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Keynote Speakers 

 

Keynote Speech: Professor Vijay Mookerjee 

 
 

Vijay Mookerjee is the Charles and Nancy Davidson Chair professor and Information System 

Ph.D. Area Coordinator in Information Systems at the Naveen Jindal School of Management, 

the University of Texas at Dallas. Dr. Mookerjee is also a Distinguished Fellow of the 

INFORMS Information Systems Society since 2011.  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. 

 

Dr. 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. 

 

Dr. Mookerjee’s 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. 

He has published in several premier academic journals, including Information Systems, 

Computer Science, and Operations Research. 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 (CIST), which is held in conjunction with the 

INFORMS national meeting. In the co-authored paper, Dr. 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. Dr. 

Mookerjee said he is most proud of being named a fellow of the Information Systems section 

of INFORMS. 

 

Dr. Mookerjee is a 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. 

 

Dr. Mookerjee has been involved with the Workshop on Information Technologies and Systems 

(WITS), serving as co-chair of the WITS workshop in Australia in 2000.  
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Keynote Speech: Professor D.J. Wu 

 

 

D.J. Wu is the the Ernest Scheller Jr. Chair in Innovation, Entrepreneurship and 

Commercialization, Professor of IT Management, and Area Coordinator in IT Management at 

the Scheller College of Business (SCOB), Georgia Institute of Technology. He graduated from 

the Computer Science and Technology Department of Tsinghua University and received his 

Ph.D. from the Wharton School, University of Pennsylvania.  

 

Dr. Wu’s current research interests include economics of digital innovation and transformation, 

digital business model innovations, platform ecosystems, enterprise information technology, IT 

contracting, online auctions, economics of cloud computing, and machine learning. Dr. Wu’s 

recent work has been published in academic journals including Management Science, 

Information Systems Research, Manufacturing and Service Operations Management, and MIS 

Quarterly. 

 

Prof. Wu has won several best paper awards at international conferences of information systems. 

He received the Byars Award for Faculty Research Excellence in 2013 and in 2017 at SCOB, 

Georgia Institute of Technology. Dr. Wu won the 2014 SCOB Dean’s Award for Teaching 

Excellence. He was selected as a Hesburgh Award Teaching Fellow (2017-2018) and a Provost 

Teaching and Learning Fellow (2018-2020) by Georgia Tech’s Center for Teaching and 

Learning.  

 

Prof. Wu serves as a Department Editor of Information Systems, Management Science. He is a 

past a senior editor for Information Systems Research (2018-2020). He is also the president of 

INFORMS Information Systems Society.  
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 Keynote Speech: Professor Yong Tan 

  
 

Yong Tan is the Michael G. Foster Endowed Professor of Information Systems and Chair of 

Department of Information Systems and Operations Management at the Michael G. Foster 

School of Business, University of Washington, the Chang Jiang Scholar Visiting Chair 

Professor at the School of Economics and Management, Tsinghua University, and a 

Distinguished Fellow of the INFORMS Information Systems Society. He was the founding 

Associate Director of the USTC-UW Institute for Global Business and Finance Innovation. He 

received his Ph.D. in Physics, advised by 2016 Nobel Laureate Professor David J. Thouless, 

and Ph.D. in Business Administration, both from the University of Washington. He was a 

postdoctoral fellow at the University of Strathclyde and a visiting scientist at the Laboratoire 

de Physique Quantique, Université Paul Sabatier. 

 

Dr. Tan’s research interests include electronic, mobile and social commerce, big data, 

economics of information systems, social and economic networks, and health IT. He has over 

80 papers published or forthcoming in Management Science, Information Systems Research, 

Operations Research, Management Information Systems Quarterly, Journal of Management 

Information Systems, Production and Operations Management, INFORMS Journal on 

Computing, IEEE/ACM Transactions on Networking, IEEE Transactions on Software 

Engineering, IEEE Transactions on Knowledge and Data Engineering, IIE Transactions, 

European Journal on Operations Research, Decision Support Systems, among others. 

 

Dr. Tan served as an associate editor of Information Systems Research and Management 

Science, and is now a senior editor of Information Systems Research and Journal of Electronic 

Commerce Research and on the board of editors of Journal of Management Information 

Systems. He was a co-chair of Conference on Information Systems and Technology (CIST 

2010), the cluster chair of 2012 INFORMS Information Systems Cluster, a track co-chair of 

International Conference on Information Systems (ICIS 2013 and 2021), a co-chair of 

Workshop on Information Technologies and Systems (WITS 2014), and a co-chair of 

INFORMS Workshop on Data Science (2019). He received 2017 Management Science Best 

Paper Award in Information Systems, Association for Information Systems (AIS) Best 

Publication of 2012 Award, 2012 Information Systems Research Best Paper Runner-Up Award, 

Andrew V. Smith Award for Excellence in Research, Pacific Coast Banking School Dean’s 

Leadership Award, Dean’s Award for Excellence in Research, Dean’s Research Award, Dean’s 

Junior Research Award, Lex N. Gamble Family Award for Excellence in the Field of E-

Commerce, Ph.D. Program Mentoring Award, Faculty Recognition Award for the Master of 

Science in Information Systems Program, Undergraduate Professor of the Year Award, and 

Management Science Meritorious Service Award. The doctoral students he advised were placed 

in top information systems programs such as Carnegie Mellon University, Purdue University, 

Indiana University, University of Texas at Dallas, Arizona State University, University of Notre 

Dame, Georgia State University, University of Florida, and University of California, Irvine. 
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Best Paper 
Tian Lu, Tingting Song, Xianghua Lu. Can Online-Merge-Offline Technology Create 

Incremental Revenues in Offline Retail? 

 

Best Paper Runner-up 
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Information Systems. 
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The Effect of Voice AI on 

Consumer Purchase and Search Behavior 

Chenshuo Sun 
NYU Stern 

csun@stern.nyu.edu 

Zijun Shi 
HKUST 

juneshi@ust.hk 

Xiao Liu 

NYU Stern 

xliu@stern.nyu.edu 

Anindya Ghose 

NYU Stern 

aghose@stern.nyu.edu 

Abstract 
Voice-activated shopping devices (voice AI), such as Amazon’s Alexa or Alibaba’s 

Tmall Genie, as a new channel for shopping, are gaining popularity among 

consumers worldwide. It has become important, therefore, to understand how the 

voice AI adoption affects consumer shopping behaviors. In this paper, we use 

large-scale archival data containing consumer-level browsing and purchase records 

from one of the world’s largest online retailers, Alibaba, who has developed and 

launched its own voice AI product called Tmall Genie to empirically identify our 

results. The results show that consumers on average spend 19.5% more money and 

browse 13.6% pages as a result of adopting the voice AI, corresponding to 

approximately US$ 493 million increase in annual sales revenue. The effect on 

purchase is stronger for younger consumers and male, and the effect on browsing is 

more salient for female. We also find that although the positive effects could shrink 

over time, they still remain significant after eight weeks, and so are the effect on 

browsing. Moreover, the voice channel does not cannibalize other purchase channels 

(PC and mobile); rather, it has a positive spillover effect on the PC channel. Lastly, 

the impact of voice AI adoption on purchase is stronger for products that do not 

require active search or comparison, such as product categories with low 

substitutability or high purchase frequency. To summarize, we demonstrate that the 

adoption of voice AI has enhanced the growth of the digital sales market in the 

world’s largest e-commerce platform. The findings provide useful implications for 

both e-commerce companies and businesses that harness voice-assisted shopping. 

 Keywords 
Voice assistant ▪ voice shopping ▪ e-commerce ▪ causal impact ▪ heterogeneity ▪ channels 
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Voice-controlled smart devices are gaining popularity. In 2020, there will be 4.2 billion digital 

voice assistants being used in devices around the world. 1  In the U.S., households now 

own roughly 118.5 million devices2 such as Amazon Alexa (and Echo), Google Home, and 

Apple Homepod (Figure 1 upper panel). In China, millions of consumers have adopted Tmall 

Genie, Baidu Xiaodu, and Xiaomi Xiaoice (Figure 1 bottom panel). 3 

Figure 1. Examples of Voice-controlled Smart Devices 

 

As these devices take off, voice-activated shopping—or placing orders by talking to artificial 

intelligent (AI) devices—is showing signs of considerable growth. For example, Amazon Alexa, 

launched in 2014, saw voice-shopping triple during the 2018 holidays versus the year earlier. In 

April 2019, Walmart collaborated with Google to bring “Walmart Voice Order” which allows 

consumers using Google Home to purchase products directly from Walmart's online shopping 

portal by simply telling the voice AI what they want (Cohen, 2019). A survey by Adobe 

Analytics found that 22 percent of home speaker owners polled use their devices for shopping,4 

                                                 
1 Cited from 

https://www.statista.com/statistics/973815/worldwide-digital-voice-assistant-in-use/ 
2
 Cited from 

https://www.cbinsights.com/research/facebook-amazon-microsoft-google-apple-voice/?utm_source=CPG+%26+Ret

ail+Insights&utm_campaign=b0d7d8c243-CPGNL_04_24_19_copy_50&utm_medium=email&utm_term=0_5a34a

f6e3b-b0d7d8c243-91840793 
3 The contemporary use of the major voice assistant devices is provided in the Appendix. 
4 Cited from 

https://www.marketwatch.com/story/the-booming-smart-speaker-market-and-the-services-it-will-help-2018-01-18 
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and another study by PwC found that 10 percent of the U.S. voice-AI users it sampled place 

orders by voice on a daily basis.5  

Despite the significance of voice shopping to our daily lives and the global economy, little is 

known about how consumers’ shopping behavior is altered by voice-activated shopping. Voice 

shopping can affect a consumer’s purchase journey, from consideration (search) to the final 

transaction. For example, a consumer who sees a video featuring lipsticks by a popular cosmetics 

blogger can immediately ask, “Alexa, what are the best-selling lipsticks?” to start the search 

process and finally place an order by saying “Checkout my cart.”6 The direction of the impact on 

purchase or search is a priori unclear. Two contradictory effects could be at work simultaneously. 

On the one hand, a voice AI allows multi-tasking and enables us to stay hands-free, thereby 

making it easier for consumers to find a product and complete a transaction, leading to smoother 

searches and increased purchases. On the other hand, research on auditory consumer behavior 

indicates that information presented by voice is usually more difficult to process than that 

presented in text or visually (e.g., Munz and Morwitz, 2020), which may lead consumers to defer 

their searches and purchases. Moreover, a digital device (like a tablet or a smartphone) or a 

brick-and-mortar store, compared to a voice shopping channel, displays a far broader range of 

products and facilitates impulse shopping (Baumeister, 2002; Zhang and Shrum, 2009). 

Therefore, an empirical study is essential to help provide a better understanding of whether 

shopping by voice will resonate with consumers, guiding managers toward improving consumer 

experience. 

                                                 
5 Cited from 

https://www.pwc.com/us/en/services/consulting/library/consumer-intelligence-series/voice-assistants.html?utm_cam

paign=sbpwc&utm_medium=site&utm_source=articletext 
6 Cited from https://www.racked.com/video/2018/2/20/17031958/alexa-shopping-amazon-echo-dot-voice 
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This research takes the first step to study empirically how consumers’ purchase and search 

behavior changes due to the adoption and usage of voice-activated shopping in an e-commerce 

setting. Specifically, we ask five questions. First, how does the voice AI device adoption change 

consumers’ purchase and browsing behavior? Second, how does voice AI device adoption 

heterogeneously affect different groups of consumers? Third, what are the changes in purchase 

and browsing behaviors in the short-run and long-run? Fourth, does the voice channel 

cannibalize other traditional purchase channels (PC and mobile)? And fifth, how does voice AI 

adoption affects consumers’ shopping behavior for different categories of products? 

To examine these questions, we use large-scale archival data from one of the world’s largest 

online retailers, Alibaba, who has developed and launched its own voice AI product, Tmall 

Genie, to provide a voice shopping experience for consumers, similar to that of Amazon Alexa. 

Our unique transactional dataset contains consumer-level browsing and purchase records for 

both voice AI adopters and non-adopters for a 31-week period. We employ propensity score 

matching to match adopters with non-adopters based on their observable characteristics such as 

demographics and shopping behavior prior to the adoption. We then use the difference in 

difference approach that controls for unobserved user-level and time-varying effects to identify 

the effects of adopting a voice assistant on purchase and browsing behavior in the post-treatment 

period. Our results yield several important findings. Overall, we find that each consumer spends 

19.5% more money and browses 13.6% more pages on average, as the result of adopting the 

voice AI product, corresponding to an approximately RMB 3.4 billion (US$ 493 million) 

increase in annual sales revenue. Second, we find that there is a substantial heterogeneity in the 

treatment effects. The effect on purchase is more salient for younger consumers and male 

consumers, whereas the effect on browsing is more salient for female consumers. Third, we find 
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that although the positive effects shrink over time, they still remain statistically significant after 8 

weeks. Fourth, the voice channel does not cannibalize other purchase channels (such as the PC 

channel and the mobile channel); rather, it has a positive spillover effect on the PC channel. 

Lastly and importantly, we propose and test two hypotheses about how voice AI adoption affects 

consumers’ shopping behavior for different types of products and show that the mechanism has 

to do with search cost reduction. Specifically, the impact of voice AI adoption on purchase is 

stronger for products that do not require active search or comparison, such as product categories 

with low substitutability or high purchase frequency. To summarize, we demonstrate that the 

adoption of voice AI has enhanced the growth of the digital sales market in the world’s largest 

e-commerce platform. 

This paper takes the first step towards understanding the role of voice-activated shopping in 

changing consumers’ shopping behavior. Our findings have direct managerial implications for 

e-commerce companies. Voice activated devices have been taking care of several tasks for 

customers—playing music, providing real-time information, making calls, setting alarms, etc. 

What sets apart e-commerce’s voice-activated shopping, especially in a world where IT giants 

like Apple and Google are major players, is its rich connection with a customer’s purchase 

history on the platform and the ability to allow shopping across large marketplaces by voice. To 

further leverage such advantages, a comprehensive understanding of how consumers react to 

voice-activated shopping is important. According to our findings on heterogeneous treatment 

effect of the voice AI adoption, managers may want to promote the voice AI device to 

consumers who tend to spend, purchase, or search more after using the smart device. Our 

findings on category-level analysis suggest that managers may advertise the voice AI device 

together with the low substitutability and high purchase frequency categories. Moreover, our 
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research may also provide guidance for businesses beyond e-commerce, including the hospitality 

industry. For example, Marriott hotels now include Amazon Alexa; guests can order room 

service by talking to the voice activated ordering devices in their rooms.7  The findings on 

consumers’ heterogeneous reactions to voice shopping may transfer to offline voice-aided 

purchase (or demand for services) in the context of hotels. 

 

                                                 
7Cited from: 

https://www.reuters.com/article/us-amazon-com-marriott-intnl/amazons-alexa-will-now-butler-at

-marriott-hotels-idUSKBN1JF16P 
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Abstract 

Digital contact tracing and analysis of social distancing from smartphone location data are two prime 

examples of non-therapeutic interventions used in many countries to mitigate the impact of the COVID-19 

pandemic. While many understand the importance of trading personal privacy for the public good, others 

have been alarmed at the potential for surveillance via measures enabled through location tracking on 

smartphones. In our research, we analyzed massive yet atomic individual-level location data containing 

over 22 billion records from ten “Blue” (Democratic) and ten “Red” (Republican) cities in the U.S., based 

on which we present, herein, some of the first evidence of how Americans responded to the increasing 

concerns that government authorities, the private sector, and public health experts might use individual-

level location data to track the COVID-19 spread. First, we found a significant decreasing trend of mobile-

app location-sharing opt out. Whereas areas with more Democrats were more privacy-concerned than areas 

with more Republicans before the advent of the COVID-19 pandemic, there was a significant decrease in 

the overall opt-out rates after COVID-19, and this effect was more salient among Democratic than 

Republican cities. Second, people who practiced social distancing (i.e., those who traveled less and 

interacted with fewer close contacts during the pandemic) were also less likely to opt out, whereas the 

converse was true for people who practiced less social-distancing. This relationship also was more salient 

among Democratic than Republican cities. Third, high-income populations and males, compared with low-

income populations and females, were more privacy-conscientious and more likely to opt out of location 

tracking. Overall, our findings demonstrate that during COVID-19, people in both Blue and Red cities 

generally reacted in a consistent manner in trading their personal privacy for the greater social good but 

diverged in the extent of that trade-off along the lines of political affiliation, social-distancing compliance, 

and demographics. 
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In the very early days of COVID-19, as health experts realized that human-to-human transmission was 

happening, they advised the public to practice “social distancing,” a tactic commonly employed in the past 

to combat health epidemics. Stay-at-home orders were also put in place in many communities globally as 

another non-pharmaceutical intervention or measure taken to mitigate the COVID-19 spread. The related 

issue of location tracking of citizens’ whereabouts, widely covered by major news outlets, has seized public 

attention and reignited debate over the efficacy and legality of government surveillance and privacy rights.  

In early March of 2020, as COVID-19 continued to spread rapidly all over the world, scientists and 

health officials were puzzled by the exceedingly high infection and fatality rates in certain parts of the world 

such as Italy and Spain. Vodafone subsequently provided Italian officials with anonymized customer data 

to track and analyze population movements in Italy, where a government-mandated lockdown was in place. 

A crucial insight gleaned from the analysis of the data was that up to 40% of residents in Milan still moved 

every day 300-500 meters beyond their homes despite the lockdown, which finding revealed the extent of 

social-distancing non-compliance as a significant driving factor of COVID-19’s diffusion in Italy. In the 

meantime, active contact tracing as well as monitoring of possibly infected people and those who had come 

into contact with any suspected cases was widely publicized as being effective in curbing the COVID-19 

spread,1 particularly in countries such as Taiwan, China, Singapore, Israel, and South Korea.  

Highly granular location data revealing all of the locations of a given consumer in the immediate 

past is needed for successful implementation of contact tracing. By virtue of the fact that consumers are 

wedded to their smartphones and have widely adopted wearable technologies, such data is available to 

telecom providers, digital platforms, wearable technology and smartwatch firms, and mobile app 

developers.2 The consequent news headlines in mainstream media such as CNN3 and Fox News4 led to 

                                                
1 https://www.yalejreg.com/nc/unlocking-platform-technology-to-combat-health-pandemics-by-anindya-ghose-and-d-daniel-sokol/. 
2 https://mitpress.mit.edu/books/tap. 
3 https://www.cnn.com/2020/03/10/health/coronavirus-contact-tracing/index.html; https://www.cnn.com/2020/03/18/tech/us-government-

location-data-coronavirus/index.html. 
4 https://www.foxnews.com/tech/us-government-big-tech-smartphone-coronavirus-google-facebook. https://www.foxnews.com/tech/taiwans-so-

called-electronic-fence-monitor-for-those-quarantined-raises-privacy-concerns-report 

20

https://www.yalejreg.com/nc/unlocking-platform-technology-to-combat-health-pandemics-by-anindya
https://www.yalejreg.com/nc/unlocking-platform-technology-to-combat-health-pandemics-by-anindya
https://mitpress.mit.edu/books/tap
https://www.cnn.com/2020/03/10/health/coronavirus-contact-tracing/index.html
https://www.cnn.com/2020/03/18/tech/us-government-location-data-coronavirus/index.html
https://www.cnn.com/2020/03/18/tech/us-government-location-data-coronavirus/index.html
https://www.foxnews.com/tech/taiwans-so-called-electronic-fence-monitor-for-those-quarantined-raises-privacy-concerns-report
https://www.foxnews.com/tech/taiwans-so-called-electronic-fence-monitor-for-those-quarantined-raises-privacy-concerns-report


 

many people becoming aware of contact tracing, location-data tracking, and potential surveillance concerns. 

One of the inadvertent consequences of this heightened awareness was increased public concern about 

surveillance and privacy.5 It is well known that apps make it feasible for different elements of the mobile 

ecosystem to track consumers’ locations. One perspective held by some consumers is that since lives are at 

stake, it is imperative that we look at data privacy through a different lens, at least until the pandemic is 

mitigated and suppressed. In the UK, more than two-thirds of the population backed the use of CCTV 

footage, mobile phone data, and credit card records in a mass ‘contact tracing’ exercise to prevent a second 

wave of coronavirus infections.6 On the other hand, skeptical consumers have complained that access to 

such atomic consumer data is an infringement of their civil liberties. They are especially concerned that 

contact tracing may enable intrusions into their everyday lives by governments or big tech companies.7 

A 2017 Reuters poll8 found that a majority of Americans were unwilling to give up privacy to assist 

the U.S. government’s national security initiatives: over 76% reported being unwilling to yield information 

on their internet activities even if it would help the U.S. government’s security initiatives. But would 

Americans behave differently during a pandemic? According to April 2020 research from CodeFuel9, 84% 

of U.S. adults said that they would be willing to share their health data to deter the spread of the virus, and 

more than half (58%) of respondents said that they would be open to disclosing their location—both 

important factors that can help public officials flag hot spots. Another recent survey10 based on responses 

from 1,374 American adults found that two-thirds were willing to install an app that would help slow the 

spread of the virus and reduce the lockdown period, even if that app collected information about their 

location data and health status. Moreover, people whom the Centers for Disease Control (CDC) has 

identified as being at higher risk, those who are younger and those who are more technologically savvy, 

were more likely to be willing to install such an app.  

                                                
5 https://www.ft.com/content/005ab1a8-1691-4e7b-8e10-0d3d2614a276. 
6 https://www.telegraph.co.uk/politics/2020/04/04/public-backs-tracking-people-phones-monitor-coronavirus-infection/. 
7 https://www.latimes.com/politics/story/2020-04-26/privacy-americans-trade-off-trace-coronavirus-contacts. 
8 Dustin Volz, “Most Americans unwilling to give up privacy to thwart attacks: Reuters/Ipsos Poll,” Reuters, April 4, 2017, 

https://www.reuters.com/article/us-usa-cyber-poll/most-americansunwilling-to-give-up-privacy-to-thwart-attacks-reuters-ipsos-poll-

idUSKBN1762TQ . 
9 https://www.emarketer.com/content/consumers-are-more-willing-to-share-private-data-during-covid-19 
10 https://blogs.scientificamerican.com/observations/will-americans-be-willing-to-install-covid-19-tracking-apps/ 
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Meanwhile, studies have also shown that whereas low-income populations in the U.S. are aware of 

a range of digital privacy harms, it is difficult for them to access the tools and strategies that could help 

them protect their personal information online.11 Conversely, high-income populations are more likely to 

be both aware of potential harms and technologically savvier in their ability to protect their data privacy. 

Besides, studies have shown that political party affiliation and political ideology impact how Americans 

feel about institutional surveillance more than do income, age, gender, and race.12 More specifically, a 2018 

study showed that Republicans tend to feel pleased about tracking, both online and in real life, while 

Democrats often feel bad about it.13 Conservative Republicans were found to have warmer responses to 

surveillance scenarios, whereas liberal Democrats had cooler responses, with moderates and Independents 

somewhere in the middle. These facts motivated us to incorporate differences between Democrats and 

Republicans in their privacy choices as exhibited by differences in opt-out rates on mobile apps that allow 

for location tracking.  

In this research, we aimed to examine and quantify the impact of socio-economic factors including 

demographics (such as age, income, race, gender, and income) and political affiliation (such as whether 

they live in a top 10 red city or top 10 blue city) on the following two metrics: (i) social distancing and (ii) 

privacy behavior. We focused on demographics, because a number of articles from both academia and the 

mainstream media have discussed heterogeneity in behavior as driven by the above-noted demographic 

factors. Prior research has shown that the compliance rates of non-therapeutic interventions among young 

adults are less than the average compliance rates, because young adults in the U.S. do not follow protective 

behaviors to the same extent as other segments of the population do.14 Lower compliance among them 

makes it easier to spread infections, as they have higher levels of human contact. Specifically, we focused 

on three main research questions: (1) how overall privacy choice (i.e., opt out) respecting mobile location-

data sharing has changed before and after COVID-19 being declared a national emergency, (2) how such 

                                                
11 https://datasociety.net/pubs/prv/DataAndSociety_PrivacySecurityandDigitalInequalityPressRelease.pdf. 
12We Feel: Partisan Politics Drive Americans’ Emotions Regarding Surveillance of Low-Income Populations,” 

https://www.asc.upenn.edu/sites/default/files/documents/Turow-Divided-Final.pdf. 
13 https://www.nytimes.com/2018/04/30/technology/privacy-concerns-politics.html. 
14 Singh et al. BMC Infectious Diseases (2019) 19:221. https://doi.org/10.1186/s12879-019-3703-2. 
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changes in privacy choice vary across demographic groups in blue (Democratic) cities and red (Republican) 

cities, and (3) what the relationship between individuals’ practice of social distancing and willingness to 

share mobile location data during COVID-19 is, and how it varies with political affiliation. Our analyses 

revealed three major findings. First, there is a significant decreasing trend of mobile-app location-sharing 

opt out in the U.S. Whereas areas with more Democrats were more privacy-concerned than areas with more 

Republicans before the advent of the COVID-19 crisis, there was a significant decrease in overall opt-out 

rates after COVID-19, which effect was more salient among Democratic than Republican cities. Second, 

people who practice social distancing (i.e., those who travel less and interact with fewer close contacts 

during the pandemic) are less likely to opt out, while the converse is true for those less compliant with 

social distancing. This effect appeared to be more salient among Democratic than Republican cities after 

COVID-19. Third, high-income people and males are more privacy-concerned, and thus more likely to opt 

out of location tracking. This research endeavored to make a valuable contribution to the literature of 

privacy and pro-social consumer behaviors by demonstrating a powerful pro-sociality-motivated 

relinquishing of personal privacy, particularly as massive granular individual-level location data have 

become an increasingly prominent tool for academic research, policy making, and combating the present, 

unprecedented pandemic.  

 

Figure 3. Day trends of opt-out rates for red and blue cities 
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Figure 4. Day trends of city-level opt-out rates for different TotalContacts quantiles (Left, Blue 

cities; Right, Red cities) 
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Abstract 
 

We examine the value of social interaction features, exploiting a natural experiment wherein a 

large P2P market for second-hand goods (Xianyu) unexpectedly removed its social interaction 

feature of Fishponds. Leveraging data capturing more than 180,000 transactions over a 

multi-week period around the event, we provide evidence that eliminating social interaction 

features led to a large, statistically significant decline in seller revenues.Our results provide 

robust evidence that social interaction thus serves a crucial role in mitigating information 

asymmetry in P2P markets for used goods. Our work offers nontrivial managerial implications, 

both for marketplace operators and individual sellers. 

 
 

Keywords: Social Interaction, Platform Design, Natural Experiment, Information Asymmetry, 

P2P, Second-hand Market 

 

 

1. Introduction 
 

Online Peer-to-Peer (P2P) marketplace is on the rise with the prevalence of information 

technology and mobile applications. Marketplace platforms like Facebook Marketplace, OfferUp, 

TaskRabbit, and Uber have attracted an increasing number of individual sellers to exchange and 

share products with peer buyers locally in recent years. Recent business report reveals that P2P 

marketplaces contribute to over 50% of online transactions in 2020. A unique feature of P2P 

marketplace is that platforms host a large, decentralized groups of individual sellers with 

inadequate credibility, resulting in higher transaction uncertainties. 

 

To mitigate purchase risks and to foster trust, many marketplaces implement social interaction 

features during platform designs, such as communities and social groups, in which individuals 

can dialog with other members of the local community in an ad hoc manner, to exchange word of 

mouth and also to build relationships that foster trust. Most social communities are formed by 

individual users who share a common interest or location proximity. For example, Facebook 

allows users to form local groups wherein individuals from local communities can share and post 

updates and exchange information to complement the Facebook Marketplace. Offerup, the 
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mobile marketplace for local selling and buying, introduces NeighborUp community experience 

to connect buyers and sellers in local communities through social interactions. Although 

marketplace managers show a favorable preference for social interaction features in platform 

design, the value of social group incorporation on the P2P marketplace is overlooked by business 

scholars. In particular, there is a lack of understanding on whether and how social group 

components affect individual sellers' business performance at the marketplace. 

 

On the one hand, social groups create a venue to accommodate social interactions between 

buyers and sellers. Interpersonal communications promote trusts as they facilitate buyers to 

attain useful social information to evaluate the credibility of individual sellers (Thomas et al. 

2009, Allen et al. 2018). Thus, social group components may help sellers attract more 

transactions at the marketplace. On the other hand, introducing social group component might 

lead to unintended consequences. For example, peer generated content could be easily 

manipulated and even spammed by misconducted sellers because of inadequate governance 

regulation (Luca and Zervas 2016). This biased and inappropriate social content can hurt the 

overall credibility of individual sellers at the marketplace as buyers feel higher purchase 

uncertainties. Thus, social group components could negatively affect sellers' business 

performance. In addition, platform managers also under intense scrutiny from policy makers and 

the public to take effective governance actions to regulate the sheer volume of user self-initiated 

social group content. 

 

In addition, as users have informal ways to virtually meet and exchange information through 

social group features, individual sellers might adjust their product listing content accordingly to 

complement their interactions with buyers through social groups. However, little is known about 

how such social group feature facilitating interactions among buyers and sellers alters efforts of 

individual sellers in sharing the product information through the listing content. 

 

2. Empirical Context 
We acquire proprietary dataset from the business partner Xianyu, the largest Peer to Peer resale 

marketplace in China with an unexpected natural experiment. To foster trust and facilitate trade, 

Xianyu launched a social interaction feature called Fishpond in early 2017. Fishpond was 

designed to enable social interaction between users who hold shared product interests or who 

reside near to one another (akin to Facebook groups). Similar to Facebook groups, both buyers 

and sellers are free to join any Fishpond, after which point they will receive updates about any 

new group posts. Within a Fishpond, sellers can post links to their product listings and group 

members can then discuss related information (e.g., product quality, opinions) publicly. Similar 

to other social media platforms, Fishpond allows group members to post personal life updates, 

share local news items, organize offline activities and comment on others' posts.  
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Although Fishponds garnered a great deal of popularity among users, they also led to social 

issues due to the lack of structure and close moderation. The public press has reported that a 

significant portion of posts in some Fishponds contain pornographic content and refer to illegal 

products, e.g., e-cigarettes, counterfeit goods. Further, many Fishponds host a great deal of spam, 

phishing attempts, and links to illegal websites. 

As a result of these issues, on August 27th of 2020, the Office of Cyberspace Affairs of the 

Zhejiang Provincial Government launched an initiative named “100-day Cyberspace Cleanness.” 

This initiative was specifically focused on the regulation of Fishpond content on Xianyu. The 

marketplace responded to this regulatory initiative by unexpectedly shutting down its Fishpond 

social features at midnight on August 27th, 2020. The decision to terminate Fishpond was made 

unexpectedly by the senior executive team and was not communicated to the platform 

management team in advance. Accordingly, the shutdown decision did not take place in tandem 

with any other changes to the platform design or operation. Further, because users were not made 

aware of the shutdown decision ahead of time, the change serves as a sharp, exogenous shock to 

users' experience on the platform. Users who logged into the marketplace from August 28th 

onward found that the Fishpond section was suddenly removed, and Fishponds were no longer 

accessible to any user. 

