therefore, we posit the
following hypothesis:
H3 The platform-multihoming degree of a cinema can negatively moderate the impact of
vertical integration on the performance of a cinema.
3. Methodology
3.1 Data
This paper treats a cinema as the unit of analysis. The samples of this paper are selected
based on the following three requirements. Firstly, a sample cinema must adopt
computer-aided ticket system (CTS). According to The Circular on Strengthening
Computer-aided Ticketing by Cinemas or Exhibition Chains released by the State
Administration of Radio, Film and Television (SARFT), any cinema installing CTS must
adopt CTS compatible with terminals of SAFT, and upload their box-office data to SARFT
everyday. The rule objectively increases data availability and guarantees data quality for
research. Secondly, the cinema must participate in an exhibition chain. The degree of vertical
integration is an independent variable of this paper, thus we exclude any independent cinema
from our sample. Thirdly, the cinema must have viewer rating on Maoyan, Gewara and
Mtime, three online film platforms in China. We select them for they represent three types of
online film platforms. Maoyan is a subsidiary of China’s largest group-purchase platform,
Gewara is an online platform dedicated to local entertainment, and Mtime has focused on
film information and fan communities. Meanwhile, the three platforms accounted for 59.30%
of online ticketing in 2014 according to Online Film Market Report of China in 2014 released
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by Analysys International. The sampling period of this paper is December 2014. A total of
1922 cinemas meet the above-mentioned three requirements during the period.
The data of this paper have three sources. Firstly, data about the box office and average
price, seats, and screens of a cinema are from Entgroup Company, which sorts box-office data
uploaded by cinemas to the SARFT. Secondly, data about cinema rating and the degree of
cinemas’ multihoming on third-party platforms are snatched from the websites of the three
online platforms. Data about self-established platforms or vertical integration of an exhibition
chain are from websites of exhibition chains. Thirdly, data about consumption expenditure of
urban residents are from 2015 annual statistics of corresponding provinces, municipalities or
autonomous regions.
3.2 Variables
(1) Independent variables. Integrationi captures the degree of vertical integration
between a cinema and an exhibition chain. It is a dummy variable. If a cinema is invested by
an exhibition chain, then its value is 1. If a cinema participates in an exhibition chain only
based on agreements, then its value is 0.
(2) Dependent variable. Drawing on previous literature (Eliashberg et al. 2006), this
paper adopts the performance of a cinema as a dependent variable. The variable is measured
by the box office of a cinema, which can be justified by the fact that not only cinemas but
China’s film industry is heavily dependent on box offices.
(3) Moderating variables. Both Selfplati and Multihomingi capture platform strategies of
a cinema. Multihomingi represents the degree of a cinema’s participation in third-party online
platforms. It is measured by how many third-party film platforms a cinema participates in.
Participation herein means that a participant cinema allows customers to select seats and
make the payment on the platform. Therefore, Multihomingi is an ordinal categorical variable,
with possible values of 0, 1, 2, and 3. Selfplati represents whether or not an exhibition chain
with which a cinema is with has established its own online platform. It is a dummy variable.
If an exhibition chain establishes an online platform, its value is 1, or its value is 0.
(4) Control variables. This paper includes five control variables, i.e. Qualityi, Seatsi,
Screensi, Pricei and Expi。The former four variables capture attributes of a cinema, and the last
one captures the attribute of local customers. Qualityi represents the quality of a cinema,
measured by the average rating score of cinema on the three online platforms. Seatsi
represents the capacity of a cinema to accommodate customers, measured by the total number
of the cinema. Screansi represents the capacity of a cinema to exhibit films simultaneously,
measured by the total number of screens of the cinema. Pricei represents the market power of
a cinema, measured by the average price of a cinema in the sample period. Expi represents
consumption capability of local customers, measured by consumption expenditures of urban
residents per captia.
3.3 Model specification
Cross-sectional samples of this paper may results in the problem of heterodasticity. This
paper adopts White test, which neither depends on normal distribution of samples nor
requires order of independent variables. The test results show that heterodasticity exists.
Therefore the model is estimated by an OLS method with White heterodasticity-consistent
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standard errors. The estimation methods can realize asymptotically efficient statistical
inference with a large sample (Gujarati 2012).
We also checked for potential problems of multicollinearity by calculating variance
inflation factors (VIF). Individual VIF values greater than 10 indicate problems of
multicollinearity (Neteretal, 1989), along with average VIF values greater than six. Although
some correlation coefficients have moderate values, the VIF values are at acceptable levels
(mean VIF=1.16). Consequently, no problems of multicollinearity exist.
4. Results
Table 1 displays the main empirical models to test our hypotheses. Model 1 is a baseline
model, including control variables related to demand-side and supply-side attributes that may
affect the main and moderating impacts. Model 2 includes the independent variables related
to the existing form of industrial organization (Integrationi). Model 3 includes moderators
related to platform strategies adopted by cinemas, i.e., establishing own online platforms
(Selfplati) and multihoming on third-party platforms (Multihomingi). Model 4 and 5 include
interactions terms between an independent variable and moderators.
Regression results

Table1
Model 1

Model 2

Model 3

Model 4

Model 5

***

***

***

***

0.443***

0.496

Seatsi

Screensi

(5.690)

(5.611)

(5.794)

1.583***

1.488***

1.278***

1.285***

1.239***

(14.779)

(13.492)

(12.627)

(12.731)

(12.244)

***

***

***

***

2.079***

2.185

2.074

2.059

(10.812)

(11.616)

(13.304)

(13.173)

(13.361)

***

***

***

***

-0.414***

-0.450

-0.402

-0.391

(-11.180)

(-6.342)

(-6.620)

(-6.461)

(-6.859)

***

***

***

***

-1.511***

(-6.955)

(-6.955)

**

0.254**

(-1.086)

(-2.153)

(2.293)

0.047

-0.050

0.081**

(1.179)

(-0.822)

(2.011)

***

***

0.686***

(17.478)

(16.528)

-1.763

Qualityi

0.430

(7.141)

-0.730

Expi

0.435

(6.352)

2.073

Pricei

0.594

(-7.192)

-1.810

(-7.425)
0.174

Integrationi

-1.515

(-6.946)

***

-0.044

(4.195)

Selfplati

0.594

Multihomingi

(17.994)

-1.509

-0.118

0.583

**

Integrationi

0.191

*Selfplati

(2.471)

Integrationi

-0.215***

*Multihomingi

(-3.349)

R

2

Adjusted R
△R

2

2

0.548

0.551

0.637

0.638

0.640

0.547

0.550

0.636

0.637

0.638

0.003

***

0.105

**

0.001

**

0.003**

Notes：values in parentheses are t statistics. *** represents 1% significance, and ** represents 5% significance. △R2 in
model 4 and 5 is based on comparison with model 3.

In model 2, the results show that Integrationi has a significant and positive impact on the
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performance of a cinema. As expected, this find confirms that the higher degree of vertical
integration can improve cinema performance, thus supporting H1. The result of Model 4
reveals how Selfplati moderates the impact of Integrationi on cinema performance. The
coefficient of the interaction term is significant and positive, indicating that Selfplati exerting
a positive moderating impact. The results of Model 5 show the moderating role of
Multihomingi on the impact of Integrationi on cinema performance. The coefficient of the
interaction term between Integrationi and Multihomingi is significantly negative, indicating
that Multihomingi exerting a positive moderating impact. Thus H2 and H3 are supported.
5. Discussions and conclusions
This paper confirms the role of vertical integration in improving cinema performance, in
consistent with findings of previous literature (Eliashberg et al. 2006). The paper further finds
that third-party platforms and vertically-integrated exhibition chains may substitute each
other in terms of their contribution to cinema performance, while exhibition chains can take
advantage from self-established platforms. Then the question rises why cinemas owned by an
exhibition chain are willing to participate in an online platform. Third-party platforms are a
double-edged sword for exhibition chains. On one hand, Internet platforms possess a huge
size of installed base and an online community, which can help cinemas to attract customers.
On the other hand, online platforms may expose cinemas or exhibition chains to fiercer
competition by sufficiently informing customers. What’s more, when a lot of cinemas of the
same region participate in online platforms, the effect of crowding out may dominate network
effects of an online platform. An online platform may even gain customers’ loyalty that is
originally loyal to a cinema or an exhibition chain. In the film-related business ecosystem,
exhibition chains have been aware of cross-boundary competition from online platforms.
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Abstract
The UGC platforms have become a popular and growing phenomenon on the Internet, as
exemplified by many followers like YouTube. We develop an analytical model to examine the
platform’s optimal strategies that will drive the content contributors to engage in developing
high-quality content. We derive the market equilibrium and show how the changes in the
contributors’ cost rate and content recommendation function affect contributors’ and platform’s
profits and how both contributors and the platform should optimally react to above changes in
terms of the choices of content quality, ad price, revenue-sharing percentage and effort level.
Our results show that both contributors’ and platform’s profits would decrease with the
contributors’ cost rate. When the platform set the content recommendation function, both
contributors and platform are better off.
Keywords: UGC platform, content contributor, revenue sharing, content recommendation

1. Introduction
During the past decade, the proliferation of user-generated content (UGC) is perhaps the most
significant development in the field of digital content creation. User-generated content(UGC)
is defined as content that is voluntarily developed by an individual or a consortium and
distributed through an online platform (Mckenzie.et al.2012). Hundreds of millions of users
from all over the world visit and develop user-generated content such as videos and apps. For
example, Alexa and Similar Web list YouTube as the top TV and video website globally,
attracting more than 15 billion visitors per month. The massive user base is alluring to potential
advertisers. The vast majority of UGC is free and supported by advertising. In order to maintain
the rapid growth of the advertising revenue, the UGC platforms have to attract users by
motivating high quality user-generated content. However, there exists no contractual
relationship between the UGC platform and content contributors, and the quality of content is
difficult to assess and monitor. Revenue-sharing thus serves as an important strategic tool used
by the UGC platform to motivate high quality content contribution. For example, in May 2007,
YouTube launched its Partner Program, a system based on AdSense which allows the uploader
of the video to share the revenue produced by advertising on the site to motivate
contributions. YouTube typically takes 45 percent of the ad revenue from videos in the Partner
Program, with 55 percent going to the uploader. There are over a million members of the
YouTube Partner Program. The rewards from revenue sharing have made content contribution
a full-time profession for many contributors. The app platform owners like Apple have
introduced mobile advertising services such as iAd, which integrate advertisements into mobile
apps, thus creating opportunities for advertisers to reach mobile app users. The platform owner
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also passes a portion of the advertising revenue collected from advertisers to the app contributor.
YouTube and Apple are representatives of other UGC websites and reflect a future trend with
respect to monetization of contents. So far, the platform owners have been experimenting with
various revenue-sharing strategies as discussed earlier. However, it is unclear which is the
optimal revenue sharing strategy. There is a lack of rigorous research on the UGC platforms
such as YouTube and app store, and there are no clear best practices in the industry.
The research focus on monetary motivation and model the monetary payback for content
contribution explicitly and examine how it motivates the contributors in purely advertisingsupported UGC platform.The research aims to help the UGC platform owner solve a key
question: How to choose the optimal revenue sharing percentage to maximize its profits as well
as motivate contributors to upload higher-quality content to attract more advertisers? Should
the platform set the the content recommendation function to improve consumers’ experence?
The contributor also faces a problem: how to choose the optimal content quality to maximize
his profits?
2. Literature Review
Our paper is related to analysis of the incentives for content contribution in UGC platforms.
These studies(Ghosh and McAfee 2011; Chen et al. 2011; Mirzaei et al. 2015) mostly focus on
the identification of diverse contributor motivations and the design of mechanism in different
communities..Hao et al. (2011) consider one-sided market with app users as the only one side
and analyze the effect of ratings on consumer utility and purchasing decision in app market and
show how both contributors and the platform owner should optimally react to various consumer
rating behaviors in terms of the choices of app price, quality level and revenue sharing
percentage.
Our paper is also related to the analysis of two-sided advertising markets. These studies
(Anderson and Coate 2005; Kaiser and Wright 2006; Argentesi and Filistrucchi 2007; Affeldt
et al. 2013; Jeziorski 2013) mostly focus on the empirical or economic analysis in traditional
two-sided advertising markets such as magazine and newspaper, which consider the advertising
platform as one agent that controls the provisioning of content and the ads. Hao et al. (2015)
analyze the mobile advertising platform owner’s optimal strategy that will drive the advertisers
and app contributor to engage in publishing ads within apps. Considering the quality of apps is
exogenous and app users are heterogeneous in their valuation for the app, they reveal the market
conditions that dictate when the platform owner can profit by subsidizing the app contributor
and when an app contributor can benefit from the growth of the adverting market.
The research try to:(1)complement previous research(e.g. Ghosh and McAfee 2011; Chen
et al. 2011) by introducing the developing ability of contributors and providing contributors
opportunities to choose the quality;(2)complement the results of Hao et al. (2011)by integrating
advertisers and the nuisance cost due to advertising into consumer utility;(3)contribute to the
two-sided advertising markets literatures (Anderson and Coate 2005; Kaiser and Wright 2006;
Argentesi and Filistrucchi 2007; Affeldt et al. 2013; Jeziorski 2013)by developing an extended
two-sided market model that captures the unique features of the advertising-supported UGC
platform consisting of two separate agents, a platform owner and content contributor; and (4)
complement results of Hao et al. (2015) by providing insights for the endogenous quality of
content.
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3. The Model
We consider a market with four players including the UGC platform, content contributor,
advertisers and content consumers. The UGC platform determines ad price, revenue-sharing
percentage and effort level. The advertisers determine ad level. The contributor determines the
content quality. The content consumers decide whether to consume the content. We start with
several essential preliminaries which serve as the foundation of our model.
Consumer demand function. To capture the heterogeneity of consumers according to
consumers’ cost, we adopt the model developed by Fan et.al (2007). Specifically, we denote
the content quality as q .It is the value of content to consumers. We assume that consumers
can reasonably estimate the content quality from previous ratings or number of clicks and
downloads. Departing from existing studies, we allow platform to exert effort in making
content more enjoyable for consumers to watch. This is captured by effort level e which
improves consumers’ additional utility of accessing content. For example, YouTube relies on
sophisticated data analysis algorithms and information collected from an individual’s webbrowsing behavior to infer each consumer’s preference for content. The consumer can then be
served automotive-related videos when he visits YouTube. Consistent with prior literature, we
view advertisements as unwelcome intrusions to consumers, which contribute to consumer
disutility. We use a to represent ad level in a content. There are various costs associated with
accessing the contents in the platform. In order to view a particular video, consumers have to
spend time buffering and watching the video. In order to access a particular app, consumers
have to spend time downloading and learning the app. We use c to denote the aggregate cost of
time and effort spent by consumers to access the contents. Consumers are heterogeneous and
have different sensitivity to the aggregate cost. We denote the cost sensitivity as  , which is
randomly drawn from a uniform distribution with support on [0,1]. This approach is standard
in economics and marketing literature in order to derive the demand functions. We use u to
denote consumers' utility for accessing content in the platform, which is given by
u  q  e  a   c .The condition for consumers to consume a particular content is u  0 .The

qea
.
c
Ad demand function. We use a to denote the number of participating advertisers and b to
denote the total number of potential advertisers in the market. We assume that each advertiser
produces one advertisement for his product. we take advertisers to be heterogeneous in their
valuation for advertising v ,which represents how much value the advertiser can obtain
through publishing his ad. Assume v is uniformly distributed on [0, V ], where V is the
maximum advertiser’s valuation for advertising. The profit function for advertiser v is

consumer demand for the content is D   * 

 A(v)  D(v  p) ,where p is the ad price. An advertiser would participate if and only if
p
 A(v)  0 .Thus the ad demand a  b P r ( A(v)  0)  b(1  ) .
V

Contributor’s profit function is given by  c  Daps  C c(q) ,where s is the revenuesharing percentage and 0  s  1 . C c(q) represents the developing cost including the inputs of

272

human resources, technology and equipment. The developing cost is characterized as
2
C c(q)  hq ,where h is the cost rate on quality and h  0 .The quadratic form of cost

represents the diminishing return of investment on quality.
The platform’s revenue function is given by  p  Dap(1  s)  C p(e) . C p(e) represents the
effort cost including the inputs of human resources, the improvement of data analysis
technology and data analysis equipment. The effort cost is characterized as
2
C p(e)  mhe ,where m measures the relative size of the cost rates from contributors and the

platform.
3.1 Content Contributor’s Strategy
Proposition 1: Given the platform’s decisions on ad price p , ad revenue-sharing percentage s
and effort level e ,the contributor’s optimal choice of quality q * are: when b1  b  b 2 and
h1s  h  h 2s , the optimal quality of video is q 
*

b1 

(V  p)bps
.The above thresholds are
2Vhc

(V  p)bp
(V  p)bp
V (c  e)
Ve
, b2 
, h1 
, h2 
2c(Vb  Vc  Ve  bp)
4c(Vb  Ve  bp)
Vp
Vp

We impose the range of total number of potential advertisers and cost rate to ensure that
contributor can make positive profit and the content market is not fully served. Proposition 1
shows that the contributor’s optimal choice of quality depends on other factors. Generally
speaking, a higher content quality will lead to higher consumers’ net utility as well as the
demand of content. When the cost rate is intermediate ( h1s  h  h2s )，the marginal cost of
quality increases faster and will surpass the marginal revenue before the maximal
demand( D  1 ) is realized. Thus, the optimal quality is the one at which the marginal revenue
is the marginal cost of quality.
3.2 Platform’s Strategy
Proposition 2: Anticipating the contributor’s responses, the platform’s optimal choices are
V
1
when m  , 0  b  b3 ,and h3  h  h 4 , the optimal ad price p*   hc ,ad revenue2
2
sharing percentage

*
s 

(6hc  V )m  (V  2hc)
b(V  2hc) 2
,effort level e* 
(2m  1)(V  2hc)
8Vhc(2m  1)

and the

(V  2ch) b 2  (6hc  V )m  (V  2hc)  (V  10hc)m  (V  2hc) 
contributor’s profit  c 
,the
2
64hc 2V 2(2m  1)
2

*

(5m  1)(m  1)
m 2(V  2ch)
c
 b2 2
.The above thresholds are b3 
m(2m  1)
64hc V (2m  1)
4

platform's revenue  p

*
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h3  max{





V (m  1)
V (1  m) (b  4c)m  2c  2 (2m  1)(bm  2mc  c)c V
.
,
} , h4 
2c(5m  1)
2c(3m  1)
2mbc

We impose the range of the relative size of the cost rates, total number of potential advertisers
and cost rate of contributor to ensure that platform can make positive profit and the content
market is not fully served. When the cost rate of contributor increases, the platform should
offer a higher revenue-sharing percentage s * to encourage contributors to maintain a relative
high quality level. The loss due to a lower sharing percentage ( 1  s* ) for the platform will be
more than compensated by the additional revenue gained from a high quality level. But the
demand of content will decrease faster than the quality with the cost rate. The platform’s overall
revenue decreases with the cost rate because the former effect is dominated by the latter effect.
The contributor’s total profit will decrease with the cost rate.

Figure 1 The relationship between h and q * , p * , s * , e* ,  c * ,  p .( b  1, c  1,V  1, m  2 )
*

Figure 1 depicts the relationship between q * , p * , s * , e* ,  c * ,  p and cost rate h . An extreme
*

case is when the relative size of the cost rates m is close to infinity, the platform won’t set the
content recommendation function ( m  , e*  0 ). The corresponding platform's revenue

b (V  2ch) ,contributor’s profit   (V  6ch)(V  10ch)(V  2ch) b .Both contributors
p
c
128hc 2V 2
256hc 2V 2


2

4

2 2





and platform are better off (  p   p ,  c   c* ) when the platform set the content
*

recommendation function.
4. Conclusions
In this paper, we develop an analytical model that captures some unique characteristics of
the UGC platform to examine the platform’s optimal strategies that will drive the content
contributor to engage in developing high quality content. We derive the market equilibrium and
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show how some changes in related factors affect contributor’s and platform’s profits. Our
results show that contributors with higher cost rate will obtain lower profits. If the platform set
the content recommendation function, both contributors and platform are better off.
Currently we are studying the effect of competition on optimal strategies. Another direction
is considering other content sources such as first-party content. Research questions such as how
to coordinate the contents from different sources would be interesting.
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Abstract
Our work investigates how different formats of information on online marketplace would impacts
demand. Specifically we focus on information generated or endorsed by three parties of online
marketplace: sellers, consumers and platform. By applying BLP model (Berry et al, 1995), we
find that consumers trust information generated by past consumers. In addition, consumers are
rational enough to infer the cost of platform endorsement such that endorsement which doesn’t
have direct effects on consumer actually incurs negative willingness to purchase. Our finding
can be used to improve the efficiency of the platform by eliminating redundant information. In
addition, it helps platform to design policy to improve the market place with respect to consumer
surplus, seller revenue as well as platform traffic.
Keywords: demand estimation, consumer surplus, service goods, Online-market place, platform
endorsement, consumer generated evaluation

1. Introduction
Online marketplace for service goods is faced with typical information asymmetry issue, such
that it heavily relies on reputation system to provide information to potential customers. A
typical reputation system consists of derivative from information of purchase history generated
by past users, and tag or trust logo that sellers can obtain or register from platform. Our work
investigates what kind of information available on online marketplace would be the determinants
for demand. To focus on the effects of information, we estimate demands to seller reputations for
one category of homogenous service goods as utility fee recharging from a leading online
marketplace. We apply typical BLP model to understand individuals’ sensitivity to different
formats of information given aggregate level sales data. Our finding shows that individuals are
sensitive to information generated by past purchase history such as customers’ ratings and
cumulative counts for disputes and warranty related tag by platform , but on the other hand,
insensitive to sales related tags provided by platform such as “on discounts” given price. Some
sales and quality related tag generated by platform such as “VIP store” would even affect
passengers’ latent utility negatively. The finding validates the rationality of consumers as
consumer would be able to infer the transferred cost from implementing platform endorsement.
The rest of the paper is organized in the following way. In Section 2, we briefly talk about
related literature and our contribution correspondingly. We describe the research context and
available information from our dataset in Section 3. In Section 4, we present demand estimation
by following aggregate random coefficient logit model (Berry et al 1995). In Section 5, we
discuss our estimation strategy and report the estimation result.