 

3. Empirical Approach 
 

This unexpected shutdown allowed us to construct a treated group with sellers who joined at 

least one social groups at the marketplace and a control group with sellers who did not join any 

social group before the shutdown. Thus, we can infer the causal influence of social group at the 

marketplace by comparing the performance differences between sellers in the treated and control 

group across pre-and post-social group shutdown periods. This second-hand goods marketplace 

provides a decent setting for us to explore the effect of social group components on reducing 

transaction uncertainty wherein sellers have more private information than buyers regarding their 

used products (e.g., conditions and quality).  

 

We adopt a difference-in-differences (DID) regression specification with two-way fixed effects 

for sellers and time. This econometric model enables a comparison of inter-temporal variation in 

sales outcomes between treated and control sellers, around the Fishpond shutdown. The 

specification accounts for any stable, time-invariant differences between sellers that may 

contribute to sales performance, as well as unobserved inter-temporal trends that operate at the 

market level, e.g., platform level promotions, seasonality. Our regression specification is thus as 

follows:  

 
SalesOutcomeit = α10 +α11TreatedGroupi ×PondClosuret +α12 ·Sellerit−1 +α13 ·Xit−1 

+δi +γt +σ1it, 

(1) 
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Where SalesOutcomesit is the main dependent variables in our analyses: total sales revenue and 

transaction incidences for Seller i on day t. TreatedGroupi is a binary indicator equaling 1 if 

seller i belongs to the treatment group (seller i joined at least one Fishpond at the date of 

Fishpond shutdown) and equaling 0 if seller i belongs to the control group (seller i did not join 

any Fishpond at the date of Fishpond shutdown). PondClosuret is a time indicator that equals 1 if 

the day t is after the shutdown of Fishpond, and 0 if day t is before the Fishpond shutdown. 

Noted that the treatment indicator (TreatedGroupi) with the individual fixed effects (δi), and the 

time indicator of post-pond shutdown period (PondClosuret) is colinear with time fixed effects 

(γt). Thus, the treatment group indicator and the time indicator are omitted in our estimation 

results. We also include Sellerit−1 lagged dependent variable) to further control for potential 

time-variant and individual-variant omitted confounds. In addition, Xit−1 includes the lagged 

time-variant seller-level variables (accumulative product saved by buyers) to control for the 

effects of product popularity. σ1it is the standard error clustered at the individual-seller level to 

account for within-group serial correlation. Essentially, the coefficient α11 reflects the causal 

effect of   Fishpond shutdown on sellers’ sales activities at the marketplace by gauging the 

difference of business performance between the treated and control groups before and after the 

Fishpond shutdown. 

 

Table 1 presents the results for the impact of Fishpond shutdown on sellers’ sales performance. 

The coefficients of Treatedgroup × PostClosure in Columns (1) and (2) are negative and 

statistically significant (p < 0.01), suggesting that the shutdown of Fishpond negatively affects 

sellers’ revenue. Similarly, we find that the coefficients of TreatedGroup × PostClosure in 

Columns (3) and (4) are negative and statistically significant (p < 0.05), indicating that the 

Fishpond shutdown also negatively affects sellers’ transaction incidences. The coefficient of 

−0.119 in Column (2) with log- transformation of the dependent variable shows that the 

shutdown of Fishpond reduces sellers’ daily revenue by 11.2% (100 ∗ (e−0.119 − 1)). These 

results exhibit that the shutdown of a social group function at the marketplace has substantially 

negative influence on individual sellers’ business performance, reflecting the positive impact of 

social group on promoting transactions at P2P marketplaces. 
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To establish the validity of our main results, we conducted multiple robustness checks that help 

demonstrate our results are not sensitive to our estimation approach, and to rule out potential 

alternative explanations. 

 

We first conduct a falsification test, to ensure the absence of anticipation effects in the lead-up to 

the Fishpond shutdown. We use only the pre-shutdown data in this test, and define the fifth day 

of our observation window as an artificial shutdown date. We re-estimate the basic model 

Equation (1) and expect to observe null results. We find that the coefficients associated with 

 are insignificant across all models. This result suggests no 

violation of the parallel trend assumption, in turn suggesting that the observed effects we have 

estimated are in fact causal. 

 

We took several steps to rule out possible alternative explanations for our findings. One might be 

concerned that the observed effects are caused by other steps the platform operator may have 

taken to regulate sellers’ activities, in tandem with the Fishpond shutdown. We confirmed with 

the platform management team that, due to the sudden nature of the executive action, deriving 

from the provincial government’s decision to crack-down on the platform, the marketplace did 

not take any other short-term actions within our sample period, beyond closing down the 

Fishponds. More specifically, the marketplace did not take any actions to restrict sellers who had 

engaged in the Fishponds, such as closing individual seller accounts or taking down product 

listings. 

 

We also considered that the observed impact may have been driven by sellers’ strategic response 

to the shut-down (e.g., shifting their sales activity to other platforms). However, this concern is 

mitigated by two facts. First, Xianyu is by far the dominant player in the local used-good market, 

accounting for more than 50% of total market share. Further, individual sellers are locked into 

the marketplace, experiencing significant switching costs due to a variety of integrated services 

that Xianyu provides, e.g., one-click listing of items previously purchased on Taobao.com, 

automatically seller identity verification via a linked Taobao account, and payment services via 

Alipay. Thus, casual sellers would face substantial barriers were they to shift their activities onto 

a competing platform. Second, our analyses focus on a relatively short period of time (10 days 

before and after the shutdown decision). Given this short duration, individual sellers (who are 
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generally infrequent participants and lack sophistication) are unlikely to respond sufficiently 

quickly to the shock to drive our findings, given the unexpected nature of the change. That said, 

to further rule out potential sellers’ strategic responses to the Fishpond shutdown, we can further 

shorten our analysis window to just 5 days before and after the shutdown decision. Results 

obtained using this alternative estimation sample are consistent with our main results. 

 

Third, the observed effect may be caused by marketplace strategic actions that mitigate the 

shutdown impact. For example, the marketplace might introduce new social functions to replace 

Fishpond or launch marketing promotions. The management team informed us that the 

marketplace introduced a new social function (live streaming shopping) two weeks after 

Fishpond shutdown. This new social function would not affect our results as it is not within our 

analysis window. In addition, the management team confirmed that marketplace carried out 

regular and routine marketing activities without additional marketing promotions during our 

sample period. 

 

4. Conclusions 
We believe that this project will contribute to prior studies related to social interactions in 

e-commerce settings, as well as to literature dealing with the design of online platforms. This 

research makes at least three notable contributions. First, though platform operators have 

implemented social features in a variety of e-commerce marketplaces, and marketplaces for used 

goods in particular, little evidence exists that speaks to the value of those investments. Unlike a 

typical e-commerce platform, P2P marketplaces host unbranded individual sellers (Einav et al. 

2016). The present research proposal will explore novel evidence about the value of social 

interaction for individual sellers, particularly those who face greater difficulty eliciting trust from 

peers. Second, this research proposal is among the first to examine the value of a mature social 

channel; prior studies have generally examined the implementation of social features (Chen et al. 

2011, Huang et al. 2020), yet social relations and capital generally form gradually, over extended 

periods of time (Manski 1993, Phan and Airoldi 2015). Third, whereas past work has largely 

focused on buyers' use of social interaction features (Huang et al. 2020, Zhang et al. 2015), our 

work will provide a unique consideration of how social features affect sellers for both the 

business performance and efforts in sharing product information. Fourth, and last, we will 

demonstrate a number of notable sources of heterogeneity in the observed effects, across 

different types of sellers. All of those results are consistent with the notion that social interaction 

bears out-sized importance for sellers who typically face the greatest difficulty eliciting trust in 

the marketplace. 
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Abstract 
 
This paper investigates whether and which type of AI academic research at universities can 
create regional knowledge spillover effects that improve the quantity and quality of AI start-ups. 
Using data of AI start-ups from Crunchbase.com and AI conference publications from 
CSRankings.com, we find that knowledge spillovers from university AI research indeed 
contribute to the creation and VC financing performance of local AI start-ups at the MSA level in 
the United States. Moreover, we find significant heterogeneous effects of knowledge spillovers in 
different AI subfields. The knowledge spillovers from research published in machine learning 
conferences, including only ICML and NIPS, have the strongest effects on the creation and 
performance of AI start-ups. In addition, we find evidence that impactful conferences exhibit 
stronger spillover effect. At the same time, surprisingly, our results show that knowledge 
spillovers from theoretical AI research have stronger effects on the creation of start-ups.  
 
Keywords: Artificial intelligence, Knowledge Spillovers, Entrepreneurship, Venture Capital, 
Information Technology 
 
1. Introduction 
The last two decades have witnessed the rapid advances in artificial intelligence (AI). 
Recognizing the vital role of AI, more than 17 countries (e.g., the United States, Germany, and 
China) have implemented policies for promoting AI development at universities. This kind of 
policy is designed based on the assumption that AI research at universities has positive societal 
or economic benefits. Academic literature has shown that scientific research in universities has 
positive spillover effect to the industry R&D because of the public good nature of knowledge 
(Jaffe 1989). Commercialization of academic research is achieved either by established firms or 
start-ups. Since only few countries have large established companies with AI R&D capabilities, 
most governments focused on policy tools to cultivate AI entrepreneurship. At the same time, it 
is well-known that the start-up failure rate is more than 90%. Therefore, an important question 
that naturally arises is whether university AI research has positive effect on the creation and 
survival of AI start-ups.  
 
Literature has documented that the accumulation of university knowledge is a key driver of 
economic growth (Belenzon and Schankerman 2013). Given the importance of university 
knowledge spillovers, prior literature has focused on the effects of localized knowledge 
spillovers from universities on regional entrepreneurship. A consistent finding is that university 
research positively affect local venture creation drawing upon the Knowledge Spillover Theory 
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of Entrepreneurship (Audretsch et al. 2005). However, these studies examined broad spectrum of 
traditional disciplines (Fritsch and Aamoucke 2017; Jaffe 1989), while AI research has not been 
the focus of this stream of literature partly due to its nascence. More importantly, the extant 
literature has provided a limited understanding of which type of AI research has stronger 
knowledge spillover effects on nearby entrepreneurship.  
 
This paper attempts to fill the gaps in the entrepreneurship and innovation literature in the 
following ways. First, AI is considered as a “general purpose technology” that can drive 
innovation across sectors (Perrault et al. 2019). In other words, AI is pervasive and can be widely 
applied in a range of industries. Therefore, AI knowledge is expected to provide unprecedented 
entrepreneurial opportunities. Although the governments have established the important role of 
AI research in national AI strategies, there is limited empirical evidence on the relationship 
between knowledge spillovers from university AI research and entrepreneurship. Second, AI 
spillover effects deserve special attention also because AI is a broad and interdisciplinary area 
with many subfields. Existing literature cannot provide information about several important 
policy questions regarding which type of academic research could create stronger spillover 
effects. For example, which filed of AI research has the strongest knowledge spillover effects? 
Whether applied AI research can produce stronger spillover effects than theoretical AI research? 
A recent study by Akcigit et al. (2021) have shown that over-subsidizing applied research can 
accentuate the dynamic misallocation in the economy. Thus, we are interested in the differential 
effects from theoretical and applied AI research. To address these questions, we conduct a 
nuanced analysis on AI knowledge spillovers and entrepreneurship, and thus providing 
significant practical implications for policy makers and entrepreneurs.  
 
To fill these gaps, this paper investigates whether and which knowledge spillovers from AI 
research in universities can benefit nearby AI entrepreneurship in terms of the quantity and 
quality of AI start-ups at the metropolitan statistical areas (MSA) level in the U.S.. In our study, 
an AI start-up refers to the start-ups that utilize AI-related technologies to develop products or 
provide services. We will use AI start-ups to refer to the loosely defined AI-related start-ups. Our 
results indicate that knowledge spillovers from university AI research indeed contribute to the 
creation and venture capital (VC) financing performance of local AI start-ups. Moreover, we find 
significant heterogeneous effects in different AI subfields. For example, research published in 
ICML and NIPS have the strongest effects on the creation and performance of AI start-ups even 
those “machine learning” papers are considered more theoretical than applied research published 
in conferences such as KDD or AAAI. Furthermore, we also find the higher the research impact 
factor of AI research, the stronger the regional spillover effect in terms of the creation of AI 
start-ups. 
 
Our study adds to existing literature in the following aspects. First, our empirical analyses could 
be the first study that investigates which type of AI research produces stronger knowledge 
spillover effects on the regional entrepreneurship by providing a more nuanced analysis than the 
extant knowledge spillovers literature, which mostly focus on whether general academic research 
in university has localized spillover effects on entrepreneurial activity. Second, we respond to the 
call of scholars to examine whether knowledge spillovers from university research has any 
impact not just on the quantity but also on the quality of new ventures (Rosa and Mohnen 2007). 
Third, although there is an emerging stream of AI literature studied the impacts of AI on the 

33



labor market (Frey and Osborne 2017), there exists limited literature about AI entrepreneurship. 
Therefore, our study adds to the growing IS literature on economics impact of AI and technology 
entrepreneurship.  
 
2. Data and measures 
We draw on several data sources to conduct our analyses. First, information on university-level 
AI academic publications is collected from CSRankings.com, which covers the ranking of all 
universities by top CS conference publications. We classified AI fields into six subfields 
including general AI (AAAI and IJCAI), Computer Vision (CV), Machine Learning (ML), Data 
Mining (DM), Natural Language Processing (NLP), and the Web and Information Retrieval (IR) 
based on CSRankings.com. Only very top conferences are counted in the ranking system on this 
website. For example, only three conferences (CVPR, ICCV, and ECCV) are counted in the CV 
area. As for the subfields of general AI, only AAAI and IJCAI are counted. Similarly, the field 
of NLP contains only ACL, EMNLP, and NAACL. Only SIGIR and WWW are included in IR. 
Since ML includes three conferences, two theoretical-oriented conferences (ICML and NIPS) 
and more applied data mining conference KDD (Jordan and Mitchell 2015; Yang and Wu 2006). 
In the meantime, we include ICDE into the DM field because ICDE is considered as the other 
premier data mining conference. As a result, we have six AI subfields covering 14 conferences 
(AAAI, IJCAI, CVPR, ECCV, ICCV, ICML, NIPS, KDD, ICDE, ACL, EMNLP, NAACL, 
SIGIR, and WWW) in our analysis. In total, there are 175 U.S. universities that published at least 
one paper from 2000 to 2018. Second, we collected the information on AI start-ups from 
Crunchbase.com. Crunchbase.com includes the basic information of start-ups (such as the 
founding date, headquarter location, etc.) and VC funding information. We collected 
employment and unemployment data from the U.S. Bureau of Labor Statistics. In addition, we 
obtained the number of graduates of all universities from the Survey of Graduate Students and 
Postdoctorates in Science and Engineering (GSS) in the U.S. ranging from 2000 to 2018. After 
merging these datasets, our final dataset covers 153 MSAs from 2000 to 2018.  
 
Dependent variables. We construct two dependent variables to measure the creation and 
performance of AI start-ups at the MSA-level. Specifically, we firstly construct the yearly total 
number of AI start-ups (Firm) at MSA level to capture the creation of AI start-ups. In addition, 
we use the VC financing performance of start-ups to measure the early-stage performance of AI 
start-ups. We construct the average amount of VC investment (VCAmount) in millions of the U.S. 
dollars of all AI start-ups received at each MSA. 
 
Independent variables. The independent variables measure the knowledge spillovers from 
university AI research within a specific MSA (Spillovers). Since knowledge spillovers are highly 
localized, we first use Google Map API to measure the driving distance in miles between a 
start-up’s headquarter location and a university. Next, we need to calculate the average distance 
between an MSA and each university. Specifically, in cases where there are multiple AI start-ups 
in an MSA, we take the average geographic distance between all pairs of headquarter location of 
each AI start-up in this MSA and a university. The AI start-ups located in an MSA may benefit 
from multiple universities. Hence, the next step is to aggregate the AI publications of all 
universities to an MSA by a weighting scheme. Specifically, the weight wij assigned to university 
j is 1 if the distance between MSA i and university j is less than 50 miles (Belenzon and 
Schankerman 2013). In the full paper, we also use 100, 150, 200, and 250 miles as this threshold 

34



value. Given the weight wij and the number of AI publications in each university j (Publicationsj), 
we can calculate the MSA-level spillover effect by weighted average of AI publications across 
all nearby universities j in year t (Publicationsjt), following the formula used in Lychagin et al. 
(2016). Formally, this variable is defined as equation (1). 

                                                             (1) 
 

Control variables. To limit the effect of unobserved heterogeneity, we include several control 
variables. Specifically, we include the logarithms of employments (in thousands) (Employment) 
and the unemployment rate (Unemployment). We control for the number of graduates 
(Graduates) in the AI research universities (Acosta et al. 2011). We also control for the global 
trend of AI publications (Global AI Trend) by using the logarithms of the number of total yearly 
AI publications in all institutions in the world reported in CSRankings.com. In addition, we 
control for the MSA fixed effects and year fixed effects 
 
3. Empirical Model and Results  
To investigate the spillovers effects of university AI knowledge on the creation and performance 
of AI start-ups, we specified two econometric models as follows: 

  ;    (2) 
 

  ,    (3) 
 

The equations are both estimated by OLS estimators with the MSA and year fixed effects 
because the logarithm forms of dependent variables are continuous variables. Table 1 presents 
the results. In Table 1, Columns (1) and (2) show the baseline results on the creation and 
performance of AI start-ups using all of AI publications in six subfields, respectively. The results 
indicate that localized knowledge spillovers from university AI research indeed contribute to the 
creation and VC financing performance of local AI start-ups. In the full analysis, we find that 
this locational spillover may attenuate after 100 miles. Furthermore, we study the heterogeneous 
effects of knowledge spillovers in 6 subfields of AI research on the creation of AI start-ups, the 
results of which are in Columns (3)-(8), respectively. Results on the VC financing are omitted 
due to page limit. Specifically, the knowledge spillover effects from these six subfields are 
significantly positive with different magnitudes of coefficients. ML shows the largest positive 
effects on the number of AI start-ups. IR publications produce the second strongest spillover 
effects. CV produces the third strongest significant spillover effects. Then comes the DM 
research knowledge spillovers. The coefficients of NLP and AI knowledge spillovers are smaller. 
Without our analysis, it is likely that policy makers would assume the strongest effects come 
from applied research papers published in data mining (KDD) or AI (AAAI or IJCAI). However, 
our results appear to suggest the opposite results.  
 
We investigate two more categorization of AI publications: whether the research is theoretical or 
not and the research impact of AI research (results are upon request). Interestingly, our results 
indicate that knowledge spillovers from theoretical or impactful AI research are more likely to 
correlate with the creation of AI start-ups. We also conduct various robustness checks by using 
alternative methods to construct the spillover variable and using “the knowledge spillovers from 
universities among which professors served as general chairs or program chairs in any one of 14 

Spillovers
it
= wijPublicationsjt∑

0 1 1 2ln ln itit it it i tFirms Spillovers Contr eolsb b b h t-= + + + + +

0 1 1 2ln ln itit it it i tVCAmount Spillovers Control esb b b h t-= + + + + +
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AI conferences in the focal year” as an instrumental variable to alleviate the endogeneity issue. 
Our main findings remain valid in the robustness checks. 
 

Table 1 OLS Estimation Empirical Results  
 (1)  (2)  (3) ML (4) CV (5) Data (6) NLP (7) IR (8) AI 
Dependent Variable lnFirms lnVCAmount lnFirms lnFirms lnFirms lnFirms lnFirms lnFirms 
Spillovers 0.2387*** 0.0932** 0.3269*** 0.2896*** 0.2637*** 0.2482*** 0.3093*** 0.2255*** 
 (0.0442) (0.0366) (0.0557) (0.0479) (0.0477) (0.0450) (0.0617) (0.0489) 
Employment 1.1171** 1.0267 1.2479*** 0.8714* 1.1676** 1.1459** 1.2762** 1.1872** 
 (0.5127) (0.6702) (0.4648) (0.4945) (0.5354) (0.4950) (0.5194) (0.5224) 
Unemployment 0.0417 0.2566* 0.0153 0.0317 0.0248 0.0263 -0.0051 0.0526 
 (0.1683) (0.1362) (0.1600) (0.1553) (0.1657) (0.1614) (0.1605) (0.1711) 
Graduates 0.6119*** 0.0658 0.5819*** 0.5279*** 0.5738*** 0.5906*** 0.5771*** 0.6431*** 
 (0.1873) (0.1626) (0.1783) (0.1710) (0.1808) (0.1772) (0.1808) (0.1839) 
Global AI Trend 0.0000 0.0002*** 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Constant -6.1529** -7.0324* -6.6924** -4.5208 -6.1021* -5.9230** -6.6170** -6.2531** 
 (3.0797) (3.9750) (2.8045) (2.9719) (3.2082) (2.9802) (3.0936) (3.1409) 
MSA Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes 
Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes 
Adjusted R-squared 0.6863 0.2749 0.7053 0.7043 0.6902 0.6993 0.6961 0.6824 
Observations 2754 2754 2754 2754 2754 2754 2754 2754 
 
4. Discussions 
This paper examines how knowledge spillovers from university AI research influence the 
creation as well as the performance of AI start-ups. We find positive effects of regional AI 
knowledge spillovers from research universities on the creation and performance of AI start-ups 
at MSA level. Moreover, we find significant heterogeneous effects of knowledge spillovers in 
different AI subfields.  
 
This study makes theoretical contributions to two streams of literature in IS and economics. First, 
we respond to the call of IS researchers to improve the understanding of the management of AI 
(Berente et al. 2019) by focusing on AI entrepreneurship. Although formal analyses of 
entrepreneurships have remained largely confined to strategy and entrepreneurship, there is a 
small but growing IS literature explore IT entrepreneurship (Greenwood and Gopal 2015; 
Greenwood and Gopal 2017). The second theme relates to entrepreneurship and economics 
studies addressing how knowledge spillovers from university academic research influence 
regional entrepreneurship (Acosta et al. 2011; Fritsch and Aamoucke 2017). Our study provides 
a more nuanced analysis on which type of academic research has stronger knowledge spillovers 
on regional entrepreneurship. Moreover, in responds to the call of Rosa and Mohnen (2007), our 
study examines the impact of knowledge spillovers from university AI research not just on the 
number but also on the quality of the regional new venture creation.  
 
This study has important practical implications for AI entrepreneurs and policy makers. For AI 
entrepreneurs, location is an important decision, and entrepreneurs indeed should consider to 
start their business near a university with strong AI research. For policy makers who aim to 
promote AI development and local entrepreneurship, our work suggests that the government 
should prioritize investments in foundational AI research in universities to spur regional AI 
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entrepreneurship and commercial innovations. More importantly, governments may need to 
allocate differential resources in different AI subfields because our results indicate that not all AI 
subfields show positive spillover effects. 
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Abstract 
 

Limited access to large-scale patient data is one of the key obstacles to building machine learning 

applications in healthcare, which is partly due to a reluctance of information exchange among 

healthcare providers out of privacy concerns. While privacy-preserving machine learning 

techniques, most notably federated learning, has been proposed, a lack of systematic 

understanding of the economic incentives and strategic decisions in federated learning 

significantly deters its adoption. In this paper, we build a game theoretic model of the trade-offs 

faced by participants (e.g., healthcare providers) in a federated learning partnership. We formally 

examine each participant’s decisions – to share its information or not – using an iterated 

prisoner’s dilemma (IPD) framework. We find that stable cooperative outcome requires 

participants to be neither too myopic nor too forward-looking, which is different from the 

conventional results of an IPD. Our work informs the practical design of incentive-aware 

algorithms for federated learning in healthcare.  

 

Keywords: Healthcare information exchange, federated learning, game theory, iterated prisoner’s 

dilemma, incentive mechanism 

 

1. Introduction and Background 
Machine learning and artificial intelligence have shown impressive potentials across various 

domains in medicine and healthcare, such as cancer detection (Fakoor et al., 2013; McKinney et 

al., 2020), infectious disease management (Wiens and Shenoy, 2018), and personalized medicine 

(Weiss et al., 2012). Notwithstanding these success stories, we are yet to witness wide and 

prevalent applications of machine learning in the healthcare industry. An important barrier to 

building practically useful machine learning systems for healthcare applications is the lack of 

large-scale access to data (Miller and Tucker, 2014). Data on patients and diseases are typically 

collected and held at individual healthcare providers (e.g., individual hospitals or hospital systems). 

Despite evidence that healthcare information exchange can reduce costs and benefit patients 

(Miller and Tucker, 2011; McCullough et al., 2011), it is discouraged by multiple factors such as 

the risk of data breaches (McCoy and Perlis, 2018) and the competition among providers (Miller 

and Tucker, 2014). When providers hold on to their own data and do not engage in information 

exchange, this creates “information silos” (Miller and Tucker, 2014), which greatly limits the 

applicability and quality of machine learning systems in healthcare. As an example, for a large 

number of rare diseases, each hospital may only have information on a handful of cases (Schieppati 

et al., 2008). Without information sharing, no hospital alone likely has sufficient data to build 

useful machine learning systems to help understand, diagnose, and manage these diseases. 

 

Privacy concern is among the key reasons of healthcare providers’ reluctance to exchange 

information. Data breaches are extremely costly to providers (Bai et al., 2017; McCoy and Perlis, 
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2018), and privacy protection regulations have been shown to inhibit adoption of enterprise 

Electronic Health Record technology that enables information exchange (Miller and Tucker, 2009). 

 

To facilitate information exchange while also protecting privacy, federated learning (FL) stands 

out as a novel computational approach that enables decentralized model training. Originally 

developed by Google, federated learning allows multiple parties to collectively train a machine 

learning model without the need to directly share the raw data with each other. In an iterative 

manner, each individual party privately uses its own data to update a collective model, and then 

shares the updated model (but not the raw data used during training) with other participating parties. 

Models trained via federated learning have been shown to achieve the same level of performance 

as if the actual data were shared (Sheller et al., 2020). Due to its good performance and desirable 

privacy protection property, federated learning is receiving increasing attention from healthcare 

researchers (Aledhari et al., 2020; Xu et al., 2020) and explored by practitioners. As an example, 

the University of Pennsylvania and Intel Corporation orchestrated a partnership among 30 

institutions and used federated learning to build a model that detects boundaries of brain tumors. 

Their research showed that the federated model, while preserving privacy, was 99% as accurate as 

if the data were centralized (Sheller et al., 2020). 

 

Nevertheless, with very few real-world applications, federated learning in healthcare is still in its 

infancy, and there is limited knowledge of factors that may contribute to its success. In this paper, 

we take steps towards understanding federated learning in healthcare by asking a fundamental 

question: under what conditions are hospitals willing to participate in federated learning? 

Anecdotal evidence suggests that, currently, federated learning partnerships among hospitals 

typically rely on preexisting relationships (e.g., personal relationships among managers of 

different hospitals). In other words, the partnerships largely depend on the goodwill and 

reputations of the participants. However, without a systematic understanding about the trade-offs 

and incentives in federated learning, there is little guarantee that such partnerships will persist, or 

that healthcare providers without preexisting relationships can benefit from it. 

 

Towards this end, we leverage a game theoretical model known as the iterated prisoner’s dilemma 

(IPD) to characterize the incentives and dynamics of federated learning. Specifically, in our main 

analyses, we consider an IPD with two identical players (i.e., healthcare providers), each deciding 

whether to cooperate (i.e., share its information with the other player via federated learning) or to 

defect (i.e., do not share) in every round of the game. Different from a standard IPD, we revise the 

payoff matrix structure in order to capture the unique characteristics associated with the underlying 

data analytics and modeling tasks. Solving the game produces boundary conditions under which 

stable cooperation (i.e., continued exchange of information) would arise between the players. 

Beyond the setup of two identical players, we also extended the analyses to consider two players 

that differ in several important characteristics. 

 

Our analyses show that mutual cooperation depends on the interplay of several factors, including 

(1) the amount of information a player gathers (and can share with the other player) in each round, 

(2) the player’s discount rate, which reflects how myopic or forward-looking it behaves, and (3) 

characteristics of the underlying data analytics problem (e.g., whether past information can carry 

over to future rounds). In general, cooperation becomes harder to arise as the amount of 

information acquired per round increases; beyond a certain point, the players have no incentive to 
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cooperate at all. With a fixed capacity of information acquisition, mutual cooperation then depends 

on the discount rate of the players. If past information is irrelevant for future rounds, cooperation 

requires that both players to be sufficiently forward-looking – this is consistent with the 

conventional results of an IPD game. Interestingly, if past information accumulates over time and 

continue to affect future payoffs, then cooperation requires that the discount rate falls into a 

“Goldilocks zone” — having players that are neither too myopic nor too forward-looking. 

 

2. Model and Key Results 
In this section, we introduce the notations and set up the game theoretic model. For model 

tractability, we consider two identical players (e.g., two healthcare providers), A and B, that are 

deciding whether to engage in health information exchange via federated learning. We model their 

information exchange decisions as an iterated prisoner’s dilemma (IPD). 

 

In each round of the IPD, both players collect an 𝑥 amount of new information (e.g., new patient 

data gathered during a particular time period), and we assume that 𝑥 > 0. Note that 𝑥 should be 

conceptualized as a measure of information quantity and does not necessarily equal the size of raw 

data (e.g., number of rows), though the two can be highly correlated. This new information can 

help update the machine learning system of each player to achieve better performance. Meanwhile, 

each player makes an independent choice between two decisions: (1) to cooperate with the other 

player, which means that the focal player will share new information with the other player; or (2) 

to defect, which means that the focal player holds on to the new information and does not share it 

with the other player. Importantly, under the federated learning paradigm, cooperating players do 

not share the actual raw data they have collected but rather certain forms of model-specific 

information, such as gradients, parameters, or intermediate results, which do not directly reveal 

the underlying raw data. Nonetheless, federated learning algorithms can leverage such information 

to effectively improve machine learning models, as if the raw data has been directly shared (Sheller 

et al., 2020). Due to this property of federated learning, we operationalize the amount of 

information that is shared to also be 𝑥, i.e., the same as the amount of information privately 

collected by a player. 

 

To quantify how information benefits a player, we define utility function 𝑈(𝑋) to represent the 

utility gain of a player who possess 𝑋 amount of information, including the information collected 

by the player itself as well as the information shared by the other player over all previous rounds. 

In the context of machine learning, this utility may be interpreted as (a combination of) accuracy, 

efficiency, progress and other characteristics describing the performance of a machine learning 

system. Importantly, we assume that 𝑈(𝑋) is a strictly concave function. In other words, a player 

gets diminishing marginal utility, 𝑈(𝑋 + Δ𝑥) − 𝑈(𝑋) , for the same amount of additional 

information ∆x. This is a realistic assumption, because the performance improvement of a machine 

learning system typically slows down or saturates as more data becomes available. 

 

At the same time, there are risks associated with information exchange. Even though the sensitive 

raw data are not directly shared under federated learning, they are still not perfectly secure. 

Research has shown that it is possible to recover the raw data based on model-specific information 

publicly shared in federated learning, such as gradients (Zhu and Han, 2020), which causes data 

leakage and privacy loss. To model the risk associated with sharing x information, we specify a 

linear cost function: 𝐶(𝑥) = 𝛼𝑥, where 𝛼 is a weight parameter that reflects the “vulnerability” 
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of a player to the risk of information sharing. Unlike the concave utility function, we model cost 

as a linear function of 𝑥. This is motivated by the fact that, if the player were to compensate the 

victims of a data breach, the total compensation would be a linear function of the number of victims, 

as was the case in Target’s 2013 credit card data breach settlement and an ongoing class-action 

lawsuit against Google’s Chrome browser privacy violation (McCoy, 2017; Winder, 2020). It is 

also consistent with regulatory goal to align penalties of data breach (e.g., fines) with the scale of 

violation and number of people affected. 

 

Depending on the action of each player in a round, there are four possible scenarios: (1) Both 

Cooperate: Both players get more information, but both are exposed to the risk of data breach and 

privacy loss. (2) Both Defect: Data are not shared between the two parties, which entails a low risk 

of data breach or privacy loss but also less information at the same time. (3-4) Player A cooperates, 

Player B Defects (and vice versa): The defecting player gains additional information without 

additional risk, whereas the cooperating player has risk exposure without any information gain. 

Formally, for player 𝑝 ∈ {𝐴, 𝐵}, denote 𝑋𝑡−1
𝑝

 as the total stock of information possessed by player 

𝑝 up to round 𝑡 − 1. We can formulate the payoff matrix as follows: 

 

Table 1. Payoff Matrix in Round 𝑡 
A/B Cooperate (C) Defect (D) 

Cooperate (C) 𝑅(𝑥|𝑋𝑡−1
𝐴 ), 𝑅(𝑥|𝑋𝑡−1

𝐵 ) 𝑆(𝑥|𝑋𝑡−1
𝐴 ), 𝑇(𝑥|𝑋𝑡−1

𝐵 ) 
Defect (D) 𝑇(𝑥|𝑋𝑡−1

𝐴 ), 𝑆(𝑥|𝑋𝑡−1
𝐵 ) 𝑃(𝑥|𝑋𝑡−1

𝐴 ), 𝑃(𝑥|𝑋𝑡−1
𝐵 ) 

 

Each element in the payoff matrix is defined as: 𝑅(𝑥|𝑋𝑡−1
𝑝 ) = 𝑈(𝑋𝑡−1

𝑝 + 2𝑥) − 𝑈(𝑋𝑡−1
𝑝 ) − 𝐶(𝑥); 

𝑃(𝑥|𝑋𝑡−1
𝑝 ) = 𝑈(𝑋𝑡−1

𝑝 + 𝑥) − 𝑈(𝑋𝑡−1
𝑝 ) ; 𝑇(𝑥|𝑋𝑡−1

𝑝 ) = 𝑈(𝑋𝑡−1
𝑝 + 2𝑥) − 𝑈(𝑋𝑡−1

𝑝 ) ; and 

𝑆(𝑥|𝑋𝑡−1
𝑝 ) = 𝑈(𝑋𝑡−1

𝑝 + 𝑥) − 𝑈(𝑋𝑡−1
𝑝 ) − 𝐶(𝑥). 

 

Take 𝑅(𝑥|𝑋𝑡−1
𝑝 ) as an example. It corresponds to the payoff for player p in round t if both players 

decide to cooperate and share the information they have gathered with the other party. As the result 

of mutual cooperation, player 𝑝 would end up getting 2𝑥 information (𝑥 self-gathered and 𝑥 

shared by the other party) on top of the information stock, 𝑋𝑡−1
𝑝

, accumulated over previous rounds. 

Therefore, the player’s payoff in round 𝑡  is calculated as the marginal utility gain 

𝑈(𝑋𝑡−1
𝑝 + 2𝑥) − 𝑈(𝑋𝑡−1

𝑝 ), less the cost of sharing 𝑥  amount of information. The other three 

elements in the payoff matrix can be understood analogously.  

 

Furthermore, we denote the discount rate as 𝛾 ∈ (0,1). A player’s payoff obtained in round t is 

discounted by 𝛾𝑡−1 to the beginning of the game. The magnitude of the discount rate reflects the 

importance of future payoffs. For example, a small 𝛾 implies that future payoffs are less important 

compared to present payoff. In the specific context of healthcare, the discount rate characterizes 

how forward-looking (vs. myopic) a healthcare provider behaves, and may be determined by the 

organization’s strategic priorities and business objectives. 

 

Finally, we consider two most commonly studied trigger strategies, namely the “grim trigger” and 

“tit-for-tat”. A trigger strategy determines what a player would do if the other party defects, and is 

an important element to define before one can study the outcomes of an IPD game. In a grim 

trigger strategy, each player would cooperate unless the other player defects, in which case the 
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focal player will retaliate by defecting for the rest of the game (Axelrod and Hamilton, 1981). In a 

tit-for-tat strategy, a player cooperates at first, and then copies what the other player does in the 

preceding round (e.g., if the other player defects at round 𝑡, the focal player will retaliate and 

defects at round 𝑡 + 1). Under the above setup, we have derived the boundary conditions for stable 

cooperation, summarized in the following Theorems 1-2. 

 

Theorem 1. Under the grim trigger strategy, two players will cooperate if and only if 𝐶(𝑥) <
(1 − 𝛾)2∑ 𝛾𝑡−1{𝑈(2𝑡𝑥) − 𝑈((𝑡 + 1)𝑥)}+∞

𝑡=2 . 

Theorem 2. Under the tit-for-tat strategy, two players will cooperate if and only if 𝐶(𝑥) < (1 −

𝛾)∑ 𝛾𝑡−1{𝑈(2𝑡𝑥) − 𝑈((2𝑡 − 1)𝑥)}+∞
𝑡=2 . 

 

Proofs of both theorems are omitted due to space limits and are available upon request. Although 

closed-form solutions for the cooperation-inducing values of γ cannot be obtained, the following 

theorems provide additional insights regarding the cooperation boundary conditions. 

 

Theorem 3. Under both the grim trigger strategy and the tit-for-tat strategy, there always exists a 

finite 𝑥+ which satisfies 𝐶(𝑥+) = 𝑈(4𝑥+) − 𝑈(3𝑥+), such that when 𝑥 ≥ 𝑥+, no feasible value 

of 𝛾 would lead to cooperation. 

 

Intuitively, this Theorem shows that players have no incentive to cooperate if the amount of 

information they can gather within each round is sufficiently large, to the point where the marginal 

payoff gain of cooperation over defect is smaller than the cost associated with cooperation. This 

result implies that stable federated learning partnerships may be more challenging to form among 

large healthcare providers with heavy patient traffics. 

 

In the next two theorems, we show that when the information gathered per round is not large 

enough to prohibit cooperation (i.e., when 0 < 𝑥 < 𝑥+), there are both a lower bound and an upper 

bound on the cooperation-inducing values of 𝛾. 

 

Theorem 4. Under both the grim trigger strategy and the tit-for-tat strategy, for a given 𝑥 ∈
(0, 𝑥+), there exists 0 < 𝛾𝑙 < 𝛾𝑢 < 1  such that cooperation would not arise when 𝛾 < 𝛾𝑙  or 

when 𝛾 > 𝛾𝑢.  

 

The existence of a lower bound on cooperation-inducing 𝛾 is consistent with the conventional 

understanding of an IPD game: when the payoff discounts too fast, the discounted sum of future 

payoff from cooperation is not large enough to offset the cost of cooperation. However, Theorem 

4 shows that there can also be an upper bound on the cooperation-inducing γ that is strictly smaller 

than 1. This finding may appear counter-intuitive at first, because higher 𝛾  indicates more 

forward-looking players who, presumably, should value the additional payoffs from mutual 

cooperation. The intuition for this finding is that if players are highly forward-looking, they may 

also become more “self-reliant”. Compared to cooperation, defection does not result in as much 

benefit reduction when past information accumulates to future states, while also avoids the cost of 

information exchange associated with cooperation. Therefore, as the discount rate increases, 

defection becomes more attractive and eventually leads to a non-cooperative outcome. 

 

We also extends the above analyses to consider cases where the two players differ on cost 
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sensitivities, learning capabilities, information acquisition capacities, and discount rates. Due to 

space limits, these results will be omitted and are available upon request. 

 

To summarize, we formulate and analyze the incentives and strategic trade-offs associated with 

federated learning in the healthcare context. Using a game theoretic approach, our results advance 

the understanding of critical decisions faced by healthcare providers in federated learning, as well 

as the boundary conditions under which providers would be willing to form stable partnerships 

and engage in continued healthcare information exchange. These findings can serve as the bases 

for designing incentive mechanisms (e.g., contracts) that effectively promote cooperative 

behaviors in federated learning. Furthermore, while our analyses are situated in healthcare, our 

model and the derived insights are broadly relevant for other contexts where federated learning is 

applied (e.g., insurance industry, pharmaceutical companies, geo-distributed data centers). 
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Abstract 

 

Life-event targeting has gained increasing attention in practice that companies target customers 

for marketing activities based on life-event prediction. However, seldom has study explored its 

underlying mechanism. In this study, we conduct field and online experiments to examine the 

effectiveness of life-event targeting, and dive into literature on information seeking, behavioral 

targeting and customer uncertainty theory to explore the underlying mechanism. Our findings 

suggest that customers’ information-seeking need mediates the effect of life-event targeting on 

customers’ response behavior, which is contingent on different customer uncertainty. 

Specifically, customers with higher choice uncertainty and those with lower knowledge 

uncertainty are more likely to respond to life-event targeting. This paper contributes to IS 

research by adopting theories from different domains and adding an information perspective to 

the growing practice of life-event targeting. Based on the experimental evidence, companies 

could also strategically design targeting campaigns based on customer uncertainty and 

information seeking behavior.  

 

Keywords: Life-Event Targeting, Customer Uncertainty, Information Seeking, Machine 

Learning, Field Experiment 

 

 

1. Introduction 
Life events such as moving, getting married, or having a baby are considered as significant 

moments in customers’ life, which have tremendous impacts on their consumption behavior 

(Koschate-Fischer et al. 2018). Life events also influence customers’ information seeking 

behavior, by triggering changes in their life stage, stimulating them to seek more information 

during decision-making to cope with such life events (Dimoka et al. 2012; Lee et al. 2001). 

Research shows that customers who are going through life events are more likely to respond to 

marketing campaigns in general (Godsall et al. 2017). Therefore, targeting customers based on 

such events with relevant information may help to create new market segments, improve 

customers’ campaign response and increase products sell (Koschate-Fischer et al. 2018). 

However, even though practitioners want to explore life-event targeting as keen as mustard, 

research regarding its effectiveness and its underlying mechanism is scarce. In this work, we 

seek to answer the urgent question: Can life-event targeting effectively engage customers to 

respond to marketing campaigns and how does it work?  

Research from consumer psychology on life cycle theory suggests that it could be 

effective to segment markets based on life events, because customers who are going through the 

same life event would make similar behavioral changes (Koschate-Fischer et al. 2018; Lee et al. 

2001; Mathur et al. 2008). However, these findings lack direct reflections on how these 

behavioral changes can be leveraged in targeting. On the other hand, research on information 

seeking and behavioral targeting shows that customers seek information more intensively in 
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general when they go through life changes (Byström and Järvelin 1995), and the effect of a 

campaign is stronger when customers actively seek the information the campaign offers (Rimal 

et al. 1999). Nevertheless, these studies have failed to support a causal relationship between the 

effectiveness of life-event targeting and customers’ information seeking behavior. We propose 

that life-event targeting may satisfy customers’ information seeking need and further increase 

their response rate to the marketing campaigns, which proactively provide them with life-event 

related information. Thus, this paper bridges the gap in literature on Information Systems (IS) 

and marketing, investigating the role of information seeking behavior in life-event targeting.  

Furthermore, to better understand the effectiveness of life-event targeting contingent on 

customer heterogeneity, we introduce customer uncertainty theory (Urbany et al. 1989). 

Customers exhibit varying information seeking behavior under different uncertainties, which 

refer to the uncertainty about relevant information prior to decision-making (Helmefalk, 2019). 

Therefore, when targeting customers based on life events, it is important to understand the 

nuance between customer uncertainty and information seeking behavior. Customer uncertainty 

consists of choice uncertainty (i.e., regarding information on which alternative 

products/purchasing channels to choose) and knowledge uncertainty (i.e., regarding information 

about alternatives). Choice uncertainty motivates customers to solve the internal conflict of 

choosing alternatives and increases information seeking, whereas knowledge uncertainty hinders 

customers’ ability to comprehend new information, increases information search cost and 

reduces information seeking (Huang et al. 2017). Therefore, this paper extends the knowledge 

and theory of information seeking in the context of life-event targeting by taking the perspective 

of customer uncertainty. 

We design and conduct a randomized field experiment in collaboration with one of the 

largest European insurance companies, and an online experiment on Prolific to identify the 

causal effects and underlying mechanisms of life-event targeting. We leverage three unique 

datasets: first, we acquire an observational dataset from the company to develop a life-event 

prediction model; second, we collect field experiment data in an email campaign and evaluate 

the treatment effect of life-event targeting; third, we collect online experiment data to replicate 

the main findings from the field experiment and to explore potential mechanisms.  

Empirical analyses yield notable results, showing that the effect of life-event targeting is 

mediated by customers’ information seeking need. In addition, the effectiveness of life-event 

targeting varies among customers with different uncertainties. Evidence from the online 

experiment shows that when receiving life-event targeting, customers who go through a life 

event are more likely to have a higher information seeking need and consequently more likely to 

respond. Moreover, customers with higher choice uncertainty and those with lower knowledge 

uncertainty are more likely to respond to life-event targeting. 

This study contributes to research and practice in three ways. First, it demonstrates that 

life-event targeting is indeed effective to increase customers’ click-through rate in marketing 

campaigns. More importantly, the study identifies a direct causal relationship between its 

effectiveness and customers’ information seeking need, which contributes to IS research by 

adding an information perspective to the growing practice of life-event targeting. Second, this 

study introduces the nuance between customer uncertainty and information seeking in the 

context of life-event targeting. It suggests that the effectiveness of life-event targeting varies 

among customers with different degrees of choice uncertainty and knowledge uncertainty. This 

study therefore extends the current IS knowledge and theory of information seeking behavior by 

incorporating customer uncertainty theory from marketing literature. Third, our findings suggest 
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that companies can benefit from targeting customers using life events; moreover, companies 

might consider strategically designing targeting based on customer uncertainty and 

information-seeking behavior.  

 

2. Randomized Field Experiment: Life-Event Targeting Effectiveness 
We identify and evaluate all potential life events based on their possible impacts on insurance 

policies, such as moving, having child(ren), getting married, paying off a debt, and retiring. 

Given the high potential impact on insurance products, data availability, and prediction 

feasibility, we choose “moving primary residence” as the life event for this study. We acquire an 

observational dataset consisting of 238,710 customers with 66 variables, including demographics, 

residential and behavioral information. Within the dataset, 3,141 customers moved their primary 

residence. Based on the dataset, we develop several prediction models in comparison to predict 

the life-event of moving. For a more robust and accurate prediction, we choose logistic 

regression without resampling for the prediction due to its best prediction performance.  

We then design and conduct a randomized field experiment in an email marketing 

campaign, targeting 13,161 customers in total. In the treatment condition, we send out an email 

with the advertisement of home insurance to 6,521 randomly chosen customers. In the control 

condition, we send out a similar email but with an advertisement of traveling tips1 to 6,640 

customers. The experimental data consists of unique customer observations with their 

information, including click (1 if yes, 0 otherwise), treatment (1 if received home insurance ads, 

0 if received travel tips), likelihood of moving (calculated by prediction model trained from 

separate observational data), choice uncertainty (response to multiple survey items2), knowledge 

uncertainty (response to single survey item3), number of insurance purchased, annual premium, 

tenure, age, gender, income and education.  

For choice uncertainty, we use the purchase channel preference as a proxy to indicate 

customers’ uncertainty on channels. If customers have a strong purchase channel preference, 

then they would be more certain which channel to choose when purchasing and hence a lower 

choice uncertainty. Moreover, we measure knowledge uncertainty by using insurance experience 

as a proxy to indicate customers’ uncertainty on general knowledge. If customers are more 

experienced with insurance, they would be more knowledgeable regarding insurance products 

and thus lower knowledge uncertainty. We also use uplift technique to create treatment effect as 

a dependent variable by calculating the difference between the likelihood of one clicking when 

receiving treatment and that when receiving control (aka. uplift).  

We then regress the likelihood of moving and customer uncertainty on treatment effect 

(Table 1). As seen in Table 1, we find statistical significance that life-event targeting is more 

effective on customers who are (predicted to be) more likely to move (Column 1). Moreover, 

when going through a life event, customers with higher choice uncertainty and those with lower 

knowledge uncertainty are more likely to respond to life-event targeting treatment (Column 2 - 

4). Although the field experiment may have established internal and external validity of 

life-event targeting, it offers limited insight on the underlying mechanism. Also measuring 

customer uncertainty via proxies poses measurement bias. As a result, we complement the field 

experiment with an online experiment on Prolific to further investigate the plausible explanation 

 
1 The experiment took place prior to COVID lockdown period. 
2 0 if strongly disagree, 8 if strongly agree: “I prefer purchasing insurance via (available channels in the context)” 
3 0 if strongly disagree, 8 if strongly agree: “I’m experienced in insurance” 
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underlying the effect of life-event targeting and to test the robustness of our findings in the field 

experiment. 

Table 1: Effectiveness of Life-Event Targeting 

  DV: Treatment Effect  

 (1) (2) (3) (4) 

likelihood of moving  

 

0.164*** 0.157*** 0.183*** 0.157*** 

(0.029) (0.029) (0.029) (0.031) 

likelihood of moving× 

choice uncertainty 

 0.072***  0.071*** 

 (0.027)  (0.027) 

likelihood of moving× 

knowledge uncertainty 

  -0.074*** -0.071*** 

  (0.031) (0.031) 

Constant  
0.500*** 0.500*** 0.500*** 0.494*** 

(0.001) (0.001) (0.001) (0.04) 

R2 0.005 0.017 0.017 0.017 

Note: The number of observations is 13,161. All covariates are included but omitted for brevity. Robust standard 

errors in parentheses.  ***p<0.01, **p<0.05, *p<0.1 

 

3. Randomized Online Experiment: Underlying Mechanism 
We design a between-subjects online experiment on Prolific. We randomly assign 815 

participants into scenarios of moving/non-moving and target them with email ads for home 

insurance (life-event targeting content) or crop insurance (non-life-event targeting content). We 

use 2×2×2×2 design and manipulate the scenario of life event (1=moving/0=not moving), 

targeting (1= home insurance ads/0= crop insurance ads), choice uncertainty (1= information on 

channel choices/0=no information), and knowledge uncertainty (1=information on alternative 

products/0=no information). We also observe click-through behavior and measure information 

seeking need with multiple survey items. We investigate whether participants with life event 

scenario will be more likely to respond to the targeting with home insurance ads, whether 

information seeking need mediates the effect of life-event targeting on click through behavior, 

and whether participants with different uncertainties will have different response. Our 

manipulation checks indicate that all experimental manipulations are well executed. 

Table 2: Mediation Effect Regression  

 DV:     click information seeking need click 

 (1) (2) (3) 

Step 1:   treatment 
-0.052 -0.241 -0.034 

(0.059) (0.213) (0.057) 

life event 
-0.026 0.478*** -0.061 

(0.055) (0.199) (0.054) 

Step 2: 

treatment ×life event 

0.227*** 0.834*** 0.165** 

(0.081) (0.293) (0.079) 

Step 3: 

information seeking need 

  0.074*** 

  (0.011) 

Constant 
0.314 1.235* 0.222 

(0.203) (0.736) (0.196) 

R2 0.111 0.343 0.175 
Note: The number of observations is 815. All covariates are included but omitted for brevity. Robust standard errors 

in parentheses.  ***p<0.01, **p<0.05, *p<0.1 
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To investigate the mechanism through which life-event targeting affects customers’ 

click-through behavior, we estimate a mediation model. Table 2 shows the mediation regression. 

The results show that when receiving life-event targeting ads, participants with life event 

scenario are more likely to have higher information seeking need and then higher likelihood of 

click-through. Specifically, life-event targeting (the interaction term of 

) has a significant positive effect on click 

( ), which is mediated by information seeking need. The indirect 

pathway of the effect via the mediator is significant ( ), which 

accounts for the overall effect.  

Table 3: Effectiveness of Life-Event Targeting with Customer Uncertainties 

 DV: click 

 (1) (2) (3) (4) 

treatment 

 

-0.077* -0.076 -0.078* -0.073 

(0.046) (0.046) (0.046) (0.048) 

life event 
-0.017 -0.015 -0.016 0.018 

(0.042) (0.042) (0.042) (0.044) 

treatment ×life event 
0.257*** 0.359*** 0.047 0.159* 

(0.063) (0.070) (0.083) (0.092) 

treatment ×life event × KU 
 -0.220***  -0.214*** 

 (0.065)  (0.068) 

treatment ×life event × CU 
  0.345*** 0.326*** 

  (0.073) (0.074) 

Constant  
0.072 0.014 0.274* 0.214 

(0.156) (0.155) (0.160) (0.160) 

R2 0.255 0.251 0.193 0.189 
Note: The number of observations is 815. All covariates are included but omitted for brevity. Robust standard errors 

in parentheses.  ***p<0.01, **p<0.05, *p<0.1 

We also investigate the moderation effect of customer uncertainty. Table 3 shows the 

results. When receiving life-event targeting ads, participants with life event scenario are more 

likely to click through the ads, suggesting that life-event targeting (the interaction term of 

 ) has a significant positive effect on click-through behavior. The 

results also show that the direct effect of life-event targeting on click-through is moderated by 

choice uncertainty (CU) and knowledge uncertainty (KU), showing that when being targeted 

based on life events, participants with higher CU and those with lower KU are more likely to 

respond. The findings corroborate with the field experiment evidence. 

 

4. Discussion   

In collaboration with a large European insurance company, we examine the effectiveness of 
life-event targeting among customers with different choice uncertainties and knowledge 
uncertainties. Our experimental evidence shows that the effect of life-event targeting is mediated 
by customers’ information seeking need and life-event targeting is more effective among 
customers with high choice uncertainty and those with low knowledge uncertainty. When going 
through life events, customers’ information seeking need increases and therefore, when being 
targeted based on life events, they are more likely to respond. Moreover, higher choice 
uncertainty motivates customers to seek more information for better decision-making. In 
addition, high knowledge uncertainty reflects high information search cost and hence hinders 
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customers’ information seeking need. Consequently, customers with higher choice uncertainty 
and those with lower knowledge uncertainty are more likely to respond.  

We further account for a few empirical challenges. First, when using machine learning 

technique to predict life events, we use different algorithmic models as robustness checks for 

prediction accuracy. Second, for the online experiment, we ensure item reliability, convergent 

validity, and discriminant validity. Third, to control for potential self-selection bias that some 

participants are more likely to open/click email content, we include control variables to control 

the likelihood of one opening received email and one clicking through opened email.  

As a research in progress, our work is subject to several limitations, which also offers 

future research opportunity. First, we only explore information seeking need in general as the 

underlying mechanism whilst customers can still have different types of information need such 

as price or product information. Future work can consider exploring various information seeking 

behavior. Second, we consider only two dimensions of customer uncertainty. However, there are 

other uncertainty dimensions to explore, such as product uncertainty. Future research can try to 

address this issue by covering more aspects. We look forward to presenting more detailed results 

from the field experiment as well as the findings of the additional experiment at the workshop. 
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Abstract 
 

COVID-19 (Corona Virus Disease 2019), as a global emergency, has significantly resulted 

in a downturn in the economy and is threatening the survival of business ventures. This study 

aims to explore how the online crowdfunding market, which serves as an important supplement 

for traditional financing channels, performs under this shock. Specifically, this study is 

interested in determining the extent to which online crowdfunding projects are affected and 

investigating factors that help projects to alleviate the negative effects. Based on a novel panel 

data set collected from kickstarter.com, we employ a regression-discontinuity-in-time design to 

empirically examine the impacts of the shock. The results showed that the pandemic threatens 

crowdfunding projects by decreasing both the number of backers and the amount of funds. 

Furthermore, we found that projects provide hedonic benefits (compared with utilitarian 

benefits), projects produced and delivered in digital form (compared with physical goods), and 

projects that adopt a narrative style with lower psychological distances are more likely to 

maintain the ability of fundraising. 

 

Keywords: COVID-19, Online Crowdfunding Markets, Design Features, Project Resilience 

 

1. Main Text 
The global healthcare emergency, coronavirus of 2019 (COVID-19), has significantly 

resulted in a depression in the real economy. With the production suspension of manufacturers, 

the lockdown of transport, hotels, entertainment, and restaurants, many industries are facing 

great losses (Fernandes 2020). The negative effects are proved to have spilled over to the 

financial industry, where the stock market is suffering from crashes and extremely high volatility, 

and the banking system is facing unprecedented pressure to ensure liquidity (Zhang et al. 2020). 

The traditional financing channels are in a downturn, threatening the survival of enterprises, 

especially vulnerable small or start-up firms. The impact of COVID-19 on alternative financing 

channels, i.e, the crowdfunding market, is unclear, however. Therefore, we investigate how the 

pandemic affects the crowdfunding market by asking the first research question: Whether and to 

what extent does public healthcare emergency exert influence on project fundraising 

performance in online crowdfunding markets?  
Moreover, the extent to which crowdfunding projects are affected by external disturbances 

may be heterogeneous. Specifically, some factors may alleviate the negative impact of external 

disturbances on crowdfunding projects, making them relatively capable of maintaining 

fundraising performance. To provide fundraisers with timely suggestions on project release and 

project designs in response to disruptive environmental changes, we herein introduce the concept 

of resilience and investigate the role of crowdfunding project design features in alleviating 

negative effects. The concept of resilience is widely adopted in many domains such as ecology, 
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psychology, and organization science (Edson 2012). In previous studies, to investigate the 

antecedents or enablers of resilience, scholars often emphasize internal resources, strategies, 

capabilities, and efforts (Pal et al. 2014). The understanding of crowdfunding project resilience, 

despite being inspired by existing knowledge, requires new theoretical discussion. 

The crowdfunding market is a typical two-sided market, where project performance is 

heavily contingent upon backers’ investment decisions. The project resilience is probably 

attributed to its inherent properties that naturally cater to backer’s considerations in an abnormal 

market environment. In crowdfunding literature, there is a wide consensus that backer behavior 

could be triggered by both external motivation (desire to receive something of value) or internal 

motivation (providing help, engage in the community), while deterred by their concerns on 

project fulfillment and possible opportunity cost (Gerber and Hui, 2013). Under the disruptions 

of the pandemic, we argue that investors may have preferences for desired rewards or values, 

have enhanced pro-social motivations, and perceive higher risks regarding project fulfillment. In 

accordance, we focus on benefits type (hedonic versus utilitarian), project delivery (digitally or 

physically), and psychological distance in the founder narrative. 

2. Hypotheses development 
2.1 Impacts of the COVID-19 Pandemic on the Crowdfunding Market 

The pandemic has been proved to exert severe economic impacts on the public (Fernandes 

2020; Zhang et al. 2020). The crowd’s disposable income may be reduced, considering the 

economic recession. The pandemic has also greatly disrupted the life order of the crowd and 

caused emotional panic (Li et al. 2020). The decline in wealth and negative emotions are 

supposed to reduce backers’ willingness to contribute capital. Therefore, we propose the 

following hypothesis: 

H1. The pandemic has negative impacts on crowdfunding project fundraising performance. 

2.2 Moderating Effects of Proposed Resilience Enablers 

The utilitarian/hedonic classification paradigm (Holbrook and Hirschman 1982) is adopted 

to discuss the effects of benefits type on maintaining fundraising performance under disruptions, 

as this perspective corresponds to the economic and psychological impacts of the pandemic. 

While utilitarian products are described as being instrumental in filling a basic need or 

accomplishing a functional task, hedonic products are described as being associated with the 

experience of fun, pleasure, and excitement (Holbrook and Hirschman 1982). Considering the 

pandemic’s economic impacts, the reduction in disposable income may make backers prefer 

utilitarian rewards that can provide practical, functional, tangible benefits. The psychological 

impacts of the pandemic, however, suggest the opposite result. We argue that the need for people 

in crises to seek pleasure where they can find it for their mental, physical, and emotional 

wellbeing has been played out in the context of managing “COVID fatigue,” which can lead to 

escapist behavior. The ability of hedonic benefits to mitigate negative emotions may therefore 

endow these projects with relatively better performance under disruptions. 

H2. Compared with utilitarian projects, hedonic projects are likely to maintain fundraising 

performance under disruptions. 

The various measures implemented to prevent the deterioration of the healthcare crisis, have 

hit heavily on the real economy, caused serious supply chain disruptions (Fernandes 2020), and 

severely hindered the collaboration of entrepreneurial teams. Backers in the online crowdfunding 

market, therefore, are supposed to hold increased concerns on project fulfillment and hesitate to 

provide support. The form of project delivery (digital or physical) is supposed to be decisive for 

the extent to which crowdfunding projects are affected by the pandemic. The nature of digital 
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products dictates that their design, manufacturing, and delivery can be achieved virtually. 

Entrepreneurial teams of digital products, therefore, compared to fundraisers who are expected to 

deliver physical products, are considered as facing fewer difficulties and more likely to flexibly 

adjust their collaboration in project fulfillment and delivery. In this sense, investors may have 

more confidence in the realization of digital products and thus prefer such projects to contribute 

their capital. We therefore propose the following hypothesis: 

H3. Compared with projects that provide physical products, projects that provide digital 

products are likely to maintain fundraising performance under disruptions. 

Psychological distancing refers to the extent to which an individual distances or removes 

himself or herself from the present circumstances or the topic being discussed (Parhankangas and 

Renko, 2017). It plays a vital role in connecting the two parties in communication, especially in 

building social relationships (Tausczik and Pennebaker, 2010). We argue that using language 

low in psychological distance may help projects maintain their ability to attract fundings for the 

following two mechanisms. First, when the pandemic is raging and seriously threatening the 

survival of creative ideas, investors may have an enhanced motivation to help others in need. 

Pitches with lower psychological distances where the entrepreneur connects to his or her 

audience by sharing their personal experiences, therefore, are more likely to convey the sincerity 

of founders and attract backers’ attention. Moreover, with the implementation of social isolation 

policies, the crowd is being plagued by increased psychological distance and the ensuing 

loneliness (Li et al. 2020) and has a stronger need to be connected. Therefore, we come up with 

the following hypothesis: 

H4. Projects using language low in psychological distancing are likely to maintain 

fundraising performance under disruptions. 