2. Literature Review
In methodology, our research applies demand estimation method using aggregate data proposed
by Berry, Levinsohn, and Pakes (henceforth BLP, 1995). The model shows its superiority in
demand estimation by allowing heterogeneity in consumer taste and endogeneity of product
characteristics with only aggregate level information of market structure. It also allows
estimating consumer welfare given its structure of individual level decision making that
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maximize latent utility. Researchers keeps on develops BLP type of models to enhance its
applicability and performance, such as using consumer demographic information to improve
precision (Petrin 2002). Its wide applicability allows application across literatures in empirical
IO, marketing and information system in different formats of industries such as auto mobile
(Berry et al. 1995, Petrin 2002), ready-to-eat cereal (Nevo 2001), online hotel booking (Ghose et
al 2012) and mobile app usage (Ghose and Han 2014). Our paper extend BLP model to
application of online service goods market place which are characterized as high level of
information asymmetry as well as competitiveness. We follow BLP (1995) to estimate our model
based on its superiority to MPEC in numerical performance when market structure is of large
numbers of players. Another issue about online-market place is endogeneity resulted from large
space of strategic action as well as simultaneity of observed state variables. BLP (1995) allows
us to use multiple types of instrument variables to handle those typical endogenous variables
which are commonly challenged in literature of online-market place.

3. Research Context and Data
Our data are from one of the worlds’ largest online market place which based in China. Everyday,
there are around 20,000 active sellers available in the specific industry we focus on.

4. Model
We present a semi-structural model on data generation process of market share of each seller on
the market place. Specifically, we follow McFadden (1973), and more directly Berry, Levinsohn,
and Pakes (1995) (BLP) to account for unobserved consumer heterogeneity with a Multinomial
logistic model. We refer readers to Nevo (2000) for detailed discussion of the methodological
advantages of this model.
Suppose we observe sales data of each seller j  1,2,3,...J t in each sub market defined as each
time period m  1,2,3,...M . A product is defined as a service of prepaid phone card. The prepaid
amount is homogenous across different sellers on the platform, however, differentiated with
regards to service by seller such as delivery time, fulfillment rate. Consumers i  1,2,3,..., I can
not have perfect information of quality of service, therefore rely on reputation system provided
by the platform to infer expected quality to make decision of which seller they would choose.
The conditional indirect utility that consumer i purchases service from seller j at market m
is assumed to be of the form
uijm  i X jm   jm   ij . (1)
The first component in our utility function is X jm , a vector capturing multi-dimensional
observable characteristics of seller j . Recall that product is assumed to be homogenous but be
serviced differently by different sellers, X jm captures econometrician-observable information
about how consumers differentiate service of distinct seller in a given market. There are three
type of information generator: past consumers, platform and seller. Past literatures shows that
user-generated evaluation plays a role as a bridge of information asymmetry between seller and
consumer. Thus the first component we include in our model is evaluation generated by past
consumers such as: (a) x1 jm cumulative average delivery time; (b) x2 jm log of cumulative count
of disputes; (c) x3 jm log of cumulative count of required refund; (d) x4 jm merchandise average
rating generated by consumer with the scale of 1 to 5; (e) x5 jm log of cumulative volume of
ratings; (f) x6 jm log of cumulative count of refunded transactions; (g) x7 jm log of cumulative
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number of past transactions with positive evaluations; (h) x8 jm log of cumulative number of past
transactions with negative evaluations.
The second type of information visible to consumer is “tags” generated by platform. Individual
seller could request or paying for certain type of tag such as short term sales promotion to attract
more attention of traffic. We include all possible combination of platform endorsement for each
seller such as: (i) x9 jm dummy for accepting coupon tag; (j) x10 jm dummy for short-term VIP
seller tag; (k) x11 jm dummy for threshold discount tag; (l) x12 jm dummy for giving sampler gift
tag; (m) x13 jm dummy for seasonal short term sale discount; (n) x14 jm dummy for VIP store tag;
(o) x15 jm dummy for accepting credit card; (p) x16 jm dummy for detailed picture of product; (q)
x17 jm dummy for platform refund insurance for potential consumers; (r) x18 jm dummy for

guaranteed return and exchange within one week. Note that platform endorsement plays a role as
an extra sign for the webpage that allows strategic seller to implement more diversified sales
strategy. One example is that seller might set a higher suggested price combined with a sales
promotion related platform endorsement to compete with seller with a lower suggested.
Therefore, a rational consumer might perceive a certain type of platform endorsement as
negative since they inferred that extra cost for certain type of tag might be finally transferred to
consumer side as marginal cost.
The last type of information is purely determined by sellers. It consists of (s) x19 jm log of
number of distinctive type of product, which are used to capture variability and scope of product
for a specific seller; (t) x20 jm log of number of days since registered on the platform, capturing
duration of membership on the platform; (u) x21 jm price of the product.
Other than different characteristics of sellers, we incorporate further consumer heterogeneity by
introducing heterogeneous tastes towards different characteristics. We model taste parameters
 i as random coefficients to allow different individuals have distinct preference towards a
specific characteristics. Specifically, we follow the BLP method to model  i following a
multivariate normal distribution as following,
i   i (2)
i MVN (0, I ) , (3)
 is common across different individuals, whereas i captures individual level heterogeneity
in their preference towards characteristics.  is modelled as a 21 by 1 vector capturing the
mean sensitivities towards different characteristics that we mentioned. Following BLP method,
we model i as following multivariate normal distribution with mean of zero and standard
diagonal variance. Given that individual level taste coefficients towards different characteristics
might have different variability, we use  to rescale the variance of taste coefficients.
Other than utility associated with observed characteristics,  jm represents information about
seller j in market m observed by consumers but unobserved by econometricians. It is market
and product specific, equivalent to saying that it is common to all individual consumers, and all
consumers prefer a product with higher  jm . Finally  ij is an individual and choice specific
stochastic error which is assumed to be independent and identically distributed across both
products and consumers following type-I extreme distribution. After rearrange the utility
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function in a more hierarchical way and define seller level mean utility as  jm   X jm   jm , we
have a suppressed format of utility as following
uijm   jm  i X jm   ij . (4)
We accomplish the specification of the demand system by introducing utility of an outside goods:
individuals might decide not to purchase the service from our online market place. They might
purchase similar service from other online business or offline channel. We model the conditional
indirect utility from the outside goods as
ui 0m  c0  i 0 0   i 0 , (5)
Where c0 captures mean utility of outside goods, and i 0 0 is an individual specific component
reflecting heterogeneity in preference to take outside goods. We model i 0 as being drawn from
standard normal distribution N (0,1) independently and  0 as a scaler parameter to be
estimated. Another representation is to take c0 as one more dimension of  with a constant
covariate, and take i 0 as one more dimension of i , which lead mean coefficient  to be a 22
by 1 vector, the taste heterogeneity distribution to follow 22-variates MVN (0, I ) , and  0 is an
additional dimension of  .  i 0 is “love of variety” individual level random error term following
type-I extreme distribution.
Consumer i is assumed to choose seller j that generate maximal utility in each of market m .
According to our model above, type of each individual is characterized as
ti  (i ,  i 0 ,  ij ) for j  1, 2, J . The set of consumers in market m who choose product j
can be then represented as
Ajm ( X m , m |  , )  ti | uijm  uijt , j, t s.t j  t . (6)
Given the property of type-I extreme distribution in conditional multinomial discrete choice
model, we would have a closed form probability Prm ( j | X , i) that individual i would
purchase product j in market m as
exp( jm  i X jm )
. (7)
Prm ( j | X , i ) 
J
exp(c0  i 0 0 )   exp( jm  i X jm )
j 1

Market shares can be obtain from aggregating over individual consumer i . Given that i is
distributed as 22 variates MVN (0, I ) , we use P(i ) to denotes a population distribution function
of individual heterogeneity with respect to taste coefficients. By taking integration over i , we
can furtherly derive market share s jm ( jm , ) of seller j of in market m as following,
s jm ( jm , )   Prm ( j | X , i )d ( P(i ))  

exp( jm  i X jm )
J

exp(c0  i 0 0 )   exp( jm  i X jm )

d ( P(i )) , (8)

j 1

where    ,  .

5. Identification
5.1 Instrument Variables
Similar with many empirical works of online market place, our model is faced with more critical
challenge of endogeneity. Endogeneity biases arise when firms are allowed to choose or adjust
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product characteristics X given other information which is unobserved to econometrician  jm .
Traditional demand estimation literature (Berry et al 1995, Petrin 2002) assume that firms have
limited freedom to adjust only price in short run, thus impose other characteristics as exogenous.
However, in our case of online service goods marketplace, since some of sellers’ characteristics
are adjusted on a relatively high frequency basis, they might be unable to instrument themselves.
Specifically, only past user generated evaluations are exempt from simultaneity problem since
they are updated by time m  1 , which is earlier than the arrival of market-product level demand
shock at m . Other than past user generated evaluations, sellers can also adjust x21 jm , price,
and x19 jm , the variety of products, given the market and product specific unobserved information.
In addition, seller can adjust their platform endorsement characteristics simply by subscribing
from platform manager, which implies that platform endorsement characteristics could be
outcomes of strategic actions given market and product demand shock  jm . To sum up in an
econometric way,

x

9 jm

, x10 jm , x11 jm , x12 jm , x13 jm , x14 jm , x15 jm , x16 jm , x17 jm , x18 jm , x19 jm , x22 jm 

are highly

possible to be correlated with  jm , which leads harmful biasness towards our estimates.
We follow BLP and Berry (1994) to apply measures of isolation in product space as instrument
variables. The idea is similar to cross-validation which measures how different a product
characteristics is from the market average characteristics. BLP shows that it is solid to use these
instruments when price is the only endogenous characteristic variable and other characteristics
are all taken as fixed and exogenous, which is less demanding than our model in which some of
other characteristics might also be correlated with seller specific shock. Therefore, to use BLP
style instrument variable needs more detailed justification. Note that our model focus on a
market with full competitiveness, other than BLP models with limited competition which focus
on a duopoly or oligopoly cases. A fully competitive market implies that each seller’s
unobserved characteristics can hardly have impact or reshape market average characteristics. In
other words, even seller specific unobserved characteristic is likely to be correlated with seller
specific characteristics or that of competing seller, it is unlikely to be correlated with market
average characteristics when the market is stationary, highly fragmented and fully competitive.
Therefore, we can still use BLP style instrument in our estimation.
Our second set of instrument variables is Villas-Boas-Winer-style instrument variables
(Villas-Boas and Winner 1999), which uses lagged characteristics as instrument variables. Recall
that we define each market as a market in certain time period, Villas-Boas-Winer-style IVs in our
example is a special format of Hausman-style instrument variables (Hausman 1997) if we take
characteristics of a specific seller in other markets as a special form of the average characteristics
of similar seller in the other markets. The intuition behind is that the characteristics of a seller
across time periods are correlated due to the continuity of strategic behavior, but the demand
shocks in different markets (time) are unlikely to be correlated. In other words, demand shock in
time t might result in strategic adjustment of characteristics in time t , however, it will not result
in adjustment of characteristic in time t  1 due to the reversed order.
One common but potential issue with Villas-Boas-Winer-style instrument variables is seller
specific autoregressive demand shock over time. It results in correlation between seller specific
demand shock in time t and that in t  1 , which furtherly leads to correlation between current
period demand and last-period price. However, such issue is alleviated in our model given that
the demand shock across time for specific seller is already explained well by multiple exogenous
variables such as cumulative number of positive evaluation and negative one. This structure of
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model ensures that serial correlated component in  jm can almost be erased. Therefore, we can
use the lagged characteristics as an instrumental variable to substitute for the current period ones
in the model.
Lastly, we include lagged number of sales during time m  1 for each seller as instrument. It is
information visible to consumer, but being dropped from our main model due to high collinearity
with other characteristics variables of evaluation generated by past consumers. It is also difficult
to normalize those variables with regards to lagged cumulative number of sales due to sellers
might have zero sales up in last periods. However, it is uncorrelated with seller specific demand
shock but highly correlated with the strategic action variables including platform endorsement as
well as pricing of sellers. Therefore, we include it as the third type of instrument variables.
5.2 Estimation Result
In this session, we present the estimation results and insights associated with the numbers. We
present mean coefficient as well as variability coefficient for each characteristics with standard
errors. We find that user generated evaluation and sellers’ decisions have intuitive effects on
consumer’s willingness to purchase as validated by past research. However, platform
endorsement might have counterintuitive effects. Specifically, information about highlighted
promotion usually have insignificant or even negative effects. It implies the rationality of
consumer as consumers are able to infer that a transferred cost would be imposed on them given
perfect market. On the other hand, endorsement have direct effects on consumers such as
insurance still have positive effects. All of the numerical results are presented in Table 1.
Table 1. Estimation Results
Variable
Delivery time diff
#Dispute
#Refund required
Avg rating
Rating volumn
#Refund
#Positive eval
#Negative eval
Coupon
Short-term VIP
Threshold discount

Base
Coefficients
-1.21*
(0.93)
-0.11***
(0.02)
-0.11*
(0.10)
0.50**
(0.25)
0.97***
(0.19)
-0.19***
(0.04)
0.69**
(0.25)
-0.09***
(0.02)
0.02
(46.35)
-0.33**
(0.16)
-0.11*
(0.11)

Variability
Coefficients
0.88*
(0.51)
0.27***
(0.06)
0.16***
(0.03)
0.06***
(0.01)
0.11***
(0.03)
0.56***
(0.06)
0.03***
(0.01)
0.08***
(0.02)
1.06
(20.81)
1.01***
(0.31)
1.03***
(0.34)

Variable
Sampler gifts
Short term sale
VIP store
Credit card
Detailed picture
Platform insurance
Guaranteed return
Product variety
Duration
Price
Outside goods

Base
Coefficients
-0.70***
(0.18)
-1.60***
(0.40)
0.23*
(0.19)
-0.17*
(0.10)
0.22
(0.25)
0.64***
(0.15)
-0.44***
(0.07)
0.12**
(0.06)
0.40**
(0.14)
-3.04**
(1.05)
2.35
(3.61)

Variability
Coefficients
1.02***
(0.30)
0.85***
(0.14)
0.86***
(0.20)
0.95***
(0.23)
1.03***
(0.34)
0.23***
(0.05)
0.93***
(0.17)
0.01***
(0.00)
0.10***
(0.01)
0.01***
(0.00)
0.03***
(0.01)
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Abstract
In this paper, we empirically examine that which group you are travelling with can have an effect
on travelers’ satisfaction with hotels they stayed in. The data was collected on Booking.com
which is the No.1 travel website by using our web crawler developed in Python. We analyzed
314 hotels rating data of two to five star hotels located in New York City using econometric
analysis. As a result, it is identified that satisfaction of traveler groups decreases in the order of
couple, friends, family, solo, and business. The group of couples showed the highest satisfaction
while the group of business travelers expressed the lowest satisfaction. By conducting text
analysis with 125,076 reviews, we confirmed that such satisfaction differences can be caused by
differences of travelers’ experiences depending on groups.
Keywords: Online Reviews, Online Travel, Smart Tourism, Hotel Rating, Group Difference

1. Introduction
Travel websites based on social media play a significant role in sharing travelers’ experiences
and travel information as a platform. Also, the travel websites are used frequently to make a
reservation on airline tickets, hotels, and travel related products. Such phenomenon indicates that
it shows a dramatic growth in travel websites and other related markets. In 2011, revenue
occurred in online travel reservation services reached approximately 340 billion dollars and it is
reported that about 39% of Americans make a reservation through online travel websites
(Barclays Capital, 2012). Moreover, Booking.com which is the No.1 online travel website has
monthly unique visitors reaching 40 million in 2015 (“Top 15 most popular”, 2015).
There is not much research on travel websites based on social media although the importance of
such research increases. The majority of the research focuses on CB studies related with the
factors affecting on travelers’ satisfaction, motivations, and decision making (Cohen et al., 2014).
Moreover, such past research are not conducted by using secondary behavioral data of real users
but mostly based on experiments and surveys. Thus, in this study, we proceed our research using
real users’ behavioral data based on social network based websites. In our research, we collected
reviews and rating scores of each hotel from Booking.com which is the No.1 company in the
traveling websites industry.
The purpose of this paper is to find out how different compositions of group members can have
an effect on their traveling experiences. We developed a web crawler using a programming
language called Python in order to collect both the data opened to the public and the detailed data
that is not open on the webpage. These data was analyzed using econometric analysis and text
analysis.
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2. Literature Review
Borges, et al. (2010) find out that, depending on who people are shopping with, the shoppers can
feel the values of shopping differently. More interestingly, they discovered the difference of
shopping experiences depending on three different groups which are composed of friends, family,
and alone respectively. This result is closely related to our research in that travelers feel satisfied
with their hotel differently depending on who they are traveling with.
In the past research, the authors focus on factors affecting on travelers’ reviews and scores on
hotel. Gretzel & Yoo (2008) find out how prices and places can affect the rating and scores of
hotels on the website. Sparks & Browning (2011) argue that hotel customers can be affected by
the early negative reviews. Bulchand-Gidumal et al., (2011) explains in their study that early
reviews of hotels tend to be negative and if the reviews are few, the average ratings are low and
it can affect potential customers searching for hotels.
There are some studies which try to perform a text analysis with hotel reviews. Stringham &
Gerdes (2010) identified the most used words when reviewers are rating the hotels they stayed
through online hotel reviews. The most used words are as follows; “clean”, “staff”, “breakfast”,
“bed”, “price”, “restaurant”, “pool”, “bathroom”, “airport”, “downtown”. Chaves, Gomes &
Pedron (2011) also examine similar research and find out that the most frequently shown words
are “room”, “staff”, “location”, “cleanliness”, “friendliness” and “helpfulness”.

3. Data Description
We collected the data from Booking.com which is the No.1 website related to traveling web
service. A programming language called Python was used to develop a web crawling program
which collects data automatically. By using this program, it was possible to collect not only the
data presented in the website but also unpresented detailed data in the website.
In this study, we chose New York City to narrow down our research scope because New York is
the biggest global city where people with diverse ethnic backgrounds. Moreover, travelers make
a trip to NYC for various purposes such as honeymoon, family trip, business trip, and shopping
tour, etc. Therefore, the purposes of traveling to NYC are relatively evenly distributed. Finally,
NYC was chosen as our sample data since most of the reviews are written in English.
We collected 314 hotels comprised of the minimum number of reviews which are necessary for
the analysis. The data collected in this study includes diverse travelers’ detailed reviews and
scores (ratings) on the hotel they stayed in. Variables used in this research are as follows:
Table 1. Definition and description of the variables
Variable
Grade
Group
Category

Definition
Grade of hotels
Member of people who
they travel with
Specific factors that
travel reviewers can rate

Reviews

The number of reviews

Score

The score that reviewers
give to hotels

Description
From two stars to five stars
Families, Couples, Groups of Friends, Solo Travelers, Business Travelers
Cleanliness, Comfort, Location, Facilities, Staff, Value for Money, Wi-Fi
The number of reviews on each hotel, The number of reviews by group
(families, couples, group of friends, solo travelers, business travelers)
The number of score on each hotel, The score of hotels by group (families,
couples, group of friends, solo travelers, business travelers ), The score of
hotels by categories (Cleanliness, Comfort, Location, Facilities, Staff,
Value for Money, Wi-Fi), The score hotels by group regarding different
categories (ex, The score on Cleanliness given by Family group)
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In this paper, review data was collected to conduct text analysis. The reviews are comprised of
hotel rates, title, date, username, the number of the writers’ review, detail of the trip (purpose of
travel, group, room type, nights of stay, written on mobile or PC etc.). The reviews in
booking.com are divided into pros & cons. A total of the reviews are 125,076 containing 532,045
sentences.

3. Research Question and Hypotheses
The objective of this paper is to show that travelers with companions are happier than those who
travel alone. It is expected that the satisfaction can be different depending on which groups the
travelers belong to (Hypothesis 1). And these gaps of the group satisfaction can be different
depending on categories (cleanliness, service, location, etc.) that the reviewers give score to
(Hypothesis 2). Finally, we suppose that the results from hypothesis 1 & 2 are because each
group that the traveler is engaged to have different traveling experiences (Hypothesis 3).
Hypothesis 1. There is a statistically significant difference in ratings between groups.
Hypothesis 2. There is a statistically significant difference in ratings between groups based on
categories (interaction between group and category).
Hypothesis 3. There is a difference in travelling experiences between groups.
We conducted regression analysis to examine hypothesis 1 & 2 and text analysis to examine
hypothesis 3.