3. Methodology 
3.1 Research context and data collection 

Empirical analysis in this project is carried out in the context of the U.S., which has 

currently reported the most confirmed cases of COVID-19, and the U.S. crowdfunding market is 

a world leader. Whether taking the perspective of the pandemic or the crowdfunding market, the 

selected empirical context is representative. Data for this study were derived from publicly 

available information on Kickstarter.com, one of the largest crowdfunding websites worldwide. 

A web crawler using Python language was developed for data collection. The dataset contains 

the daily performance of ongoing projects on the platform from February 1 to April 24, 2020. 

After excluding foreign projects from the samples, 153,874 observations are left in the dataset. 

The dataset also contains project design features such as reward design and founder narrative. 

3.2 Measures 

The dependent variable in our research model is a set of indicators reflecting project 

fundraising performance, including daily new funds Fundsit and daily new backers Backersit. The 

focal independent variable Emergencyit is a dummy variable indicating whether the 

administrative area in which project i is located is in a state of emergency on day t, in which a 

government is empowered to perform actions or impose policies that it would normally not be 

permitted to undertake. A binary variable Hedonici is created, set to 1 if a project i provides 

hedonic rewards. The Kickstarter platform offers detailed and specific 156 subcategories under 

15 categories. In other words, projects under a specific subcategory offer similar reward content. 

The projects are manually labeled as offering either hedonic rewards or utilitarian rewards based 

on the subcategories. Similarly, the binary variable Informationi is created to reflect whether the 

reward in project i is produced and delivered in digital form. Furthermore, there is a wide 
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consensus in the literature that the use of first-person pronouns is negatively associated with 

psychological distancing (Tausczik and Pennebaker 2010; Parhankangas and Renko 2017). We 

used LIWC software packages to count this linguistic style and created continuous variable 

FPPronounsi where the high usage of first-person pronouns is considered as high in 

psychological distancing. Table 1 reports the summary statistics for the key variables.  
Table 1. Data Summary 

Variable Mean Standard deviation Minimum Maximum 

Backers 135.041 819.346 0 57403 

Funds 630.560 8057.824 0 1205922 

Emergency 0.467 0.499 0 1 

Hedonic 0.875 0.331 0 1 

Information 0.274 0.446 0 1 

FPPronouns 7.013 3.026 0 50 

Notes. The statistics for time-varying variables are calculated using 153,887 project-day 

observations. The statistics for project design features are based on project observations. 

3.3 Regression-discontinuity-in-time (RDiT) specification 

The goal of this research is to investigate how the pandemic-related policy change affects 

the fundraising performance of crowdfunding projects. Unfortunately, the impact of the 

COVID-19 pandemic was widespread. All administrative regions of the United States were 

affected by the pandemic and had declared emergency status so that policies such as production 

shutdowns and social distancing could be implemented. Without an ideal control group, we 

could not use the commonly adopted difference-in-differences approach. Following prior 

literature (Ozturk et al. 2019; Anderson 2014), we use an RDiT design to estimate treatment 

effects in nonexperimental settings where a) the treatment is determined by a known cutoff time 

and b) there is no cross-sectional variation in treatment status. Specifically, we estimate the 

following equation: 

 (1) 

where yit is the fundraising performance of crowdfunding project i in day t, Emergencyit is a 

binary variable equal to 1 when the pandemic-related policy is in effect and zero otherwise, and 

dateit is the date measured in days from the beginning of the emergency declaration. The RDiT 

design assumes that the potentially endogenous relationship between εit and the date is fully 

captured by the time-dependent function f(dateit). In other words, the relationship between εit and 

the date does not change discontinuously on or near the date on which the pandemic-related 

policy begins. In this research context, the RD is sharp in that the dateit completely determines 

Emergencyit. Following prior works (Anderson 2014; Ozturk et al. 2019), dateit is normalized to 

be zero on the day the emergency is declared, the order of the polynomials is empirically 

determined based on the model fit and should absorb the relationship between the date and εit. 

Several variables including day-of-week, holiday, cumulative fundraising progress of the project 

i on day t-1, and the project fixed effects are adopted as control variables Xit to increase the 

precision of our estimates. 

4. Empirical Results  
As can be seen from table 2, the COVID-19 pandemic has exerted negative impacts on 

crowdfunding markets by impeding the fundraiser’s participation behavior and weakening their 

willingness to contribute capital, supporting our expectation. Specifically, the pandemic is 

associated with an average of 1.8% (1-exp(-0.018)) reduction in attracted backers, and a 16.2% 

(1-exp(-0.177)) reduction in received funds. We further examine the role of project design 

features in the pandemic’s effects. As reported in columns (1) and (2) of Table 3, hedonic 

54



projects are found to suffer fewer negative impacts from the pandemic. Specifically, while 

projects offering utilitarian rewards suffered an average 7.3% decrease in backers and 28.8% 

decrease in funding, the pandemic only brings 0.9% and 14.4% decreases on the attracted 

backers and funds for hedonic projects, respectively. Considering that the nature of projects 

under several categories dictates that they must be delivered in tangible form, in examining the 

impact of product type (information versus physical), we used observations from Technology 

category and Games category, which contain both the two types of products. As shown in 

columns (3) to (6) of Table 3, a consistent finding is obtained that information products are 

preferred by backers compared to physical products under the shock of the pandemic.  
Table 2. RDiT Strategy: The influence of COVID-19 pandemic 

 Baseline  Influence of Pandemic 

 (1) 

Backers 

(2) 

Funds 

 (3) 

Backers 

(4) 

Funds 

Emergency    -0.018*(0.011) -0.177***(0.029) 

Time Polynomials Yes  Yes  Yes Yes 

Progress Yes  Yes  Yes Yes 

Weekday Effect Yes  Yes  Yes Yes 

Holiday Effect Yes  Yes  Yes Yes 

Project Effect Fixed Fixed  Fixed Fixed 

Constant 1.302***(0.008) 3.274***(0.032)  1.311***(0.015) 3.360***(0.035) 

Observation 153,887 153,887  153,887 153,887 

R2 0.132 0.071  0.132 0.072 

Notes. Clustered robust standard errors (project) are reported in parentheses. The polynomial 

order is selected using the BIC criterion among orders ranging from one to four. 
 

Table 3. RDiT Strategy: Differential effects of the covid-19 pandemic 

 Hedonic Benefits  Information Goods 

(Technology) 

 Information Goods 

(Games) 

 Psychological 

Distance 

 (1) 

Backers 

(2) 

Funds 

 (1) 

Backers 

(2) 

Funds 

 (1) 

Backers 

(2) 

Funds 

 (1) 

Backers 

(2) 

Funds 

Emergency -0.076** 

(0.030) 

-0.326*** 

(0.072) 

 -0.073 

(0.062) 

-0.249* 

(0.136) 

 -0.051 

(0.038) 

-0.233*** 

(0.078) 

 -0.019* 

(0.011) 

-0.180*** 

(0.029) 

Emergency* 

Hedonic 

0.067** 

(0.032) 

0.017** 

(0.076) 

         

Emergency* 

Information 

   0.123* 

(0.074) 

0.309** 

(0.155) 

 0.147*** 

(0.057) 

0.357** 

(0.149) 

   

Emergency* 

FPPronouns 

         0.013*** 

(0.003) 

0.029*** 

(0.008) 

Time Polynomials Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes 

Progress Yes Yes  Yes Yes  Yes Yes  Yes Yes 

Weekday Effect Yes Yes  Yes Yes  Yes Yes  Yes Yes 

Holiday Effect Yes Yes  Yes Yes  Yes Yes  Yes Yes 

Project Effect Fixed Fixed  Fixed Fixed  Fixed Fixed  Fixed Fixed 

Constant 1.311*** 

(0.015) 

3.362*** 

(0.035) 

 0.834*** 

(0.046) 

2.353*** 

(0.110) 

 2.293*** 

(0.040) 

4.897*** 

(0.054) 

 1.309*** 

(0.015) 

3.357*** 

(0.035) 

Observation 153,887 153,887  11,409 11,409  25,851 25,851  153,887 153,887 

R2 0.133 0.072  0.092 0.050  0.168 0.088  0.133 0.072 

Notes. Clustered robust standard errors (project) are reported in parentheses. 

Finally, we examine the effect of psychological distance expressed in the founder’s 

narrative on the project's fundraising performance under the pandemic. In estimating the 

coefficients of the interaction terms, the continuous variable FPPronouns was centralized and the 
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results are presented in columns (7) and (8) of Table 3. Consistent with expectations, the increase 

in the use of first-person pronouns in founder narrative, i.e., the decrease in psychological 

distance, effectively attracts backer’s willingness to support thus alleviate the losses suffered by 

crowdfunding projects under the pandemic. 

5. Contributions and Implications 
This study extends the prior understanding of crowdfunding literature in two ways. First, this 

research is among the first to provide insights into how external disruptions influence the 

crowdfunding market. Illuminating its performance under macroeconomic shocks extends our 

understanding of the behavioral patterns of backers, as well as the characteristics and advantages 

of crowdfunding as a novel business model. Second, this research extends current literature by 

providing evidence and discussion on the pandemic’s differential impacts on projects with 

different design features. The exploration of the moderating roles of project design features not 

only provides richer research findings but also enables further explanation of the mechanisms by 

which the pandemic affects backer behavior. The research also contributes to the practice in the 

following two aspects. First, by identifying the extent to which online crowdfunding markets are 

affected, this research assists business ventures’ selection of fundraising channels. Second, by 

revealing what features enable crowdfunding projects to maintain fundraising ability and obtain 

desired outcomes under external shocks, this research provides timely suggestions for project 

managers to develop proper release plans and create effective project designs. 
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Abstract 
 

Many researchers have studied the effect of monetary incentives in proportional mechanism or 

quality control mechanism in UGC platform. However, they only consider one of these two 

mechanisms and get contradictory findings. In this paper, we build a theoretical model to identify 

different contributors’ group according to the changing patterns in contributors’ behavior when 

introducing monetary incentive mechanisms, and find that: (1) in proportional mechanism, the 

number of contributors and contributions will decrease (increase) if the total effect of monetary 

incentives and moderate effect is negative (positive), but (2) in quality control mechanism, the 

number of contributors will decrease even though the total effect is positive, and total contributions 

may increase even though the total effect is negative. (3) The proportional mechanism is better at 

attracting more contributors and the quality control mechanism will attract more satisfying 

contributors. This paper gives suggestions for selection and use of monetary incentive mechanisms. 

 

Keywords: UGC, Monetary Incentive Mechanisms, Contributors’ Behavior 

 

 

1. Introduction 

User-generated content (UGC) such as blogs, reviews, videos, etc. (Ahn et al. 2016), is a type of 

public good contributed by volunteers, and heavily related to the development of UGC platforms 

(Bahtar and Muda 2015; Timoshenko and Hauser 2019). However, UGC in the website platform 

is often undersupplied (Burtch et al. 2018; Huang et al. 2019) 

Monetary incentive, deployed by many UGC websites, is the main method to encourage users’ 

activities (Fang and Liu 2018). It’s often assumed that monetary incentives can improve user’s 

contributions. For example, (Chen et al. 2019) find that monetary incentives are effective in 

increasing the number of content outputs on social media. However, some researchers find this is 

not the only case. (Khern-am-nuai et al. 2018) study the effect of monetary incentives on online 

reviews in the context of a natural experiment and find that the participation level decreases after 

monetary incentives. On account of the unclear effect of monetary incentives on contributors' 

behavior, this paper tries to investigate it and explain when and why monetary incentives (don’t) 

work to attract more (satisfying) contributors.  

Motivations of contributors’ behavior consist of intrinsic motivation and extrinsic motivation. 

(Ma et al. 2009; Xu and Li 2015) On the one hand, monetary incentives, acting as extrinsic 

motivation, can facilitate users to share more. On the other hand, some researchers, such as (Alexy 

and Leitner 2011; Bénabou and Tirole 2006), also find that monetary incentives may also regulate 

intrinsic motivation positively or negatively, thus affecting people's behavior. Based on previous 

literature, we develop a model by considering the effect of monetary incentives on intrinsic 

motivation.  
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Contributors may differ in their motivation to contribute. Some researchers try to shed light on 

contributors’ behavior by dividing contributors into several groups and explain why contributors 

behave differently in a certain level of extrinsic incentives (Gneezy et al. 2011; Sun and Zhu 2013; 

van Mierlo 2014). Different from the previous studies, which simply divide contributors into 

several categories, we build a model to identify different groups of contributors who behave 

similarly in a specified situation, trying to investigate why several outcomes occur when monetary 

incentives are introduced. 

The contributors’ behavior is affected by monetary incentives, more specifically, affected by 

monetary incentive mechanisms. Two main popular mechanisms are the proportional mechanism 

and quality control mechanism. However, most of the researchers (Goes et al. 2016; Liu and Feng 

2021) drive their conclusions from only one of them, thus we are largely unclear which 

mechanisms are more effective in inducing contributors’ contribution. Although some researchers 

talk about proportional mechanism and quality control mechanism at the same time (Ghosh and 

McAfee 2011), the research background or the model is quite different from us. So we aim to 

answer the question: how does the platform utilize each mechanism and which one to choose. 

Therefore, the purpose of this paper is to (1) build models to investigate the impact of monetary 

incentive mechanisms on contributors’ behavior and understand why different contributors behave 

differently, and thus we can (2)get the reason for changes in total contributors and contributions 

when introducing monetary incentives. Meanwhile, we want to know (3) how to choose and apply 

an appropriate monetary mechanism under different purposes of a platform. The results show us 

why contributors behave differently in the real world when there are monetary incentives. And we 

also give some suggestions of mechanism choice and notes for making better use of each 

mechanism. 

 

2. The Baseline Model  

In this section, we build a baseline model without any extrinsic incentives for comparing.   

Content. The quality of the contents of a contributor is defined as all the audiences attracted by 

him. Let 0q  .  

Contributor. Each contributor should decide whether to contribute and which quality to choose 

if he contributes. The utility of a contributor is a tradeoff between the satisfaction of different 

motivations and the cost of contribution. (1) The motivations of the contribution in the UGC 

platform include intrinsic motivation and extrinsic motivation. Intrinsic motivation contains a 

fixed intrinsic motivation 0v , and i iv q  which is increased by the audience attracted (Ahn et al. 

2016). iv , the value of which is distributed at the interval [0,1] with density ( )f v , determines 

the degree to which the quality of contribution translates into contributors’ utility. (2) With respect 

to cost function, we assume that (Ghosh and Hummel 2014; Ghosh and McAfee 2011) (a) (0) 0c  ; 

(b) ( ) 0c q   ; and (c) ( ) 0c q   . We use the cost function 
2

0( )ic kq+  that satisfies these conditions. 

Then, the utility function of 'i th  contributor is: ( ) ( )2

0 0i i i iU v v q c kq= + − + . If 0 0v c , all the 

potential contributors will contribute, which is nearly impossible to happen in the real world, so 

we have 0 0v c . Let 
0 0c c v= − , then the utility function is: ( )2

i i i iU v q c kq= − +  

Proposition 3.1: If 0 1/ 4k c  , there will be contributors in the platform. And the potential 

contributors with intrinsic value 2 ,1iv ck 
 

 will contribute at a quality / 2iv k .  

From proposition 3.1, we can find that the quality chosen by a contributor is positively related 

to his intrinsic motivation. The number of contributors is negatively related to the cost of 

participation and the difficulty to improve quality.  
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3. Monetary Incentive Mechanisms  
3.1. Proportional Mechanism 

In the proportional mechanism, the monetary rewards for each contributor are proportional to the 

audience attracted. Then the Utility function is ( ) ( )2

i i i p i iU v q m q c kq= + + − +  where 
p im q  is 

the total monetary incentives gotten by 'i th contributor, and   is the moderate effect. 

Proposition 3.1: If 2 1pm ck  − − , there will be contributors in the platform. Only the 

potential contributors with  min( ,1),1iv   will contribute, and will contribute at a quality 

( ) / 2p im v k + + . ( 2 pck m = − − ) 

Proposition 3.1 shows that the number of contributors is positively related to monetary 

incentives and moderate effect. But a net improvement of contributors and contributions is not 

guaranteed on account of a possible negative moderate effect. 

 

3.2 Quality Control Mechanism 

In this section, we introduce quality control into the proportional mechanism. It means that only 

the contributors attracting audience larger than a threshold can get monetary rewards. ( 0tm  ) 

For contributors who contribute at a quality more than tq : ( ) ( )2

i i i t i iU v q m q c kq= + + − + ; 

and for contributors who contribute at a quality less than tq : ( ) ( )2

i i i iU v q c kq= + − + . 

Here are some preliminaries before we give the solutions: (1) Followed by proportional 

mechanism, we are just interested in the situation where there will be contributors in the platform, 

so we have 2 1tm ck  − − ; (2) If all the contributors who decide to contribute can contribute at 

a quality ( ) / 2i i ttq m v k q= + +  , the quality control mechanism is the same as the proportional 

mechanism. It’s nonsense to discuss it, so we have max( / , / 2 ) tc k k q  ; (3) We are not 

interested in the case where there are no contributors who can get positive utility by contributing 

at a quality larger than 
tq , so we have / 1t t tm c q kq  + − − . 

Proposition 3.2 If / 1t t tm c q kq  + − − and max( / , / 2 ) tc k k q  , there will be 

contributors in the platform and there are contributors contribute differently comparing the 

proportional mechanism. (1) For potential contributors with 4[min( ,1),1]iv  , they will 

contribute at a quality ; (2) For potential contributors with

1 2 4[max(0, , ),min( ,1)]iv    ,  they will contribute at tq ; (3)For potential contributors with

1 2[0,max(0, , )]iv   , only if 2 /t t tm ck c q kq − + +  and 2 1ck  − , that is 1 2 3     , 

there will be contributors who will contribute at at a quality
 

 with

3 1[max(0, ),max(0, )]iv   . 

( 1 2 2t t tkq km q − −= + ; 2 / t t tc q m kq − − += ; 3 2 ck = − ; 4 2 t tkq m = − − ) 

From proposition 3.2, we can get that the decisions of potential contributors are mainly divided 

into two cases. In case 1, all the contributors will get the monetary rewards. And in case 2, some 

contributors are not qualified to get monetary rewards. 

 

4. Analysis of contributors and contributions 

4.1 Contributors’ Behavior 

In this section, we compare contributors’ behavior in monetary incentive mechanisms with non-

monetary incentives. There are four types of changing patterns in contributors’ behavior: ①
decrease the quality; ②change from contributing to not contributing; ③increase the quality; ④
change from not contributing to contributing. Contributors with the same changing pattern are 

( ) / 2itm v k + +

( ) / 2iv k +
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divided into a group, and the conclusions driven from case1 are the nearly same as case 2 in the 

quality control mechanism in this section, so it’s no need to repeat it here.  

 

4.1.1 proportional mechanism 

Corollary 4.1: If pm  − , contributors with  ,1iv   will decrease their quality by ( ) / 2pm k + , 

and contributors with [2 , ]iv ck   will change from contributing at a quality / 2iv k  to not 

contributing; If pm  − , contributors with [2 ,1]iv ck  will increase their quality by 

( ) / 2pm k + , and contributors with [max( ,0),2 ]iv ck  will change from not contributing to 

contributing at a quality ( ) / 2p im v k + +  

Form corollary 4.1, we know that if the total effect is negative (positive), the existing 

contributors will decrease (increase) their quality, and some contributors will be crowed out (in).  

 

4.1.2 quality control mechanism  

Corollary 4.2: (1) If 0 tm   − , contributors with 4[min( ,1),1]iv   and 3 1[ , ]iv    will 

decrease their quality by ( ) / 2tm k +  and / 2k respectively, contributors with 

1 4[ ,min( ,1)]iv    will either decrease or increase their quality by ( ) / 2t iq v k− , and 

contributors with 3[2 , ]iv ck   will change from contributing at a quality / 2iv k  to not 

contributing. (2) If 0tm  −  , contributors with 4[min( ,1),1]iv   and 1 4[ ,min( ,1)]iv    

will increase their quality by ( ) / 2tm k + and / 2t iq v k−  respectively, contributors with 

3 1[ , ]iv   will decrease their quality by / 2k , and contributors with 3[2 , ]iv ck   will 

change from contributing at a quality / 2iv k  to not contributing. (3) If 0tm   − , contributors 

with 4[min( ,1),1]iv  , 1 4[ ,min( ,1)]iv   and 1[2 , ]iv ck   will increase their quality by 

( ) / 2tm k + , / 2t iq v k−  and / 2k  respectively, and contributors with 3[ , 2 ]iv ck  will 

change from not contributing to contributing at a quality ( ) / 2iv k+  

Corollary 4.2 (1) shows us that most of the contributors will decrease their effort and some 

contributors won’t contribute, but there are still some contributors who will increase their 

contribution when ; Corollary 4.2 (2) presents that the most influential contributors will 

attract more audience and some middle-level contributors will also increase their quality, but for 

the contributors in the two least active groups will decrease their effort or even leave when 

; Corollary 4.2 (3) shows that monetary incentives will not only facilitate existing 

contributors to share more but also crowd in new contributors when . 

 

4.2 Benefits of the platform 

To analyze the changes of total contributions and contributors intuitively, we visualize 

contributors' behavior in different cases. 

 

4.2.1 Proportional mechanism 

  

Figure 1 Contributors’ behavior in the proportional mechanism 

tm  −

0tm  − 

0tm   −
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Figure 1 shows how different contributors with different intrinsic motivations choose their 

quality. From corollary 4.1 and figure 1, we can know that the change of total contributions, shown 

by the shaded area, will be positive (negative) when the total effect (that is, pm + ) is positive 

(negative). Figure 1 also tells us that the larger the total effect is, the more contributors are. 

  

4.2.2 Quality control mechanism 

Figure 2 Contributors’ behavior in the quality control mechanism  

In figure 2, the arrows and shaded areas show the changes in the number of contributors and 

contributions, respectively.  

Corollary 4.2 and figure 2 show us that (1) when there is a negative total effect (
tm  − ), the 

number of contributors will decrease. Meanwhile, whether there will be contributors improving 

their quality is closely related to the quality threshold. Although the total contributions may 

increase in a certain quality threshold, contributors in the major interval of intrinsic motivation 

reduce their contributions, thus making it hard to increase total contributions. (2) A positive total 

effect may not guarantee an increment on the total contributors and contributions when there is a 

negative moderate effect ( 0tm  −  ), which is different from the proportional mechanism. (3) 

And when the moderate effect is positive ( 0tm   − ), both the number of contributors and the 

total contributions will increase. What’s worth mentioning is that there may be a large number of 

contributors who will contribute just above the quality threshold, and a high enough threshold 

should be set if the platform wants a higher average quality of contributors. 

If we define the contributor who contributes at a quality more than tq  as a satisfying 

contributor, we can get the conclusion that the proportional mechanism is better at increasing the 

number of total contributors, and the quality control mechanism will attract more satisfying 

contributors at the same monetary incentives level by comparing figure 1 with figure 2. 

 

5.Conclusions  

This paper is aimed to investigate the influence of proportional mechanism and quality control 

mechanism on contributors’ behavior. By introducing the moderate effect of monetary incentives 

on intrinsic motivation, the results show that (1) when the monetary incentives can’t compensate 

for the negative moderate effect, the number of contributors and their contributions will decrease 

in these two mechanisms, and vice versa. The exception is that (2) in the quality control mechanism, 

there may be a group of contributors may increase their contributions when the total effect is 

negative, making an unclear change of total contributions; and some contributors will be crowding 

out when the moderate effect is negative even though the total effect is positive. (3) The 

proportional mechanism is better at attracting more contributors and the quality control mechanism 

is excellent at attracting more satisfying contributors. 
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Abstract

Crowdfunding, as a novel financing tool, has brought opportunities for many start-ups. However,
it’s challenging for financiers to survive the fierce competition among peers. During the
financing period, how to convey projects’ quality to potential investors efficiently is quite vital.
From the perspective of interaction between financiers and investors, the study focuses on the
role of financiers’ response strategies in reviewers’ decision making. Specifically, text mining
technology has been applied to abstract critical subjects and classify response strategies from
4343 interaction records of successful projects on the platform Modian. Our findings suggest
that (1) response is necessary, (2) reviewers are respondent-insensitive, (3) reviewers prefer
investing when financiers employ project-oriented strategies instead of investor-oriented ones.
This paper may shed light on crowdfunding performance research and online interaction
management.
Keywords: Online Interaction, Response Strategy, Crowdfunding

1. Introduction
Crowdfunding has been introduced to China for several years. Compared with traditional
financing tools, it is more economical and efficient in that no agencies and tedious procedures
are needed any more. It runs by connecting financiers and investors directly through online
platforms where financiers share ideas or display products and service. At the beginning, this
pattern gains popularity among small companies lack of funds. Recently, managers of large
enterprise have taken it as an access to increasing brand awareness and observing customers’
attitudes toward new products. Taking advantages of crowdfunding, some start-ups realize their
dreams successfully and get established in the market gradually. However, some fail to achieve
their financing goal.
To explain why this phenomenon exists, many researchers endeavor to extract characteristics
from successful crowdfunding projects. In general, both quantitative and qualitative factors are
proven effective. For instance, the number of relevant photos and videos one project contains
makes a difference. But this finding doesn’t work in equity crowdfunding (MAMONOV S and
MALAGA R 2018). And some scholars even found that investors care more about how many
projects the financier has ever invested in (KOCH J-A and SIERING M 2015). Although
findings vary, there is a consensus that the larger target amount is, the lower success ratio will be.
Nevertheless, others hold that qualitative factors can explain crowdfunding result more
accurately because they are real signal carriers (KOCH J-A and CHENG Q 2016). As
researchers suggest, professional investors pay more attention to logic signals contained in the
project’s description while freshmen rely on emotion ones (ALLISON T H et al. 2017). Besides,
scholars grasped subjects investors care about by text mining(YUAN H et al. 2016). And online
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reviews are used to do sentiment analysis. However, most researchers neglect the value of
interaction text. Particularly, financiers’ response strategy is rarely picked up.
With regard to management response research, it is popular in tourism and hotel management.
Considering destructive power of negative review, managers are cautiously exploring an
appropriate way of responding to comfort customers and protect EWOM (XIE K L et al. 2016).
In fact, many empirical evidences have proven the significance of management responses in
service recovery. One previous study found that the speed and frequency of response do affect
company performance. But it’s worth mentioning that investors may have challenges in
organizing information when they face lengthy response texts (LI C, CUI G and PENG L, 2017).
As to response strategy classification, scholars hold different perspectives (THOMAS J B et al.
2012). According to literature review, they tend to adopt the classical one -accommodative
strategy and defensive strategy (LI C et al. 2018). However, there is no standard formula for
strategy choosing and it’s sensible to take the company’s scale and resource into account.
Sometimes, combination of different strategies may be more effective.
Above all, financier response strategy may have a great potential to improve crowdfunding
performance and there exists a gap in recent researches. Therefore, we propose the following
research questions: (1) whether potential investors care about responses or not. (2) what attitudes
investors will take toward different respondents. (3) which response strategies crowdfunding
financiers are employing and how they affect crowdfunding reviewers’ investment decisions.
In this paper, we choose Modian as our data resource. This crowdfunding platform divides
projects into 13 categories by November, 2020 and adopts All-or-Nothing pattern. And 4343
interaction texts are collected for analyzing. After manually marking, SVM and Naive Bayes are
applied to classify financier response strategies. As regression results show, (1) response is
necessary, (2) reviewers are respondent-insensitive, (3) reviewers prefer investing when
financiers employ project-oriented strategies instead of investor-oriented ones.
To conclude, this research developed an automatic classifier for financier response strategy and
enrich crowdfunding performance research in a micro level from interaction perspective.
2. Research Model
Figure 1 presents the research model of this study which includes three parts: response existence,
respondent identity and interaction text classification.

Fig 1. Proposed model

64



4. Methodology
4.1 Text Mining
There are two stages of text mining including manually marking and automatic classification. To
begin with, visualize high frequency words by word cloud. According to frequency words, we
divide response texts into two categories by ground theory and mark them manually. The first
category is project-oriented and the other is investor-oriented. Specifically, answering questions
and explaining reasons belong to project-oriented strategies. Likewise, exchanging ideas and
emotional resonance are recognized as investor-oriented strategies.
The following examples illustrate the differences between response strategies:
Project-oriented: (1)“Hi Jwin, the internal battery lasts for up to 12 hours without the main
removable battery. It automatically recharges when the main battery is inserted. Charging from
0 - 100% takes about 1 hour. ” is an example for answering detailed questions and (2) “Hi
Franco, thank you! We're working hard to meet the March 2021 delivery date for all backers
(preparing for manufacturing has already started). Delivery priority will be a hybrid between
nationality and order date. Each country will receive delivery in batches, with priority within
these batches ordered based on your contribution ID. ” is explaining why they have not
delivered products.
Investor-oriented: (1) “That's a fresh perspective! ” shows financiers’ appreciation for
investors’ viewponits and (2) “ Thanks Trisha, glad that you love the bike. ” expresses the
gratitude of financiers for investors.
Next, import Naive Bayes and SVM mould in Python to classify financiers’ response strategies
automatically. After cross validation, the precision of NB and SVM are 76.78% and 73.76%,
respectively with a good consistency.
4.2 Descriptive Analysis
Detailed information is collected in Table 1. As it shows, most crowdfunding projects are
initiated by financiers in first-tier cities. According to the sixth line, it’s necessary for financiers
to update the planned speed of projects at least nine times. And the mean value of invesdeci
implicates that even though all those projects succeed, the general success rate is still low.

Table 1. Descriptive analysis of all variables
Variable Meaning Mean Std. Dev. Min Max

location Whether in Beijing, Shanghai,
Guangdong, Shenzhen .796 .403 0 1

period Whether in the epidemic period .503 .5 0 1
goal The amount of funding needed 86872.007 157578.22 1000 600000

save How many times the project has
been saved

1415.65
5 1294.05 17 6281

update The frequency of updating 9.092 7.379 0 35
mreviewer The number of reviewers 239.613 123.824 12 473
msupporter The number of supporters 760.901 840.784 29 3265
ptype The type of project 1.466 .499 1 2
revitype The type of review 3.907 1.169 2 5
revilen The length of review text 26.917 82.316 1 3765
resptype Response strategies 1.589 1.816 0 5
resplen The length of response text 7.929 21.668 0 459

attention How many likes one review has
received 1.884 5.909 0 138
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invesdeci Reviewers’ investment decisions .339 .474 0 1

4.3 Regression Analysis
4.3.1 Response Existence
Model 1 controls variables that may affect reviewers’ decision. Then we add the first
independent variable (is_reply) into Model 2 to figure out potential investors’ attitudes toward
response. According to the fourth column of Table 2, we can find that reviewers who receive
response whether from other reviewer or financier are more willing to invest.