4. Research Methodology
4.1 Ordinary Least Square (OLS)
We performed an Ordinary Least Square (OLS) analysis with additive variables such as
travelers’ group characteristics, hotel review category, and hotel grades. In this case, dependent
variables are average scores (ratings) of hotels, and we controlled the difference made by the
number of reviews by adding the number of reviews as an independent variable. In addition, an
interaction term was added in order to see if there is a category that affects average scores
depending on the characteristics of each group. The econometrics model is as follows:
Yi (Scorei) = β0 + β1 (Number of Reviewsi) + β2 (Type of Groupi * Review Categoryi)
+ δ1 (Hotel Gradei) + δ2 (Type of Groupi) + δ3 (Review Categoryi) + ε
4.2 Text Analysis
For text analysis, we applied two measures: word frequency and the relative centrality of words
within a semantic network (Chaves et al., 2011; Oh et al., 2010; Stringham & Gerdes, 2010).
Eigenvector centrality is a measure of the influence of a node in a network. A node with a high
eigenvector centrality is linked to other nodes with high eigenvector centrality. This measure was
used to compensate the defect which can occur when the word frequency is used only (Oh et al.,
2010). For instance, if the words ‘new’ and ‘well’ have an equal frequency, the eigenvector
centrality between the two words can be different depending on with which word that they
co-occur. In other words, the eigenvector centrality of ‘new’ would be higher than ‘well’ if ‘new’
co-occurs with other important words (e.g. facility, room, hotel) while ‘well’ co-occurs with
words of less importance (e.g. known, done).
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5. Result
5.1 Ordinary Least Square (OLS)
The results of the OLS model show that hotel ratings are affected by which group travelers
belong to. Also, it is identified that the scores are high in the order of group of couple, friends,
family, solo, and business. However, in these results, the interaction of group characteristics and
review categories are not statistically significant. This explains that there is no category which
gives especially a higher or lower score depending on different groups.
Table 2. Ordinary Least Square Results
Grade
3
Grade
4
Grade
5
Group
Couple

OLS
0.83020
***
0.96810
***
1.26900
***
0.33620
***

OLS
OLS
Group
0.15090
Category
0.54140
Family
*
Location
***
Group
0.21250
Category
-0.71780
Friend
**
Service
***
Group
0.13260
Category
-0.07994
Solo
*
Staff
Category
-0.34200
Category
-0.98410
Comfort
***
Value
***
Notes: The Dependent Variable is the Score of Review.

Category
Wi-Fi
Reviews
Group ×
Category
Constant

OLS
-0.66320
***
-0.00043
***
Not
Significant
7.39300
***

There are several reasons why the average scores given by various groups are different. First of
all, past studies defined shopping as a social experience and showed that the values of shopping
can be affected by who the shoppers are with (Borges, et. al, 2010). Applying it to hotel
experiences, satisfaction that travelers feel can also differ depending on who they travel with
even though they stay in the same hotel.
Moreover, roles that the travelers play for their trip can change depending on who they are
travelling with. For example, travelers tend to make a plan for a trip precisely by themselves by
searching for information on hotels, transportation, and schedules when they travel with parents.
It is because they tend to take their parents and show them around the new places. However, if
the same traveler makes a trip with friends or alone, the roles he or she plays can change
dramatically. He or she might shift such chores onto friends or make a schedule vaguely when
they travel with friends or alone. Therefore, it should be considered that satisfaction and values
that travelers feel can be affected by who they travel with.
Next, preparation processes and situations might differ when travelers prepare for their trip. For
instance, if a couple travels together, they might spend more time and money searching for
information on hotels and reservations compared to a travelers who makes a trip alone. In case of
a business trip, the budget is normally set or limited and the travelers tend to decide where to
stay considering certain characteristics of hotels. It is due to the fact that business travelers
normally do not have much time to look for hotels, so they decide a hotel taking account of
locations which are close to their meeting or work. To sum up, a chain of such situations might
have affected the average scores of hotels.
Finally, it should be considered that the demographics of travelers can be different. The average
age of couple travelers can be much younger than those of family travelers or business travelers.
Because of such various reasons, we suppose that the average scores of hotels can differ
depending on different groups.
One interesting result is that the more hotel reviews increase the lower average scores get. There
are several reasons such interesting situation takes places. First, some of the hotels might give
high scores by themselves on several travel websites in order to increase early scores. In case of
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Booking.com, given that reviews written after 14 months are deleted regularly and there is no
abnormally high score of early reviews observed, it is almost impossible that the scores are
manipulated by the hotels. Secondly, because the hotels which have a number of reviews mean
popular places, travelers tend to have a high expectation of the hotels before having an
experience of staying. According to the study of Zeithaml, Berry, & Parasuraman (1993),
expectations play a significant role in determining satisfaction. Teas (1993) argue that
expectations may act as the standard that consumers want when assessing the product or service.
According to the expectancy theory, a travel experience that satisfies or surpasses travelers’
expectations will be remembered positively (Cohen et al., 2014). Discrepancy theory explains
that individuals’ satisfaction is determined by the differences between the perceived outcomes an
individual gets and the expected outcomes (Andereck et al., 2012). In this context, a number of
existing reviews on the website may decrease visitors’ satisfaction because their expectations
might have set too high. In reality, such situations take place quite commonly in the mobile
application market and review websites. It is also observed that the score of apps or products on
websites becomes lower and stable as the number of reviews increases.
Such phenomenon is results opposite to some studies which argue that early reviews on hotel
tend to be negative (Sparks & Browning, 2011; Bulchand-Gidumal et al., 2011). We suppose that
it is due to the fact that Booking.com regularly deletes reviews written after 14 months. In this
aspect, the policy of Booking.com can decrease errors that early negative reviews might cause
and have an advantage of providing the most recent information and status of hotels to travelers.
5.2 Text Analysis
The most frequently used top 10 words in pros reviews are ‘Location’, ‘Room’, ‘Staff’, ‘Hotel’,
‘Great’, ‘Good’, ‘Helpful’, ‘Friendly’, ‘Clean’, ‘Nice’. The findings are similar to results from
the previous research results (Chaves et al., 2011). In the case of cons reviews, the most
frequently used words are ‘Room’, ‘Hotel’, ‘Breakfast’, ‘Small’, ‘Bed’, ‘Staff’, ‘One’, ‘Time’,
‘Night’, ‘Wi-Fi’. Such results have no distinctive difference between groups.
The most frequently used words shown in pros reviews have a greater proportion than those
shown in cons reviews have. In other words, it shows that the factors which reviewers feel
satisfied with are similar. However, there can be various reasons why they feel dissatisfied with
the hotels that they stayed in.
Table 3 below shows differences of important words which appeared in pros and cons reviews
between groups. For example, in the case of family group, the reviewers consider location and
breakfast the most important, and they take their daughters’ opinion seriously. Moreover, the
results show that they enjoy buffet and like to go shopping in stores and watch a show. In the
case of solo group, they are sensitive to noises around the hotel and consider the condition of
room and service important. Moreover, solo groups tend to be more cost-sensitive, and spend
more time using the internet even during the trip, and take hotel security as an important factor.
Also, it is shown that they tend not to endure slow work processing.
Table 3. Relative differences of important words between groups in reviews
Group
Family
Couple
Friends
Solo
Business

What do they think more important?
Location, Breakfast, Daughter, Buffet, Store, Show
Location, New, View, Bar, Restaurant,
Coffee, Wine, Decoration, Downtown
Location, Bed, Shop, Show, Girl, Starbucks
Room, Free, Bathroom, Wi-Fi, Food, Atmosphere
Room, Comfort, Restaurant, Gym, Value, Pillow
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What do they complain more about?
Bed, Breakfast, Crowd, food
Small, Noise, Toilet, Weather, Wi-Fi
Bed, Staff, Taxi, People
Noise, Dirty, Service, Wi-Fi, Price, Secure, Slow
Noise, Dirty, Service, Secure

As shown in Table 3, the results indicate that there are differences on the factors that the
reviewers consider important depending on different groups. According to our results, it is
speculated that the experiences that travelers have can be different as traveling groups are
different. We conjecture that this is the main reason that makes a difference on travelers’
satisfaction depending on who they are travelling with.

6. Discussion
The purpose of this research is to show who you are travelling with can have a significant effect
on travelers’ satisfaction with their hotel. It was possible to identify that satisfaction of travelers
decrease in the order of couple, friends, family, solo, business by conducting regression analysis
based on 314 average data of two to five star hotels located in New York City. The group of
couple showed the highest satisfaction while business travelers expressed the lowest satisfaction.
After our text analysis using reviews, it showed that there is a difference in traveling experiences
depending on groups. We identified that such different traveling experience can be the reason
why travelers feel satisfied differently depending on groups. We expect that such results can be
used to plan and develop a marketing strategy or promotion in business.
One of the limitations of this paper is that a self-selection bias problem among groups still
remains. In other words, before comparing the targets, it is possible to have a difference already
among them. To solve this problem, we supported our research results by examining the
literature reviews and theories but the endogeneity problem still remains. We believe that it is
necessary to solve such self-selection bias in the future studies.
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Abstract
Firms are shifting their social media emphasis from passive listening to active intervening. This
paper investigates the performance implications of managerial response to online word of mouth
(WOM). Using the longitudinal data of online reviews, managerial responses and financial
performance for 730 hotels in a specific U.S. market from 2005 to 2011, we lay out an empirical
strategy to examine the performance effects of managerial responses given different conditions
of online WOM, while dealing with potential estimation challenges of endogenous managerial
response and online WOM, serially correlated financial performance, and unobserved
heterogeneity in hotels. Our findings suggest that managerial intervention should be strategic –
whether and how to respond depends on the different levels of online WOM metrics
Keywords: Online word-of-mouth, Managerial responses, Social media, Endogeneity,
Instrumental variable approach

1. Introduction
Online word of mouth (WOM) has become increasingly important due to the fast growth and
reach of social media. Its business implications are well documented in many studies concluding
that online WOM affects business performance (Chintagunta et al. 2010). Taking the form of an
open-ended piece of text, a managerial response is permanently displayed underneath the
consumer review it addresses and is publicly visible by other consumers (Gu and Ye, 2014). For
a long time, businesses simply soaked up online WOM and have seen the best response to online
WOM is no response. However, the challenges of passively listening to online WOM remain two
folds. First, consumers can be biased in writing reviews due to online herding (Lee et al. 2015)
and self-selection bias (Li and Hitt, 2008), sometimes misleading the perception of other
consumers toward the business. Second, negative online reviews can hurt the business image and
are particularly damaging to its sales efforts (Min et al. 2015). In any case, businesses need
proactive strategies to influence and manage online WOM towards increased business
performance. However, how to offer managerial response to online WOM towards increased
business performance remains a myth in the literature and to the industry.
In this study, we investigate the financial performance implications of managerial response to
online WOM and how its efficacy varies given different conditions of online WOM. Our
analysis uses a large-scale but granular data of managerial responses to online reviews, matched
with financial performance measures at each individual business level, for 730 hotels in a
specific U.S. market from 2005 to 2011. We use an econometrics framework to address
estimation challenges in prior literature: (1) endogeneity in managerial responses, online reviews,
and business performance, (2) serially correlated financial performance, and (3) unobserved
heterogeneity in businesses.
Our findings reveal the varying financial performance effects of managerial response given
different conditions of online WOM metrics in terms of valence and volume. On one hand, when

289

Ali Besharat

a business has only few reviews that are very negative, responding to those reviews may hurt its
financial performance. Interestingly, managerial responses may also harm the financial
performance of a hotel which has an extremely large amount of extremely positive reviews. On
the other hand, when either valence or volume of online reviews is high, the effort of managerial
response on financial performance becomes positive. However, when either valence or volume
of online reviews increases from an extremely low situation to its average range, the negative
impact of managerial response diminishes and becomes not effective. Overall, we advocate that
managerial intervention should be strategic – whether and how to respond depends on the
different levels of online WOM metrics.
Our study provides explicit action plans for managers to effectively utilize the efforts and
resources required to manage online WOM and truly benefit from the wisdom of online crowds.
Our study also contributes to prior literature in which mostly investigate how managerial
response influences consumer perceptions, neglecting the economic justifications due to data
unavailability. Our study fills in this gap by examining the revenue effect of managerial response
given different conditions of online WOM metrics.

2. Theory
Given the prevalence and significance of online reviews for revenue generation, one of the most
recent practices among online service providers is to interact with customers about their
experience and openly respond to reviews on social/online review platforms. Social Exchange
Theory (SET) proposes that social behavior is the result of an exchange process (Blau, 1964).
Reciprocity is probably the best known exchange rule and is based on how social exchange is
made through interpersonal behavior. Reciprocity has been considered the most crucial factor
affecting knowledge sharing within a community and can further influence individuals’
perception of how a particular behavior will be performed (Hummel and Lechner, 2002). An
exchange requires a bidirectional transaction—something has to be given and something
returned. For this reason, interdependence, which involves mutual and complementary
arrangements, is considered a defining characteristic of social exchange (Molm, 1994).
Managerial reaction to online reviews can be considered as a behavioral/reciprocal response to
feedback that is perceived as either kind or unkind.
We believe managers frequently respond to reviews, regardless of their valence, based on
reviews’ potential impact on the bystanders’ perception (e.g., is the review blaming/admiring the
service?) and the intentions behind the review (e.g., is the review posted for constructive/helpful
purposes or for destructive/harmful purposes?). Responding to most online reviews could
potentially benefit service managers because they not only engage consumers who posted the
actual reviews with the business but also influence other prospective customers who witness the
transparent communication between the two parties.

3. Data
Our dataset includes 3,763 managerial responses to 28,443 consumer reviews on TripAdvisor for
730 hotels of a regional market in southern U.S. from January 2005 to June 2011. We matched
the dataset with quarterly financial performance records, including revenue, revenue per
available room, room rate, and occupancy, provided by local revenue comptroller offices. In
particular, revenue and revenue per available room are two key financial performance measures
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widely used in the hospitality industry. We also collect web search volume of TripAdvisor from
Google Trends for the study period, which will be used as part of our instrumental variables in
our analysis. Table 1 gives the variable definitions along with their descriptions, summary
statistics and data sources.

Gender
Vol-Manager

Table 1 Descriptive Statistics
Description
Mean
Std. Dev
Min
Quarterly hotel revenue, including room revenue and
non-room revenue (restaurants, meeting space, 1,351,623 1,756,098 15,205
swimming pools, etc.)
Quarterly revenue per available room in the dollar
67.19
36.97
0.00
term
Hotel class on a scale scheme of 1 to 5 designated by
TripAdvisor, with 1 = budget traveler hotels, 2=
mid-market economy hotels, 3= full service hotels, 4=
2.72
1.05
0.00
above average hotels with some outstanding features
and a broad range of services, and 5=luxury hotels
Number of years since opening
17.43
12.65
1.00
Number of rooms
189.41
184.91
5.00
Number of amenities such as indoor swimming pool,
free high-speed Internet, fitness center, wheelchair
7.90
2.54
0.00
access, and pets allowed
Cumulative average ratings
3.46
0.87
1
Cumulative number of ratings
28.23
47.48
1
Variance of cumulative ratings
1.20
0.67
0
Average reviewer badge points on a scale scheme of 1
to 5 designated by TripAdvisor, with 1=Reviewer,
2.21
0.70
1
2=Senior
3=Contributor,
4=Senior
reviewer,
contributor, and 5=Top contributor
Average years of membership of a reviewer with
0.80
0.65
1.5
TripAdvisor
Dummy variable of reviewer gender, with 1=male and
0.47
0.41
0
0 =female
Cumulative number of management responses
1.90
7.90
0

GTR

Search volume of TripAdvisor site in Google Trends

Dimension
Variable
Revenue
Hotel Level
∙ 7,750 observations
∙ 730 hotels in a regional
market
RevPAR
∙ From January 2005 to
June 2011
Class
∙ From Local revenue
comptroller offices

Age
Size
Amen

Review Level
∙ 28,443 reviews
∙ 3,763 managerial
responses
From TripAdvisor

Valence
Volume
Variance
Badge

Mem

Review Site Level
∙ From Google Trends

56.93

17.35

Max
17,300,000
323.45

5.00

63.00
1840.00
13.00
5
841
8
5

6
1
195

18.38

80.69

4. Model Specification
The unit of analysis is a hotel (i)-quarter (t) combination (i,t). For hotel i that is reviewed on
TripAdvisor in quarter t, its revenue performances of Revenue and RevPAR are given,
respectively, by
Log  Revenue_Performancei,t    0   1:n1 MRt 1  1 SMSi ,t 1  1:n2  MRt 1  SMSi ,t 1 
 1:n3 HCi  1:n4 HCi ,t  ui ,t

.

(1)

On the right-hand side of equation, we have the following variables. SMSi ,t 1 is a vector of the
cumulative online WOM metrics of hotel i up to quarter t, including Valence, Volume, and
Variance and their interaction terms, Valence × Volume and Valence × Variance. MRt 1 is the
cumulative number of managerial responses to consumer reviews by hotel i until quarter t. Then
we created the interaction term between the online WOM measures and managerial responses,
MRt 1  SMSi ,t 1 . The remaining variables are largely “control” variables. HCi denotes a vector of
hotel i’s time-invariant characteristics such as Class and Amen. HCi ,t denotes a vector of hotel i’s
time-varying characteristics such as Age and Size. ui ,t denotes the error term. In line with
previous studies (e.g., Boulding and Christen 2003), we assume three different sources of error
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for i ,t in each equation: unobserved fixed factors, vi , and unobserved random factors, i ,t ,
which further consists of a first-order autoregressive component with parameter  (to capture
dissipating returns) and an idiosyncratic component, i ,t . That is, ui ,t  vi  i ,t and
i ,t  i ,t 1  i ,t . Hence, estimations of Equation (1) allow us to examine the revenue implications
from two perspectives, the total revenue and the revenue per available room, where 1:n ’s are the
2

parameters of interest with respect to the revenue implications of managerial responses to
different conditions of online WOM.
To address estimation challenges including endogenous managerial response and online WOM
metrics in their relation to financial performance variables, serially correlated financial
performance, and unobserved heterogeneity in hotels, we use the estimation procedure in
Boulding and Christen (2003), that consists of the following parts: (i) instrumental variable (IV)
estimations. We identify a set of unique instrumental variables (reviewer experience and
characteristics, search volume of TripAdvisor site in Google Trends, etc.) to sufficiently remove
contemporaneous correlation in the endogenous variables of managerial responses and online
WOM measures with performance measures. For the endogenous online WOM measures, the
characteristics of reviewers who post these online reviews are suitable instrumental variables.
For the endogenous managerial responses, a good instrument candidate would be a variable that
reflects managers’ response strategy but not relates to hotel performance. (ii) Fixed effects
estimation. To obtain the consistent estimate of ρ (the first order autoregressive effect in
i ,t  i ,t 1  i ,t ), we run fixed effects estimations using fitted values of time-varying variables
from (i). (iii) ρ-differencing of data using the estimated value of ρ from (ii) to remove the
first-order autoregressive effect in our dataset. Thus far, our dataset is corrected for
contemporaneous effects and serial correlation. (iv) Fixed effects estimations to obtain estimates
of model parameters. To obtain the consistent estimates of the effects of time-varying variables,
we run the fixed effects estimation using the ρ-differenced of the fitted values of time-varying
variables from the IV-estimation (i). (v) Robustness check with the multilevel mixed-effects
estimation in which we account for unobserved heterogeneity of hotels.

5. Results and Implications
We present the estimation of the revenue effects of managerial response to online WOM in Table
2. The Revenue and RevPAR models using IV-Fixed effects regression and Multilevel Mixed
Effects regression are presented sequentially from Column 1 to 4. We focus on the revenue effect
of managerial response to online WOM. The main effect of Vol-Manager is statistically
insignificant (p>0.05) across all models in Table 2. This finding is not surprising because, by
nature, the main effect of Vol-Manager should not provide any insights given the fact that
managerial responses always co-exist with consumer ratings. Rather, the impact of Vol-Manager
should be explained with Valence and Volume together. Therefore, we focus on how online
WOM metrics moderates the effect of managerial response in this study (or how to provide
managerial response given different conditions of online WOM). As expected, the estimates of
the three-way interaction term among Vol-Manager, Valence, and Volume in Table 2 show that
the relationship among these three variables is indeed statistically significant, demonstrating the
impact of Vol-Manager depends on Valence and Volume together empirically.
Table 2. Revenue Effects of Managerial Response to Online WOM
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Dependent Variable
Online WOM measures
Valence
Volume
Variance
Valence × Volume
Valence × Variance

Instrumental Variable-Fixed Effects
(1)
(2)
Revenue
RevPAR
0.740***
(0.110)
-0.0126***
(0.00191)
0.0844
(0.0572)
0.0445***
(0.00881)
-0.222
(0.161)

0.727***
(0.110)
-0.0125***
(0.00189)
0.0837
(0.0555)
0.0436***
(0.00863)
-0.220
(0.158)

Multilevel Mixed Effects
(3)
(4)
Revenue
RevPAR
0.713***
(0.0916)
-0.00654***
(0.00152)
0.117*
(0.0455)
0.0376***
(0.00571)
-0.137
(0.101)

0.667***
(0.0863)
-0.00403**
(0.00143)
0.122**
(0.0425)
0.0336***
(0.00533)
-0.137
(0.0937)

Managerial intervention in online WOM
-0.0457
-0.0632
0.0592
-0.00158
(0.0704)
(0.0723)
(0.0408)
(0.0344)
0.0665
0.0670
0.0895
0.111*
Vol-Manager ×Valence
(0.0760)
(0.0729)
(0.0516)
(0.0476)
0.00214
0.00236
0.000155
0.000660
Vol-Manager× Volume
(0.00118)
(0.00122)
(0.000657)
(0.000566)
-0.00721**
-0.00728**
-0.00546***
-0.00557***
Vol-Manager× Valence × Volume
(0.00224)
(0.00224)
(0.00128)
(0.00116)
Adj. R-square (Log-likelihood)
0.132
0.136
(-260.5648)
(-117.57762)
172.09(10)
198.31(10)
HT-specification test
p<0.0001
p<0.0001
Standard errors in parentheses, ***Significant at 0.001 level; **Significant at 0.01 level; *Significant at 0.05 level (Based on two-tail
test). Note: the estimates of the time-varying controls (e.g., size and age), ρ,  20 ,  21 , constant are omitted for saving space and
Vol-Manager

available from authors upon request. VIF (variance inflation factor) =3.47 and the total number of observations =1834.