Table 2. Examination result of response existence
Model 1 Model 2 Model 3

Invesdeci invesdeci invesdeci
location (0 = otherwise)
location (1 = first-tier cities) .836*** .855*** .857***

(.092) (.092) (.092)
period (0 = otherwise)
period (1 = after 2019) .754*** .693*** .693***

(.081) (.082) (.082)
goal 0*** 0*** 0***

(0) (0) (0)
update -.038*** -.047*** -.047***

(.006) (.007) (.007)
mreviewer .001*** .001*** .001***

(0) (0) (0)
msupporter 0*** 0*** 0***

(0) (0) (0)
ptype ( 1 = intangible products)
ptype ( 2 = tangible products ) .244*** .15* .148*

(.078) (.079) (.079)
is_reply ( 0 = otherwise )
is_reply ( 1 = be replied) .507***

(.076)
Neglect (reviewers do not receive any
response)
Devolve (reviewers receive responses from
other reviewers) .486***

(.097)
Financier response (reviewers receive
responses from crowdfunding financiers) .518***

(.083)
_cons -1.717*** -1.899*** -1.899***

(.118) (.122) (.122)
Observations 4343 4343 4343
Pseudo R2 .122 .13 .13
Standard errors are in parentheses
*** p<.01, ** p<.05, * p<.1

4.3.2 Respondents Identity
We delete text records with no response to illuminate the influence of respondent identity
precisely. And 2546 records are left. The response text is marked as 0 if the respondent is not
financier. Otherwise, it will be 1. And the result of logistic regression suggests that reviewers
would not change their mind even when they are replied by other reviewers. In another word,
potential investors are insensitive to respondent identity.

Table 3. Examination result of respondent identity
Model 1 Model 2
invesdeci Invesdeci

location (0 = otherwise)
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location (1 = first-tier cities) .421*** .42***
(.117) (.117)

period (0 = otherwise)
period (1 = after 2019) 1.253*** 1.253***

(.104) (.104)
goal 0*** 0***

(0) (0)
update -.049*** -.049***

(.008) (.008)
mreviewer .003*** .003***

(.001) (.001)
msupporter 0*** 0***

(0) (0)
Devolve
Financier response -.009

(.096)
_cons -1.583*** -1.577***

(.144) (.157)
Observations 2546 2546
Pseudo R2 .151 .151
Standard errors are in parentheses
*** p<.01, ** p<.05, * p<.1

4.3.3 Response Strategy
Fourth from the bottom, only 1639 observations remain which exclude records of other
reviewers’ reply. In addition, the type of review and length of response are also controlled as
listed in Model 1. To begin with, we try to make it clear that whether financiers are
projected-oriented when they interact with reviewers. The coefficient of project-oriented implies
that successful financiers devote to informing potential investors of projects’ details. Specifically,
the last column of Table 4 tells us that compared with emotional resonance, reviewers’ desire to
invest is stronger when financiers exchange opinions with them or answer their questions timely
and elaborately.

Table 4. Examination result of response strategy
Model 1 Model 2 Model 3
invesdeci invesdeci invesdeci

period (0 = otherwise)
period (1 = after 2019) 1.196*** 1.206*** 1.214***

(.131) (.132) (.132)
goal 0*** 0*** 0***

(0) (0) (0)
save 0*** 0*** 0***

(0) (0) (0)
update -.057*** -.057*** -.057***

(.01) (.01) (.01)
mreviewer .002** .002** .002**

(.001) (.001) (.001)
asking questions
requiring explanations -.435** -.417** -.736

(.197) (.198) (.906)
share opinions -.646*** 1.023 .304

(.155) (.645) (.835)
express emotions -.25* 1.417** 1.632**

(.144) (.641) (.763)
resplen -.011*** -.011*** -.012***

(.002) (.002) (.002)
grtype ( 1= project-oriented ) 1.707***

(.637)
grtype ( 2 = Investor-oriented )
answering questions 1.932**

(.766)
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explaining reasons 2.251***
(.867)

exchanging opinions 1.007**
(.495)

emotional resonance
_cons -.874*** -2.563*** -2.788***

(.185) (.658) (.776)
Observations 1639 1639 1639
Pseudo R2 .162 .166 .168
Standard errors are in parentheses
*** p<.01, ** p<.05, * p<.1

5. Conclusion and Further work
To sum up, results emphasize the significance of response. Surprisingly, reviewers are
insensitive to respondent identity. In other words, they wouldn’t change their initial decisions
when informed by other reviewers. And evidences have shown that financiers are more
persuasive when they concentrate on projects and disclose details. Our further work may explore
the border of applying this conclusion. For example, take the type of project into account to
observe whether the established relation between response strategies and investment will change.
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Abstract 
 

An increasing number of signals are using to entice buyers to make online purchases by service 

providers in the competitive online service marketplaces today. However, how solution 

exemplars are in terms of their reputation or competence to improve sales performance has not 

yet been investigated. Extending signal theory to the online service marketplaces, we analyses 

solution exemplars’ structural characteristics such as quantity, diversity and popularity, 

exploring the moderating impact of service providers’ reputation and competence. We test the 

model using data from ZBJ.com, a popular online service platform in China. Our analysis 

conducts a series of interesting findings, revealing more subtle theoretical relationships between 

the different structural characteristics of solution exemplars and the sales performance of 

different service providers' reputation and competence. We also elaborate on the theoretical 

contribution and practical significance. 

 

Keywords: Solution exemplars, Sales performance, Reputation, Competence, Online service 

marketplaces 

 

1. Introduction 
Online markets have experienced rapid growth in the last decade, while service transactions 

serve an increasingly important function in online markets. Online service marketplaces are 

online transaction platforms hosted by a third party to facilitate exchanges for solutions between 

service providers and buyers, which is different from traditional online product marketplaces. In 

traditional online product marketplaces, buyers evaluate an existing product based on its 

attributes through textual, visual, or multimedia description provided by sellers (Dimoka et al., 

2012), while in online service marketplaces, the final solution needs to be customized according 

to the needs of buyers. Therefore, potential buyers still face the problem of information 

asymmetry, which deters them from purchasing (Bockstedt and Goh, 2011; Wells et al., 2011). 

One common strategy is to give buyers extrinsic cues, such as warranties, online reputation 

indexes and a visually appealing web site. In the signaling literature, these cues would be called 

“signals” (Spence, 1973). Some scholars have certified that effective signals can reduce 

information asymmetry and enhance a buyer’s trust in transacting with a seller, thereby 

promoting purchase behavior (Bockstedt and Goh, 2011; Ou and Chan, 2014). Solution 

exemplars are the excellent solution completed by a service provider, which conveys information 

about reputation and competence of a service provider. It is an important signals in online service 

markets. However, little work has been done to research the signals of solution exemplars in 

online service marketplaces. 

Each service provider is commonly found to compete by using solution exemplars to initiate 

many diverse and distinctive actions. Thus, service providers are keen to understand whether and 
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how the structural characteristic of solution exemplars could improve sales performance in a 

highly nascent and competitive online service markets. To this end, this study aims to examine 

the first research question on which the literature is resoundingly silent: What is the different 

effects of different solution exemplars’ structural characteristic on the actual sales performance 

of service provider in online markets? 

Due to the online service markets is far more crowded, nascent, and risky (Bockstedt and Goh, 

2011). These characteristics create unique challenges for buyers to pay attention to, make sense 

of, and lend credibility to the competitive actions of a particular service provider. Thus, we focus 

on the role of service providers’ reputation and competence: How does service providers’ 

reputation and competence moderate the relationships between the structural characteristics of 

solution exemplar and sales performance? 

To approach these research questions, we develop a research model, which depicts how three 

dimensions of solution exemplars’ structural characteristic— exemplar quantity, exemplar 

diversity and exemplar popularity— affect service providers’ performance, contingent up on 

reputation and competence. Then we test the model using data from 240 solvers in May 2020 on 

ZBJ.com, which is a popular online service marketplaces in China. The results show that the 

impact of exemplar quantity and exemplar popularity on sales performance is positively 

significant. Contrary to our expectation, the relationship between solution exemplar diversity and 

sales performance is non-significant. Regarding the moderation effects, reputation is proved to 

moderate the impact of solution exemplar structural characteristic on performance negatively. As 

predicted, at high levels of competence, sales performance is positively related to exemplar 

structural characteristics. 

 

2. Literature Review 
Signal theory emerged to solve adverse selection caused by information asymmetry in the labor 

market (Spence, 1973). It provides a framework for understanding how signalers (e.g. sellers) 

can use extrinsic cues to convey product or service quality information to receivers (e.g. buyers) 

in order to facilitate exchange in an environment characterized by high-information asymmetry  

(Wells et al., 2011). In the online markets literature, a signal is defined as “a cue that a seller can 

use to convey information credibly about unobservable product quality to the buyer” (Wells et al., 

2011, p. 375). Signals serve an important function in reducing the information gap in the online 

markets, where spatial and temporal gaps amplify information asymmetry between buyers and 

sellers (Wells et al., 2011). 

There are many cues in the online markets because the online platform provider can help its 

sellers deploy these different types of signals. Such as warranty, reputation and web site quality. 

And these signals affect sales performance in the literature. Warranties are positively associated 

with sales performance, due to warranties provide a “separating equilibrium” that enables 

consumers to distinguish high-quality sellers among all sellers (Boulding and Kirmani, 1993). 

Reputation is generally defined as “a perception of a seller’s past actions and future prospects” 

(Bockstedt and Goh, 2011, p. 237), which is typically measured based on feedback ratings by 

past buyers (e.g. overall rating, percent of positives and so on). Existing research confirms the 

positive relationship between firm reputation and sales performance (Connelly et al., 2011) 

because it provides signals that reduce information asymmetry and build buyers’ trust in sellers. 

Web site quality are also positively associated with sales performance due to the increasing the 

e-image quality increases the willingness of buyers to transact businesses and prices (Gregg and 

Walczak, 2008). In the online service markets, the platforms offer the “solution exemplars” 
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display interface, which can be used to build professional-looking web sites and highlight the 

service providers’ experience visually. However, few of the literature focus on the solution 

exemplars; hence, this study takes the first step to examine the effectiveness of solution 

exemplars on sales performance. 

 

3. Research Model and Hypotheses 
We build a model to explain the impact of exemplar structural characteristics on sales 

performance. Specifically, we propose that exemplar characteristics of quantity, diversity, and 

popularity which impact sales performance directly. In addition, we also examine the moderating 

effect of reputation and competence. 

 

 
Figure 1. Research Model 

Exemplar quantity is the total number of exemplars that service providers are displayed on the 

online markets platform to give a reference for buyers. Exemplar quantity indicates that the 

service providers’ competitiveness, and a higher number of solution exemplars indicates that the 

service provider has served more buyers, conveying an experienced signal of competence that 

the task can be successfully completed (Rao, AR; Qu, L; Ruekert, 1999; Spence, 1973). Thus, 

we hypothesize: 

H1: The exemplar quantity of the solvers is positively related to their sales performance in online 

service marketplaces. 

Exemplar diversity is the difference between the service categories (number) of solution 

exemplars provided by service providers. Obviously, exemplar diversity which is regarded as a 

signal of service providers’ reputation and competence reflects the scale of a service provider, 

attracting more buyers. Thus, we hypothesize: 

H2: The exemplar diversity of the solvers is positively related to their sales performance in 

online service marketplaces. 

Exemplar popularity refers to the degree to which a specific enterprise is recognized by buyers. 

Higher exemplar popularity indicates a higher competence and trustworthy. For internet users, 
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they are increasingly overwhelmed by information and quality uncertainty. Thus, we 

hypothesize: 

H3: The exemplar popularity of the solvers is positively related to their sales performance in 

online service marketplaces. 

Reputation, as a mechanism to enhance the visibility and credibility of sellers in online 

marketplaces, plays an important role in transactions. The influence of solution exemplar on 

sales performance depends on the reputation of the service provider on the platform. When 

clicking on a service provider’s home page, buyers can obtain the exemplar quantity easily, 

whereas, it takes more time and energy for buyer to identity exemplar diversity and exemplar 

popularity. Thus, there are two different impacts between the structure characteristics of solution 

exemplar and sales performance. And we hypothesize: 

H4a: Reputation negatively moderates the positive relationship between the exemplar quantity 

and sales performance, that is, when reputation is higher, the positive relationship is weaker. 

H4b: Reputation positively moderates the positive relationship between the exemplar diversity 

and sales performance, that is, when reputation is higher, the positive relationship is stronger. 

H4c: Reputation positively moderates the positive relationship between the exemplar popularity 

and sales performance, that is, when reputation is higher, the positive relationship is stronger. 

Competence, as another manifestation of trust signals, also played a positive role in the impact of 

crowdsourcing platform exemplar features (quantity, diversity and popularity) on sales 

performance. Specifically, service providers with high competence are believed to be able to 

complete tasks on time, increasing buyers’ trust and desire to view exemplars. We hypothesize: 

H5a: Competence positively moderates the positive relationship between the exemplar quantity 

and sales performance, that is, when competence is higher, the positive relationship is stronger. 

H5b: Competence positively moderates the positive relationship between the exemplar diversity 

and sales performance, that is, when competence is higher, the positive relationship is stronger. 

H5c: Competence positively moderates the positive relationship between the exemplar popularity 

and sales performance, that is, when competence is higher, the positive relationship is stronger. 

 

4. Methodology 
4.1 Data Collection and Measurement 

To test the research model, we cooperated with the Zhubajie, the holding company of ZBJ.COM, 

which is the largest online service market platform in China, to collect a dataset of 240 service 

providers in the logo design industry in May 2020 using a stratified sampling approach. And we 

define each of these variables in Table 1. 

 
Table 1. Measurements of Variables 

Variables Measurements 

DV Sales performance Total transaction amount of the service provider. 

IV 

Exemplar quantity The Number of solution exemplars displayed by the service provider 

Exemplar diversity 
The number of solution exemplars’ categories displayed by the service 

provider. 

Exemplar popularity 
The average score of the five experts according to their perceived 

popularity of the cooperative enterprise in the solution exemplar.  

RV 

Reputation 
The statistical number of feedback labels about a service provider's 

quality, attitude and speed. 

Competence 
Overall ratings of solver according to their total amount and online age 

on ZBJ. 
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CV 

Buyers Total number of buyers of a service provider. 

Transactions 
Total number of transactions in which solver participated on ZBJ 

successfully. 

Skills Total number of skills that a service provider is good at. 

Fans Total number of fans who follow a service provider. 

Type Type of the service provider (individual=0/ enterprise=1). 

Age Number of days that a service provider settled on ZBJ. 

 

4.2 Model Specification 

We uses the OLS to analyze the cross-sectional data of 240 solvers. We specified the following 

model: 
Buyers +β Transactions +β Skills +β Fans +β Type +β Age +β Quantity

i 2 i 3 i 4 i 5 i 6 i 7

                            +β Diversity+β Popularity+β Reputation+β Competence+

Salesperforma

β Quantity Reputation
8 9 1

nce =α +β

0 1

i i 1

1 12

      



                       +β Diversity Reputation+β Popularity Reputation+β Quantity Competence
13 14 15

                             +β Diversity Competence+β Popularity Competence+ε16 17 i

  

 

 

 

5. Result 
As the result shows, the impact of exemplar quantity on sales performance (H1) is positively 

significant (β=0.176, p<0.05), supporting H1. The impact of exemplar popularity on sales 

performance (H3) is positively significant (β=0.133, p<0.10), supporting H3 as well. Contrary to 

our expectation, the relationship between exemplar diversity and sales performance was 

non-significant, H2 is not supported.  

Regarding the moderation effects of reputation, H4a stating that reputation negatively moderates 

the relationship between exemplar quantity and sales performance is supported (β=-0.359, 

p<0.01). On the contrary, reputation negatively moderates the impact of solution exemplar 

diversity and popularity on performance (β=-0.336, p<0.01; β=-0.248, p<0.10), H4b and H4c is 

not supported. Regarding the moderation effects of competence, which positively moderates the 

relationship between exemplar structural characteristics and sales performance, is supported 

(β=0.387, p<0.01; β=0.146, p<0.05; β=0.265, p<0.01). The results are show in Table 2. 

 
Table 2. Summary of Results 

Hypotheses Supported 

H1 Exemplar Quantity → Sales Performance(+) Yes 

H2 Exemplar Diversity → Sales Performance(+) No 

H3 Exemplar Popularity → Sales Performance(+) Yes 

H4a Exemplar Quantity * Reputation → Sales Performance(+) Yes 

H4b Exemplar Diversity * Reputation → Sales Performance(+) No 

H4c Exemplar Popularity * Reputation → Sales Performance(+) No 

H5a Exemplar Quantity * Competence → Sales Performance(+) Yes 

H5b Exemplar Diversity * Competence → Sales Performance(+) Yes 

H5c Exemplar Popularity * Competence → Sales Performance(+) Yes 

 

6. Conclusion 
Our study confirms that both exemplar quantity and popularity do enhance sales performance. 

Contrary to our expectation, buyers don’t care about whether service providers offer diversified 

solution exemplars. In addition, reputation weakens the positive relationship between exemplars’ 
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structural characteristics and sales performance. Furthermore, our research confirms that the 

service providers’ competence enhances the positive relationship between exemplar structural 

characteristics and sales performance. These results illustrate the importance of matching 

exemplar display with reputation and competence. 

Compared with previous studies, our research has three theoretical contributions. First, we study 

the impact of solution exemplar on sales performance for the first time. Second, we divide 

solution exemplar structural characteristics into three categories through literature research: 

exemplar quantity, exemplar diversity and exemplar popularity. Finally, we discuss the 

moderating effect of reputation and competence of service providers.  

This study has important practical significance for both online service markets platforms and 

service providers. For platforms, a complete exemplar display function system should be built to 

encourage solver to display solution exemplars, reducing information asymmetry, and attracts 

more seekers to trade on the platform finally. For service providers, they should be more 

concerned with the quantity and quality (popularity) of the solution exemplars rather than the 

diversity, 

Our research also has some limitations. First of all, the data we selected is the three-level 

category (LOGO design) of ZBJ, although it also contains the data of other businesses, it is 

relatively simple. Future research can expand our data volume and select solvers from each 

category for research, so that the results will be more universal. Secondly, regarding the grasp of 

the “degree” of the exemplar display under the different reputation of solvers, it remains to be 

studied. Finally, the display of solvers on the ZBJ is actually divided into three categories: store 

image, service interface, exemplar display, we only study the exemplar show, it would be a great 

success to be able to study these three types of presentation data. 
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Abstract

The pervasiveness of digital platform has revolutionized the way employees communicate and
cooperate. Our study uncovers the influence mechanisms of four specific technology affordances
on employees’ job performance from the lens of job characteristics. An online survey is
conducted and totally 252 questionnaires are collected from frontline employees who use the
digital enterprise platform in support of daily work. Statistical analysis results suggest that
visibility, editability, association and interactivity affordance exhibit significant influences on
employees’ task performance and innovative performance through the mediation of perceived
task autonomy and task feedback. Theoretical and practical implications of this research are
discussed in the final section.

Keywords: Technology Affordances, Task Autonomy, Task Feedback, Job Performance

1. Introduction
In the wave of digital transformation, digital platform and infrastructure have become
increasingly important for organizations, enabling high-quality digital service to their employees
(Yoo et al., 2010). Digital platform is regarded as an important technology category that provides
a combination of technology affordances to facilitate collaboration among employees (Gregory
Vial, 2019). Companies are making significant investments in platformization to improve
performance and stay competitive. In particular, digital enterprise platform has been widely
applied in the workplaces. In contrast to social-oriented platform, digital enterprise platform (e.g.
Dingtalk) generally acts as a work-oriented platform which provides functions such as cloud
storage, contents sharing, human resource management, finance management and track of work
events other than merely providing social interactions service (Song et al., 2019). Ever since the
covid-19 lockdown, digital enterprise platform has penetrated into various contexts such as
education and governments, and has changed the way how people collaborate and communicate.

Despite the extensive usage of digital enterprise platform, the influence of platform features on
employees’ job performance has received relatively little attention. The success of digital
technology implementation is largely dependent upon how work is done at the individual level
(Mueller and Renken, 2017). However, previous literature mostly concentrates on macro-level
(e.g. organizational-level and industrial-level) outcomes such as firm performance,
organizational strategy and inter-organization collaboration. There is a dearth of literature
investigating the influence mechanism of digital enterprise platform on job performance at the
individual level (Vial, 2019). As such, our understanding regarding the micro-level digital
transformation effect is still limited. There is a call for future research to clarify the effectiveness
of digital enterprise platform on employees’ task performance and innovative performance
(Sedera et al., 2016).
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The technology affordance theory posits that affordance is not an independent property of digital
artifacts but depends on the perceptions of users triggered by the contact with the materiality of
things (Treem and Leonardi, 2013). Technology affordance theory has been widely applied in
the IS literature, and previous literature has summarized several types of technology affordances,
such as interactivity, visibility, and editability, that enhance employees behavioral outcomes
through organizational IT. However, to our knowledge, relatively few studies have captured the
salient technology features of work-related digital platforms into consideration, and examined
their influences in the digital-enabled workplace from a technology affordance lens.

In order to fill in the research gap, this study adopts four specific technology affordances from
the extant literature (Treem and Leonardi, 2013), namely visibility, editability, association and
interactivity affordances, to describe the functions of digital enterprise platform, and further, to
examine their influences on employees’ job performance. Considering that individuals’ usage of
digital enterprise platform is a task adaption process, we incorporate perceived autonomy and
perceived feedback in the theoretical model, to uncover their mediation mechanisms between the
four specific technology affordances and employees’ performance from a job characteristics
perspective. The following research question is proposed:

R1: How do technology affordances of the digital platform enhance employees’ job performance
through the mediation of perceived job characteristics?

The structure of the paper is organized as follows: first, we present the theoretical background of
our research, including technology affordance theory and job characteristics theory. Second, we
develop our research model and hypotheses. Third, we describe the data collection procedure and
discuss the analysis result. Lastly, we summarize the theoretical and practical contributions.

2. Theoretical Foundation
2.1 Technology Affordance Theory
Technology affordance theory originated from affordance theory, which defined affordance as
actors’ perceived utility of an object in the ecological context. Scholars further introduced
affordance theory into IS field to explore the role of technologies in the organizations (Treem
and Leonardi, 2013). In the IS context, affordance refers to action possibilities afforded by a
technology to users, and represents what a user can potentially do through using the technology.
Treem and Leonardi (2013) identified four dominant facets of technology affordances in
organizational social media that may change the ways of socialization, information sharing and
power process in organizations, namely visibility, persistence, editability and association. Fan et
al. (2016) examined the significant role of interactivity affordance in affecting users’ technology
utilisation behaviour. Based on the extant literature, we adopted visibility, editability, association
and interactivity to capture the salient technology affordances of digital enterprise platform in
organizations.

2.2 Job Characteristics Theory
Job characteristics theory was proposed by Hackman and Oldham (1976), which identified five
core job characteristics that affect work-related outcomes, namely skill variety, job autonomy,
task identity, task significance and perceived feedback. Particularly, job autonomy and feedback
are recognized as two most salient factors related to job management (Kang et al., 2017), which
may exhibit significant influences on employees’ idea generation and implementation (Oldham
and Silva, 2015). Despite job characteristic theory having been widely applied to examine

76



work-related outcomes, to our knowledge, relatively few literature has examined the influence of
job characteristics on employees’ innovative performance. Therefore, our study adopts the two
salient job characteristics in the theoretical model, to explore their influence mechanism between
technology affordance and employees’ innovative performance.

3. Research Model and Hypotheses

We draw upon technology affordance theory and job characteristics theory to develop the
theoretical model, as illustrated in Figure 1. We argue that four technology affordances effect
employee performance through the mediation effect of job characteristics. Moreover, we
incorporated demographic variables (i.e. age, gender, use frequency, job tenure and familiarity
with the platform) as control variables, to control their potential influences on job performance.

Editability affordance

Perceived task 
autonomy Age

Familiarity

Frequency

Control Variables

Gender
Visibility affordance 

Perceived task 
feedback 

Task performance

Innovative 
performance

Tenure

Interactivity 
affordance

Represent first-
order construct

Represent second-
order construct

Technology Affordance 
of the Digital Platform 

H1a

H1b

H2a

H2b

H3a

H5a

H5b

H6a

H6b

Association affordance

H4a

H4b

H3b

Figure 1. Research Model

Drawing upon technology affordance theory, the four affordances of digital enterprise platform
allow employee to access and share information freely, communicate with each other anytime
and anywhere, post and revise content, etc, therefore allowing for the opportunity to gain more
feedback and generate work autonomy (Oldham and Silva, 2015). Specifically, visibility enables
employees to show their behaviors and knowledge to others in the organization, and allows for
active engagement in the work-role and constructive comments. Association enables the
connections between individuals (i.e., social ties), which facilitates the sense of community and
boost information flow. Editability allows individuals to edit or revise the content shared by
oneself or others, thereby providing editorial control and chances of receiving response from
others (Treem and Leonardi, 2013). Interactivity represents the degree to which the interaction
among users can be synchronized and controlled (Fan et al., 2017), and it consists of three
dimensions: active control (user’s ability to voluntarily participate in a communication or
interaction), two-way communication (the bi-directional flow of information between users) and
synchronicity (the responding speed of the the platform during the interaction). Two-way
communication and synchronicity enable users to receive immediate feedback and active control
allows for flexible work schedule. Based on the above arguments, we propose the following
hypotheses:
H1a. Visibility affordance is positively related to perceived task autonomy.
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H1b. Visibility affordance is positively related to perceived task feedback.
H2a. Interactivity affordance is positively related to perceived task autonomy.
H2b. Interactivity affordance is positively related to perceived task feedback.
H3a. Editability affordance is positively related to perceived task autonomy.
H3b. Editability affordance is positively related to perceived task feedback.
H4a. Association affordance is positively related to perceived task autonomy.
H4b. Association affordance is positively related to perceived task feedback.

Task autonomy refers to the freedom and independence provided to employees when scheduling
the work while task feedback relates to the direct and clear information one receives about the
effectiveness of one’s performance in work (Hackman and Oldham, 1976). Task performance
focuses on coordinating and solving organizational tasks, while innovative performance refers to
intentional generation, and realization of new ideas within a work role. According to job
characteristics theory, autonomy and feedback are considered as two salient predictors of
employees’ work performance. The positive effects of autonomy and feedback on innovation
have also been discussed within the extant literature. For instance, Oldham and Silva (2015)
suggested that the freedom, discretion and increased amount of feedback resulted from
computing devices may lead to improvement of engagement in the work role, thereby enahnce
the generation of creative ideas. The flexibility and collaboration provided by digital enterprise
platform can serve as drivers of innovation performance (Yoo et al., 2012). Thus, we propose the
following hypotheses:
H5a. Perceived task autonomy is positively related to task performance.
H5b. Perceived task autonomy is positively related to innovative performance.
H6a. Perceived task feedback is positively related to task performance.
H6b. Perceived task feedback is positively related to innovative performance.

4. Research Methodology
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Figure 2. Structural model analysis
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4.1 Instruments and Data collection
We collected data from the target population of digital enterprise platform. An online survey was
conducted via the largest online survey provider in China (Sojump.com) from December 21 to
December 24 in 2021 and total 287 questionnaires were returned back. We filtered samples
without digital enterprise platform use experience and invalid samples with incorrect answer of
“Attention trap” items, and finally got 252 valid data for analysis. The instrument for visibility
affordance and association affordance were adapted from Treem and Leonardi’s (2013) study.
The measurement for interactivity affordance and editability affordance were adapted form Fan
et al (2017). We developed the instrument to measure job characteristics and job performance
based on Hackman and Oldham’s (1976) and Kuegler et al.’s (2015) researches respectively.

4.2 Structural equation modeling analysis
We adopted the PLS-SEM approach to examine our research model, and used the Bootstrapping
method in SmartPLS to analyze the structural model and examine the statistical significance of
the path relationships. The analysis results are presented in Figure 1.

4.3 Mediation test
Following Hayes’s (2009) procedure, we examined the mediating effects of task autonomy and
task feedback between the four technology affordances and job performance. As shown in Table
1, all the path coefficients have passed the mediation test, except for the mediating effect of
feedback between editability and innovative performance, as well as between interactivity and
innovative performance are insignificant. Overall, the results suggest a significant mediating
effect of job characteristics between technology affordance and job performance.
Table 1. Mediation Test Results

Path Direct
effect

Confidence
interval (95%) Sig Indirect

effect

Confidence
interval (95%) Sig

Mediation
effect

IV M DV Lower Upper Lower Upper

INT AUT TASK 0.421*** 0.264 0.570 0.00 0.095* 0.023 0.184 0.02 Partial

INT FEE TASK 0.421*** 0.264 0.570 0.00 0.079* 0.020 0.159 0.03 Partial

INT AUT INN 0.422*** 0.213 0.597 0.00 0.119*** 0.050 0.197 0.00 Partial

INT FEE INN 0.422*** 0.213 0.597 0.00 0.062 0.002 0.168 0.15 No

ASO AUT TASK 0.148** 0.029 0.273 0.01 0.103*** 0.038 0.184 0.00 Partial

ASO FEE TASK 0.148** 0.029 0.273 0.01 0.115*** 0.048 0.189 0.00 Partial

ASO AUT INN 0.089* -0.032 0.204 0.13 0.126*** 0.065 0.200 0.00 Full

ASO FEE INN 0.089* -0.032 0.204 0.13 0.108*** 0.036 0.195 0.00 Full

VIS AUT TASK 0.291*** 0.155 0.428 0.00 0.118*** 0.048 0.206 0.00 Partial

VIS FEE TASK 0.291*** 0.155 0.428 0.00 0.088*** 0.034 0.159 0.00 Partial

VIS AUT INN 0.234*** 0.074 0.390 0.00 0.129*** 0.067 0.210 0.00 Partial

VIS FEE INN 0.234*** 0.074 0.390 0.00 0.071* 0.017 0.144 0.03 Partial

EDI AUT TASK 0.059 -0.128 0.250 0.55 0.113*** 0.045 0.193 0.00 Full

EDI FEE TASK 0.059 -0.128 0.250 0.55 0.125** 0.041 0.236 0.01 Full

EDI AUT INN 0.121 -0.119 0.348 0.32 0.131*** 0.069 0.201 0.00 Full

EDI FEE INN 0.121 -0.119 0.348 0.32 0.096 0.005 0.217 0.08 No

Note: *P < 0.05, **P < 0.01, ***P<0.001; IV represents independent variable; M represents mediator; DV
represents dependent variable
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5. Discussions and Conclusions

Drawing on technology affordance theory and job characteristics theory, our study uncovers the
influence mechanism of digital enterprise platform affordances on employees’ task and
innovative performance. Our study finds that four specific affordances positively affect
employees’ performance through the mediating effect of perceived autonomy and feedback. For
theoretical implications, our study investigates the role of digital enterprise platform in
enhancing employees’ job performance at the individual level from a technology affordance
theoretical lens. Secondly, our study uncovers the mediating mechanism of perceived autonomy
and perceived feedback between technology affordances and employee performance from a job
characteristics perspective. For practical implications, our results indicated that managers should
pay more attention to the effect of digital technology affordances in enhancing employees’
performance and enable a higher level of autonomy and feedback in the workplace.
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Abstract 
 

Mobile telecom carriers (MTCs) provide sponsored data plans to Internet content providers 

(ICPs). Under sponsored data plans, ICPs pay subsidization fees to MTCs and end-users (EUs) 

have free access to the content of ICPs. In this study, we build a bilevel game model to characterize 

the optimal decisions of two competing heterogeneous MTCs and two competing heterogeneous 

ICPs under sponsored data plans. We analyze how MTCs should decide on the usage-based per-

packet Internet access fees, and how ICPs should decide on adopting sponsored data plans as well 

as the proportion of the amount of data traffic to subsidize for EUs. We find that the degree of 

competition between MTCs and the degree of competition between ICPs, and the differentiation 

in the intrinsic values of different MTCs or ICPs joint influence equilibrium outcomes. Under 

sponsored data plans, MTCs and ICPs can become better off, worse off or remain unchanged 

compared with the scenario without sponsored data plans. 