To illustrate separately how Valence and Volume can jointly moderate the effect of Vol-Manager
on Revenue, Figure 1 describes how the revenue effect of Vol-Manager can vary given different
conditions of Valence (Figure 1(a)) and Volume (Figure 1 (b)) respectively. We use three
illustrative lines (5th, 50th and 95th percentiles) to represent different levels (low, medium, and
high) of the moderating variables, Valence and Volume. Asterisks are placed on lines where the
marginal effect of Vol-Manager becomes statistically significant at the 0.05 level.
Figure 1(a) shows the revenue effect of Vol-Manager given different level of Valence for
relatively popular hotels (illustrated by the red line with the 95th percentile of Volume),
somewhat popular hotels (by the green line with the 50th percentile of Volume) and less popular
hotels (by the blue line with the 5th percentile of Volume) with respect to the volume of reviews.
In line with previous literature (Lee et al., 2015), we use the size of reviews to denote product
popularity. We find that, for popular hotels, the increased Valence acts to decrease the marginal
effect of Vol-Manager on revenue; for less popular hotels, increased Valence can actually help to
increase the effect of Vol-Manager on revenue. Figure 1(b) provides another angle to view the
revenue effect of Vol-Manager given different levels of Volume with respect to the valence of
reviews. The line with the 95th percentile of Valence suggests that the marginal effect of
Vol-Manager on revenue decreases for highly rated hotels while the line with 5th percentile of
Valence indicates the marginal effect of Vol-Manager increases for lowly rated hotels, as more
reviews are created or the hotel becomes more popular.
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Figure 1. Marginal Effects of Vol-Manager Vary given different conditions of Valence and Volume
(a) Marginal effect of Vol-Manager for all values of Valence with
(b) Marginal effect of Vol-Manager for all values of Volume
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Estimated coefficient on the three-way interaction term = -0.00721 (Standard error=0.00224, p-value<0.01)
Note: The vertical axes on the left indicate the magnitude of the marginal effect of Vol-Manager on revenue performance. The vertical axes on the
right are for the histogram, which plots the distribution of observations in the sample on Valence in (a) Volume in (b)) depicted on the horizontal
axis. The solid line is the computed marginal effects at different values of Valence in (a) or Volume in (b) and dashed lines are upper and lower
limits of 95% confidence intervals of the marginal effects of Vol-Manager on revenue performance. Asterisks indicate statistical significant at the
5% level.

Our findings suggest that managers should respond when online WOM is of low valence-high
volume and high valence-low volume but not respond when online WOM is of low valence–low
volume and high valence–high volume. We advocate that managerial responses to online reviews
should be strategic–whether and how to respond depends on the specific conditions of online
WOM metrics. In the backdrop of firms shifting their social media emphasis from passive
listening to active intervening, our findings provide important implications for practicing
managers. Using our findings, managers can effectively utilize the efforts and resources required
to manage online WOM and truly benefit from the wisdom of online crowds. The literature on
managerial response to online WOM is still relatively new and more work is needed to guide
practicing managers’ social media strategies. It is necessary to point out the need of replication
by future research to justify and improve our current understanding about the performance
implications of managerial intervention in responding to online WOM in various settings of
businesses.
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Abstract
The mode of O2O(offline to online) is more and more popular especially after the slogan of
“internet+” in China. The objective of this paper is to examine the key factors that influence
online sales of O2O local service. Considering the characteristics of O2O mode, we developed a
theoretical consumer’s utility model. The model predicts that (1)generally, high average rating
will cause an increase of online sales, (2) the impact of variance of rating depends, if consumer’s
expectation is lower than the average rating, variance of rating is negatively related to online
sales, vice versa; in addition, when consumer’s perceived lost from a failure service is big,
consumers will choose the service with high average rating and low variance,(3)lower price or
higher discount also play an important role in driving online sales,(4)location of store has
significant effect on online sales. We collect data of hairdressing and catering from Meituan.com,
and find empirical evidence for the theoretical predictions.
Keywords: O2O, Online Word-of-mouth, Panel Data Model, Meituan

1. Introduction
Recently, with the popularity of e-commerce, especially after the slogan of "Internet +", many
industries choose the internet as their preferred sales channel, including our most closely related
local life service. For example, catering, hairdressing, beauty, recreations are all moving to
online, they choose some e-commerce platforms, meituan.com or lashou.com. It is becoming a
popular marketing strategy for local service retailers to conduct the O2O mode, especially for
small and medium-sized and start-up local businesses. According to statistics from Iresearch,
market for O2O has increased from 74.8 billion in 2011 to 242.3 billion in 2014 with a very
rapid development(www.iresearch.com.cn 2015).
The purchase decision under O2O mode is different from that in traditional E-commerce. The
difference may come from the following aspects. First, the objects that are consumed are
different: physical product verse service. Knowledge about goods (physical products) is
insufficient to understand service quality(Haywood-Farmer 1988). Service provision is a process,
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and consumers know little about the quality of the service before consumption and cannot return
it after consumption although they are not satisfied; service consumption needs high personal
involvement. So the factors that influence O2O consumption will be different. Second,
consumers consumed the service locally, so they have to consider the transportation cost, which
is different from that of traditional e-commerce. Third, there is a big discount when consumers
buy online compared to offline consumption directly. Our paper is trying to figure out the key
factors that influence online sales of local service with O2O mode.
2. Literature Review
2.1 Related Works on O2O Model
The concept of O2O was first put forward in the United States by Alex Rampell who mentioned
it in a paper in TechCrunch. The original meaning of this business model is that retailers tried to
look for consumers online and then took them to the reality in the store, so this is a combination
of online and offline, and simplified as O2O. After, the rise of Groupon let people realize the
great potential of this mode, then running Groupon promotion become the most typical pattern of
this model. Some studies discussed the benefits and pitfalls of this daily deal promotion. Byers et
al. (2012)observed a negative side effect for merchants using Groupon. Then later they gave a
further explanation through statistical analysis and mathematical modeling(Byers et al. 2012).
However, Dholakia et al. (2011) found the groupon promotions to be effective marketing tools
for retail startup businesses in local markets in achieving exposure and stimulating sales.
Edelman et al. (2011) found those firms with low marginal cost or being unknown may benefit
from the price discrimination by offering vouchers.
We can see most of the studies focused on the price discount rather than the advertising role of
this model. In China, after fierce competition among thousands of “Groupon clones”, only
websites like meituan, lashou, wowotuan survived, and they have been free from the form of
group-buying, becoming the e-platforms for local service, but few studies are focusing on this
new mode.
2.2 Effects of Online Word-of-mouth on Sales
Online word-of-mouth has been taken as an important factor that influences online sales. A
meta-analysis was conducted to explore the consequences of online product reviews by Floyd et
al. (2014), however it only examined the most concerned variables: valence and volume of
online reviews. Most of the researches supported the valence and volume of online review affect
online sales (Amblee et al. 2011; Archak et al. 2011; Gu et al. 2012; Zhu et al. 2010). Some
studies only support one of them. Öğüt et al. (2012) chose two variables which reflect the quality
of the hotel including rating and hotel star and found that rating had positive relationship with the
sales.Liu (2006) contains both volume and valance in the regression model but found that the
impact of valence on box office was not significant. Ye et al. (2011) found that the valence was
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significant but the variance was not. However, Sun (2012) found that when the average rating
was low, variance of rating was positively related to demand. The study of beer found that higher
variance of reviews were associated with higher sales growth without any conditions(Clemons et
al. 2006). We can see the conclusions are mixed some times.
Our study contributes to the emerging literature of O2O mode and effect of online
word-of-mouth in the following way. First, we develop a framework to examine the key factors
that influence the online sales of local service with O2O mode. Second, rating from each
consumer is regarded as a stochastic variable reflecting the quality of service, and the average
rating and variance of rating are two important numerical characteristics to describe this
stochastic variable. In this way, we can explain why the effect of online word-of-mouth is mixed
in the extant studies.
The rest of the paper is organized as follows. Section 3 presents the model to explain the key
factors influencing the online sale of O2O service, also the extension of the model and propose
the hypothesis; section 4 presents empirical evidence from hairdressing and catering on
Meituan.com; section 5 is the conclusion.

3. The Model
Consumers read online reviews before purchase. The main uncertainty is the quality of product
or service. Generally, high reputation score indicates a big possibility of high quality
product/service. Consumers make their purchase decisions according to the expected utility.
When the utility is positive, consumers may choose to buy. High utility will cause a high demand
of the product/service. Tirole (1988) gave a model for product with vertical differentiation:
U = αs − p , U is the utility of the consumer, s is the quality of the product, α is the
preference of the consumer, and p is the price. Zeithaml (1988) proposed that consumer’s
overall assessment of the utility of a product depended on perceptions of what was received and
what was given. For the consumption under O2O mode, consumers receive quality and give
corresponding money; in addition, they have to pay transport cost because the consumption is
offline. According to hostelling model, there is horizontal difference among products with the
same quality and price. For example, the stores are located in different places. Combining the
vertical difference and horizontal difference, the utility of the consumer will be U = αs − p − tx,
t is the unit cost of transportation, and x is the distance from the consumer to the location of the
service store. The utility contains three parts, let U1 = αs expresses the first part mainly
indicates the utility received from the quality; U2 = p indicates the utility consumers give in the
way of money; U3 = tx expresses the utility that consumers give in the way of non-pecuniary
such as time cost. In the following part, we will analyze the three parts respectively.
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3.1 Utility from Receiving Quality
Under e-commerce environment, consumers do the purchase decision under risk. Suppose
consumer obtains A (he get high quality service) with a possibility of β, and when the service is
low quality, for the service cannot be returned after consumption, then consumers will perceive a
lost B. Consumers perceive the possibility of getting high quality service by referring to the
reputation system. In an effective system, the reputation information can be a kind of signal of
the quality. The reputation score can reflect the service quality, and rating from consumers is a
stochastic variable. Numerical characters of stochastic variable are expectation and variance.
Suppose online reviews follow Gaussian distribution. Then sample mean is an unbiased
estimator of the expectation of population. We use sample mean and sample variance to
substitute expectation and variance of population. Look at Fig1.
Let μ is the average rating of online review, σ is the variance of online review. In Fig1, a, b, c,
and d is the rating distribution of different retailers respectively. μd = μc , σd > σc , and it
means d and c have the same average rating but have different variance, similarly, μa = μb ,
σa > σb . In addition, σd = σb , μd > μb , similarly, σc = σa , μc > μa . xe is the consumers’
expectation, F(x ≥ xe ) is the possibility of rating bigger than xe . For Fa (x ≥ xe ) <
Fc (x ≥ xe ), no matter what consumers’ expectations are when consumers are facing type a and
type c they will choose c rather than a. Similarly, consumers will choose d rather than b.
When facing a and b, if the average rating is smaller than consumers’ expectation, that is
μ < xe , F(x ≥ xe ) = 1 − F(x < xe ) = 1 − φ(

xe −μ
σ

), for σa > σb , Fa (x ≥ xe ) > Fb (x ≥ xe ),

consumers will choose a rather than b. If the average rating is higher than consumer’s
expectation, which means μ > xe , Fa (x ≥ xe ) < Fb (x ≥ xe ), so consumers will choose b
rather than a. Therefore, s = F(x)A + (1 − F(x))（A − B), that is s = A − (1 − F(x)).U1 =
α(A − (1 − F(x))B).
First, consumer’s utility is the bigger the better. B is negatively related to consumer’s utility. A
have positive effect on consumer’s utility. Second, at a certain level of utility, ceteris paribus, if
B is bigger, F(x > xe ) should be larger and F(x > xe ) > 0.5. In this situation consumers hope
that the variance is small and the average rating is higher than their expectation. It often happens
when it is pure service. When B is small, A is bigger,
0.05
a
although F(x > xe ) is small, consumers may want to
0.04
b
0.03
have a try. It happens in such situations: when the
c
0.02
service contains product provision, although the
d
0.01
service is some kind of failure, consumers still derive
0
utility from the product, so the perceived lost is small, -100
-50 -0.01 0μ xe
50
100
F(x > xe ) can be small.
Fig 1 Distribution of ratings
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Hypothesis1. Valance of online review is positively related to online sales.
Hypothesis2. When the lost of a fail service is bigger, a lower variance and higher valance of
rating corresponds to a higher sale.
3.2 Utility from Giving in the Way of Money
According to the law of demand, price negatively influences the online sales. But in Meituan,
price is significantly lower than in the entity shop, and this increased consumer surplus will bring
a kind of income effect for the consumer which will offset a certain amount of price effect. When
two retailers are compared, we wonder how much the substitution effect of price is. For higher
discount means more transferred to consumers, then more income effect will bring a high
possibility of consumers’ consumption. So we get the following hypotheses.
Hypothesis 3: The online price is negatively related to the online sales.
Hypothesis 4: Higher discount corresponds to higher online sales.
3.3 Utility from Giving in the Way of Non-pecuniary
A very important characteristic of O2O is that the service consumption is offline. Service
consumption needs consumers to be personal involvement and consumers have to spend a certain
amount of time. The smaller the x, the bigger the utility of consumer is. The store should be
located in the area with good flow of people and people there have online shopping habits. So
big shopping mall and university campus are considered when we divide the region.
We divide the region into two categories, and this variable will be introduced to the model as
dummy variable and be denoted as 1 and 0. Retail stores located in prosperous business circle
or around the college campus belong to category 1, and the other 0. This is different from Wei et
al. (2013) which divided the region according to the convenience of the retail store.
Hypothesis 5: Online sales are related to the location of the store.
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Abstract
A considerable amount of marketing research has reported that consumers are more saliently
influenced by friends (strong social ties) than by acquaintances and strangers (weak social ties).
To shed light on the neural and psychological processes mediating such phenomenon, in this
study we designed an amended S1-S2 paradigm (product- [reviewer-review]) that is based on
realistic consumer purchase experiences. The neurocognitive and emotional processes related to
friend and stranger stimuli were delineated to suggest how social ties influence consumers
during their shopping processes. Larger P2 (fronto-central scalp areas) and P3 (central and
posterior-parietal scalp areas) components under stranger condition were elicited successfully.
Electrophysiological data support the hypothesis that different neural and emotional processing
mechanisms underlie friend and stranger effect in the context of consumer purchase.
Keywords: Event-related potentials, P2, P3, Social tie, Social commerce, Purchase intention

1. Introduction
Employing ERP technique (focusing on the change in the human brain signals), neuroscientific
measurement to study consumers’ emotional and cognitive processes has sparked growing
interest in recent years [1]. Compared with traditional empirical analysis, which may not acquire
real and persuasive results due to privacy and subjectivity, neurocognitive method can collect
and analyze the brain’s response using precise instruments, more likely obtaining real reactions
and helping further understand consumer behavior. Based on this, more interest has gradually
accumulated in the consumer neuroscience research such as trustworthiness, consumer decision
making and emotional processing.
Enabled by Web 2.0 technology, a new platform in e-commerce called social commerce has
emerged. It generally refers to the delivery of e-commerce activities and transactions via social
environment mostly in social networks [2]. Compared with traditional e-commerce, where
consumer reviews are shared with unknown online shoppers, in social commerce context, it
focuses on sharing information with friends on social network sits [3]. Because reviews from
friends are regarded as more valuable and trustworthy, it may influence online purchase and play
a pivotal role in social commerce. Prior marketing studies have asserted that friends (strong
social ties) are more influential than acquaintances and strangers (weak social ties) in consumer
decision making [4-6]. However these studies concluded from traditional empirical analysis such
as self-reported survey, they cannot give further explanation about such consumer behaviors.
Thanks to the advances in brain imaging technology allows us to enhance our knowledge about
how consumers process different social tie stimuli and make decision. Particularly in social
commerce context where strong social ties predominate, revealing the tie strength effect from the
neuroscientific dimension will bring a novel perspective on social commerce management and
practice. Therefore, this paper intends to close the gap by examining the friend dominant
phenomenon from the neurocognitive level.
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In this paper, we primarily focus on using electroencephalogram (EEG) technology to analyze
the difference and change of ERP components (main components of EEG) under the friend and
stranger condition. The objective of our experiment is to collect evidence to support the
hypothesis regarding the distinction of underlying cognitive and emotional mechanisms in the
brain when processing social tie (friend and stranger) stimuli during consumer decision making,
that is, friend and stranger can induce different brain processing mechanisms in the processes of
consumers’ shopping decision. Further these findings can be used to assist social commerce
websites and platform designers to arrange their platform layout and optimize platform function
to be more reasonably, impressively and attractively to consumers.

2. Method
2.1 Participants and materials
In our experiments 23 right-handed participants (11 men and 12 women) at Beihang University
were chosen, whose ages ranged from 22 to 32 years old (mean age 26.6) and all of whom take
part in EEG experiment for the first time. All the participants had normal or corrected-to-normal
vision. In the process of analysis, one female subject was excluded because she failed to provide
effective data.
For product domain, 10 bestseller products in social commerce, including watch, digital camera,
film, delicious food and so on were chosen by another 37 candidates based on their greatest
intention to buy in the future. By communicating with selected participants, 10 females and 10
males who were their classmates were picked out as the friend domain. Another 10 females and
10 males who were students from other universities were chosen as the stranger domain. Their
front facial images with neutral expression were collected as the reviewers’ portraits. Thereafter
we collected real online reviews about the 10 products from Taobao and Jingdong (the most
popular e-commerce websites in China) as the review domain, totaling 40 online reviews (4
reviews for each product).
2.2 Stimulus presentation and timing
In a dimly lit sound-attenuated room, participants were seated in a comfortable chair. Before start,
experimental scenario and task were introduced to participants. There were 10 products they
found from browsing a social network. Then they could know who shared it and what comment
the person left. After knowing the review provider and reading his or her review, they should
determine whether they had an intention to buy the product. Stimuli were shown from 1 meter at
the center of a 20 inch monitorwith a visual angle of 6°. Stimuli were controlled by E-prime 2.0
software. The experiment, lasting for a total of 12-15 minutes, included an exercise block of 4
trials and an experiment block of 80 trials. Fig 1 shows the flow diagram of one trial in the
experiment.

+

Product
800ms

The story is
attractive

Film

1000ms

Black screen Reviewer
1000ms

2000ms

Review
2000ms

buy or not
Black screen Purchase intention
1000ms

Fig 1. Flow diagram of the task
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800ms

2.3 EEG recording and analysis
EEG was recorded continuously along the scalp (online bandpass filter 0.3–100 Hz, sampling
rate 500 Hz) using a 64-electrode HydroCel Geodesic Sensor Net 64 2.0, Net Amps 300
amplifier, and Net Station (Version 4.3.1) software. Behavior data was collected by E-prime 2.0
software. After acquisition, ERP components were analyzed offline by Net Station 4.3.1.
Continuous EEG was filtered with 30Hz low-pass filter and segmented by reviewer condition
into 800ms stimulus-epochs from 200ms preceding the onset of reviewer stimulus and lasting for
600ms. After that artificial detection and correction were conducted to eliminate epochs that
were contaminated by overlarge amplitude differences (±200 mV), vertical EOG (eye blinks;
±140uv) and horizontal EOG (±55uv). All marked bad channels were replaced with spherical
splines interpolation based on all of the remaining channels in a given trial. All bad segments
were rejected before averaging ERP data. The average data per channel was re-referenced to an
average reference corrected for the polar average reference effect (PARE). And then the data was
baseline-corrected for the mean voltage of 200 preceding the reviewer stimuli. The corrected
data was used for the following within-participant repeated-measures analysis of variance
(ANOVA).

3. Results
3.1 Behavioral data analysis
All participants gave their responses, so there were 80 valid trials (10 products * 4 reviews * 2
reviewers) for each participant. Using SPSS 19.0 (IBM SPSS Statistics 19), statistical tests were
conducted. The repeated-measures analysis of variance (ANOVA) in two social tie strengths
(stranger and friend) and two purchase decisions (buy or not buy) indicated that the purchase
decision difference was significant[F(1,21)=20.903, P<0.000], and social tie had a significant
influence on purchase decision[F(1,21)=25.310, P<0.000]. Specifically in “buy” condition,
friends’ effects were primary and statistically significant (friend (0.41±0.144) vs. stranger
(0.33±0.132)); while in “not buy” condition, strangers’ effects were dominated and statistically
significant (friend (0.58±0.144) vs. stranger (0.67±0.132)). Considering reaction time, it was
shorter in “not buy” condition than in “buy” one [not buy (943±336) vs. buy (1125±429)], and
the discrepancy was statistically significant[F(1,21)=5.14, P=0.034], accordant with our intuition
that more consideration are taken to make a purchase decision.
3.2 ERPs
Fig 2 shows grand-average ERP waveforms in two conditions in the frontal region (AF3, AFz,
AF4, F3, Fz, F4), central region (C3, Cz, C4) and posterior-parietal region (P3, Pz, P4, PO3, POz,
PO4). We found that the P2 and P3 components were elicited successfully in our results. As
shown in Fig 2, the positive components P2 were obviously observed in each fronto-central
channel for the two conditions. The analysis of P2 mean amplitudes showed a significant main
effect of social tie[F(1,21)=12.981, P=0.002]. Also the main effect of electrode sites was
significant[F(8,14)=4.817, P=0.005]. As shown in Fig 2, the positive P3 components were
obviously discerned from each central and posterior-parietal channel for the two conditions. The
repeated measures ANOVA of mean amplitudes of P3 components showed that there was a
significant main effect of tie strength[F(1,21)=5.122, P=0.034]. But there did not yield
significant main effect of electrode sites[F(8,14)=2.052, P=0.114]band their interactive
effect[F(8,14)=1.275, P=0.33]. The analysis of P3 latencies indicated a salient difference for two
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conditions, and longer latencies were recorded in stranger condition than that in friend condition
( [F(1,21)=19.455, P<0.000] ; friend (366.045±22.78) vs. stranger (383.783±20.09)). No other
effects were shown.
stranger

friend

Fig 2. Grand averaged ERP at fifteen selected electrodes in two conditions

4. Discussion
4.1 Affection processing: P2
In fact, P2 is sensitive to the emotional stimuli [7] and primarily evaluates the affective content
of stimuli [8]. A considerable number of articles have reported the emotional evaluation
processes reflected by P2 amplitude modulation. According to Zajonc [9], the early assessment
of affective connotation is processed automatically and independent of conscious inferences.
Therefore P2 amplitude modulation can indicate the global affective evaluation [10], and its
magnitude can reflect a general evaluation of emotional significance [8]. This line of studies
discovered that compared with feelings aroused by positive stimuli, augmented P2 amplitudes
were elicited in response to negative stimuli. In our study, we also had this “negative bias”.
Specifically seeing friends’ portraits may lead participants to feel some positive emotions such as
comfort, happiness and trust, while looking at strangers’ images may prompt them to feel some
negative affections such as worry, repulsion and distrust, resulting in higher P2 amplitudes. Thus
augmented P2 components under stranger condition implied that strangers’ portraits triggered
more negative affections.
4.2 Attention resource mobilization: P2 and P3
P2 over fronto-central scalp areas is considered as an attention-related component, which can
indicate automatic mobilization of attention resources [10, 11]. Additionally, some findings have
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elucidated that more attention resources are mobilized to emotional than to neutral stimuli [12],
specifically to negative stimuli than to positive ones [10, 13]. In our study, more positive P2
amplitudes elicited by stranger stimuli suggested that the cortical neural response to stranger
stimuli was activated more due to our self-protection and alert awareness. Therefore more
attention resources were garnered when facing strangers’ images in order to facilitate subsequent
psychological and behavior reactions.
Generally, P3 arises during later, high level, cognitive stages when cognitive operations related
to selective attention [14] and attention resource allocation are engaged. Its amplitudes are
proportional to the amount of attentional resources involved in processing given stimuli [15], and
its latency can reflects the time of stimulus classification [16]. Response to a stimulus, P3 marks
the preferential allocation of attention resources to potentially relevant events. This motivated
attention is evoked by stimuli that can trigger motivational processes such as approach or
avoidance [17]. In our study, stranger stimuli were attended selectively and occupied more
attentional resources, resulting in a longer latency to detect and evaluate. One possible
explanation is that compared with friend stimuli, triggering feelings like happiness, comfort and
trust, stranger stimuli may be less positive due to evoking affections like alertness, uneasiness
and distrust. Therefore a close scrutiny may continue long into the period of strangers’ portraits
exposure. The sustained call on attention resources is presumably related to the complex array of
behavioral, emotional and peripheral physiological response manipulated by the brain’s
appetitive and defensive motive systems [17].

5. Conclusion
Opening the black box of the brain has the potential to enhance our understanding about how
friends and strangers influence consumers during their purchase processes, as this article attests.
To deploy our work, a S1-S2 paradigm (product-[reviewer-review]) was designed. The more
positive P2 component evoked in stranger stimuli demonstrated that the emotion evaluation
related to the friend and stranger stimuli occurred during consumer purchasing process, and more
attention resources were allocated to strangers to detect and facilitate subsequent physiological
and behavioral operations. In additionally, conspicuous P3 amplitudes under stranger condition
demonstrated that evaluating, categorizing and processing stranger stimuli manipulated more
attention resources and memory operations, also a close scrutiny continued long into stranger
stimuli, resulting in a larger latent period. All these findings validate our hypothesis that there
indeed is an emotional and cognitive processing distinction when consumers identify their
friends or strangers as reviewers during their shopping processes.
The present ERP results yield new insights into interpreting neural fundament of previous
finding that friends exert more influence than strangers over consumers’ decision making. Our
study suggested during this process emotion evaluation plays a key role. Compared to friends
who are prone to trigger more positive emotions such as comfort, happiness and trust, strangers
are more likely to evoke negative bias affections such as uneasiness, repulsion and distrust. It is
this negative bias emotion that makes suggestions from strangers less impressive, trustworthy
and reliable and weakens their influential power. The attention resource allocation, memory
operation and psychological response also impact consumers’ decision. Therefore in social
commerce context where users communicate mostly with their friends, consumers will enjoy a
more comfort, relaxing and secure shopping experience, which will contribute to stronger
purchase intention. This is one of outstanding competitive advantages in social commerce which
makes it more promising.
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Abstract
In recent years, there has been growing interest in describing the personal characteristics of
decision makers in the supply chain, such as risk attitudes, rationality and fairness. Meanwhile,
the value of information sharing in the supply chain has attracted much attention from both
practitioners and researchers in the past decades. Previous research indicates that the
“personality” affects the decision maker’s behavior. This article uses the one-shot decision
theory (OSDT) to characterize the “personalities” of the decision makers. Based on the
theoretical analysis and computational simulation in the two-level supply chain, the article aims
at addressing the questions: does the personality information sharing contribute to the supply
chain? This article will construct the supply chain management models with personality
information sharing and put forward managerial implications.
Keywords: one-shot decision theory, personality, information sharing, supply chain

1. Introduction
The value of information sharing in the supply chain has attracted much attention from both
practitioners and researchers in the past decades. Most of the works are focusing on demand
information sharing (Lee et al., 1997a; Lee et al., 1997b; Lee et al., 2000; Zhou and Benton Jr,
2007), inventory data sharing (Chen, 1998; Cachon and Fisher, 2000), Inventory cost
Information sharing (Dada and Srikanth, 1987; Parlar and Wang, 1994; Wang and Wu, 2000).
Meanwhile, plenty of works have pointed out that the different personal characteristics of
decision makers lead to different performances of supply chain (Cui et al., 2007; Su, 2008; Qin
et al., 2011). Although the researchers have noticed the importance of individual differences in
supply chain models, until now, the information sharing of participants’ personal characteristics
is still on ‘virgin territory’.
Our decision model is derived from one-shot decision theory (OSDT). Guo (2011) initially
proposed the OSDT for dealing with one-shot decision problems. Several kinds of one-shot
decision making problems have been researched in papers (Guo, 2011; Guo, 2014). For
innovative products (Fisher, 1997), Guo and Ma (2014) investigated a newsvendor models with
the one-shot decision theory (Newsvendor-OSDT). Within the framework of OSDT, the different
behaviors of decision makers result from the different personalities. This paper investigates the
effect of personality information sharing in the supply chain models and intends to answer the
following questions. How to characterize the personalities of decision makers in the supply chain?
Does the personality information sharing contribute to the supply chain?

2. The Personality in Newsvendor Models
In this section, we utilize OSDT to characterize the “personalities” of the decision makers
(retailers) in the newsvendor model, which is a fundamental model in supply chain management
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models. In a single period newsvendor model, the retailer has only one chance to determine the
order quantity and one and only one demand will occur. It is reasonable that the retailer needs to
contemplate which demand ought to be taken into account before ordering products. The retailer
chooses one demand (focus point) amongst all possible ones while considering the likelihood to
which the demand will appear in the future and the satisfaction level that the demand can bring
about for an order quantity. The decision makers are divided into active, passive, apprehensive
and daring personalities according to which type of demand (scenario) they focus on (shown in
Table 1).
Table 1. Four types of personalities

satisfaction
likelihood

higher
lower

higher
active
daring

lower
passive
apprehensive

The retailer’s profit is:
 Rx  ( q  x ) So  Wq; x  q
,
r ( x, q )  
( R  W ) q  Su ( x  q); x  q

(1)

where q is the order quantity, W is the unit wholesale price, x is the uncertain demand, R is the
exogenous unit revenue with R  W . Any excess product can be salvaged at the unit salvage
price So  0 with W  So . If there is a shortage, the unit opportunity cost is Su  0 .
The plausible information of the demand x is represented by a relative likelihood function
 D (x) , that is,

 D : [dl , du ]  [0,1] .

(2)

 D (x) is strictly quasi-concave continuous, d c  (d l , d u ) ,  D (dc )  1 ,  D (dl )  0 and
 D (du )  0 . It should be noted that  D (x) is used for representing the relative degree to which
some demand will occur. It can be obtained by normalizing the probability density function or
the probability mass function. The highest profit of retailer is
ru  ( R  W )d u .
(3)
If setting, W  So  Su , the lowest profit of retailer is

rl  dl R  (du  dl )So  duW .
(4)
The satisfaction function of the retailer is the following strictly increasing function of the
profit r ,
u : [rl , ru ]  [0,1] ,
(5)
where u (rl )  0 and u (ru )  1 .
Active focus point (personality): the active focus point of an order quantity q , denoted as

x1 ( q) , is
x (q) ∈X1 (q) : arg max min[ D ( x), u(r ( x, q))] .
x∈[ dl ,du ]
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(6)

Passive focus point (personality): the passive focus point of an order quantity q , denoted as

x2 ( q) , is
x (q) ∈ X 2 (q) : arg min max[   D ( x), u(r ( x, q))] .

(7)

x[ dl ,du ]

Apprehensive focus point (personality): the apprehensive focus point of an order quantity q ,
denoted as x3 ( q) , is
x (q) ∈X 3 (q) : arg min max[  ( x), u (r ( x, q))] .

(8)

x[ dl ,du ]

Daring focus point (personality): The daring focus point of an order quantity q , denoted as

x4 ( q) , is
x (q) ∈X 4 (q) : arg min max[  ( x),  u(r ( x, q))] .

(9)

x[ dl ,du ]

The optimal order quantities are obtained as follows:
q1  arg max max u (r ( x1 (q), q)) ,

(10)

q2  arg max

min

u (r ( x2 (q), q)) ,

(11)

q3  arg max

min

u (r ( x3 (q), q)) ,

(12)

q4  arg max

max

u(r ( x4 (q), q)) .

(13)


q[ d l , d u ] x1 ( q ) X 1 ( q )


q[ d l , d u ] x 2 ( q ) X 2 ( q )


q[ d l , d u ] x3 ( q ) X 3 ( q )


q[ d l , d u ] x 4 ( q ) X 4 ( q )

3. Supply Chain Management Models with Personality Information Sharing
We examine the personality information sharing in the two-level supply chain
(manufacturer-retailer). The wholesale price contract is adopted in the supply chain. In the
proposed models, the manufacturer produces and sells the product to the retailer. With
conjecturing the retailer’s order quantity, the manufacturer charges a wholesale price of the
product. After observing the wholesale price, the retailer who is facing uncertain demand need to
decide his/her order quantity. It is a typical Stackelberg game in the supply chain where the
manufacturer acts as a Stackelberg leader and the retailer acts as follower. The manufacturer’s
profit is
(14)
P(W , q)  Wq ,
3.1 Make-to-Order Supply Chain
For the wholesale price contract W, the retailer’s optimal response q1 (W ) , q2 (W ) , q3 (W )
or q4 (W ) is obtained in Section 2.1. With consideration of (1), the imagined profit functions of
the manufacturer who is facing active, passive, apprehensive or daring retailer are as follows:
f (W , q1 (W ))  Wq1 (W ) ;
(15)

f (W , q2 (W ))  Wq2 (W ) .
f (W , q3 (W ))  Wq3 (W ) ;

(16)
(17)

f (W , q4 (W ))  Wq4 (W ) .

(18)
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The manufacturer’s optimal wholesale prices when he/she is facing different retailers are as
follows:
(19)
Wi  arg max f (W , qi (W )) , i=1,2,3 or 4.
W


1


2

W , W , W3 and W4 are the optimal wholesale prices of the manufacturer when he/she is
facing active, passive, apprehensive and daring retailers, respectively.
The imagined profit of the whole supply chain when the manufacturer is facing active, passive,
apprehensive or daring retailer is as follows
1  ( R  W1 )q1 (W1 ) ;
(20)



2  ( R W2 )q2 (W2 ) .
(21)
(22)
3  ( R  W3 )q3 (W3 ) ;
4  ( R W4 )q2 (W4 ) .

1


2

 ,  , 
respectively.


3

and 


4

(23)
are called optimal active, passive, apprehensive and daring profits,

3.2 Analysis Results
Lemma 1. The optimal active order quantity q1 is the solution of the following equation:
(24)
u(r ( x, x))   D ( x) , x  (d c , d u ) .
The optimal active demand, i.e. x1 (q1 ) is q1 .
Proof. In Guo and Ma (2014).
Proposition 2. When the manufacturer is facing the active retailer, his/her optimal wholesale
price increases while the most possible demand increases.
Proof.
From (24), we have
 2 f (W , q1 (W ),  ) q1 (W ,  )
 2 q1 (W ,  )

W
.
(25)
W

W
We have
d ( R  S o )  (1   )(d l R  d uW  (d u  d l ) S o )
,
(26)
q1 (W )  u
R  S o  (1   )( R  W )
which lead to
 2 q1 (W ,  ) 2(1   )(d u  d l )( R  S o ) 2

0.
(27)
W
( R  S o  (1   )( R  W )) 3
Since x  (d c , d u ) , we have
q1 (W ,  )
(28)
0.

 2 f (W , q1 (W ),  )
 0 . Referring the concavity of
From (25), (27) and (28), we know
W
f (W , q1 (W )) , we know that the manufacturer’s optimal wholesale price is increasing in  . □
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Proposition 2 provide the managerial insights into the changes of supply chain performance
with the personality information sharing when market grows.

4. Conclusions
This paper examines the personality information sharing in the two-level supply chain. We use
the one-shot decision theory to analyze the behaviors of supply chain participants. The
personalities of the supply chain participants are described in our models. In the future, we will
show the value of personality information sharing in the supply chain. Moreover, the situations
that the retailer is/isn’t willing to share personality information will be discussed.
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Abstract
It is popular that big online retailers (amazon.com, jd.com) open their platform and play as a
marketplace which small sellers can sell products through. Several papers have researched why
these retailers open their platforms, different from them, we examine whether online product
reviews impact the openness of big online retailers’ platforms. Online product reviews are helpful
to decrease the product uncertainty of quality and fit to consumers need. The retailers equip with
greater information system than small sellers, and own bigger consumer base. Two core attributes
of products, quality and fit, can be observed by consumers who combine privacy information and
online product reviews to reduce the uncertainty of products. The results show us that the
symmetric online product reviews can drive the retailer open its platform about fit-dominantquality products but quality-dominant-fit products. The asymmetric reviews will mix the effect and
make it complicated.
Keywords: Openness, Online product reviews, E-commerce platform

1. Introduction
There is an interesting phenomenon that big online retailers (such as amazon.com, jd.com), open
their platform to their competitors. For example, Amazon sells Samsung smart phone, some
sellers also sell it through Amazon’s platform. Strangely, most of these sellers have their own
websites, why they choose to join the retailers’ platform.
Some recent papers have tried to explain the openness of big online retailers’ platform (Jennifer
K. Ryan et.al 2012, Benny Mantin 2014, Jianqing Chen 2015). The mainly reason is that they
can get an additional commission fee from the sellers who join their platforms. For small sellers,
their awareness is at a relative low level. Even though their products are high quality with
reasonable price, only few consumer knows them, obviously, they cannot sell their products to
consumers who do not know them. To join in a big retailer’s platform is a useful way to enhance
their awareness, moreover the value of their products can be enhance. But at the same time, they
will be charge a fixed participation fee or a revenue sharing requirement by the retailer. That
increase the competition between the small seller and big retailer, especially, when the same
product is also sold by big retailer. But these explanations cannot completely answer why the
retailer allow its competitors use its resource and the sellers have willing to join it. Different
from these studies, from the perspective of information systems we examine the effect of online
product reviews on the retailer’s decision about openness.
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With the popularity of user-generated content, most consumers will read the online product
reviews before they order a product online. Even they buy a product offline, a lot of consumers
will make their purchase decision rely on online product reviews when they don’t know the
product too much. Because online product reviews describe the information about the product,
which is useful to reduce the uncertainty about its quality and fit to consumers’ need (Chen and
Xie 2008). The reviews can help to mitigate the quality uncertainty of a smart phone, when they
are talking about its battery life or screen resolution. All consumers prefer high quality to low
quality, if everything else is equal. But consumers have different preference for a same attribute
about fit. Everyone has his specific fit, such as the color, size, or the position of the camera of a
smart phone.
Usually, comparing with the small sellers, the big online retailer has greater information system,
such as big power search engine, the better ability about statistical analysis the online product
reviews. The retailer has bigger consumer base too, consumers have more willing to write a
piece of review because it has more chance to be read by others. So the retailer has better ability
to create online product reviews. If the retailer choose to open its platform, the seller will share
its information system and consumer base. Then more reviews about the seller’s products will be
created after it joining in the platform, which can decrease uncertainty of the products quality
and fit to consumers’ need. More reviews is helpful to enhance the information precision about
products. Is it profitable to decrease the uncertainty of products for the seller through joining the
retailer’s platform? If yes, what is the best pricing strategy? For the retailer, online product
reviews how to impact its openness decision. Let the seller join in its platform, to get more
commission fee whether is really profitable for it under the condition that the precision of
information about products will be lifted. If yes, how to set an appropriate commission fee.
We explore these questions by building a two player game, the basic model considers two kinds
of product and shows some main results in section 2.

2. Basic model and main results
We consider a big retailer A who has a famous platform and sells product A, and a small seller B
who sells product B which is imperfect substitutable to product A. Quality and fit, are two main
attributes of products which consumers derive utility from. To some extent, the quality of a
product decides the highest utility which a consumer can derive from it. We denote the qualities
of product A and B as 𝑥𝐴 and 𝑥𝐵 respectively. About misfit to a product, different person has
different preference and consumers will pay a cost for it. We apply classical Hoteling Model to
describe this kind of horizontal differentiation. Consumers are distributed along of a line of
length one. Product A and product B are located at position 0 and 1 respectively of the line, to
measure the distance from the product A to consumers’ taste as 𝜆, the distance from the product
B as 1 − 𝜆, 𝜆 ∈ [0,1]. Every unit distance, consumer will pay 𝑡, 𝑡 ∈ [0,1]. The net utility that
consumer can derive from product A or B can be expressed as following, where the prices of
products A and B denoted as 𝑝𝐴 , 𝑝𝐵 .
𝑉𝐴 = 𝑈𝐴 − 𝑝𝐴 = 𝑥𝐴 − 𝜆𝑡 − 𝑝𝐴 ,
𝑉𝐵 = 𝑈𝐵 − 𝑝𝐵 = 𝑥𝐵 − (1 − 𝜆)𝑡 − 𝑝𝐵
The net utility difference is as followed:
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𝑉𝐴 − 𝑉𝐵 = (𝑈𝐴 − 𝑈𝐵 ) − (𝑝𝐴 − 𝑝𝐵 ) = (𝑥𝐴 − 𝑥𝐵 ) + (1 − 2𝜆)𝑡 − (𝑝𝐴 − 𝑝𝐵 )
= 𝑥𝐶 + (1 − 2𝜆)t −(𝑝𝐴 − 𝑝𝐵 )
Online product review: without online product reviews, consumers can assess the products
quality difference from private information source. We denote this kind of quality difference
as 𝑥𝐶 . About misfit to a product, the consumer observers a signal 𝑦 which indicates the true
degree of misfit with probability 𝛽𝐶 . With online product reviews, which are public to
consumers, they can renew their assessment about products quality difference and misfit
according to private information. We denote this kind of quality difference as 𝑥𝑅 . To combine
the two sources information, the quality difference can be expressed as 𝛾𝑥𝐶 + (1 − 𝛾)𝑥𝑅 , 𝛾 ∈
(0,1), the value of 𝛾 depends on the relative precision of two source information. Lower
precision of online product reviews implies higher 𝛾. With online product reviews, consumers
can observe more precise signal 𝑦 which indicates the true degree of misfit with
probability 𝛽𝑅 , 𝛽𝑅 > 𝛽𝐶 . We assume the real quality difference is zero and 𝑥𝐶 satisfies uniformly
distribution over [−𝜀, 𝜀]. Different consumer will observe different signals 𝑦, and it satisfies
uniformly distribution over [−1,1].
Online product reviews and platform openness: if the retailer A opens its platform and the
seller B joins the platform (cooperate), more online reviews about quality and fit of product B
can be created, because the retailer A has stronger information system and larger consumer base,
especially, the seller B has not set up its own information system. Then the precision of
information about products quality difference and misfits can be decreased. Without loss of
generality, when the retailer A doesn’t open its platform to seller B (do not cooperate), we
normalize 𝛾 equal to 1, and the signal 𝑦 with probability β𝐶 equal to the true degree of misfit.
When they cooperate, we set 𝛾 = 𝑟, 𝑟 ∈ (0,1), and the signals 𝑦 with probability β𝑅 equal to the
true degree of misfit.
Then, the expected net utility difference is:
𝐸(𝑉𝐴 − 𝑉𝐵 |𝑥𝐶 , 𝑦) = 𝛾𝑥𝐶 + (1 − 𝛾)𝑥𝑅 + (1 − 2𝑦)𝛽𝑡 − (𝑝𝐴 − 𝑝𝐵 )
Do not cooperate, the precision of online product reviews is relative low, then 𝛾 = 1, 𝛽 = 𝛽𝐶 .
Cooperate, the precision of online product reviews is relative high, then 𝛾 = 𝑟, 𝛽 = 𝛽𝑅 .
Timing of the game: at first, the retailer A decides whether to open its platform or not, if yes, set
a proper commission fee θ to maximize its profit. Then the small seller B chooses to cooperate or
not by comparing its profit after joining with before. Finally, they set prices of product A and B
respectively at the same time.
We consider two types of goods: (1) Quality-dominant-fit: consumers pay more attention to
quality than fit, such as search goods. It means that if the misfit product A (B) is at highest level,
but its quality is higher enough than B (A). Consumers choose to buy product A (B) because they
can derive more net utility from product A (B), as figure 1(a). (2) Fit -dominant- quality:
opposite to quality-dominant-fit case, consumers pay more attention to fit than quality, such as
experience goods. It means that even if the quality of product A (B) is lower largely than B (A),
its misfit is at least level. Consumers choose to buy product A (B) because they can derive more
net utility from product A (B), as figure 1(b). −𝜀
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(a) Quality-dominant-fit

(b) Fit-dominant-quality

Figure 1: (a) quality-dominant-fit case, (b) fit-dominant-quality case, the consumer in the
shadow area will buy product A.