 

Keywords: Sponsored Data Plan, Competing Mobile Telecom Carriers, Competing Internet 

Content Providers, Bilevel Two-Leaders-Two-Followers Stackelberg Game 

 

1. Introduction 
The competition among mobile telecom carriers (MTCs) is becoming more intensive in recent 

years. The Cellular Telecommunications & Internet Association (CTIA) lists approximately 30 

MTCs in the U.S. as members, and the Competitive Carriers Association (CCA) has over 100 

members. The competition among Internet content providers (ICPs) is also intensive. There are 

more than 30 online stream video platforms in the U.S., such as Netflix, HBO, YouTube, Hulu, 

Facebook Live and IBM Cloud Video. To gain more profit from over-the-top (OTT) companies 

(ICPs) which often act as free riders to transfer their online contents to EUs through the mobile 

networks of MTCs (Ma 2016), MTCs started to provide sponsored data plans. Under sponsored 

data plans, ICPs pay the cost of data traffic consumed by EUs to MTCs as subsidization fees, and 

EUs can thus browse online content without counting towards their monthly data caps (or 

bandwidth caps). MTCs in the U.S. (such as AT&T and T-Mobile) or in China (such as China 

Unicom and China Mobile) have provided successively their own sponsored data plans.  

In this study, we consider two competing heterogeneous MTCs and two competing 

heterogeneous ICPs under sponsored data plans. MTCs decide on the usage-based per-packet 

Internet access fees, and ICPs decide on adopting sponsored data plans as well as the proportion 

of the amount of data traffic to subsidize for EUs. The research questions are as follows: 1) What 

are the optimal usage-based per-packet Internet access fees charged by MTCs to EUs or ICPs? 2) 

On the strategic level, what are the market conditions for the adoption of sponsored data plans by 
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ICPs? 3) On the tactical level, what are the optimal proportions of the amount of data traffic to 

subsidize for EUs by ICPs? 

2. Literature Review 
Most of the existing literature on sponsored data plans considers a monopoly internet service 

provider (ISP) with a monopoly ICP (Andrews et al. 2014; Lotfi et al. 2017), a monopoly ISP with 

several ICPs without competition (Ji and Zhu 2020; Jullien and Sand-Zantman 2018), or a 

monopoly ISP with competing ICPs (Andrews et al. 2016; Cho et al. 2016; Phalak et al. 2019). 

Authors of these studies observed that there is a relative lack of competition among ISPs in local 

geographies (Cho et al. 2016), and hence assumed a monopoly ISP in their investigations. In reality, 

the competition among MTCs is becoming much more intensive. However, almost no prior 

literature on sponsored data plans considered competition among ISPs. This study simultaneously 

considers the competition between MTCs and the competition between ICPs. 

3. Model  
We consider two competing MTCs (MTC-A and MTC-B), two competing ICPs (ICP-C and ICP-

D), and a unit mass of EUs. In the presence of sponsored data plans, ICP-j subsidize 𝜆𝑖𝑗 

proportion of dada traffic consumption for EUs of MTC-i (𝑖 = 𝐴  or 𝐵  and 𝑗 = 𝐶  or 𝐷 ) b  

pa ing subsidization fees to MTC-i. We use a bilevel two-leaders-two-followers Stackelberg game 

model to describe entities’ sequence of decisions1. In the first stage, MTCs set the usage-based 

per-packet Internet access fees charged to EUs and the subsidization fees charged to ICPs. In the 

second stage, EUs decide which MTC to participate in. In the third stage, ICPs decide the 

proportion of the amount of data traffic consumed by EUs to subsidize. In the last stage, EUs 

decide which ICP to participate. 

3.1 Mobile Telecom Carriers 

The two competing MTCs are heterogeneous with regard to their intrinsic values (𝑉𝐴 and 𝑉𝐵)2. 

Without loss of generality, we assume that 𝑉𝐴 ≥ 𝑉𝐵  and ∆𝑉𝐴𝐵 = 𝑉𝐴 − 𝑉𝐵 . In the absence of 

sponsored data plans, MTC-i charges Internet access fee 𝑃𝑖𝑄𝑁𝑖 to EUs. 𝑃𝑖 represents the usage-

based per-packet Internet access fee (subsidization fee) charged by MTC-i to EUs (ICPs) in the 

absence (presence) of a sponsored data plan3; 𝑄 denotes the average consumption of data traffic 

by each EU in the absence of sponsored data plans; 𝑁𝑖 refers to the total number of EUs that 

participate in MTC-i. In the presence of sponsored data plans, MTC-i charges Internet access fee 

(1 − 𝜆𝑖𝑗)𝑃𝑖𝑄𝑠𝑁𝑖𝑗 to EUs and charges subsidization fee 𝜆𝑖𝑗𝑃𝑖(1 − 𝑑)𝑄𝑠𝑁𝑖𝑗 to ICPs. 𝑄𝑠 = 𝑄(1 +

𝑟) represents the average data traffic demand of EUs in the presence of sponsored data plans and 

𝑟 is defined as the growth rate of data traffic consumption by EUs; 𝑁𝑖𝑗 denotes the number of 

EUs that participate in MTC-i and ICP-j simultaneously; 𝑑  refers to the discount on the 

subsidization fee that an MTC gives to an ICP. The MTCs are assumed to have zero marginal cost. 

 
1 In reality, sponsored data plans are provided by MTCs on their own initiatives duo to the pressure from OTT companies (ICPs), 

and are then adopted by ICPs. Hence, MTCs make decisions before ICPs. In this study, we consider the interactions among MTCs, 

ICPs and EUs in the mobile networks, not in the wired networks. In order to browse online content, an EU first needs a smart phone 

(a SIM card). EUs use mobile networks to consume many types of services, e.g., e-mail, messaging, social networks, data storage, 

e-commerce, music, movies, news, etc. Hence, the utility they derive from a particular service, or content, ought to have little, if 

any, impact on their choice of MTC (Brito et al. 2013).. 
2 There are more than 100 MTCs in the U.S., and different MTCs have different coverages, which is not vertical competition. For 

example, C Spire Wireless provides service in Florida but not Maryland, while Shentel provides service in Maryland but not Florida. 

Many prior studies considered horizontal competition between MTCs, for example, Guo et al. (2017). 
3 In fact, the most current data plans provided by MTCs are in the form of fixed prices for some data allowance, yet this form of 

fixed pricing strategy can be viewed as usage-based pricing strategy since both schemes encourage EUs to view more content 

(Zhang and Wang 2014).. 
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The profits of the two MTCs in the absence of sponsored data plans are 𝜋𝐴 = 𝑃𝐴𝑄𝑁𝐴 and 𝜋𝐵 =
𝑃𝐵𝑄𝑁𝐵 . The profits of the two MTCs in the presence of sponsored data plans are 𝜋𝐴

𝑠 = (1 −
𝜆𝐴𝐶)𝑃𝐴𝑄𝑠𝑁𝐴𝐶 + 𝜆𝐴𝐶𝑃𝐴(1 − 𝑑)𝑄𝑠𝑁𝐴𝐶 + (1 − 𝜆𝐴𝐷)𝑃𝐴𝑄𝑠𝑁𝐴𝐷 + 𝜆𝐴𝐷𝑃𝐴(1 − 𝑑)𝑄𝑠𝑁𝐴𝐷  and 𝜋𝐵

𝑠 =
(1 − 𝜆𝐵𝐶)𝑃𝐵𝑄𝑠𝑁𝐵𝐶 + 𝜆𝐵𝐶𝑃𝐵(1 − 𝑑)𝑄𝑠𝑁𝐵𝐶 + (1 − 𝜆𝐵𝐷)𝑃𝐵𝑄𝑠𝑁𝐵𝐷 + 𝜆𝐵𝐷𝑃𝐵(1 − 𝑑)𝑄𝑠𝑁𝐵𝐷. 

3.2 Internet Content Providers 

The two competing ICPs are heterogeneous with regard to their intrinsic values (𝑉𝐶 and 𝑉𝐷) in 

terms of the content quality they provide to EUs. Without loss of generality, we assume that 𝑉𝐶 ≥
𝑉𝐷 and ∆𝑉𝐶𝐷 = 𝑉𝐶 − 𝑉𝐷. We consider hybrid-revenue ICPs which earn revenue simultaneously 

through advertising fees 𝑎𝑄𝑁𝑗 and subsidization fees 𝑝𝑁𝑗. 𝑎 denotes the advertising revenue rate 

per unit amount of data traffic; 𝑝 represents the subscription fee charged to EUs4; 𝑁𝑗 refers to the 

total number of EUs that participate in ICP-j. In equilibrium, if the optimal value of 𝜆𝑖𝑗 is negative, 

that is 𝜆𝑖𝑗 < 0, we set 𝜆𝑖𝑗 = 0; if the optimal value of 𝜆𝑖𝑗 in equilibrium is 𝜆𝑖𝑗 > 1, we set 𝜆𝑖𝑗 =

1. The profits of the two ICPs in the absence of sponsored data plans are 𝜋𝐶 = (𝑎𝑄 + 𝑝)𝑁𝐶 and 

𝜋𝐷 = (𝑎𝑄 + 𝑝)𝑁𝐷. The profits of the two ICPs in the presence of sponsored data plans are 𝜋𝐶
𝑠 =

(𝑎𝑄𝑠 + 𝑝)𝑁𝐶 − 𝜆𝐴𝐶𝑃𝐴(1 − 𝑑)𝑄𝑠𝑁𝐴𝐶 − 𝜆𝐵𝐶𝑃𝐵(1 − 𝑑)𝑄𝑠𝑁𝐵𝐶  and 𝜋𝐷
𝑠 = (𝑎𝑄𝑠 + 𝑝)𝑁𝐷 −

𝜆𝐴𝐷𝑃𝐴(1 − 𝑑)𝑄𝑠𝑁𝐴𝐷 − 𝜆𝐵𝐷𝑃𝐵(1 − 𝑑)𝑄𝑠𝑁𝐵𝐷. 

On the strategic level, ICPs decide on adopting sponsored data plans. In equilibrium, when 

𝜆𝑖𝑗 = 0, we label the strateg  of the ICP as “Non-sponsor” or “N”; when 0 < 𝜆𝑖𝑗 ≤ 1, we label 

the strateg  of the ICP as “Sponsor” or “S”. On the tactical level, ICPs decide on the proportion 

of data traffic to subsidize. In equilibrium, when 0 < 𝜆𝑖𝑗 < 1, we label the strategy of the ICP as 

“Partiall -subsidize” or “P”; when 𝜆𝑖𝑗 = 1, we label the strateg  of the ICP as “Full -subsidize” 

or “F”5.  

3.3 End Users 

We consider a unit mass of EUs and use the Hotelling model. In order to focus on the 

implementation of sponsored data plans, EUs are assumed to single-home to MTCs and ICPs. The 

unit mass of EUs is uniformly distributed and 𝑡 is the marginal misfit cost of EUs regarding MTCs 

and 𝑘 is the marginal misfit cost of EUs regarding ICPs. The utilities of EUs are 𝑈𝐴 = 𝑉𝐴 − 𝑡𝑥 −
𝑃𝐴𝑄 , 𝑈𝐵 = 𝑉𝐵 − 𝑡(1 − 𝑥) − 𝑃𝐵𝑄 , 𝑈𝐴𝐶 = 𝑉𝐶 − 𝑘𝑦 − 𝑝 , 𝑈𝐴𝐷 = 𝑉𝐷 − 𝑘(1 − 𝑦) − 𝑝 , 𝑈𝐵𝐶 =
𝑉𝐶 − 𝑘𝑦 − 𝑝 , and 𝑈𝐵𝐷 = 𝑉𝐷 − 𝑘(1 − 𝑦) − 𝑝 . In the presence of sponsored data plans, ICPs 

decide the proportion of data traffic consumption to subsidize for EUs. The utilities of EUs are 

𝑈𝐴 = 𝑉𝐴 − 𝑡𝑥 − 𝑃𝐴𝑄𝑠 , 𝑈𝐵 = 𝑉𝐵 − 𝑡(1 − 𝑥) − 𝑃𝐵𝑄𝑠 , 𝑈𝐴𝐶 = 𝑉𝐶 − 𝑘𝑦 − 𝑝 + 𝜆𝐴𝐶𝑃𝐴𝑄𝑠 , 𝑈𝐴𝐷 =
𝑉𝐷 − 𝑘(1 − 𝑦) − 𝑝 + 𝜆𝐴𝐷𝑃𝐴𝑄𝑠 , 𝑈𝐵𝐶 = 𝑉𝐶 − 𝑘𝑦 − 𝑝 + 𝜆𝐵𝐶𝑃𝐵𝑄𝑠 , and 𝑈𝐵𝐷 = 𝑉𝐷 − 𝑘(1 − 𝑦) −
𝑝 + 𝜆𝐵𝐷𝑃𝐵𝑄𝑠. 

 
4 In reality, the phenomenon wherein competing ICPs set the same prices is very common. For example, the subscription fees of 

the two main online video platforms in China, Tencent Video and iQIYI, are the same, e.g., 20 yuan RMB/month. In the U.S., the 

subscription fees of YouTube and Hulu are also the same, e.g., 11.99 US dollars/month. Moreover, many ICPs did not raise 

subscription fees for many years, even after they adopted sponsored data plans, such as Tencent Video, iQIYI, and Youku. 
5 In this study, following Cho et al. (2016), we assume that ICPs can either partially or fully subsidize EUs. In reality, there are 

traffic-caps on sponsored data plans. For example, in Verizon’s FreeBee Data 360 Service, ICPs can subsidize some or all of their 

content, delivered either b  an app or a specific web domain, not count against Verizon postpaid EUs’ data limits. In China 

Unicom’s Tencent King Card, EUs can browse online content free of data traffic within 30GB. Particularl , sponsored data plans 

are different from unlimited data plans. In sponsored data plans, certain ICPs pay to MTCs for EUs. In unlimited data plans, EUs 

pay to MTCs for themselves. In fact, "unlimited" data plans are not truly unlimited, and there's a speed-cap on such an “unlimited” 

data plan. For example, in AT&T and Verizon’s unlimited data plans, AT&T and Verizon will slow data speeds after 50GB. 

Unlimited data plans frequently led to a high level of traffic demand that MTCs were unable to handle (Economides and Hermalin 

2015), so many MTCs have stopped offering unlimited data plans to EUs or lower data traffic limits. For example, the three main 

carriers in China used to provide “unlimited” data plans, but these plans were removed from their shelves in September 2019. 
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4. Results and Analyses 
4.1 Case (NN, NN) 

LEMMA 1. In Case (NN, NN), the optimal Internet access fees of MTCs are 𝑃𝐴 =
𝑉𝐴−𝑉𝐵+3𝑡

3𝑄
 and 

𝑃𝐵 =
−𝑉𝐴+𝑉𝐵+3𝑡

3𝑄
. The profits of MTCs and ICPs are 𝜋𝐴 =

(𝑉𝐴−𝑉𝐵+3𝑡)2

18𝑡
, 𝜋𝐵 =

(−𝑉𝐴+𝑉𝐵+3𝑡)2

18𝑡
, 𝜋𝐶 =

(𝑉𝐶−𝑉𝐷+𝑘)(𝑝+𝑎𝑄)

2𝑘
, and 𝜋𝐷 =

(−𝑉𝐶+𝑉𝐷+𝑘)(𝑝+𝑎𝑄)

2𝑘
. 

4.2 Case (SS, SS) 

In Case (SS, SS), both ICPs adopt sponsored data plans provided by both MTCs. 

LEMMA 2. In Case (PP, PP), the optimal usage-based per-packet fees of the two MTCs are 𝑃𝐴 =

−
𝑑((−1+𝑑)(𝑉𝐶−𝑉𝐷)2+3𝑘(−𝑉𝐴+𝑉𝐵+3((−1+𝑑)𝑘+𝑝+𝑎𝑄+𝑎𝑄𝑟−𝑡)))+3𝑘(𝑉𝐴−𝑉𝐵+3𝑡)

9(−1+𝑑)𝑘𝑄(1+𝑟)
 and 𝑃𝐵 =

𝑑(−(−1+𝑑)(𝑉𝐶−𝑉𝐷)2−3𝑘(𝑉𝐴−𝑉𝐵+3((−1+𝑑)𝑘+𝑝+𝑎𝑄+𝑎𝑄𝑟−𝑡)))+3𝑘(𝑉𝐴−𝑉𝐵−3𝑡)

9(−1+𝑑)𝑘𝑄(1+𝑟)
. The optimal proportions of 

data traffic consumption to subsidize by the two ICPs are 𝜆𝐴𝐶 =
3𝑘((−1+𝑑)(𝑉𝐶−𝑉𝐷)+3((−1+𝑑)𝑘+𝑝+𝑎𝑄(1+𝑟)))

𝑑((−1+𝑑)(𝑉𝐶−𝑉𝐷)2+3𝑘(−𝑉𝐴+𝑉𝐵+3((−1+𝑑)𝑘+𝑝+𝑎𝑄+𝑎𝑄𝑟−𝑡)))+3𝑘(𝑉𝐴−𝑉𝐵+3𝑡)
, 𝜆𝐴𝐷 =

3𝑘(−(−1+𝑑)(𝑉𝐶−𝑉𝐷)+3((−1+𝑑)𝑘+𝑝+𝑎𝑄(1+𝑟)))

𝑑((−1+𝑑)(𝑉𝐶−𝑉𝐷)2+3𝑘(−𝑉𝐴+𝑉𝐵+3((−1+𝑑)𝑘+𝑝+𝑎𝑄+𝑎𝑄𝑟−𝑡)))+3𝑘(𝑉𝐴−𝑉𝐵+3𝑡)
, 𝜆𝐵𝐶 =

3𝑘((−1+𝑑)(𝑉𝐶−𝑉𝐷)+3((−1+𝑑)𝑘+𝑝+𝑎𝑄(1+𝑟)))

𝑑((−1+𝑑)(𝑉𝐶−𝑉𝐷)2+3𝑘(𝑉𝐴−𝑉𝐵+3((−1+𝑑)𝑘+𝑝+𝑎𝑄+𝑎𝑄𝑟−𝑡)))+3𝑘(−𝑉𝐴+𝑉𝐵+3𝑡)
, and 𝜆𝐵𝐷 =

3𝑘(−(−1+𝑑)(𝑉𝐶−𝑉𝐷)+3((−1+𝑑)𝑘+𝑝+𝑎𝑄(1+𝑟)))

𝑑((−1+𝑑)(𝑉𝐶−𝑉𝐷)2+3𝑘(𝑉𝐴−𝑉𝐵+3((−1+𝑑)𝑘+𝑝+𝑎𝑄+𝑎𝑄𝑟−𝑡)))+3𝑘(−𝑉𝐴+𝑉𝐵+3𝑡)
.  

COROLLARY 1. In Case (SS, SS), 𝜆𝐴𝐷 > 𝜆𝐴𝐶, 𝜆𝐵𝐷 > 𝜆𝐵𝐶, 𝜆𝐴𝐶 < 𝜆𝐵𝐶, and 𝜆𝐴𝐷 < 𝜆𝐵𝐷. 

4.3 Equilibrium Outcomes 

Depending on the values of 𝜆𝐴𝐶 , 𝜆𝐵𝐶 , 𝜆𝐴𝐷 , and 𝜆𝐵𝐷 , we analyze equilibrium outcomes in 

different market conditions. 

PROPOSITION 1. (1) When 𝑡 > 𝑡1(𝑘)  and 𝑘 < 𝑘1   r  𝑡 < 𝑡3(𝑘)  and 𝑘 > 𝑘3   hhe 

equilib ium ruhcrme is Case (SS  SS). (2) When 𝑡 >
𝑉𝐴−𝑉𝐵

3
 and 𝑘1 < 𝑘 < 𝑘2  hhe equilib ium 

ruhcrme is Case (NN  SS). (3) When 𝑡2(𝑘) < 𝑡 < 𝑡1(𝑘) and 𝑘 < 𝑘1  hhe equilib ium ruhcrme is 

Case (SN  SN). (4) When 𝑡 <
𝑉𝐴−𝑉𝐵

3
 and 𝑘1 < 𝑘 < 𝑘3  hhe equilib ium ruhcrme is Case (NS  SN). 

(5) When 𝑡3(𝑘) < 𝑡 <
𝑉𝐴−𝑉𝐵

3
 and 𝑘 > 𝑘3  hhe equilib ium ruhcrme is Case (NS  NS). (6) When 

𝑡 >
𝑉𝐴−𝑉𝐵

3
 and 𝑘 > 𝑘2  r  𝑡 < 𝑡2(𝑘) and 𝑘 < 𝑘1  hhe equilib ium ruhcrme is Case (NN  NN). 

The equilibrium outcomes are illustrated in Figure 1. When 𝑡 is large, each ICP will treat the 

two MTCs equally regarding adopting sponsored data plans. Conversely, when 𝑡 is small, each 

ICP will treat the two MTCs differently. As the discount on the Internet access fee rises, both ICPs 

become more intended to adopt sponsored data plans.  

COROLLARY 2. When hhe diffe enhiahirn behween MTCs is small (la ge)  each ICP will h eah hhe 

hwr MTCs equally (diffe enhly)  ega ding adrphing sprnsr ed daha plans. When hhe diffe enhiahirn 

behween ICPs is small (la ge)  ICPs will selech same (diffe enh) sh ahegies  ega ding adrphing 

sprnsr ed daha plans. 

Intuitively, when ∆𝑉𝐴𝐵 is small (large), the values of the usage-based per-package subsidization 

fees of MTCs are similar (quite different). Therefore, ICPs will treat the two MTCs equally 

(differently) regarding adopting sponsored data plans. Besides, when ∆𝑉𝐶𝐷 is small (large), the 

differentiation between ICPs is small (large), and hence ICPs will select the same (different) 

strategies regarding adopting sponsored data plans.  
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(a) 𝒅 = 𝟎 (b) 𝒅 = 𝟎. 𝟒 (c) 𝒅 = 𝟎. 𝟕 

Figure 1 Equilibrium Strategies of MTCs and ICPs in Terms of Marginal Misfit Costs 

(𝑉𝐴 = 3, 𝑉𝐵 = 2, 𝑉𝐶 = 3, 𝑉𝐷 = 2, 𝑄 = 1, 𝑟 = 0.5, 𝑎 = 0.4, 𝑝 = 0) 

   
(a) 𝒅 = 𝟎 (b) 𝒅 = 𝟎. 𝟒 (c) 𝒅 = 𝟎. 𝟕 

Figure 2 Profitable States of MTCs and ICPs in Terms of Marginal Misfit Costs6 

(𝑉𝐴 = 3, 𝑉𝐵 = 2, 𝑉𝐶 = 3, 𝑉𝐷 = 2, 𝑄 = 1, 𝑟 = 0.5, 𝑎 = 0.4, 𝑝 = 0) 

   
(a) 𝒅 = 𝟎 (b) 𝒅 = 𝟎. 𝟒 (c) 𝒅 = 𝟎. 𝟕 

Figure 3 Decisions of ICPs on Partially or Fully Subsidizing for EUs in Case (SS, SS) 

(𝑉𝐴 = 3, 𝑉𝐵 = 2, 𝑉𝐶 = 3, 𝑉𝐷 = 2, 𝑄 = 1, 𝑟 = 0.5, 𝑎 = 0.4, 𝑝 = 0) 

COROLLARY 3. Under sponsored data plans, MTCs and ICPs can become better off, worse 

off or remain unchanged compared with Case (NN, NN). 

Figure 2 illustrates profitable states of MTCs and ICPs compared with Case (NN, NN).  

PROPOSITION 2. ICP-C is more likely to fully subsidize EUs than ICP-D, and EUs of MTC-B 

is more likely to be fully subsidized by ICPs than those of MTC-A. 

Take Case (SS, SS) as an example, the results are illustrated in Figure 3.  

 
6 Ⅰ(UUUU), Ⅱ(BBWB), Ⅲ(WWWB), Ⅳ(WWBB), Ⅴ(UUUU), Ⅵ(BBWB), Ⅶ(BWWB), Ⅷ(WWWB), Ⅸ(WWWW), 

Ⅹ(UWWW), Ⅺ(UWBW), Ⅻ(UWBB), XIII(WWWB), XIV(UUBB), XV(UUBB), wherein “B” means “Better off”, “W” means 

“Worse off”, and “U” means “Unchanged”. 
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5. Discussion and Managerial Implications 
Firstly, this study makes unique contributions to the literature of sponsored content. To the best of 

our knowledge, this study is among the first to simultaneously consider the competition between 

MTCs and the competition between ICPs. Prior studies find that a monopoly MTC will always 

become better off under sponsored data plans. However, we find that MTCs can even be trapped 

in a prisoner’s dilemma game. Secondly, our findings have important managerial implications. 

The larger (smaller) ICP will not always adopt (reject) sponsored data plans and the larger (smaller) 

MTC will not always be the optimal (worst) option for ICPs under sponsored data plans. 

6. Conclusion 
In this study, we consider two competing heterogeneous MTCs and two competing heterogeneous 

ICPs under sponsored data plans. We find that the degree of competition between MTCs and the 

degree of competition between ICPs, and the differentiation in the intrinsic values of different 

MTCs or ICPs joint influence equilibrium outcomes. The smaller ICP tends to subsidize a higher 

proportion of data traffic consumption than the larger ICP. ICPs tend to subsidize a higher 

proportion of data traffic consumption for EUs of the smaller MTC than those of the larger MTC. 

We also find that under sponsored data plans, MTCs and ICPs can become better off, worse off or 

remain unchanged compared with the scenario without sponsored data plans. 
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Abstract

This paper aims to explore the influencing factors of online health communities’ user
information adoption, which is of great significance for improving the information quality
management of online health communities. To develop hypotheses, we combined the
perspectives of the elaboration likelihood model (ELM) and health belief model (HBM). The
authors collected data from 235 regular participants, and conducted a structural equation
model to test the main hypotheses and a hierarchical regression model was conducted to test
the moderating effects. The results show that: (1) Argument quality and source credibility
both have a significant positive effect on cognitive response;(2) Cognitive response and
emotional support both have a significant positive effect on information adoption;(3)
Perceived disease threat has a negative moderating effect on the association between
emotional support and information adoption, while perceived barriers of taking action not.

Keywords ： Online healthcare communities, elaboration likelihood model, information
adoption, health belief model

1. Introduction
Online health communities have gradually become one of the effective ways for people who
seek medical services. However, there is still a large amount of uncertified information in
online health communities. Most users cannot accurately verify the validity of the
information obtained. Misinformation is a big problem when patients search for medical
assistance through online health communities. In addition, a large amount of information can
also cause information overload. All of the above factors may affect user information
adoption in online health communities. Understanding the online medical information
adoption behavior of patients benefits the operation of online medical communities, and helps
improve the efficiency of online medical information use.
Previous research on online health communities mainly focused on the following aspects: the
influencing factors of users’ search behaviors (Yaşin and Özen 2011), the factors affecting
customer satisfaction (Choi et al. 2004), and the factors affecting user information adoption.
In previous studies, scholars consider the factors of user information adoption from the
perspective of platforms. However, there were few literatures that combine theories in the
health field to explore user information adoption in online health communities, and this study
believes that people’s adoption of health information will not only be affected by information
and emotional factors, but also by people’s own health factors. Therefore, the introduction of
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theories in the field of health research contribute to deeper and more accurate understanding
of the influencing factors of user information adoption in online health communities. Based
on previous studies, this paper employs the health belief model (HBM) model, constructs a
theoretical model with perceived disease threat and perceived barriers of taking action as the
moderator, and analyzes user information adoption under different disease threats. Finally, we
propose managerial suggestions on operation mechanism of online health communities.

2. Theory and Research Hypotheses

2.1 Elaboration Likelihood Model
Elaboration likelihood model divides the information processing into central route and the
peripheral route (Petty and Cacioppo 2012). Individual at the central routes normally required
in-depth analysis and reflection on information. Individuals at the peripheral route are less
willing to collect and process information, but rather implied by the level of quality of the
information source credibility. In this study, we use the construct argument quality to denote
the central route, and the construct source credibility to denote the peripheral route. ELM has
been widely applied in the research of network information adoption. Lu et al.(2017)
proposed an information adoption model of medical information online Communities based
on the elaboration likelihood model, found that information quality had the biggest impact on
a patient’s adoption decision; Tseng and Wang (2016) integrated perceived travel risk into
ELM, investigated how perceived risk affects individual information adoption processes on
travel websites. From the perspective of health literacy and trust. Tang et al. (2018) studied
the factors that affect user information adoption in the context of online health communities,
in their research, argument quality and source credibility had a positive effect on information
support, Strong information support is easier to convince people, so in this paper, we believe
that argument quality and source credibility have positive effects on cognitive response,
Hereinafter referred to as cognitive response. Cognitive response refers to the individual's
rational thinking and judgment on actual situations and concrete things, the higher argument
quality and source credibility of online health communities, the stronger the persuasive power
will be for users and the more users are willing to adopt the information on the Communities.
We therefore propose:
H1: Argument quality has a positive effect on cognitive response.
H2: Source credibility has a positive effect on cognitive response.

The behavior of users adopting the information of online health communities will be affected
by both rational and perceptual factors, Cognitive responses belong to rational factors, which
we also mentioned in the above, cognitive response affects users’ judgments on the content
and value of information, which in turn affects their behavior (Huskinson and Haddock,
2006),when all aspects of online health communities can meet the needs of users, it can bring
positive cognitive responses to them, which in turn encourages users to adopt information.
Perceptual factors mainly include emotional support, which refers to making users feel the
psychological companionship through approval, sympathy, encouragement, care, attention,
etc., and reduce the pressure and tension of users (Ali 2011; Helgeson 2003). Emotional
support among consumers has been proven to significantly improve customer citizenship
behavior and loyalty (Rosenbaum and Massiah 2007). Emotional support provides users with
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similar experiences or soothing wording to indirectly help solve users’ health problems and
enhance users’ trust in information resources. Thus the following hypotheses are posited:
H3: Cognitive response has a positive effect on information adoption.
H4: Emotional support has a positive effect on information adoption.

2.2 Health Belief Model
The health belief model（HBM） is a model that explains or predicts healthy behavior，it
consists of perceived disease threat (PDT) and perceived barriers to taking action (PBTA)
(Rosenstock 1974). PDT include perceivable susceptibility (a person's subjective perception
of the risk of contracting a certain health condition) and perceivable severity (a perception of
the severity of infection or non-treatment of a certain disease). PBTA refers to negative
perceptions of actions or costs taken to reduce the threat of disease, on the one hand, people
want to take active actions to deal with the disease, but on the other hand they are afraid of
the cost or the price is too high. (Rosenstock 1974).
HBM theory is also widely used in the research of health monitoring technology (Sun et al.
2006), Huang (2010) used health belief model （HBM）theory to research the factors that
affect people's use of remote health monitoring equipment, and found that, PDT has a
significant positive impact on the attitudes, PBTA has a significant negative effect on
attitudes. Similarly, as a health-related business technology, people’s information adoption
intention of online health communities is also affected by PDT and PBTA. The development
of online health communities in China is not mature enough now, some of the information on
platform has yet to be verified. When the users’ PDT is stronger, although people can find
comfort and encouragement on platform, the fear of illness makes them more careful with
information, so they are less likely to adopt information on platform. On the other hand, users
who adopt online health communities might at risk of privacy leakage, which in fact imposes
additional costs on users, this may offset some of the emotional support’s positive effects
provided by other users. Thus, we posit the following hypotheses:
H5-1: When the users’ perceived disease threat is stronger, the positive effect of emotional support on
information adoption will be weakened.
H5-2: When the users’ perceived barriers of taking action is stronger, the positive effect of emotional
support on information adoption will be weakened.
Therefore, the research structure underlying this study is shown in Figure 1.

Figure 1. The research model
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3. Methodology

3.1 Measurements
In this study, we conducted a questionnaire survey of user information adoption in online
health communities. To ensure the content validity of each variable and item ， the
measurements were derived from previous studies, all of 26 items were measured on a
7-point Likert scale ranging from strongly disagree (1) to strongly agree (7).

3.2 Data Collection
We distribute the questionnaire through both online and offline channels at the same time，
and a total of 390 questionnaires were returned. After excluding the questionnaires from users
who have never used online health communities (129, 33.1%) and some obviously invalid
questionnaires, 235 valid questionnaires were obtained, and the effective rate of the
questionnaire was 60.3%. In the full group, the percentage of females (53.6%) was slightly
higher than that of males (46.4%). The age group of 21–30 years constituted the largest
proportion of the sample (54.5%), followed by the groups of 0-20 years (23.8%) and 31–40
years (14.9%). The percentage of respondents who had completed four years of college
education or had earned advanced degrees was 94%.The following percentages indicate the
proportions of the monthly income levels of the respondents: Less than 3000 yuan (44.7%),
3000-5000 yuan (15.3%), 5001-8000 yuan (21.3%), more than 8000 yuan (18.7%).

4. Data Analysis and Results

4.1 Measurement Model
The measurement model was tested using CFA，The Cronbach's Alpha of each construct in
this study ranged from 0.872 to 0.894, both of which fulfill the recommended levels，
Additionally , In this study, the composite reliability (CR) of construct ranged from 0.765 to
0.895, which were all over threshold of 0.7. Therefore, the sample data had good reliability.
The item loadings ranged from 0.593 to 0.947 , which was above the threshold of 0.5, the
average variation amount (AVE) was basically above 0.5, only the AVE of perceived disease
threat was less than 0.5, which was within the acceptable range of greater than 0.4 (Fornell
and Larcker 1981). Therefore, the convergent validity of the constructs was supported. In
addition, the square root of the AVE for each construct was greater than the correlation
coefficient between the constructs, which showed that discriminant validity was established.
The statistics showed χ2/dF was 2.128, the root-mean-square error of approximation (RMSEA)
was 0.068, the goodness-of-fit index (GFI) was 0.881, the incremental fit index (IFI) was
0.942, the comparative fit index (CFI) was 0.941, the Tucker-Lewis index(TLI) was 0.930.
All the fitness measures basically meet the requirements, except for GFI slightly less than 0.9,
which was within the acceptable range of close to 0.9 (Scott and Judy 1995). Thus, the
proposed model suggested that the model demonstrated a good fit.

4.2 Structural Model
To assess the main hypotheses (H1to H4), SEM was conducted. The results showed that both
hypotheses were strongly supported, Consistent with ELM, argument quality had a significant
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positive effect on cognitive response (H1,β= 0.446;p<0.001). In addition, the significant
positive effect of source credibility on cognitive response supported H2 (β=0.286;p<0.001),
the significant positive effect of cognitive response on information adoption supported H3
(β=0.392;p<0.001),the significant positive effect of emotional support on information
adoption supported H4 (β=0.485;p<0.001), demonstrating support for all the hypotheses.

4.3 Moderating Effects
To assess the moderating roles of moderator variables, we conducted hierarchical moderated
regression analyses, we tested the moderate effects by adding interaction terms to the main
model, interaction of emotional support and PDT had a negative impact on information
adoption (β=-0.094, p<0.05), while interaction of emotional support and PBTA wasn’t
significance.H5-1 was supported but H5-2 wasn’t supported. Results are presented in table 1.

Table 1. Moderating effects tests
Information adoption

Items Model1 Model 2 Model3

Independent variable

Emotional support 0.650*** 0.573*** 0.893***

Moderating variables

Perceived Disease Threat 0.235*** 0.646**

Perceived Barriers of Taking Action -0.087* -0.083

Interaction

Emotional support×Perceived Disease Threat -0.094*

Emotional support×Perceived Barriers of

Taking Action
-0.001

�� 0.416 0.470 0.481

Notes：*p < 0.05. **p< 0.01. ***p < 0.001

5. Discussion
This article explores the factors related to user information adoption in online health
communities. Taking elaboration likelihood model （ ELM ） as the theoretical basis,
introducing PDT and PBTA in health belief model （HBM）theory as moderating variables,
and constructing a theoretical model of the factors influencing user information adoption in
online health communities. The research results showed that argument quality and source
credibility significantly positively affected cognitive response, which was consistent with the
ELM theory. Cognitive response and emotional support were used to positively influence
user information adoption from a rational and perceptual perspective, respectively.
The results of this article indicates that PDT had a negative moderating effect on the
relationship between emotional support and information adoption， which shows that in
addition to information factors, people's own health status will also affect user information
adoption. Additionally, PBTA didn’t play a moderating role, this may be due to the fact that
people don’t need to spend too much time and cost on online health communities, so users’
PBTA is relatively small. This conclusion enlightens us: On the one hand, online health
communities should strengthen the construction of information management to ensure the
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quality of information, and encourage more authoritative experts to join the platform through
paid services. On the other hand, considering the role of emotional support, when participants
engage in peer interaction, they benefit and have an obligation to reciprocate. Therefore, the
platform operation team should provide information based on user characteristics and
enhance the peer-to-peer interaction to increase the user engagement of the site.
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Abstract 

 

More and more consumers have relied on digital influencers to form expectations of product 
fitness. These influencers have higher expertise in certain product categories and are willing to 

disclose product-related information to their followers on social media to help them make 
purchase decisions. In this study, we employ an analytical model to investigate whether the 
influencer should work with the high-congruence product or the low-congruence product. We find 

that the influencer should choose the low-congruence product even at the risk of losing followers 
when the high-congruence product pays very low; or when the remuneration is high but the total 

cost is sufficiently large. An unexpected result is that only when the base value consumers derive 
from the high-congruence product is less than a threshold value, will the influencer increasingly 
prefer that product as the unit cost of misfit increases. Moreover, we find that when the influencer 

cooperates with the low-congruence product, the optimal effort level varies non-monotonously 
with her product expertise. 

 
Keywords: Social media, Digital influencer, Expertise, Congruence, Product fitness 
 

1. Introduction 

The proliferation of mobile Internet and social media have profoundly facilitated the 
generation and dissemination of information among content consumers (Kapoor et al. 2018). For 
this reason, more and more consumers have made purchase decisions based on the 

recommendations of digital influencers. Digital influencers tend to have more professional 
knowledge in the specific area they cover and are willing to share product-related information with 

others (Kuksov and Liao 2019). It is precisely because of this expertise that influencers are sought 
out as information sources by other consumers and gain popularity as well as trustworthiness (King 
and Summers 1970). For example, female consumers rely on the opinions of beauty influencers to 

choose cosmetics that fit their skin types best. In this study, we mainly focus on the horizontal 
attributes of products that online influencers can provide to their audiences. 

Influencer marketing has become an essential marketing strategy for brands (Hughes et al. 
2019). However, there are many factors that lead to the failure of this new marketing activity, 
among which the level of congruence between influencers and products is particularly noteworthy. 

For instance, the incongruent collaboration between a famous beauty influencer, Chriselle Lim, 
and the brand Volvo incurred strong backlash from the audiences (Breves et al. 2019). Although 

the disadvantage of incongruent collaboration has attracted attention from both industry and 
academia, there are still influencers who stick to choose the incongruent products even at the risk 
of losing audiences and potential collaborations. Therefore, this study aims to analyze how the 

influencer should decide which product to partner with (high-congruence vs. low-congruence) and 
how much effort she should invest under the scenario of low-congruence product. 
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2. Literature Review 

This study is related to several streams of literature. The first stream is on influencer 
marketing. Hughes et al. (2019) identify the important drivers of influencer marketing success via 

empirical study and suggest the bloggers’ expertise plays a critical role in this campaign. Kuksov 
and Liao (2019) investigate the impact of product variety on consumer quality inference and 

company earnings when these consumers depend on opinion leaders to make purchase decisions. 
Valsesia et al. (2020) explore how marketers identify effective influencers based on the number of 
users these influencers follow on social media. They find that the number of users followed by a 

blogger has a negative impact on her influence. Mallipeddi et al. (2021) develop a framework to 
help brands optimally select online influencers and schedule their posts of advertisements. These 

studies focus on decisions or strategies made by brands as well as platforms. In this study, we 
examine the product selection strategy from the perspective of influencers. 

The second stream of research investigates the degree of match between endorser and brand. 

Misra and Beatty (1990) confirm that the high congruence between spokesman and brand can 
largely improve the effectiveness of advertising. Till et al. (2008) explore the mechanism in which 

the match between endorser and product is significant for favorable attitudes. Breves et al. (2019) 
also examine the positive impact of influencer-brand fit and suggest that this effect is particularly 
obvious for followers who have weak connections with the influencer. Kim and Kim (2020) 

employ the model of multiple motive inference to further demonstrate this effect. These studies 
are dedicated to exploring the principles underlying the positive impact of congruence on 

advertising. This study extends previous research by examining the impact of influencer-product 
incongruence on consumers’ behavior and digital influencers’ payoff. 

Our study is also related to the research on information disclosure about fit -related product 

attributes. Markopoulos and Clemons (2013) analyze the optimal investments that firms should 
make to inform consumers of product’s horizontal information. Kwark et al. (2014) examine the 
impact of online product reviews and show that the fit dimension of reviews can affect buyers’ 

uncertainty and corresponding competition between upstream manufacturers. Markopoulos et al. 
(2016) investigate the impact of the existence of product information websites on consumer surplus 

and company investments. This study differs from theirs in that we focus on the influencer’s 
information disclosure ability which is affected by both product expertise and effort. 

3. Model Setting 

We consider a market with one influencer facing two products, the high-congruence product 

H, and the low-congruence product L. The level of congruence (high vs. low) refers to the degree 
to which the influencer’s expertise matches the product. We assume that there is only one 

advertising slot. The influencer should choose one of the two products to exert effort to understand 
it and to design posts that can be seen by her followers on social media. The followers are 
normalized to 1 and make purchase decisions based on the influencer’s post, and each with only 

single-unit demand.  

A follower (i.e., consumer) derives value 𝑣𝑗 from consuming product j (𝑗 ∈ {𝐻, 𝐿}). The 

product may not match consumers perfectly, thus incurring misfit cost. We model it following 
Salop (1979) as the unit misfit cost t times the distance between follower i’s ideal point 𝑥𝑖 and 

product 𝑗’s location 𝑙𝑗 on the circular market’s circumference of unit length. 𝑥𝑖 is distributed 

uniformly on the circumference across followers. Therefore, the utility that a follower i derives 
from consuming product j is given by 

 𝑈𝑖,𝑗 = 𝑣𝑗 − 𝑡 ∙ 𝑑(𝑥𝑖 , 𝑙𝑗). (1) 
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The influencer exerts effort to learn the true location of product j (i.e., 𝑙𝑗) after deciding which 

product to cooperate with. However, the influencer’s observed location of product j (i.e., 𝑙𝑗
′) may 

be not exactly the same as the true location of product j because of her limited expertise and time. 
We assume that the influencer can always learn the true location of product H (i.e., 𝑙𝐻

′ = 𝑙𝐻) at 

the cost of 𝐶𝐻. On the contrary, there is always an error in the location of product L observed by 

the influencer (i.e., 𝑙𝐿
′ ≠ 𝑙𝐿). The degree of error is defined as following: 

 |𝑙𝐿 − 𝑙𝐿
′ | = ∆𝐿= 𝑘𝐿 − 𝛽𝐿𝑒𝐿, (2) 

where 𝑘𝐿 is the influencer’s observation error without effort, 𝛽𝐿 is the amount of error that the 

influencer can reduce per unit effort, 0 ≤ 𝛽𝐿 < 𝑘𝐿 ≤
1

2
, and 𝑒𝐿 is the total effort the influencer 

decides to exert, 0 ≤ 𝑒𝐿 ≤ 1.  

Consumers make purchase decisions based on the influencer’s posted information (i.e., 𝑙𝑗
′). 

We assume that followers can learn the true location of product j (i.e., 𝑙𝑗) only after buying and 

experiencing it. If inconsistencies between the true location and the influencer’s reported location 
are found by them, they will choose to unfollow the influencer. The number of followers lost due 

to the influencer’s observation error is denoted as 𝑁𝑙𝑜𝑠𝑠
𝐿 . Therefore, we can derive the payoff of 

the influencer choosing product j (𝑗 ∈ {𝐻, 𝐿})as follows: 
 𝜋𝐻 = 𝑟𝐻𝐷𝐻 − 𝐶𝐻, (3) 

 𝜋𝐿 = 𝑟𝐿𝐷𝐿− 𝛼𝑁𝑙𝑜𝑠𝑠
𝐿 − 𝑐𝑒𝐿

2, (4) 

where 𝑟𝑗 is the unit remuneration of product 𝑗, 𝐷𝑗 is the demand of product 𝑗, 𝐶𝐻 is the total 

cost the influencer pays for choosing product H, 𝛼 is penalty factor and 𝑐 is unit effort cost, 𝑗 ∈
{𝐻, 𝐿}. 

The timing of the events is as follows. First, the influencer chooses one of the two products 

to partner with. When she decides to promote product L, she should also determine how much 
effort to put in. Next, the influencer disseminates fit-related information to her followers on social 
media after learning the product. Then, consumers make purchase decisions based on the 

influencer’s opinions. Finally, those consumers who buy and experience the product determine 
whether to unfollow the influencer or not. 

4. Model Analysis 

4.1 The Loss of Followers 

By comparing the utilities of consumers before and after using the product, we conclude the 
number of followers the influencer loses in Lemma 1.   

Lemma 1. When the unit misfit cost is moderate (
2𝑣𝐿

𝑘𝐿
< 𝑡 <

2𝑣𝐿

𝑘𝐿−𝛽𝐿
) and the influencer’s exerted 

effort is high (
𝑡𝑘𝐿−2𝑣𝐿

𝑡𝛽𝐿
≤ 𝑒𝐿 ≤ 1), the number of followers the influencer loses when choosing the 

low-congruence product is  

 𝑁𝑙𝑜𝑠𝑠
𝐿 = 𝑘𝐿 − 𝛽𝐿𝑒𝐿. (5) 

When the influencer decides to work with product L, the number of followers she may lose 
decreases with an increase in effort. Note that the amount of error reduced per unit of effort, 𝛽𝐿, 

is smaller than the observation error in natural state, 𝑘𝐿, which indicates that the influencer cannot 

provide accurate information to her followers even if putting in the highest level of effort.  
4.2 The Effort Decision 

Given the payoff function in equation (4) and the loss of followers in equation (5), the optimal 

effort level the influencer should put in when choosing product L can be stated in the following 
Lemma. 
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Lemma 2. When the unit misfit cost is moderate (
2𝑣𝐿

𝑘𝐿
< 𝑡 <

2𝑣𝐿

𝑘𝐿−𝛽𝐿
), 

𝑒𝐿
∗ =

{
 
 

 
 1, 0 < 𝑐 <

𝛼𝛽𝐿

2

𝛼𝛽𝐿

2𝑐
,
𝛼𝛽𝐿

2
≤ 𝑐 <

𝑡𝛼𝛽𝐿
2

2(𝑡𝑘𝐿−2𝑣𝐿)

𝑡𝑘𝐿−2𝑣𝐿

𝑡𝛽𝐿
, 𝑐 ≥

𝑡𝛼𝛽𝐿
2

2(𝑡𝑘𝐿−2𝑣𝐿 )

, 

𝜋𝐿
∗ =

{
 
 

 
 

2𝑟𝐿𝑣𝐿

𝑡
−𝛼(𝑘𝐿 −𝛽𝐿) − 𝑐, 0 < 𝑐 <

𝛼𝛽𝐿

2

2𝑟𝐿𝑣𝐿

𝑡
− 𝛼𝑘𝐿 +

𝛼2𝛽𝐿
2

4𝑐
,
𝛼𝛽𝐿

2
≤ 𝑐 <

𝑡𝛼𝛽𝐿
2

2(𝑡𝑘𝐿−2𝑣𝐿 )

2𝑟𝐿𝑣𝐿

𝑡
−

2𝛼𝑣𝐿

𝑡
− 𝑐(

𝑘𝐿

𝛽𝐿
−

2𝑣𝐿

𝑡𝛽𝐿
)2, 𝑐 ≥

𝑡𝛼𝛽𝐿
2

2(𝑡𝑘𝐿−2𝑣𝐿 )

. 

The above results are obtained in a fashion that captures the balance between punishment and 

cost. If the effort level is high, the observation error and thus the number of followers the influencer  
loses is low. This can reduce the long-term punishment. However, the total effort cost is 
tremendous. The optimal values as derived are the results of balance. Lemma 2 indicates that the 

optimal effort decision depends on the unit effort cost of the influencer.  
The amount of error that the influencer can reduce per unit  of effort, 𝛽𝐿 , indicates the 

influencer’s expertise in product L. The following Proposition concludes the impact of the 
influencer’s expertise on her effort. 

Proposition 1. 

(a) When the amount of error reduced per unit effort is sufficiently small (
𝑡𝑘𝐿−2𝑣𝐿

𝑡
< 𝛽𝐿 ≤

√
2𝑐(𝑡𝑘𝐿−2𝑣𝐿)

𝑡𝛼
), the optimal effort level decreases with an increase in it. 

(b) When the amount of error reduced per unit effort is mild (√
2𝑐(𝑡𝑘𝐿−2𝑣𝐿 )

𝑡𝛼
< 𝛽𝐿 ≤

2𝑐

𝛼
), the optimal 

effort level becomes higher as it becomes larger. 

(c) When the amount of error reduced per unit effort is sufficiently large (𝛽𝐿 >
2𝑐

𝛼
), the optimal 

effort level does not vary with it. 

The intuition behind Proposition 1 is as follows. The amount of error reduced per unit effort 
can well reflect the efficiency of the influencer. The influencer needs to balance between the 
decrement in the number of followers lost and the increment in the total effort cost. When the 

efficiency of the influencer is sufficiently low, the influencer’s effort has little effect in maintaining 
followers. Thus, the influencer reduces effort to lower the total effort cost. Only when the 

influencer’s efficiency grows above the threshold, her effort begins to tell. Then the influencer can 
put in more effort to further reduce the observation error, leading to a decrease in the number of 
followers lost. 

4.3 The Product Choice 

Comparing the payoff function in (3) and (4), the influencer’s product choice can be 

summarized in the following Proposition.  
Proposition 2. 

(a) When the unit remuneration for the high-congruence product is low enough (𝑟𝐻 ≤ 𝑟�̅� ), the 

influencer should cooperate with the low-congruence product; 
(b) When the unit remuneration for the high-congruence product is high (𝑟𝐻 > 𝑟�̅� ), 
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i. if the total cost the influencer pays for it is sufficiently small (𝐶𝐻 ≤ 𝐶�̅�), the influencer 
should cooperate with it; and 

ii. if the total cost the influencer pays for it is sufficiently large (𝐶𝐻 > 𝐶�̅�), the influencer 
should choose the low-congruence product. 

Intuitively, Proposition 2 shows that the influencer’s choice of product depends on product 

H’s remuneration and the total cost the influencer pays in it. The following corollary extends the 
analysis of Proposition 3. 
Corollary 1. 

The threshold value of 𝑟𝐻  (i.e., 𝑟�̅� ) decreases monotonously with unit effort cost and the threshold 

value of 𝐶𝐻 (i.e., 𝐶�̅�) increases monotonously with unit effort cost; the influencer is increasingly 
inclined to choose the high-congruence product as the unit effort cost gets larger. 
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{
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2
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2
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. 

Corollary 1 implies that the unit renumeration changes negatively with the unit effort cost 

while the total cost of product H changes positively with it. That is, the influencer’s requirement 
for product H decreases as the unit effort cost increases, which indicates that the influencer is 

increasingly inclined to choose product H. The following Proposition summarizes the impact of 
misfit cost on the influencer’s product preference. 
Proposition 3. Given the unit effort cost (i.e., 𝑐) and consumer misfit cost (i.e., 𝑡), 
(a) when the valuation consumers derive from purchasing the high-congruence product is 
sufficiently small (𝑣𝐻 ≤ �̅�𝐻 ), the influencer is more willing to cooperate with this product as the 

misfit cost increases; 

(b) when the valuation consumers derive from purchasing the high-congruence product is 
sufficiently large (𝑣𝐻 > �̅�𝐻 ), the higher the misfit cost, the more inclined the influencer is towards 

the low-congruence product 
    The intuition of Proposition 3 is as follows. When the base value consumers perceive from 

product H is small, the increase in the cost of misfit causes her benefits from product H to fall 
more slowly compared to product L. In this case, the influencer is increasingly inclined to choose 
product H. Conversely, when the base valuation derived from product H is large, the increase in 

misfit cost makes the influencer's return on product H fall more quickly than on product L. 
Therefore, the influencer prefers product L at this time. 

5. Conclusion 

We examine the conditions under which the influencer cooperates with the high-congruence 
product or the low-congruence product on social media. We find that the renumeration and total 
cost of the high-congruence product play critical roles in the influencer’s choice. When the 

remuneration of the high-congruence product is sufficiently small, the influencer is more likely to 
recommend the low-congruence product to her followers even at the risk of losing audiences. 
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When the high-congruence product pays more, the influencer’s choice depends on her cost spent 
on it. Surprisingly, only when the base value consumers derive from the high-congruence product 

is less than a threshold value, will the influencer increasingly prefer that product as the unit cost 
of misfit increases. Moreover, the influencer’s expertise in the low-congruence product has 

nonmonotonic impact on her optimal effort decision, which depends on the balance between effort 
efficiency and effort cost. 
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Abstract 
 
Since 2008, decentralized blockchain technology has created much excitement in the technology 
community, but its potential for accounting and auditing remains under-explored. This paper 
discusses the potential benefits and challenges of engaging in blockchain-related business and 
provides empirical evidence that overall blockchain firms perform poorly on maintaining effective 
internal controls of accounting information system (AIS) at the current stage. Also, this paper 
provides a primer on how blockchain and its applications: cryptocurrencies and cryptoassets, 
smart contract, and privacy data storage could potentially transform internal control system, 
resulting in a more timely automatic and reliable accounting ecosystem. It also flags up possible 
points of concerns in terms of the implementation of blockchain and discusses potential internal 
control solutions. The paper concludes with our ongoing analyses of blockchain development in 
China and its position on a global scale.  
 
Keywords: Blockchain, Cryptocurrencies, Smart contract, Privacy data, Future accounting 
 
1. Introduction 
The cryptocurrency Bitcoin and its underlying blockchain technology are one of the most 
fundamental and revolutionizing inventions since the Internet was discovered. Blockchain is a 
public, distributed ledger that can record transactions among unfamiliar parties efficiently and in 
an immutable way without a central authority (Iansiti and Lakhani 2017). In 2008, the first 
blockchain was conceptualized by Satoshi Nakamoto1 for Bitcoin trading with its functions of 
protecting data integrity, instant sharing of the necessary information and automatic controls of 
processes (Dai and Vasarhelyi 2017), Since then, bitcoin and blockchain have attracted attention 
from regulators and industry participants due to its rapid alteration of traditional accounting and 
auditing services. The U.S. Securities and Exchange Commission (SEC), for example, expects 
blockchain to “be used to streamline or create more accountability in the proxy process”2. The 
Association of International Certified Professional Accountants (AICPA) views bitcoin and 
blockchain have ‘the potential to impact all recordkeeping processes, including the way 
transactions are initiated, processed, authorized, recorded and reported’ (CPA Canada and AICPA 
2017). Also, many professional services firms such as Deloitte (Deloitte 2016) and Ernst & Young 
(Ernst & Young 2017) are wading into the use of blockchain.  

 
1 Satoshi Nakamoto is an alias used by the person or group of people who developed bitcoin, authored the bitcoin white paper, and 
created and deployed bitcoin's original reference implementation. 
2 For more information, see “Statement announcing SEC staff roundtable on the proxy process” 
https://www.sec.gov/news/public-statement/statement-announcing-sec-staff-roundtable-proxy-process  
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As companies are rapidly finding applications for Bitcoin and blockchain, the accounting 
information system (AIS), in particular, the internal control system over accounting and auditing 
needs to be transformed to assess these applications. Internal controls of AIS, hereafter, (internal 
controls) are a series of policies and procedures that companies put in place to ensure the integrity 
of the normal business activities for safeguarding assets, maintaining accurate accounting record 
and protecting privacy information (PwC 2019). To achieve an effective and stable AIS, internal 
controls need to be designed to fit the business operations.  
 
Blockchain technology, on the one hand, when applied appropriately (e.g., cryptocurrencies, smart 
contracts and privacy information storage), can ensure the efficiency of internal controls. For 
example, the use of cryptocurrencies can speed up the recordkeeping process and mitigate risks of 
human error and fraud. The adopting of smart contracts can decrease the likelihood of missing 
standard terms or legal clauses and eliminate the need to wait long for the counterparties to make 
changes and get back to you. Another benefit of blockchain to internal controls lies in the handling 
of privacy information. Blockchain stores privacy information in multiple locations, which makes 
the task of compromising privacy information becomes much difficult for hackers. Blockchain 
also gives users control over their privacy information without handing over their information to 
third parties. On the other hand, blockchain technology presents challenges to the effectiveness of 
internal controls. For instance, by December 2020, while Bitcoin dominates the market, there are 
more than 3,000 cryptocurrencies in circulation and new cryptocurrencies can be created at any 
time3. Each of these cryptocurrencies has unique features (e.g., anonymity, transaction speed and 
supply) that make them each follows a different inflation model 4 . Also, many of these 
cryptocurrencies are trading on exchanges that open 24/7 that makes them volatile and change in 
price rapidly. 5  As a result, it is particularly difficult to determine the price at which a 
cryptocurrency should be recorded for financial reporting purpose, which may cause financial 
reporting misstatements and fraudulent financial reporting. Also, on 5th January 2019, Ethereum 
Classic—a popular computing platform featuring smart contract functionality 6 , was hacked 
through a technique known as a “51% attack” and lost around US$ 1.1 million to the attacker7. 
Therefore, smart contracts have a high requirement for writing safe computer code, which needs 
to be addressed by control activities. Further, one key feature of blockchain is that once data is 
added to the chain, it cannot be changed or deleted, which makes blockchain difficult to comply 
with the right to be forgotten8. Therefore, how to solve the right to be forgotten compliance when 
using blockchain is a problem that firms need to tackle in their control environment. 
 
This paper aims to explore the use of blockchain and to generate insights on the design of effective 
internal controls over the blockchain. Specifically, we sketch out some key issues that should be 
considered when utilizing blockchain and provide empirical evidence that the current adoption of 
blockchain is disruptive to the effectiveness of internal controls. Overall, this study makes three 

 
3 https://coinmarketcap.com/all/views/all/ as at 16th December 2020.  
4Further information, see “Cryptocurrency comparison” https://www.ig.com/au/cryptocurrency-trading/cryptocurrency-
comparison 
5 Live cryptocurrency prices: https://www.finder.com.au/cryptocurrency/live-prices-exchanges 
6Ethereum classic  https://ethereumclassic.org 
7Further information, see “Once hailed as unhackable, blockchains are now getting hacked” 
https://www.technologyreview.com/2019/02/19/239592/once-hailed-as-unhackable-blockchains-are-now-getting-hacked/ 
8 Further information, see “Everything you need to know about the ‘Right to be forgotten’” https://gdpr.eu/right-to-be-forgotten/ 
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main contributions. First, the paper is among the first few studies to introduce blockchain to the 
literature on the internal control system and provide empirical evidence revealing the challenges 
brought by blockchain in maintaining high-quality AIS. The paper serves as a good reference for 
and raises awareness of IS researchers to examine the disruptions to AIS by blockchain adoption 
and search for solutions. Second, the wide adoption of blockchain also presents new challenges to 
regulators such as the SEC and the China Securities Regulatory Commission. Our study indicates 
that regulators are confronting with an urgent demand for policy improvements to mitigate the 
potential risks of new types of regulatory noncompliance caused by blockchain. This paper also 
has implications at the industry level. By outlining some key patterns of an emerging industry—
the blockchain industry, the paper shows that the existing knowledge about blockchain adoption 
cannot catch up with the rapid growth of the blockchain industry. This study can serve as a 
stepping-stone to improve market participants’ understanding of blockchain adoption in business. 
  
2. Empirical Evidence for Blockchain and Internal Controls 
In this section, we explore whether and how the implementation of blockchain can affect the 
effectiveness of internal controls using a series of empirical analyses. Because there is no dataset 
available on firms’ adoption of blockchain, we manually collect data for blockchain firms by 
searching keyword (e.g. blockchain, blockchain technology) in 10-K filings. In total, we collected 
503 10-K filings related to blockchain ranging from 2014 to 2019.9 We then manually checked 
whether these firms adopt blockchain in their business, i.e., whether the fillings contain statements 
about their products or services of blockchain. In doing so, we identified 175 firm-year 
observations in financial sectors that report blockchain business. We use the firm-year 
observations without blockchain business from the same industries as control firms. We create an 
indicator variable, Blockchain, equalling one for the firm-year observations (175 observations) 
with blockchain business and zero for control firms (7,760 observations). The final data contains 
7,935 firm-year observations from 2014 to 2019. To test the association between blockchain 
adoption and internal control quality, we employ the below model with standard errors adjusted 
for clustering at the firm level.  
 