2.1 case 1: quality- dominant-fit
Both product A and B are belong to quality-dominant-fit goods in this case. In order to explore
the effect of online product reviews on the openness, we compare profits of the retailer and the
seller in “cooperate” situation with “do not cooperate situation” to find out the equilibriums
strategies for the retailer and the seller. According to figure 1(a), the demands of products A and
B can be formulated as:
1 𝜀
1
1
1
𝐷𝐴 = ∫ ∫
𝑑𝑥 𝑑𝑦 = −
[(𝑝 − 𝑝𝐵 ) − (1 − 𝛾)𝑥𝑅 ]
2 2𝛾𝜀 𝐴
0 [(𝑝𝐴 −𝑝𝐵 )−(1−𝛾)𝑥𝑅−(1−2𝑦)𝛽𝑡]/𝛾 2𝜀
1

[(𝑝𝐴 −𝑝𝐵 )−(1−𝛾)𝑥𝑅−(1−2𝑦)𝛽𝑡]/𝛾

𝐷𝐵 = ∫ ∫
0

−𝜀

1
1
1
𝑑𝑥 𝑑𝑦 = +
[(𝑝 − 𝑝𝐵 ) − (1 − 𝛾)𝑥𝑅 ]
2𝜀
2 2𝛾𝜀 𝐴

Do not cooperate (𝛾 = 1):
𝑚𝑎𝑥 𝜋𝐴 = 𝑚𝑎𝑥 𝑝𝐴 𝐷𝐴 ,
𝑝𝐴

𝑚𝑎𝑥 𝜋𝐵 = 𝑚𝑎𝑥 𝑝𝐵 𝐷𝐵

𝑝𝐴

𝑝𝐵

𝑝𝐵

To find the Nash equilibriums, we can get:
1
𝜀
𝑝𝐴∗ = 𝑝𝐵∗ = 𝜀, 𝐷𝐴∗ = 𝐷𝐵∗ = , 𝜋𝐴∗ = 𝜋𝐵∗ =
2
2

Cooperate (𝛾 = 𝑟):
𝑚𝑎𝑥 𝜋𝐴 = 𝑚𝑎𝑥 𝑝𝐴 𝐷𝐴 + 𝜃𝑝𝐵 𝐷𝐵 ,
𝑝𝐴 ,𝜃

𝑝𝐴 ,𝜃

(1)

𝑚𝑎𝑥 𝜋𝐵 = 𝑚𝑎𝑥 (1 − 𝜃)𝑝𝐵 𝐷𝐵
𝑝𝐵

𝑝𝐵

To find the Nash equilibriums, we can get:
𝑝̃𝐴∗ =

3
3+𝜃
1−𝜃
1
∗
𝑝̃
𝑟𝜀 +
(1 − 𝑟)𝑥𝑅 ,
𝑟𝜀 −
(1 − 𝑟)𝑥𝑅
𝐵 =
3−𝜃
3−𝜃
3−𝜃
3−𝜃
1
𝜃
1
̃𝐴∗ = −
𝐷
+
(1 − 𝑟)𝑥𝑅
2 2(3 − 𝜃) 2(3 − 𝜃)𝑟𝜀
̃𝐵∗ =
𝐷

1
𝜃
1
+
−
(1 − 𝑟)𝑥𝑅
2 2(3 − 𝜃) 2(3 − 𝜃)𝑟𝜀

9 + 6𝜃 − 2𝜃 2
1
3 − 5𝜃 + 𝜃 2
𝑟𝜀
+
(1 − 𝑟)𝑥𝑅 +
[(1 − 𝑟)𝑥𝑅 ]2
2
2
(3 − 𝜃 )
2(3 − 𝜃)2 𝑟𝜀
2(3 − 𝜃)
9 − 9𝜃
1−𝜃
3 − 3𝜃
𝜋̃𝐵∗ =
𝑟𝜀 −
(1 − 𝑟)𝑥𝑅 +
[(1 − 𝑟)𝑥𝑅 ]2
2
2
(3 − 𝜃 )
2(3 − 𝜃)
2(3 − 𝜃)2 𝑟𝜀
̃𝐴∗ =
𝜋
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(2)
(3)

Result 1(𝑥𝑅 = 0): when
Because

9−9𝜃
(3−𝜃)2

9+6𝜃−2𝜃2
(3−𝜃)2

𝑟 > 1, the retailer A has incentive to open its platform.

𝑟 < 1, small seller B always no incentive to join retailer A’s platform. Thus, there

is no chance for the cooperation of retailer A and seller B. But when

18−3𝜃−2𝜃2
2(3−𝜃)2

𝑟 > 1, the whole

̃𝐴∗ + 𝜋̃𝐵∗ >
market profit will higher in cooperation situation than in no cooperation situation, as 𝜋
∗
∗
𝜋𝐴 + 𝜋𝐵 .
Result 2 (𝑥𝑅 ≠ 0): when precision of online product information is high (𝑟 is low), and the
absolute value of public quality difference (|𝑥𝑅 |) is high, the retailer A has willing to cooperate
with the seller B.

Specially, when ε = 1, 𝑥𝑅 ∈ (−1,1), in the shadow area of above figure, there exists 𝜃 ∈ (0,1)
such that retailer A opens its platform and seller B joins it.
2.2 Case 2: fit - dominant- quality
Both product A and B are belong to fit-dominant-quality goods in this case. According to figure
1(b), the demands of products A and B can be formulated as:
𝑦𝐴

𝑦𝐵

𝜀

1
1
1
𝑑𝑥 𝑑𝑦 = −
[(𝑝 − 𝑝𝐵 ) − (1 − 𝛾)𝑥𝑅 ]
2 2𝛽𝑡 𝐴
0
𝑦𝐴 [(𝑝𝐴 −𝑝𝐵 )−(1−𝛾)𝑥𝑅 −(1−2𝑦)𝛽𝑡]/𝛾 2𝜀
1
𝑦𝐵 [(𝑝𝐴 −𝑝𝐵 )−(1−𝛾)𝑥𝑅 −(1−2𝑦)𝛽𝑡]/𝛾
1
1
1
̅𝐵 = ∫ ∫
𝐷
𝑑𝑥 𝑑𝑦 + ∫ 𝑑𝑦 = +
[(𝑝 − 𝑝𝐵 ) − (1 − 𝛾)𝑥𝑅 ]
2𝜀
2 2𝛽𝑡 𝐴
𝑦𝐵
𝑦𝐴 −𝜀
̅𝐴 = ∫ 𝑑𝑦 + ∫
𝐷

∫

Do not cooperate (𝛾 = 1):
̅𝐴 , 𝑚𝑎𝑥 𝜋𝐵 = 𝑚𝑎𝑥 𝑝𝐵 𝐷
̅𝐵
𝑚𝑎𝑥 𝜋𝐴 = 𝑚𝑎𝑥 𝑝𝐴 𝐷
𝑝𝐴

𝑝𝐴

𝑝𝐵

𝑝𝐵

To calculate the Nash equilibriums, we can get:
𝑝̅𝐴∗ = 𝑝̅𝐵∗ = β𝐶 t ,

1
̅𝐴∗ = 𝐷
̅𝐵∗ = ,
𝐷
2

Cooperate (𝛾 = 𝑟):
̅𝐴 + 𝜃𝑝𝐵 𝐷
̅𝐵 ,
𝑚𝑎𝑥 𝜋̅𝐴 = 𝑚𝑎𝑥 𝑝𝐴 𝐷
𝑝𝐴 ,𝜃

𝑝𝐴 ,𝜃

1
𝜋̅𝐴∗ = 𝜋̅𝐵∗ = β𝐶 t
2

(4)

̅𝐵
𝑚𝑎𝑥 𝜋̅𝐵 = 𝑚𝑎𝑥 (1 − 𝜃)𝑝𝐵 𝐷
𝑝𝐵

𝑝𝐵

To calculate the Nash equilibriums, we can get:
3+𝜃
1−𝜃
3
1
𝑝̂𝐴∗ =
β𝑅 t +
(1 − 𝑟)𝑥𝑅 ,
𝑝̂𝐵∗ =
β𝑅 t −
(1 − 𝑟)𝑥𝑅
3−𝜃
3−𝜃
3−𝜃
3−𝜃
1
𝜃
1
̂𝐴∗ = −
𝐷
+
(1 − 𝑟)𝑥𝑅
2 2(3 − 𝜃) 2(3 − 𝜃)β𝑅 t
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̂𝐵∗ =
𝐷

𝜃
1
1
+
−
(1 − 𝑟)𝑥𝑅
2 2(3 − 𝜃 ) 2(3 − 𝜃 )β𝑅 t

3 − 5𝜃 + 𝜃 2
9 + 6𝜃 − 2𝜃 2
1
𝛽
𝑡
+
(1
−
𝑟)𝑥
[(1 − 𝑟)𝑥𝑅 ]2
+
𝑅
𝑅
(3 − 𝜃 )2
2(3 − 𝜃)2
2(3 − 𝜃)2 𝛽𝑅 𝑡
3 − 3𝜃
9 − 9𝜃
1−𝜃
β𝑅 t −
(1 − 𝑟)𝑥𝑅 +
[(1 − 𝑟)𝑥𝑅 ]2
𝜋̂𝐵∗ =
2
2
(3 − 𝜃 )
2(3 − 𝜃)
2(3 − 𝜃 ) 2 β 𝑅 t
̂𝐴∗ =
𝜋

Result 3 (𝑥𝑅 = 0): for

9+6𝜃−2𝜃2
(3−𝜃)2

(5)
(6)

> 1, retailer always has incentive to open its platform.

(9−9𝜃)β

When (3−𝜃)2β𝑅 > 1, small seller B has incentive to join retailer A’s platform, which means that
𝐶

precision of online product information is enough so high that retailer A and seller B will
cooperate with each other.
Result 4 (𝑥𝑅 ≠ 0): excepting that precision of online product information is high enough (𝑟 is
low enough) and public quality difference (𝑥𝑅 ) is positive and not low, both the retailer A and
seller have willing to cooperate. Specially, in the shadow area of below figure, there does not
exist 𝜃 ∈ (0,1) such that the retailer A opens its platform and seller B joins it.
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Abstract
Data mining methods and classical statistical approaches are playing an increasingly critical role
in the field of business intelligence. By using the algorithm of Lasso-Granger, in this paper the
temporal causal networks are constructed based on the analysis of the dynamics relationships
among the closing prices for all the China stocks that were traded over the periods of time from
January 2013 to December 2014. In the networks the modes are the stocks and the links among
two nodes are determined by the Granger Causality test of the corresponding time series data of
stock prices. And then the network properties are analyzed among these causal networks. The
network analysis can provide us with the knowledge of the structure of the China Stock market, e.g.
the dominated industry.
Keywords: Business Intelligence, Lasso, Granger Causality, Network Analysis, China Stock
Market

1. Introduction
As Raisinghani said in the paper of (Raisinghani 2003), Business intelligence is an umbrella term
for describing “concepts and methods to improve business decision making,” concerning tools,
applications, databases, and methodologies. Data mining methods and classical statistical
approaches are playing an increasingly critical role in the field of business intelligence, especially
in the era of data tsunami. Evolving from the earlier citation-based bibliometric analysis, network
analysis is a nascent and bright research branch in business intelligence, and is now widely used in
online community(Baek and Kim 2015) and social network analysis (Fernández-Pérez et al. 2014).
Furthermore, various fundamental technologies or tools have been developed in business
intelligence to help understand the network properties or the relationships in the financial
market(Hu et al. 2012), particularly, in the stock markets(Bonanno et al. 2004; Bonanno et al. 2001;
Gałązka 2011; Onnela et al. 2003; Tse et al. 2010; Tumminello et al. 2010). One of the motivations
is that network analysis has been increasingly considered as an important tool to study the
topology and dynamics of financial systems. Indeed, one of the striking characteristics of financial
systems is the complex dependence relationship among the individual entities in it, the structure of
dependence can be easily captured by using a network representation, where the node in the
network represent the individual entity and the links denotes the dependence relationship among
nodes.
Actually, the prelude for network analysis is inferring dependency network structures as there is
not always a visible network in the financial systems, e.g. the stock market. There has been a
growing interest in inferring dependency network structures based on the time series data of
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financial variables in financial system. The widely used tool for mining the dependency
relationship between time series data is the correlation analysis, e.g. the Pearson correlation
analysis(Tumminello et al. 2010). Based on the correlation analysis, a link is formed between two
time series if they show a significant value of correlation. However, one shortcoming of
correlation analysis is that significant value is negative sometimes. Indeed, if the rule is that a link
is formed when the correlation is positive, but how to deal with the situation of negative
correlations.
Considering the above mentioned shortcoming, in the paper we use an algorithm, which combines
the granger causality test(Granger 1969) and Lasso(Tibshirani 1996), to mine the dependency
network structures among time series data. Indeed, the granger causality approach, which is used
to infer the temporal dependence relationship based on regression methods, has become popular as
its simplicity and extendability(Brovelli et al. 2004). However, in today’s data tsunami, due to the
situation that more and more large-scale time series data is available, classical approaches for
discovering the granger causality are faced with several challenges, e.g. the inconsistency and high
computational complexity. So in this paper we used the lasso techniques to address these problems.
In detail, we adopt the lasso-granger algorithm to construct the temporal causal networks for the
China stock market by focusing on the data set of China stock market which contains daily closing
prices for 2957 stocks from January 2013 to December 2014. And then we analyze the network
properties of these causal networks both from the local and global perspective. The network
analysis can provide us with the knowledge of the structure of the China Stock market: such as the
dynamics of the market, the influence mechanism in the market and the dominated sectors (or
industry).
The rest of the paper is organized as follows: we will begin a brief review on the related work and
then present the Lasso-granger algorithm in Section 2. In Section 3 we present the data set and the
results of network analysis. Finally, we briefly present the conclusion in Section 4.

2. Related Work and the Lasso-granger algorithm
2.1 Network Analysis
Evolving from the earlier citation-based bibliometric analysis, network analysis is a nascent and
bright research branch in business intelligence. As network theory has begun to advance rapidly
with contributions from the field of sociology, mathematics, and computer science since the early
2000s, various fundamental technologies or tools have been developed that is used in business
intelligence to help understand network properties and relationships. Nowadays, network analysis
has been widely used in the field of finance. One strand of literature focuses on the study of
network topology structure and its dynamics during a time of period, especially before and after
economic crisis (Caccioli et al. 2015; Chinazzi et al. 2013; Hale 2012). For example, Chinazzi,
Fagiolo et al. investigate the statistical properties of the International Financial Network (IFN) and
exam whether the 2008 financial crisis has resulted in a significant change in the topological
properties of it (Minoiu and Reyes 2013). Particularly, there are also literatures which mainly
concentrate on the stock market(Bonanno et al. 2004; Bonanno et al. 2001; Gałązka 2011; Onnela
et al. 2003; Tse et al. 2010; Tumminello et al. 2010). E.g., in the paper of(Gałązka 2011) , the
author study the network structure of the Polish stock market and find that there must be a few
stocks whose price fluctuations can powerfully influence the price dynamics of other stocks.
However, as mentioned in Introduction section, in the previous work the dependence network is
inferred by the correlation analysis. Due to the shortcoming of correlation analysis, we refer to
granger causality test to mine the network structure.
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2.2 Granger Causality and Lasso Algorithm
Indeed, the available data set for analysis often involve time series information in many
applications for business intelligence, especially in the field of finance. The question of how to
infer the temporal structure in such time series data thus naturally arises. The granger
causality(Granger 1969) test had been introduced to address these questions as one possible
solution.
Granger causality has been widely used in the area of econometrics. It is based on the idea that a
cause relationship should be helpful in predicting the future effects, beyond what can be predicted
solely based on their own past values by auto-regression(Arnold et al. 2007; Bahadori and Liu
2012). In detail, a time series variable x is said to “Granger cause” another time series y, if and only
if regressing for y in terms of both past values of y and x is statistically significantly more accurate
than doing so with past values of y. In other words, the granger causality test is conducted by two
steps. Firstly, the following two regressions is performed.
𝒒
𝒒
𝒒
𝒙𝒕 = ∑𝒊=𝟏 𝜶𝒊 𝒙𝒕−𝒊
(1);
𝒙𝒕 = ∑𝒊=𝟏 𝜶𝒊 𝒙𝒕−𝒊 + ∑𝒊=𝟏 𝜷𝒊 𝒚𝒕−𝒍
(2)
Where the q is the maximal time lag. And then the F-test is conducted to obtain the p-value which
denotes the significant level. The p-value is used to determine whether or not the result of equation
(2) is a better regression model than with equation (1) with statistically significantly advantage.
We should highlight that the original notion of granger causality was expressed in the form of
linear regression, but there are also some nonlinear extensions in the literature (Hiemstra and Jones
1994).
The original granger causality method as mentioned above is faced with the issue of combinatorial
explosion(Arnold et al. 2007). The Lasso granger method is considered as one way to address such
issues. The Lasso algorithm for linear regression is an incremental algorithm which includes an
approach of variable selection using the L1-penalty term. Suppose there are P number of time
series 𝒙𝟏 , … , 𝒙𝑷 with a time stamps 𝒕 = 𝟏, … , 𝑻. By using the L1-penalty to select variable, the
basic idea of the Lasso-granger algorithm is performed to learn the temporal causal network
among several variables. Particularly, for each time series 𝒙𝒊 , a sparse solution of the coefficient
can be obtained by solving the following Lasso problem.
𝒋

𝟐

𝑻
𝒎𝒊𝒏 ∑𝑻𝒕=𝒒+𝟏 ‖𝒙𝒊𝒕 − ∑𝑷𝒋=𝟏 𝜶𝒊,𝒋
𝒙𝒕,𝑳𝒂𝒈𝒈𝒆𝒅 ‖ + 𝝉‖𝜶𝒊 ‖𝟏 (3)
𝟐

𝒋

Where 𝒙𝒕,𝑳𝒂𝒈𝒈𝒆𝒅 is the concatenated vector of lagged observations, 𝜶𝑻𝒊,𝒋 is the coefficients for
the j-th vector. 𝝉 is the penalty parameter. This optimization problem can be solved by
LARS(Efron et al. 2004) and sub-gradient method(Bertsekas 1999). based on the granger causality
test and the Lasso algorithm, here we introduce the Lasso-granger algorithm as follows.
Procedure Lasso-Granger (X,p)
1), 𝑿 = (𝒙𝟏 , … , 𝒙𝑷 , … ), 𝑿𝒍𝒂𝒈 : 𝑳𝒂𝒈 (𝑿, 𝒑);
2), the temporal causal network 𝑮 = 〈𝑽, 𝑳〉, where V presents the set of nodes— the number of the
time series, L denotes the links between nodes.
3), the Network G is constructed as follows;
 For each time series 𝒙𝒊 in X, 𝝎(𝒙𝒊 ) = 𝑳𝒂𝒔𝒔𝒐 (𝒙𝒊 , 𝑿𝒍𝒂𝒈 );
𝒋
 Link (𝒙𝒊 , 𝒙𝒋 ) as 𝐱 𝒊 𝐱 𝒋 , if 𝒙𝒊𝒕 ∈ 𝝎(𝒙𝒋 ) for some t by 𝒙𝒕 ∉ 𝝎(𝒙𝒊 ) for all t.
𝒋
 Link (𝒙𝒋 , 𝒙𝒊 ) as 𝒙𝒋 𝒙𝒊 , if 𝒙𝒕 ∈ 𝝎(𝒙𝒊 ) for some t by 𝒙𝒊𝒕 ∉ 𝝎(𝒙𝒋 ) for all t.
 No link between (𝒙𝒊 , 𝒙𝒋 ), otherwise.
4), Return the network G.
Based on this algorithm, we infer the network structure of the China stock market.
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3. The data set and the results
3.1 The Data Set
As the miraculous economic development during the past three decades, the China stock market
has grown enormously and become more and more influential among the world stock markets.
Two main exchanges center exist in this market, namely, the Shanghai Stock Exchange (SSE) and
Shenzhen Stock Exchange (SZSE). As the Chinese stock market is an emerging market with many
interesting features, it has been extensively studied in the finance literature (Hussain and Li 2015;
Ye 2014). Motivated by these situations, we use the Lasso-granger algorithm to mine the network
structure of this stock market and then investigate the structure by network analysis. We collect the
daily closing prices of each stock from January 4, 2013 to December 31, 2014. There are 2597
stocks in these two exchanges during this period, and these stocks are classified into 49 industries,
such as finance, power sector and ceramic industry. Particularly, we construct two causal
networks, which represent the structure of the stock market during 2013 and 2014 respectively, by
divide this time series data set into two subsets. The first subset is the daily closing prices in the
period of 04/01/2013-31/12/2013, and the second subset is the data for the year 2014.
3.2 The Results
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Figure 1 the network topology of transportation industry in 2013

Based on the Lasso-granger algorithm and the date set, we construct two temporal causal
networks which represent the structure of China stock market in the year 2013 and 2014,
respectively (referring network of 2013 and network of 2014). Firstly, we present the network
properties of the two networks. For the network of 2013, the total links is 1.7×106, the average
degree and the network density are 1343 and 0.52,respectively. Referring to the network of 2014,
the total links is 1.6 × 106, the average degree and the network density are 1226 and
0.47,respectively. Compared the two networks, we can see that the network of 2013 is denser
and more dependent with each other for the stock prices. Besides, due to the space limitation,
here we only illustrate the network topology for the stock in the transportation industry in 2013,
figure 1 shows the network topology.
We also preform the network analysis on these temporal causal networks. We calculate the total
out-degree of stocks in each industry. This indicator reflects the dominance of the industry as
more out-degree indicates there is more influence to other industries. Figure 2 shows the top 10
dominated industries in the market. We can see that these dominated industries are almost the
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pillar industry for Chinese economy, such as Real estate, Car manufacturer and Electronic
information.
The Top 10 Dominated Industry in 2013

The Top 10 Dominated Industry in 2014

Transportation

Transportation

Building materials

Commercial department

Car manufacturer

Building materials

Commercial department

Car manufacturer

Chemical industry

Real estate

Real estate

Bio-pharmaceuticals

Electron device

Chemical industry

Bio-pharmaceuticals

Electron device

Machinery industry

Machinery industry

Electronic information

Electronic information

0
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1
Out-degree

1.5
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x 10
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Out-degree
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Figure 2 the top 10 dominated industry based on the temporal causal networks

4. Conclusion
Not liking traditional approach of using correlation analysis, in this paper we use the
Lasso-granger algorithm to construct the network structure of China stock market. And then we
analyze the network properties for this market. The network analysis can provide us with the
knowledge of the structure of the China Stock market, e.g. the dominated industry. This is just a
preliminary work for comprehensive study. Research direction includes studying the systemic risk
in China stock market from the network perspective, the spillover effect from one stock market to
other one. We will conduct these work in the future.
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Abstract
This study examines the association between textual risk disclosures in the risk factor section
from 10-K filings and audit fees using a text mining approach. Specifically, we use Natural
Language Processing (NLP) techniques to extract firms’ self-identified risks including financial,
strategic, operational, and hazard risks based on an enterprise risk management framework.
This novel methodology enables us to detect firms’ risk explicitly disclosed in their filings based
on a domain-specific wordlist generated by a superior statistical approach. We find that audit
fees are significantly and positively related to firm-specific textual disclosures in financial,
strategic, and operational risks after controlling for endogeneity. In contrast to prior studies
arguing that firm risk disclosures are likely to be boilerplate, our findings suggest the
informativeness of corporate textual risk disclosures in that they are associated with the risk
perceived by auditors.
Keywords: Textual risk disclosure; audit fee; risk management; text mining

1. Introduction
Management of client risk is of fundamental interest to all auditors to preserve the auditor’s
reputation and mitigate litigation risk. Extant research documents that higher perceived client
risk is associated with higher audit fees (Lyon and Maher 2005; Hay et al. 2006; Venkataraman
et al. 2008; Krishnan et al. 2013). Auditors assess client risk on the basis of client-specific
characteristics, such as financial condition, the level of corporate governance, and the quality of
financial reporting. However, with few exceptions, this line of research typically uses various
measures of accruals as a proxy for implicit client risk (Heninger 2001; Krishnan et al. 2013;
Ghosh and Tang 2015). To date, there is a lack of archival research examining the relation
between corporate textual disclosures in client self-identified risk characteristics and audit fees,
which can be partially attributed to the relatively new text mining technique to accounting and
auditing researchers. Our goal in this paper is to introduce the innovation of measuring risk
disclosures via Natural Language Processing (NLP) techniques, which is widely used in the
linguistic and computer science literatures (Grimmer and Stewart 2013), and document its
association with audit fees.
In particular, we measure clients’ self-identified risks including financial, strategic, operational,
and hazard risks following risk management standards issued by the Institute of Risk
Management (IRM et al. 2002) and the enterprise risk management (ERM) framework by
Committee of Sponsoring Organizations (COSO 2004). We find that audit fees are positively
associated with firm-specific financial, strategic, and operational risk disclosures. Moreover, we
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adopt the principal factor analysis to generate an overall risk measure based on the four risk
types (financial, strategic, operational, and hazard) and find this risk factor is positively related to
audit fees.
Overall, this study contributes to the existing literature in the following ways. First, to the best of
our knowledge, this is the first study to explore the link between client self-identified textual risk
information and audit fees. Previous studies (i.e. Hribar et al. 2014) demonstrate that accrual is
not an exclusive proxy for overall risks, particularly within an auditing research setting.We
follow the framework from the enterprise risk management literature to measure four types of
risks (financial, strategic, operational, and hazard risk). This new framework overcomes the
shortcomings of using accruals as a proxy of clients’ overall risks in the archival auditing
research. Second, this study improves textual mining mothodology used in extant research in
accounting (Kravet and Muslu 2013; Campbell et al. 2014). We adopt NLP technique
consistent with the statistical and domain-specific wordlist approach advocated in recent textual
analysis literature (Li 2010; Henry and Leone 2016) instead of a static dictionary method. In
addition, we utilize this NLP technique to understand meaning of a whole sentence. Instead
earlier textual analysis is based on keyword count. Third, we provide additional evidence against
the “boilerplate generic disclosure” hypothesis (Bloomfield 2008). Hence, our findings provide
direct support for the recent regulatory requirement of adding a new section of risk factor
disclosure in corporate annual filings.

2. Sample Selection and Methodology
Our sample begins with 59,584 observations in Compustatduring year 2003-2012. Then, we
merge it with Audit Analytics to obtain audit fee data. Next, we follow the steps specified in the
four major functional modules to collect raw risk measures in section 1A (risk factor section)
from 10-K filings. This step returns 42,925 observations.. We further delete 10-Ks with zero
financial risk sentences identified in our process, which drops 26,651 observations. We then
delete observation with insufficient data to calculate control variables, which leads to our final
sample of 8,138 observations.
Although previous studies (Kravet and Muslu 2013; Campbell et al. 2014) applied text mining
and Natural Language Processing (NLP) techniques, these studies lack of measurement of
precision and recall. The word frequency count approach in previous studies fails to verify the
closeness of term list to cover the firm risk (recall issue) and fails to verify the closeness of exact
meaning among the terms (precision issue), which is similar to the presence of type I and type II
errors in statistics. This study overcomes the shortcoming of the previous approaches by
developing a framework including four major functional modules. The four major functional
modules consist of data preprocessing, risk-related feature generation, sentence-level topic
classification, and up-level measurement. Each functional module is composed of several core
tasks.
Prior literature has investigated audit pricing, i.e., the fees charged by accounting firms to assess
clients’ financial statements (Abbott et al. 2003, 2006; Hay et al. 2006; Ghosh and Pawlewicz
2009; Hogan and Wilkins 2008; Hribar et al. 2014). When auditors accept an audit engagement,
they carefully assess the risks involved with clients’ operational, strategic, and financial
reporting decisions (Johnstone 2010; Kochetova-Kozloski, et al. 2013; Ghosh and Tang 2015).
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Generally there are three interrelated risks involved: (1) client business risk related to its
profitability and survival; (2) audit risk, the risk that auditors fail to detect a client’s misstatement;
and (3) potential litigation costs and adverse reputational effects for auditors (Bigus 2015; Huss
and Jacobs 1991; Johnstone 2000; Stanley 2011; Gietzmann and Pettinicchio 2014). Therefore,
audit pricing decisions are closely associated with client risk characteristics in not only
accounting and financial reporting method choices, but also daily operational and long-term
strategic business decisions. To summarize, if a client’s perceived risk level changes, auditors
will charge more or less to respond to such a change. More audit effort implies higher audit fees.
Auditors may even charge a risk premium for the future perceived litigation risk. As a result, we
expect a positive association between clients’ risks and audit fees.
Following existing researches in audit fee (Chen et al. 2015; Ashbaugh et al. 2003; Francis et al.
2005; Krishnan et al. 2013; Hribar et al. 2014), we include the various risk measure (RISKS)
together with a number of control variables using the following regressions. To rule out the
concern that other time invariant unobservable firm characteristics simultaneously drive both
audit fees and four client risk variables, we use firm and year fixed-effect regressions in the main
analysis.
LAFEE = β0 + β1RISKS + β2 BIGN + β3SPEC + β4 LNTR + β5 LNAFEE + β6OPINION + β7YE
+ β8 REST + β9 RESTPROB+ β10 ICMW + β11 ACCR + β12 SIZE + β13MTB + β14 LEV
+ β15ROA + β16TANG + β17 FRSALE + β18LSEG + β19 RECINV + β20 LOSS + β21SI
+ β22 EVOL + β23RVOL + FIRMDUM + YEARDUM

(1)

The dependent variable in model (1) is the natural log of audit fees. Our main variable of interest
are industry-adjusted risks, measured as the difference between the count number of risk
keywords from the risk factor section in 10-Ks and the median of industry-level risk based on
three-digit SIC industry in a given year (Kravet and Muslu 2013). We measure separately for
four types of risks: financial risk (FIN_RISK), strategic risk (STR_RISK), operational risk
(OPE_RISK), and hazard risk (HAZ_RISK) and expect a positive association between audit fees
and all risk change measures. In addition, to incorporate various risk proxies into one overall risk
measure for each client, we first generate a new variable, FACTOR, using principal factor
analysis based on the four types of risks.
To rule out the alternative explanation that financial reporting risk is a correlated omitted
variable, we include several key measures of client financial reporting risk, such as previous
years restatements (REST, a dummy variable), restatement probability estimated based on
Dechow et al.’s (2011) model (RESTPROB), stock price volatility (RVOL), earnings volatility
(EVOL). Meanwhile, we include several client characteristic variables. For example, we expect
audit fees are positively correlated to discretionary accruals (ACCR) following Francis et al.
(2005), internal control material weaknesses (ICMW) related to SOX 404 (b) compliance based
on Elder et al. (2009), client firm size (SIZE), leverage (LEV), losses (LOSS), tangible assets
(TANG), receivables, and inventory (RECINV). Auditors are more likely to charge higher fees for
complex business and transactions, so we expect audit fees are higher for clients that have
special items (SI), have more business segments (LSEG), engage more foreign sales (FRSALE).
In contrast, we expect that audit fees are negatively related to market-to-book ratio (MTB), and
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profitability (ROA). We also include a dummy variable indicating if a client’s financial year ends
in December. In addition, we include several auditor related characteristic variables documented
in prior studies including Big N auditors, specialist auditors, audit tenure, and non-audit fee and
audit opinion. Finally, we control for industry and year effect.

3. Empirical Results
Table 2 presents descriptive statistics for our variables. The median of audit fee is $759,944
(corresponding to a natural logarithm value of 13.541). A median firm in our sample has total
assets of $395 million, a leverage ratio of 0.104 (LEV), a market-to-book ratio of 2.096 (MTB),
and a return on asset of 0.072 (ROA). About 46.2 percent of sample firms had losses in the
preceding three years (LOSS), 65.5 percent report non-missing special item, and 3.6 percent
disclosed internal control material weaknesses (ICMW). Untabulated statistics shows a median
firm disclose 24, 53, 2, and 0 keyword/time related to financial, strategic, operational, and hazard
risks.
[Insert Table 2 about Here]
Table 3 presents the Pearson correlation among variables. All the correlation coefficients
between audit fees (LAFEE) and all four types of risks are significant and positive. LAFEE is
positively correlated with BIGN, SPEC, LTNR, YE, REST, ICMW, SIZE, LEV, ROA, TANG,
FRSALE, LSEG, and SI, and is negatively correlated with RESTPROB, ACCR, MTB, RECINV,
LOSS, EVOL, and RVOL. Although correlation coefficients among several variables are
relatively high, the highest variance inflation factor in our multivariate analysis is 4.05,
indicating multicollinearity is not a concern.
[Insert Table 3 about Here]
Table 4 presents the main results of audit fees on four firm-specific risk measures and other
variables using model (1). The result shows that all four firm-specific risk change variables are
positively associated with audit fees, which indicates that auditors charge higher fees for clients
with higher financial, strategic, operational, and hazard risks. The magnitude of the estimated
coefficients should be interpreted as one additional risk words in 10-K corresponds to 0.1-1.8
percent increase in audit fee. Accordingly, one standard deviation of increase in risk words in
financial, strategic, operational and hazard risks for a median firm is related to increase of audit
fee by $19,401, $36,754, $16,361 and $14,486, respectively. In the column (5), we replace risk
measure by a risk factor generated from a factor analysis based on the four types of risks, the
coefficient is strongly significant with a two-tailed p-value <0.0001. This effect is both
statistically and economically significant.
Regarding control variables, audit fees (LAFEE) are positively associated with big N auditor
(BIGN), auditor tenure (LTNR), December year-end (YE), previous restatement (REST),
restatement probability (RESTPROB), internal control material weakness (ICMW), firm size
(SIZE), number of segment (LSEG), receivable and inventory (RECINV), loss (LOSS), special
items (SI), and earnings volatility (EVOL) consistent with the extant literature. Also, LAFEE is
negatively associated with return on assets (ROA). All R2 in the models are around 44 percent.
[Insert Table 4 about Here]

4. Conclusions
The objective of this study is to examine the association between client self-identified risk
disclosures in their 10-Ks and audit fees. We find that textual disclosures in financial, strategic,
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and operational risks are significantly and positively related to audit fees. These results are
robust to several additional analyses such as the principal factor analysis, change specification,
and a two-stage least square to control for the endogeneity.
This study provides a novel approach in measuring clients’ textual risks in auditing research. In
particular, we propose a new framework to analyze risk disclosure from unstructured textual
content. Compared with previous attempts, the framework we propose could improve the
information extraction performance in terms of both precision and recall. In addition, in contrast
to prior studies documenting that firm risk disclosures are more likely to be boilerplate, our
findings support the recent U.S. reporting regulatory requirement of adding a new section on risk
factors in corporate annual reports.
References available upon request
TABLE 1. Sample Selection Process
Total observations from Compustat from 2003 to 2012
Less observations:
Not covered by Audit Analytics
With section 1A risk factor not identifiable from 10-K
With zero financial risk sentence
Without sufficient data to calculate control variables
Final Sample
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Total firm-year
59,584
(1,866)
(14,793)
(26,651)
(8,136)
8,138

TABLE 2. Descriptive Statistics
Variable Name
mean std. dev.
min
p25
LAFEE
13.533
1.289
8.412 12.590
FIN_RISK
26.683 25.530
-9
6.5
STR_RISK
54.030 48.364
-18
15
OPE_RISK
3.615
4.306
-1
0
HAZ_RISK
0.563
1.059
0
0
FACTOR
-0.030
0.900
-1.119
-0.694
BIGN
0.774
0.418
0
1
SPEC
0.276
0.447
0
0
LTNR
1.951
0.872
0
1.386
LNAFEE
11.783
1.700
7.393 10.653
OPINION
0.574
0.495
0
0
YE
0.673
0.469
0
0
REST
0.167
0.373
0
0
RESTPROB
0.069
0.008
0.034
0.064
ICMW
0.036
0.187
0
0
ACCR
0.035
0.040
0.000
0.010
SIZE
6.076
2.001
1.876
4.586
MTB
2.781
3.221 -11.334
1.338
LEV
0.158
0.182
0
0
ROA
0.036
0.189
-1.159
0.011
TANG
0.249
0.222
0.002
0.077
FRSALE
0.228
0.284
0
0
LSEG
0.650
0.713
0
0
RECINV
0.266
0.184
0
0.115
LOSS
0.462
0.499
0
0
SI
0.655
0.475
0
0
EVOL
0.033
0.081
0.001
0.007
RVOL
0.032
0.017
0.009
0.020
GROWTH
1.133
0.370
0.273
0.987
FIN_RISK_IND.AVG.
3.356
6.546
0
0
STR_RISK_IND.AVG.
8.082 14.908
0
0
OPE_RISK_IND.AVG.
0.290
0.884
0
0
HAZ_RISK_IND.AVG.
0.007
0.061
0
0
FACTOR_IND.AVG.
-0.101
0.614
-1.396
-0.583
All continuous variables are winsorized at the 1% and 99% levels.
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p50
13.541
20
43
2
0
-0.219
1
0
1.946
11.775
1
1
0
0.070
0
0.022
5.979
2.096
0.104
0.072
0.175
0.081
0
0.241
0
1
0.014
0.028
1.083
0
0
0
0
-0.197

p75
14.405
40
84
5.5
1
0.409
1
1
2.565
12.948
1
1
0
0.075
0
0.046
7.485
3.491
0.255
0.124
0.357
0.418
1.386
0.376
1
1
0.033
0.040
1.202
5
12
0
0
0.332

max
16.483
104
176
15
4
7.716
1
1
3.555
15.684
1
1
1
0.084
1
0.453
10.750
17.168
0.886
0.362
0.894
1
2.079
0.776
1
1
2.760
0.112
3.575
36
79
6
0.5
2.786

TABLE 3. Pearson Correlation
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

LAFEE
FIN_RISK
STR_RISK
OPE_RISK
HAZ_RISK
FACTOR
BIGN
SPEC
LTNR
LNAFEE
OPINION
YE
REST
RESTPROB
ICMW
ACCR
SIZE
MTB
LEV
ROA
TANG
FRSALE
LSEG
RECINV
LOSS
SI
EVOL
RVOL
GROWTH

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

0.020
0.074
0.059
-0.022
0.048
0.513
0.287
0.324
0.663
-0.191
0.138
0.029
-0.277
0.064
-0.220
0.845
-0.011
0.258
0.240
0.060
0.310
0.266
-0.113
-0.204
0.333
-0.139
-0.344
-0.030

0.833
0.576
0.400
0.897
-0.025
-0.011
-0.074
-0.041
-0.051
0.038
0.043
0.017
0.032
0.086
-0.083
0.064
0.004
-0.217
-0.164
0.086
-0.046
-0.161
0.164
0.037
0.120
0.155
0.099

0.559
0.427
0.864
0.015
0.015
-0.058
-0.019
-0.056
0.074
0.044
-0.024
0.026
0.073
-0.021
0.058
0.009
-0.181
-0.119
0.078
-0.019
-0.190
0.135
0.045
0.096
0.121
0.096

0.341
0.636
0.026
-0.001
-0.007
0.001
-0.030
0.008
-0.002
0.065
0.011
0.048
-0.038
0.046
-0.067
-0.079
-0.225
0.147
-0.076
-0.018
0.095
0.029
0.066
0.088
0.028

0.494
0.001
0.037
-0.031
-0.078
-0.016
0.039
0.025
0.030
-0.006
0.038
-0.083
0.044
-0.015
-0.151
-0.116
-0.006
-0.063
-0.078
0.081
0.005
0.086
0.076
0.051

0.014
0.025
-0.064
-0.023
-0.071
0.058
0.029
0.031
0.033
0.076
-0.053
0.067
0.005
-0.181
-0.158
0.087
-0.024
-0.123
0.128
0.044
0.102
0.141
0.102

0.323
0.335
0.394
-0.140
0.089
-0.015
-0.155
0.027
-0.187
0.518
0.031
0.177
0.151
0.096
0.123
0.082
-0.135
-0.139
0.170
-0.105
-0.269
-0.007

0.170
0.239
-0.079
0.047
-0.021
-0.135
0.014
-0.093
0.298
0.004
0.061
0.076
0.018
0.108
0.086
-0.043
-0.097
0.071
-0.058
-0.144
0.000

0.260
-0.048
-0.026
-0.062
-0.129
-0.033
-0.107
0.319
-0.010
0.043
0.121
0.042
0.071
0.083
-0.013
-0.127
0.100
-0.095
-0.180
-0.047

-0.152
0.053
-0.010
-0.220
-0.012
-0.177
0.672
0.017
0.200
0.243
0.039
0.215
0.232
-0.078
-0.204
0.239
-0.133
-0.311
-0.008

-0.053
-0.057
0.037
-0.051
0.019
-0.177
0.013
-0.101
0.013
-0.058
-0.012
-0.074
0.052
0.038
-0.075
0.001
0.033
-0.005

0.004
-0.059
0.007
0.003
0.094
0.061
0.129
-0.035
0.058
0.031
0.046
-0.155
0.037
0.048
0.029
0.015
0.054

0.024
0.165
0.027
-0.020
-0.031
0.024
-0.028
0.023
-0.012
0.027
0.009
0.065
0.008
0.055
0.035
0.004

0.047
0.111
-0.406
-0.085
-0.090
0.049
-0.451
0.014
0.036
0.401
0.070
-0.004
0.009
0.122
-0.020

0.029
-0.007
-0.003
-0.006
-0.025
-0.022
0.026
0.011
0.014
0.035
0.023
0.007
-0.007
0.005

-0.320
0.056
-0.128
-0.268
-0.185
-0.041
-0.090
0.129
0.244
-0.032
0.274
0.281
0.082

-0.024
0.338
0.381
0.264
0.186
0.244
-0.189
-0.342
0.268
-0.232
-0.466
-0.009

-0.118
-0.009
-0.097
0.025
-0.102
-0.108
-0.035
-0.091
0.025
-0.060
0.121

0.035
0.348
-0.093
0.084
-0.226
0.019
0.199
-0.030
-0.038
0.008

0.120
0.083
0.136
0.186
-0.455
0.006
-0.378
-0.422
0.031

-0.180
0.014
-0.299
-0.152
-0.007
-0.118
-0.101
-0.013

0.051
0.056
0.018
0.171
-0.025
-0.033
0.007

0.052
-0.105
0.127
-0.091
-0.134
-0.026

-0.055
-0.065
-0.073
0.045
-0.052
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25

26

27

28

0.080
0.294 0.023
0.414 -0.023 0.296
0.032 -0.058 0.013 -0.003

TABLE 4. Multivariate Regressions of Audit Fees on Various Risk Disclosure
N = 8,138
FIN_RISK
STR_RISK

Dependent Variable: LAFEE
(1)
(2)
0.001
(3.93)***
0.001
(3.78)***

(3)

OPE_RISK

(4)

(5)

0.005
(2.57)**

HAZ_RISK

0.018
(2.05)**

FACTOR

0.031
(4.08)***
BIGN
0.215
0.217
0.214
0.215
0.217
(4.93)***
(4.95)***
(4.80)***
(4.80)***
(4.95)***
SPEC
0.071
0.068
0.070
0.070
0.070
(1.66)
(1.59)
(1.62)
(1.59)
(1.62)
LTNR
0.041
0.041
0.041
0.040
0.041
(1.84)*
(1.84)*
(1.85)*
(1.83)*
(1.84)*
LNAFEE
0.018
0.018
0.018
0.018
0.018
(1.84)*
(1.84)*
(1.86)*
(1.84)*
(1.85)*
OPINION
-0.004
-0.004
-0.005
-0.005
-0.004
(0.46)
(0.47)
(0.50)
(0.48)
(0.44)
YE
0.215
0.214
0.221
0.213
0.216
(2.49)**
(2.47)**
(2.52)**
(2.47)**
(2.50)**
REST
0.035
0.035
0.036
0.036
0.035
(3.09)***
(3.16)***
(3.18)***
(3.19)***
(3.14)***
RESTPROB
6.503
6.579
6.579
6.638
6.521
(3.41)***
(3.48)***
(3.46)***
(3.43)***
(3.44)***
ICMW
0.177
0.178
0.176
0.178
0.177
(5.11)***
(5.13)***
(5.05)***
(5.06)***
(5.12)***
ACCR
0.188
0.184
0.182
0.187
0.185
(1.46)
(1.44)
(1.45)
(1.50)
(1.45)
SIZE
0.357
0.357
0.357
0.357
0.357
(17.81)***
(18.04)***
(17.94)***
(17.99)***
(17.90)***
MTB
0.000
0.000
0.000
0.000
0.000
(0.02)
(0.00)
(0.05)
(0.01)
(0.02)
LEV
-0.031
-0.029
-0.026
-0.028
-0.029
(0.55)
(0.51)
(0.45)
(0.50)
(0.52)
ROA
-0.388
-0.390
-0.389
-0.388
-0.389
(5.05)***
(5.03)***
(5.03)***
(4.99)***
(5.05)***
TANG
0.083
0.086
0.082
0.085
0.084
(0.78)
(0.81)
(0.76)
(0.78)
(0.79)
FRSALE
0.052
0.052
0.052
0.053
0.051
(0.54)
(0.54)
(0.54)
(0.55)
(0.53)
LSEG
0.057
0.057
0.057
0.057
0.057
(2.02)**
(2.02)**
(1.99)*
(1.98)*
(2.01)**
RECINV
0.325
0.329
0.319
0.324
0.327
(2.58)**
(2.61)**
(2.49)**
(2.53)**
(2.60)**
LOSS
0.038
0.038
0.037
0.038
0.038
(2.47)**
(2.45)**
(2.42)**
(2.41)**
(2.46)**
SI
0.021
0.021
0.021
0.021
0.021
(2.00)*
(1.93)*
(2.02)**
(2.00)**
(1.96)*
EVOL
0.228
0.233
0.231
0.225
0.231
(2.26)**
(2.25)**
(2.28)**
(2.26)**
(2.26)**
RVOL
-0.297
-0.268
-0.307
-0.315
-0.278
(0.47)
(0.42)
(0.47)
(0.49)
(0.44)
Intercept
9.462
9.455
9.463
9.468
9.491
(52.74)***
(52.53)***
(52.70)***
(52.13)***
(53.14)***
R2
0.44
0.44
0.44
0.44
0.44
This table tests the association between audit fees and our risk measures, financial, strategic, operating, hazard risk and an overall risk factor
based on principal factor analysis, in column (1) to (5) respectively. Firm and year fixed-effects are employed; standard error are clustered by
2-digit SIC industry. The t-statistics are presented in parenthesis underneath the estimated coefficients. Symbols *, **, and *** denote two-tail
significance at the 10%, 5% and 1% levels, respectively.
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Abstract
The relation between employee satisfaction and corporate performance has been widely studied
using panel data and survey methodology. We propose a new method to analyze employee
satisfaction from a rich employee review website: Glassdoor.com. Using an existing corporate
value framework, nine categories of employee satisfaction were extracted from review data.
Cross-industry analysis was performed to reveal different value focus of employees. OLS
regression analysis confirmed the significant correlation between overall employee satisfaction
and corporate performance measured by Tobin’s Q. Among the nine categories, Respect and
Quality are significantly correlated to corporate performance.
Keywords: employee satisfaction, corporate performance, corporate culture, text mining, web
crawling, Tobin’s Q, sector analysis

1. Introduction
There have been many studies on how employee satisfaction and corporate culture affect stock
returns and corporate financial performances. In general, it is believed that positive employee
attitudes and behaviors will lead to positive business outcomes (Harter et al., 2002; Koys, 2001;
Edmans, 2011). Edmans (2011) claimed that companies on the Fortune’s list of the “100 Best
Companies to work for in America” have higher long-run stock returns in the overall stock
market. Another study by Guiso (2015) found that increase in integrity is associated with
increase in Tobin’s Q. There is no doubt that today’s companies are more dedicated to corporate
culture than they were before.
However, there are several challenges in this line of research. Firstly, while higher levels of
employee satisfaction are documented to be positively correlated with business performance, it
remains unclear which aspect of employee satisfaction is more valuable. By analyzing company
websites, Guiso et al. (2015) find that 80% of S&P 500 companies state that innovation is their
primary company value, and 70% state that integrity and respect are core values. However, it
remains unclear whether these three categories are embraced by their employees. Secondly, the
majority of extant studies relies on survey data to measure employee satisfaction. While survey
instruments provide validated results, it requires tremendous time and effort to coordinate and
the response rate is sometimes low. It prevents the possibility of performing large scale
cross-industry analysis. Most surveys are close-ended and lack the flexibility to perform
exploratory analysis. Thirdly, some studies have relied on public dataset, such as the Great Place
to Work® Institute (GPTWI) (Edmans, 2011; Guiso et al., 2015). The dataset was obtained by
extensive surveys of employees from more than 1,000 U.S. firms. The survey, which contains 57
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questions, covers topics such as attitudes toward management, job satisfaction, fairness, and
camaraderie (GPTWI: The List/Trust Index© Assessment). Only the best 100 firms to work for
survey data is publicly disclosed. While this is a convenient dataset, studies are limited to the top
100 firms. Similar to survey method, it lacks flexibility in exploratory analysis when researchers
want to add new factors to employee satisfaction measurement.
Social and Economics research are facing great opportunities in the era of big data. Social media
data has been widely used in movie box office prediction, consumer preference analysis and
political studies. Our research aims to utilize a unique social media data from Glassdoor.com to
analyze employee satisfaction and further explore the relationship between employee satisfaction
and corporate performance. We adopted 9 categories of company culture proposed by Guiso
(2015) as our base for text analysis. To the best of our knowledge, this is the first study that
attempted to use text mining to study the relation between employee satisfaction and company
performance. We believe the study will motivate other Social and Economics researchers to look
into text analytics methodology.

2. Research Methodology
In this section, we describe our research methodology, which includes three major components:
Data collection from Glassdoor.com; Text Processing and Satisfaction Category Extraction; and
Corporate Performance Measurement.
2.1 Data Collection from Glassdoor.com
Glassdoor was founded by Robert Hohman, Rich Barton and Tim Besse in 2007 (Glassdoor:
About Us, 2016). Glassdoor contains 475,000+ companies with more than 8 million company
reviews, company ratings, CEO approval ratings, and salary reports from worldwide locations.
The employment positions held by Glassdoor reviewers vary from software engineers in
Technology industry to investment banking analysts in the Financial Services industry. For each
individual review, Glassdoor.com provides an overall company rating and five additional
specific ratings: Culture and Values, Work/Life Balance, Senior Management, Compensation
and Benefits, and Career Opportunities, as well as an open-form section for comments. However,
while overall rating is always available, the specific ratings are optional. It provides an excellent
data source to analyze employee satisfaction.
We develop a web crawling algorithm to crawl the review data from Glassdoor.com. We
examine the reviews for all Fortune 500 firms (2014) and crawl a total of 274,061 reviews from
2008 to 2014. Companies who have less than 100 reviews are then deleted from the list. To
obtain corporate performance data, we further limited only to public traded companies. Our final
dataset contains 281 companies, representing 21 industry sectors with a total of 255,054 reviews.
As in Table 1 Glassdoor Summary Statistics, we divided our sample 281 companies into 21
industry categories based on the industry section list provided by Fortune 500. Companies that
are not classified by Fortune 500 were included in sector “Other”. The top 5 industries with most
reviews are Technology, Retailing, Financials, Telecommunications and Health care.
2.2 Text Processing and Satisfaction Category Extraction
Guiso et al. (2015) proposed a framework of nine categories of corporate advertised value which
include Integrity, Teamwork, Innovation, Respect, Quality, Safety, Community, Communication
and Hard work as shown in Table 2. Relevant keywords of each category are also provided.
Although the authors do not find a strong correlation between advertised value and corporate
performance, the nine categories provide a frame for categorizing aspects of employee
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satisfaction. To extract information relevant to these 9 categories, standard text processing was
performed for data cleaning, noise and stop word removal and stemming. Using a bag-of-words
approach, we index all reviews and extract term frequencies for each category and its respective
relevant keywords. Some of the keywords were modified or dropped due to their ambiguity in
meaning and extremely high document frequency.
Table 1. Glassdoor Dataset Summary Statistics
Industry
Aerospace & Defense
Apparel
Business Services
Chemicals
Engineering& Construction
Energy
Food, Beverages & Tobacco
Food & Drug Stores
Financials
Health Care
Household Products
Hotels, Restaurants & Leisure
Industrials
Material
Media
Motor Vehicles & Parts
Retailing
Technology
Telecommunications
Transportation
Wholesalers
Other
Total

Num_company
7
2
9
9
4
12
14
7
37
30
9
6
9
3
4
6
31
39
11
13
10
9
281

Num_review
7,205
964
4,178
2,994
1,728
3,243
4,884
9,521
38,264
12,135
3,799
7,782
4,100
419
1,166
2,682
49,488
72,891
12,759
6,997
2,388
5,467
255,054

Mean
1,029.29
482.00
464.22
332.67
432.00
270.25
348.86
1,360.14
1,034.16
404.50
422.11
1,297.00
455.56
139.67
291.50
447.00
1,596.39
1,869.00
1,159.91
538.23
238.80
607.44

Median
1,235
482
333
334
399
200.5
215
1,120
558
316
230
589
343
152
243.5
397.5
845
1,012
442
307
193
482

Max.
1,923
626
1,500
681
683
555
1,500
2,844
5,498
1,624
1,762
3,648
1,420
160
554
789
6,870
10,000
4,777
1,980
462
1,675

Min.
118
338
158
132
247
101
114
398
105
105
117
117
105
107
125
116
164
107
125
118
101
119

Table 2. Nine Categories of Advertised Corporate Value (Guiso et al., 2015)
Integrity
Teamwork
Innovation
Respect
Quality
Safety
Community
Communication
Hard work

Integrity + Ethics + Accountability + Trust + Honesty + Responsibility + Fairness +
Transparency + Ownership
Teamwork + Collaboration/Cooperation
Innovation + Creativity + Excellence + Improvement + Passion + Pride + Leadership + Growth
+ Efficiency + Results
Respect + Diversity + Inclusion + Development + Talent + Dignity + Empowerment
Quality + Customer + Needs + Commitment + Dedication + Value
Safety + Health + Work/Life balance + Flexibility
Community + Environment + Caring + Citizenship
Communication + Openness
Hard work + Reward + Fun + Energy

2.3 Corporate Performance Measure
A number of corporate performance indicators have been adopted in previous research including
future stock return, profit rate, sale growth rate and etc. In our preliminary study, we use Tobin’s
Q (Tobin, 1969) as company performance indicator. Tobin’s Q reflects the “value added” of
intangible factors such as management and governance (Hermalin and Weisbach 2001). Other
performance measurements will be added in the future. For each company extracted from
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Glassdoor.com, we retrieved their CUSIP number and collected financial and economic
performance data using the CRSP/Compustat merged database. Tobin’s Q is defined as:
Tobin’s Q = Total market value / Total asset value
(1)

3. Data Analysis
3.1 Top Employee Satisfaction Focus Analysis
We extract words contained in these 9 different categories from 255,054 employee reviews
dataset and sum these 9 category words’ frequency according to 21 Industry sectors. In Table 3,
we present, by industry, the three most common categories mentioned by employees in their
reviews. The Quality category contains many customer-service oriented words such as
“customer”, “quality”, “needs”, and “expectations”. Not surprisingly, Quality is most frequently
mentioned in service industries, including Food & Drug Stores, Hotels, Restaurants & Leisure,
Telecommunications, Retailing, Transportation and Wholesalers. Innovation category consists of
words such as “innovation”, “creativity”, and “improvement”. It appears as Top 1 Category in
Aerospace & Defense, Chemicals, Technology, Engineering & Construction, Industrials, and
Motor Vehicles & Parts. It makes sense that innovation is considered most important by their
employees. Respect category is composed of words such as “development”, “dignity”,
“empowerment” and “diversity”. It appears as Top 1 Category in Energy and Material industry
and has a high overall appearance in other industries. Since diversity, respect, and development
are related to how companies treat their employees, Respect category clearly maintains an
essential part in employee review.
Table 3. Analysis of Employee Satisfaction Focus by Industry
Industry
Aerospace & Defense
Apparel
Business Services
Chemicals
Engineering & Construction
Energy
Food, Beverages & Tobacco
Food & Drug Stores
Financials
Health Care
Household Products
Hotels, Restaurants & Leisure
Industrials
Material
Media
Motor Vehicles & Parts
Retailing
Technology
Telecommunications
Transportation
Wholesalers
Other
Total

Top 1 Category
Innovation
Innovation
Innovation
Innovation
Innovation
Respect
Innovation
Quality
Quality
Safety
Innovation
Quality
Innovation
Respect
Innovation
Innovation
Quality
Innovation
Quality
Quality
Quality
Quality
Quality

Top 2 Category
Respect
Quality
Quality
Quality
Respect
Quality
Respect
Innovation
Innovation
Innovation
Respect
Community
Quality
Innovation
Respect
Quality
Teamwork
Quality
Innovation
Innovation
Safety
Innovation
Innovation

Top 3 Category
Quality
Community
Respect
Respect
Quality
Innovation
Quality
Teamwork
Respect
Quality
Quality
Reward
Respect
Safety
Reward
Respect
Innovation
Respect
Respect
Respect
Innovation
Respect
Respect

3.2 Five Industry Comparison Analysis
Since Technology, Retailing, Financials, Telecommunications and Health care industries
received most reviews among our 21 industry sectors, we further analyze employee review focus
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on these 5 industries. In Figure 1, the nine category word frequencies are normalized accordingly
for cross-sectional comparisons. Overall, Teamwork, Innovation, Respect, Quality, Safety,
Community, Reward are most mentioned in these five industries. However, they vary across
industries. For example, while Safety appears to be most important for the Health Care industry,
Integrity was hardly mentioned at all. In the Technology industry, where Innovation has the
highest word frequency, an employee from Agilent Technologies comments that “I have been
working at Agilent Technologies full-time for more than 10 years Pros; Great people, innovation
at the core.” A reviews by Microsoft employee states, “There is very little innovation and
creativity to be found, Microsoft culture rewards competition against coworkers, conformity and
process.” In Financial industry, employees frequently mention Quality. One comment mentions,
“Bank of America as a company is out of touch with what customer's value, and their most
important priority has become the bottom line.” More insight analysis can be performed to
extract information other than the 9 categories. The dataset clearly provides rich content that
allows for exploratory analysis compared to simple 5 star ratings.
1.200
1.000
0.800

Frequency

0.600
0.400
0.200

0.000

Technology

Retailing

Category
Health Care

Financials

Telecommunications

Figure 1. Five Top Industry Employee Review Focus Analysis

4. Preliminary Correlation Analysis
We perform preliminary correlation analysis between the overall rating of employee satisfaction
as well as the 9 categories word frequencies and company financial performance. Our dependent
variable is Tobin’s Q, which is calculated based on firm’s quarterly performance data from 2008
to 2014 using CRSP/Compustat merged database. Our independent variable is Employee
Satisfaction, where we aggregate and average all the daily ratings from Glassdoor.com by each
quarter. In addition, the nine categories are also used as independent variables by aggregating
normalized frequency of keywords in each category. Although the category extraction is still
preliminary, it still provides additional information to support Employee Satisfaction analysis.
OLS regression is used for correlation analysis. We control Company and Quarter as fixed
effects. Table 4 reports the regression coefficients and the level of significant. Consistent to prior
research, overall Employee Satisfaction (measured by overall rating) is significantly correlated to
Tobin’s Q (p<0.01). Among all nine categories, only Respect and Quality are significantly
correlated with Tobin’s Q. However, they are negatively correlated. One possible reason is that
we only accounted for simple frequency of keywords and ignored sentiment of each category. In
an example review, “The problem is that pager duty are usually 24 hours for 7 days and there is
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little to no respect from management about people that has to work around the clock,” Respect is
mentioned for negative reason. When some companies suffer from many negative comments
mentioned Respect and Customer, other good companies appear to have few mention of these
keywords and thus the normalized frequency is negative associate with Tobin’s Q. Our
preliminary analysis does not capture the sentiment and could affect the testing result.
Table 4. Coefficients of OLS Regression of 9 Categories and Overall Rating
Variables
Overall Rating

Tobin's Q
Variables
Tobin's Q
0.04064***
-0.0468***
Yes
Quality
Company FE
(0.010)
(0.014)
0.02389
-0.036
Yes
Integrity
Safety
Quarter FE
(0.035)
(0.025)
0.01371
-0.0052
6443
Teamwork
Community
Observation
(0.024)
(0.026)
-0.0199
-0.0445
0.00936
Innovation
Communication
R-squared
(0.018)
(0.033)
-0.0538***
-0.0171
Respect
Reward
(0.019)
(0.026)
Standard errors are in parentheses and */**/*** indicate significant level of 10%, 5% and 1%

5. Conclusions and Future Directions
Our study aims to provide a new direction of analyzing employee satisfaction and its relation to
corporate performance. Specifically, we propose to use web data from Glassdoor.com to extract
relevant information of Employee Satisfaction. Compared to traditional survey, this method
allows for various exploratory analysis including cross-industry and in-depth category analysis.
To study the relation between Employee Satisfaction and corporate performance, we further
performed correlation analysis and confirmed the positive correlation between them. In the
future, we plan to control industry sector in correlation analysis and incorporate sentiment
analysis in text mining to achieve more accurate result.

Reference
1. "About Us", May 9, 2016, Glassdoor, https://www.glassdoor.com/about/index_input.htm;
2. Edmans, A. 2011. “Does the stock market fully value intangibles? Employee satisfaction and
equity prices.” Journal of Financial Economics (101:3), pp.621-640.
3. Guiso, L., Sapienza, P. and Zingales, L. 2015. “The value of corporate culture.” Journal of
Financial Economics (117:1), pp.60-76.
4. Harter, J.K., Schmidt, F.L. and Hayes, T.L. 2002. “Business-unit-level relationship between
employee satisfaction, employee engagement, and business
outcomes: a
meta-analysis.” Journal of applied psychology (87:2), p.268.
5. Hermalin, B.E. and Weisbach, M.S. 2001. “Boards of directors as an endogenously
determined institution: A survey of the economic literature” National Bureau of Economic
Research.
6. Koys, D.J., 2001. “The effects of employee satisfaction, organizational citizenship behavior,
and turnover on organizational effectiveness: A unit‐level, longitudinal study.” Personnel
psychology (54:1), pp.101-114.
7. Tobin, J. 1969. “A general equilibrium approach to monetary theory.” Journal of money,
credit and banking (1:1), pp.15-29.

334