       
      
      
     (1) 
      

Our dependent variable is an indicator variable for internal control weakness (ICW, equals one 
when there is an internal control weakness reported, and otherwise zero), for which we obtain data 
from Audit Analytics. We follow the literature and include a series of control variables. Because 
firms with poor financial health are less likely to have adequate resources to maintain effective 
internal controls (Krishnan 2005), we control for firm financial characteristics including firm size 
(Size), valuation (MB), leverage (Leverage), inventory scaled by the total asset (Invntry), loss 
(Loss), and sales growth (SaleGrw). We then control for Big 4 auditors (Big4) as Big 4 auditors 
are expected to have a higher exposure to legal liability and more expertized to impose internal 
control weakness (Ge and McVay 2005). Complexity in operations increases the difficulty in 

 
9 We conducted keyword search for all 10-K fillings from 2008 (the year at which the first blockchain was conceptualized by 
Satoshi). However, in our search, we found no 10-K filings that mention blockchain or blockchain technology before 2013. 
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maintaining effective internal controls (Ge and McVay 2005), therefore, we control for firm age 
(Age), segment number (GoeSeg), foreign currency translation (Foreign), and merge and 
acquisition activity (MA). All data for control variables are obtained from Compustat and Audit 
Analytics.  
 
According to the descriptive statistics (untabulated), 22.9% of blockchain firms have internal 
control weaknesses, which is 13.4% higher (p < 0.01) than that of control firms (9.4 %).  Table 1 
presents the results of multivariate analysis. Column I of Table 1 reports the results of the logit 
regression for blockchain firms and internal control weaknesses. The estimated coefficient on 
Blockchain is positive and significant (coef. = 0.693, p < 0.01), suggesting that the possibility of a 
blockchain firm having an internal control weakness is as double as that of a control firm 
(exp(0.693) = 2.000). To address the endogeneity concern, we conduct a difference-in-difference 
(DID) analysis. Our treatment group (59 firms) includes firms that report blockchain business at 
least once in their 10-K filings from 2014 to 2019. The control group (2,168 firms) includes firms 
that have no blockchain business reported. We generate a variable, Post that equals one for years 
at which a firm first reported blockchain business and onwards, and zero otherwise. Because we 
have already controlled for year fixed effects, we do not include Post but include Treat and its 
interaction term with Post in our baseline model. Column II of Table 1 presents the results for DID 
analysis. While the coefficient on Treat is not significant, the coefficient on Treat×Post is 
significantly positive (coef. = 0.565, p < 0.10), suggesting that firms became more likely to have 
internal control weaknesses after implementing blockchain into their business. The results hold 
consistent with our primary findings. Further, we use the propensity score matching (PSM) method 
to address the concerns of selection bias. We conduct a 1:1 nearest neighbour matching without 
replacement to match blockchain firms with control firms based on firm size, industry (based on 
two-digit SIC code) and fiscal year. We get a matched sample of 342 firm-year observations. 
According to the univariate tests on the matched sample (untabulated), there is no significant 
difference in firm size between blockchain firms (mean = 6.797) and control firms (mean = 6.847), 
the average treatment effect of blockchain firms on internal control weaknesses (0.229) is 
significantly larger than that of control firms (0.142), with a gap of 8.7% (p < 0.05). Column III of 
Table 1 reports the results for the logit regression for our baseline model based on the matched 
sample. The coefficient on Blockchain is positive and significant (coef. = 0.838, p < 0.05), which 
supports our primary findings. Overall, the series of tests we conduct consistently document a 
positive relationship between blockchain adoption and the incidence of internal control 
weaknesses. 
 
Table 1 Empirical results: Blockchain adoption and internal control weaknesses 
  Dependent variable: ICW 
  Column I  Column II  Column III 
  Logit regression  DID analysis  PSM sample 
Blockchain  0.693***    0.838** 
  (0.259)    (0.402) 
Treat    0.132   
    (0.326)   
Treat×Post    0.565*   
    (0.313)   
Controls  Yes  Yes  Yes 
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Year fixed effects  Yes  Yes  Yes 
Cluster by firm  Yes  Yes  Yes 
Observations  7,935  7,935  342 
R squared  0.197  0.197  0.349 
Note: *, **, *** denote the estimated coefficient is significant at 10%, 5%, 1%, respectively. 

 
3. Re-designing Internal Controls 
In this section, we discuss the actions that firms can consider in response to the risks caused by 
blockchain technology. Panel A of Table 2 presents the internal controls on the valuation and 
completeness of and access to cryptocurrencies and cryptoassets. Panel B of Table 2 lists the 
control considerations for the design, implementation and execution of smart contracts. Finally, 
panel C of Table 2 reports the internal control design regarding privacy information.  
 
Table 2: Re-designing internal controls 
Risk  Internal control design 
Panel A: Internal controls over cryptocurrencies and cryptoassets 
Valuation  The value of the cryptocurrency may be reported: 

• by the trading prices when there has been a significant volume of 
recent trades of a cryptocurrency on exchanges; 

• by buy or sell offers on a peer-to-peer exchange when there is little or 
no observable trades; 

• by the fair value of a cryptocurrency estimated from economic models 
when there are large variables in a cryptocurrency market. 

Completeness  • Personnel trainings on how to create access to digital wallets and use 
the wallets; 

• Segregation of duties on the creating and review of digital wallets with 
rotation every 6 months; 

• Regular review (e.g, monthly) of digital asset related transactions.   
Access  • Encryption of all files related to the access to and the content of digital 

wallets; 
• Multisignature or key shading techniques with difference 

individuals/entities holding each ‘piece; 
• Digital wallets with authorization controls. 

Panel B: Internal controls over smart contracts 
Design  • Testing: unit testing, integrating testing and/or performance testing; 

• Code review: peers within team and/or third-party agency; 
• Debugging: debugging tools (e.g, Remix, Truffle) and/or third-party 

agency. 
Implementation  • A checksum and/or a review of recipient addresses before sending; 

• A digital wallet of receipt address and a function to check if the 
address in a smart contract equals that stored in the digital wallet; 

• Sending a small sum of cryptocurrency to the indented recipient to 
confirm the address before making large transactions. 

• Using QR codes instead of addresses. 
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• A renegotiation feature that details exceptions or conditions in the 
smart contract. 

Execution  • Ongoing monitoring of smart contracts 
• Timestamping the completion and confirmation of each transaction. 

Panel C: Internal controls over privacy information 
The right to be 
forgotten 

 • Encrypting all data on the blockchain and destroying the secret key; 
• Storing data in database that is off-blockchain and destroying the link 

between the data item and the hash value record on the blockchain. 
 
4. Future Work 
China is known to be at an advanced stage of embracing the potential of blockchain technology. 
China has launched its own “internet for blockchain” called the Blockchain Service Network and 
is rolling out a central bank digital currency, known as the Digital Currency Electronic Payment 
system, or digital yuan (The Economist 2020). In this section, we are going to glance into the 
popularity of blockchain in China by looking at Google search queries. Specifically, we plan to 
conduct a trend analysis of the search of blockchain development in China since 2008 and 
compared it with the trend of search of blockchain worldwide. We also plan to break the search of 
blockchain into subtopics: cryptocurrencies, smart contract and privacy information and conduct 
a vertical analysis to evaluate the shifts in the interest of these subtopics. 
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Abstract

Traditional technologies and in-sourcing models are increasingly unable to cope with the
exponential growth of big data, so external vendors of data analytics services (DAS) have begun
to emerge. However, the extant literature on DAS has mainly focused on anecdotal evidence, and
there is a lack of in-depth theoretical understanding and empirical analysis on the performance
impact and boundary conditions of DAS. To fill this significant gap, we empirically tested the
hypothesis on the largest e-commerce platform in China based on systems theory. The empirical
results reveal three main findings: First, the deployment of internal and external DAS has a
synergistic effect on the sales performance of e-commerce firms. Second, Product type plays a
significant moderating role on sales performance. Third, Product variety plays an inverted
U-shaped moderating role on the relationship between the synergistic effect and sales
performance.

Keywords: Data analytics services (DAS), Synergy, Systems theory, Moderating effects

1. Introduction
Big data, characterized by "3V", has gradually become a new factor of production. In this
context, data analytics is widely used in various fields, and has been considered to have
unprecedented potential to lead the revolution of decision optimization and business process
improvement (Grover et al., 2018). Especially after the COVID-19 pandemic, the value of data
analytics has been recognized by scholars, practitioners, and policy makers, as these cutting-edge
technologies can be utilized to cope with such uncertain black swan events (Sheng et al., 2020).
Despite the explosion of data, most of it remains underutilized. The main challenge is that
traditional technologies cannot process such large-scale and heterogeneous data in real time, and
most firms cannot afford the costs and risks of emerging digital technologies. As a consequence,
data analytics service (DAS) vendors are emerging (Park, et al., 2015).

According to Park, et al. (2015), DAS (or Big Data as a Service) are statistical analysis tools
provided by outside vendors like big data platforms that help firms capture valuable insights and
knowledge from data in order to build competitive advantages. These DAS can be divided into
two categories, internal and external DAS, depending on the data source. Internal DAS is the
service that collects, stores, pre-processes and analyzes the internal data of firms, and presents
valuable information in a visual form. External DAS collects external data across organization
boundaries and deliver descriptive, predictive, prescriptive analytics. Yet, a practical problem is
that due to the heterogeneity and cognitive distances between internal and external knowledge
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(Ye, et al., 2016), it is very challenging for a firm to coordinate internal and external DAS to
create business value.

In addition, boundary conditions of synergies between different DAS have been ignored in the
literature, especially at the product level. However, this is crucial in both academic and practical
areas, as changes in certain boundary conditions can enable or inhibit DAS-related performance
advantages (Song et al., 2018). Under different product conditions, firms have different goals,
ways and value realization paths of DAS deployment, which may affect the realization of
synergies between internal and external DAS. Therefore, we consider two boundary conditions at
product level: product type (i.e. search & experience goods) and product variety.

Consequently, the purpose of this study is to explore the mechanisms and product-level boundary
conditions of the synergy of internal and external DAS. We conducted an empirical investigation
on the biggest e-commerce platform in China, and draws on systems theory to expand our
understanding of whether and how internal and external DAS can be combined to generate
synergistic effects.

2. Hypothesis Development
The research model is shown in Figure 1.

Figure 1. Research Model

2.1 The synergy between internal and external DAS
According to systems theory, synergy is the phenomenon that produces super-additive value or
sub-additive cost (Dong & Yang, 2020), which can be explained by formulas: Value (A +
B)>Value (A) + Value (B), and Cost (A+ B)< Cost (A) + Cost (B). The synergistic effects are
caused by the emergent properties of complex interactions between various components of the
system (i.e., 1+1 >2), which cannot be generated by any individual component in isolation (Nevo,
& Wade, 2010). Based on systems theory, we believe that the joint deployment of internal and
external DAS has synergistic effects on firm performance.

The super-additive value is reflected in the value created by the combination of internal and
external DAS is greater than the sum of their individual values, as the resources devoted to each
domain may reinforce the performance impact of the other domain. Sub-additive cost is reflected
that the resources invested in the joint deployment of internal and external DAS is smaller than
the sum of individual resource engagement. The combined use of diverse DAS enables firms to
capture both internal and external knowledge, resulting in a more comprehensive business
insight (Strand & Syberfeldt, 2020). The mixing and matching of knowledge from different
domains can increase the number of possible knowledge combinations, resulting in product
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innovations and new solutions (Ye, et al., 2016). As a result, there is a high level of
complementarity between internal and external DAS, which may generate synergistic effects on
firm performance. Hence, we posit:
H1. Synergies between internal and external DAS are positively related to sales performance of
e-commerce firms.

2.2 The moderating effect of product type
In the field of e-commerce, products can usually be categorised into two types according to
consumer habits: search goods and experience goods (Nelson, 1974). The characteristic of search
goods are to be able to obtain complete information of goods conveniently and easily prior to
purchase (e.g. cell phones, cameras, computers, etc); while experience goods are characterized
by attributes where relevant information cannot be determined until purchase and use (e.g. Books,
clothing, food, cosmetics, etc) (Susan & David, 2010).

For search goods, the cost of information search is relatively low, so consumers ’ purchase
decisions are more objective (Susan & David, 2010). In contrast, decision-making process of
experience goods is more subjective and complex, so consumers need to collect more
comprehensive information and refer to other consumers' behaviors and reviews to reduce
uncertainty. This increases the complexity of operation management, as firms need to improve
their reputation and word of mouth to motivate customers to buy the product. For firms selling
experience goods, the importance of coordinating internal and external DA services should be
increased, in order to gain valuable insights and improve sales performance in the situation of
high operational complexity. Hence, we posit:
H2. Product type plays a moderating role between synergies of internal and external DAS and
sales performance.

2.3 The moderating effect of product variety
Within a certain point, increasing product variety may reinforce the synergistic effects of internal
and external DAS. The more diversified the product lines, the more customers' demands can be
met (Song et al., 2018), resulting in more and deeper interactions with external entities such as
suppliers, partners and competitors. In this process, firms can capture more evidence, insight and
knowledge from the additional data. Combined with internal data, this external data can be used
to assist with operational management activities such as procurement, production forecasting,
process management and logistics planning (Song et al., 2018), and thus generating
super-additive value can be challenging.

Beyond the optimal point, increasing product variety may impair the synergistic effects. When
product variety increases to a certain extent, firms may fall into the over-diversification trap (Ye,
et al., 2016), where the connection between products diminishes, leading to the increase of
production complexity and coordination costs. In this regard, the interaction between internal and
external DAS cannot produce sub-additive costs, and even the increased costs of coordinating
heterogeneous knowledge may exceed the benefits, thus exerting a negative impact on sales
performance. Thus, we propose the following hypothesis:
H3. Product variety plays an inverted U-shaped moderating role between synergies of internal
and external DAS and sales performance.
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3. Empirical analysis
3.1 Sample and methodology
Our research context is Tmall e-platform, the largest B2C e-commerce platform in China
founded by Alibaba in 2003. Tmall has developed and deployed a big data analytics solution
called Business Adviser (https://sycm.taobao.com/) since 2013, which provides internal and
external DAS for e-commerce firms on the platform. At present, it serves more than 20 million
merchants, with an average of more than 6 million merchants per month.

We cooperated with Alibaba, the holding company of Tmall, to collect operation data of
e-commerce firms on the e-platform and access logs of Business Adviser. We sampled 450
merchants by random sampling, spanning 35 weeks from April 1, 2017 to December 1, 2018.
The Business Adviser includes 51 functional modules, and its access log records the modules
used by each business every day, and frequency as well. Through field interviews with the
developers and data analysts of the DAS, and by integrating the opinions of e-commerce
academic experts, we divided 20 modules into internal DAS and 31 modules into external DAS.
Based on this classification and the clickstream data of the Business Adviser, we are able to
calculate the number of times the sample firm use the internal and external DAS per week.

Variables and measurement methods in this paper are shown in Table 1:
Table 1. Variable Descriptions and Measurements

Category variables Measurements
Explanatory
variable Sales Average transaction index per week. The variable has been logarithmized.

Explained
variables

Internal The number of clicks per week on internal DAS of Business Adviser.

External The number of clicks per week on external DAS of Business Adviser.

Synergy The interaction between the variable Internal and the variable External, i.e.
Internal × External

Moderator
variables

Type
Search goods are represented by "0" and experience goods by "1". Search
goods include digital products, household appliances; Experience goods
include men's clothing, women's clothing and cosmetics.

Variety The number of categories of goods a merchant offers on the e-commerce
platform within per week.

Control
variables

E-Live The number of days in a week when the E-Live is conducted.

CPC The number of days in a week when the Tmall Train is conducted. Tmall
Train is a kind of online advertising, which Cost Per Click (CPC).

CPM
The number of days in a week when the Diamond Exhibition is conducted.
Diamond Exhibition is a kind of online advertising, which Cost Per Mille
(CPM).

3.2 Data analysis and results
Since the Hausman test rejected the null hypothesis, that is, the fixed effects model is superior to
the random effects model, we specified the following fixed effects model to test the hypothesis
of this study:
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Table 2 shows the results of fixed effects regression with robust standard errors. The results of
Model m1 indicate a significant positive relationship between the synergy between internal and
external DAS and sales performance (β3= 0.240, p<0.025), so hypothesis H1 is supported.

In order to test hypothesis H3, we added the interaction terms of two explanatory variables and
the second moderator variable (i.e., Synergy×Type, Synergy×Variety and Synergy×Variety2) to
Model m2 and m3. The regression results show that the interaction between Product Type and
Synergy is significantly positively related to sales performance (β4= 0.945, p<0.01), so
hypothesis H2 is supported. As shown in Model m3, the coefficient of variable Synergy×Variety
is significantly positive (β6= 0.052, p<0.01), and the coefficient of Synergy×Variety2 is
significantly negative (β7= -0.004, p<0.01). So Product Variety plays an inverted U-shaped
moderating role between Synergy and Sales performance, which supports hypothesis H3.

Table 2. Test of Hypotheses
m0 m1 m2 m3
Parameter
Estimate

Standard
Error

Parameter
Estimate

Standard
Error

Parameter
Estimate

Standard
Error

Parameter
Estimate

Standard
Error

Internal_DAS 0.317*** (4.59) 0.213*** (3.72) 0.428*** (6.35) 0.156*** (5.29)
External_DAS 0.239*** (3.03) 0.140** (2.39) 0.442*** (4.76) 0.200*** (4.14)
E-Live 0.192*** (8.16) 0.207*** (8.73) 0.196*** (8.52) 0.162*** (8.10)
CPM 0.165*** (7.77) 0.182*** (9.63) 0.170*** (8.70) 0.155*** (9.13)
CPC 0.072** (2.50) 0.114*** (4.97) 0.069*** (2.66) 0.098*** (4.83)
Synergy 0.240** (2.55) -0.811** (-2.50) -0.241*** (-4.11)
Synergy×Type 0.945*** (2.73)
Variety 1.860*** (4.96)
Synergy×Variety2 -0.004*** (-4.57)
Synergy×Variety 0.052*** (4.06)
Constant 3.115*** (15.57) 3.228*** (18.14) 1.916*** (5.06) 1.345*** (3.54)
R2 0.182 0.196 0.226 0.651
Notes: * p<0.05, ** p<0.025, *** p<0.01. Robust Standard Errors in parentheses. Dependent variable is the
logarithm of sales performance.

4.Discussion
This study contributes to the existing literature from three aspects: (1) DAS is a novel data
analytics solution provided to firms by outside vendors, and it has become a new trend in the big
data analytics market. However, the empirical study on DAS is insufficient and the theoretical
understanding is also limited. Through an empirical analysis in the context of e-commerce, we
verifies the impact of internal and external DAS on the firms’ sales performance, thus filling this
important gap. (2) By extending systems theory to the field of DAS, this study explains the
mechanism of how internal and external DAS deployment yields synergistic benefits, so as to
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open the ‘black boxes’ of the link between big data analytics deployment and firm performance.
(3) Previous literature on value creation of data analytics has ignored the contextual conditions at
the product level. This paper extends understanding in this respect by considering the moderating
effects of product types and variety.

For firms that wish to derive business value from big data analytics, this study has provided
several management implications: (1) Data analytics that was previously limited to within the
organization is not enough in the turbulent environment, as our empirical study found that
internal and external DAS complement and support each other to jointly create business value.
Consequently, firms should actively deploy and integrate internal and external DAS, so as to
realize the potential of synergistic effects. (2) For experience goods, although firms face greater
market uncertainty and decision-making complexity compared with search goods firms, they can
generate synergies (i.e. 1+1>2) through better coordination of internal and external DAS, thus
establishing competitive advantages. (3) An interesting finding is that too high or too low level
of product variety will negatively affect the realization of synergies. Therefore, we suggest that
firms should consider the complexity and difficulty of integrating internal and external
information when formulating product strategies, in order to avoid falling into the
over-diversification trap.
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Abstract：This paper explores the rationale behind an incumbent firm’s strategy to open up its 

technology to an entrant firm and the entrant’s decision on whether to adopt the technology. 

Although technology opening has long been of scholarly interest, previous research predominantly 

considers characteristics of the incumbent or factors relevant for the competitive environment. 

Our study entails the specific features of the potential entrant in this technology opening and 

adopting process. Specifically, we examine the effects of the entrant’s technology-development 

capacity reflected in developing a standalone product and transformation rate which occurs in the 

technology adopting process on coopetition decisions. We find that, when both the technology-

development capacity of the entrant and the technology-transformation rate are relatively high, 

the incumbent opens its proprietary technology and the entrant adopts it. We further verify the 

robustness of our results in an extension in which there are two potential entrants with 

differentiated technology-developing capacities. 

Keywords: Competition and coopetition, technology opening, technology-development capacity, 

technology-transformation rate 

 

1. Introduction 
Many technology-based firms, are opening their proprietary core technologies to competitors by 

licensing the technical documentation or source code of their products for free or with a charge. 

This opening phenomenon has drawn the attention of companies in information-intensive 

industries. For instance, OPPO licenses its proprietary rapid-charging technology, “VOOC” to 

some other companies. As another example, Facebook opened the hardware design and stitching 

algorithm of its 360-degree 3D panoramic camera “Surround 360” (Huang et al. 2019). We also 

have witnessed technology opening strategy adopted by other technology-enabled industries. For 

example, in 2014, Tesla annnounced that it would open the company’s patents. Interestingly, not 

all companies are interested in these opening technologies. For example, General Motors, Ford, 

and Chrysler, showed little interest in Tesla’s open patents (Loveday, 2014). Many manufacturers 

in the automobile industry continue to invest heavily in their intellectual property (IP) and closely 

protect their technological patents, despite the availability of open technologies. These 

observations lead to our research questions: When should a firm opens its technology? Under what 

conditions should the entrant adopt the open technology? 

  Existing research on technology opening and licensing, such as that of Sun et al. (2004), Parker 

et al. (2017), Parker and Van Alstyne (2018), and Niculescu et al. (2018), focuses mainly on the 

demand side, in which the technology firm’s opening strategy is attributed to the consumer-side 

network effects. However, there might be some other considerations in the firms’ decisions of 

opening their technology. The incumbent may open its technology to maintain its technological 

advantage in the market by opening its proprietary technology for new entrants to adopt. This is 

reasonable due to the competitive pressure brought by the emerging potential entrants. For instance, 
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Yahoo, a former successful Internet enterprise, was supplanted by Google with a superior search-

engine technology. 

To answer the research questions, we model the interaction between an incumbent with a 

proprietary technology and a potential entrant with a certain level of technology-development 

capacity. Both the two firms are strategic when determining technology strategies related to 

competing aggressively or forming a coopetition relationship. The incumbent may benefit from 

opening its technology for a lessening competition from the entrant if the latter owns a high 

technology. On the other hand, it may also suffer a loss when open technology if the entrant’s 

technology development capacity is relatively low and achieve a technology improvement. For the 

entrant, the development cost and its technology development capacity jointly affect its technology 

adopting decisions.  

 

2. A Brief Literature Review 
Researchers have studied coopetition from different perspectives. Cohen and Zhang (2017) 

analyze a profit-sharing contract as a coopetition strategy between two-sided platforms in the ride-

sharing industry. Zhang and Frazier (2011) focus on alliance of competitors where one firm 

produces goods or provide services for the other. Mantena and Saha (2012) show that technology 

plays a vital role in the coopetition strategies of the two competing two-sided platforms. Our study 

complements the literature by considering technology opening as a coopetition strategy between 

competing firms. 

Our study is closely related to literature on technology opening. There is a branch of studies 

investigating the technology firms’ technology-opening strategies to their competitors (Lin and 

Kulatilaka 2006; Sun et al. 2004; Niculescu et al. 2018; Huang et al. 2019; Moreira et al. 2020). 

However, this stream of literature does not consider the entrant’s decision making and focuses 

only on the incumbent’s opening strategy. Differently, we consider the case where the entrant 

can develop its own technology, which can be either superior or inferior to the incumbent firm’s 

technology. 

Although literature on competition strategies between incumbents and entrants has been 

extensively explored (Guo et al. 2019; Hashai and Markovich 2017; Wang et al. 2016). They focus 

on pricing strategies, setting up barriers, and other strategies during the competition while ignores 

the cooperation relationship between the competitors. Our study, however, explores conditions 

under which the incumbent and entrant may cooperate by opening technology as they compete. 

 

3. Model Setting 
Our game-theoretical model consists of one incumbent (denoted by 𝑖) and one entrant (denoted 

by 𝑒), both of which develop and sell substitutable products. The incumbent owns a proprietary 

technological product and the entrant is capable of developing. The incumbent and the entrant are 

located at 0 and 1 on the Hotelling line, respectively. A continuum of consumers of measure 1 with 

heterogeneous preferences for the products are uniformly distributed along the line, and each 

requires one product from either of the two firms. 

The timeline of the game is as follows. In Stage 1, the incumbent decides whether to open its 

patent technology. In Stage 2, observing the incumbent’s decision, the entrant chooses between 

adopting or not adopting the incumbent’s technology. In Stage 3, the two firms set the selling 

prices, 𝑝1 and 𝑝2, for their products simultaneously. In Stage 4, consumers choose to purchase 

one product that delivers a higher utility. Given the optional strategies of these two firms, there are 

two possible market configurations: (1) Competition configuration: The incumbent keeps its 
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technology closed, or the entrant gives up adopting the open technology. (2) Coopetition 

configuration: The entrant adopts the incumbent’s open technology. We denote the two 

configurations as Case C and Case O, respectively. 

Utilities of the consumer located at 𝑥 from consuming both products in Case C are 𝑈𝑖 = 𝑣 −
𝑡𝑥 − 𝑝𝑖  and 𝑈𝑒 = 𝛼𝑣 − 𝑡(1 − 𝑥) − 𝑝𝑒 , respectively. The consumer’s utilities in Case O are 

𝑈𝑖
𝑜 = 𝑣 − 𝑡𝑥 − 𝑝𝑖

𝑜  and 𝑈𝑒
𝑜 = 𝜃𝑣 − 𝑡(1 − 𝑥) − 𝑝𝑒

𝑜 , where 𝑣  is the value of the incumbent’s 

product. Consumers incur a misfit cost at a rate of 𝑡  which represents the horizontal 

differentiation level between the two products. The entrant is characterized by two key parameters: 

(1) technology-development capacity 𝛼, the entrant’s capability to develop a substitutable product 

of the incumbent. (2) technology-transformation rate 𝜃, the product quality level that the entrant 

is capable of achieving from adopting and transforming the incumbent’s open technology. 

 

4. Equilibrium Results 
4.1. Case C—Competition 

In Case C, the incumbent does not open its technology, or the entrant chooses not to adopt the 

incumbent’s open technology, the two firms compete aggressively. A consumer makes a purchase 

decision between the two products based on the utilities that he or she derives from the products. 

By setting 𝑈𝑖 = 𝑈𝑒, we obtain the indifferent point �̂� =
(1−𝛼)𝑣+𝑡−𝑝𝑖+𝑝𝑒

2𝑡
. Accordingly, we obtain 

both firms’ demands: 𝐷𝑖 = �̂� and 𝐷𝑒 = 1 − �̂�. Their profit functions are formulated as follows:  

𝜋𝑖 = 𝑝𝑖𝐷𝑖 = 𝑝𝑖�̂�, 

𝜋𝑒 = 𝑝𝑒𝐷𝑒 −
1

2
𝑘(𝛼𝑣)2 = 𝑝𝑒(1 − �̂�) −

1

2
𝑘(𝛼𝑣)2. 

The entrant bears some cost to independently develop its technological product. Following Yin 

et al. (2010), we formulate the development cost as a quadratic form of the entrant’s product value, 

that is, 
1

2
𝑘(𝛼𝑣)2. We obtain the equilibrium solutions summarized in Lemma 1 by substituting �̂� 

into their profit functions and solving the first-order conditions.  

Lemma 1: When the incumbent and the entrant compete without any form of cooperation, the 

equilibrium results are as follows: 

Equilibrium prices: 𝑝𝑖 =
1

3
(1 − 𝛼)𝑣 + 𝑡, 𝑝𝑒 =

1

3
(𝛼 − 1)𝑣 + 𝑡. 

Equilibrium demands: 𝐷𝑖 =
3𝑡+(1−𝛼)𝑣

6𝑡
, 𝐷𝑒 =

3𝑡+(𝛼−1)𝑣

6𝑡
. 

Equilibrium profits: 𝜋𝑖 =
((𝛼−1)𝑣−3𝑡)2

18𝑡
, 𝜋𝑒 =

((𝛼−1)𝑣+3𝑡)2

18𝑡
−

1

2
𝑘(𝛼𝑣)2. 

The equilibrium results above show that both firms’ pricing strategies are largely dependent on 

their technology level. A higher technology level means a stronger pricing power and more 

valuable product, leading to a demand and profit increase for the specific firm. 

4.2. Case O—Coopetition 

In Case O, the entrant adopts the incumbent’s open technology and the entrant’s technology level 

is 𝜃  instead of 𝛼 . Similar to Case C, equating 𝑈𝑖
𝑜  with 𝑈𝑒

𝑜 , we obtain the location of the 

indifferent consumer �̂�𝑜 =
(1−𝜃)𝑣+𝑡−𝑝𝑖

𝑜+𝑝𝑒
𝑜

2𝑡
. Following Rostoker (1984), we consider the royalty-

licensing contract, that is, the entrant pays 𝑟 fraction of profit on each sale to the incumbent to 

use the open technology. Both firms’ profit functions can thus be specified as follows:  

𝜋𝑖
𝑜 = 𝑝𝑖

𝑜𝐷𝑖
𝑜 + 𝑟𝑝𝑒

𝑜𝐷𝑒
𝑜 = 𝑝𝑖

𝑜�̂�𝑜 + 𝑟𝑝𝑒
𝑜(1 − �̂�𝑜), 

𝜋𝑒
𝑜 = (1 − 𝑟)𝑝𝑒

𝑜𝐷𝑒
𝑜 = (1 − 𝑟)𝑝𝑒

𝑜(1 − �̂�𝑜). 

Lemma 2: If the entrant adopts the incumbent’s open technology, the equilibrium results are: 
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Equilibrium prices: 𝑝𝑖
𝑜 =

(1−𝑟)(1−𝜃)𝑣+(𝑟+3)𝑡

3−𝑟
, 𝑝𝑒

𝑜 =
3𝑡−(1−𝜃)𝑣

3−𝑟
. 

Equilibrium demands: 𝐷𝑖
𝑜 =

(1−𝜃)𝑣+(3−2𝑟)𝑡

2𝑡(3−𝑟)
, 𝐷𝑒

𝑜 =
3𝑡−(1−𝜃)𝑣

2𝑡(3−𝑟)
. 

Equilibrium profits: 𝜋𝑖
𝑜 =

(−2𝑟2+6𝑟+9)𝑡2−2𝑣(𝑟2−5𝑟+3)(𝜃−1)𝑡+𝑣2(𝜃−1)2

2𝑡(3−𝑟)2
, 𝜋𝑒

𝑜 =
(1−𝑟)((𝜃−1)𝑣+3𝑡)2

2𝑡(3−𝑟)2
. 

This lemma shows that the incumbent always charges more than the entrant does, that is, 𝑝𝑖
𝑜 >

𝑝𝑒
𝑜. This result is reasonable, as the incumbent is able to utilize the open technology to its fullest 

potential. We next present impacts of royalty rate on the equilibrium results in Proposition 1. 

Proposition 1 (Impacts of Royalty Rate): When the royalty rate 𝑟 increases, (1) both firms’ 

prices increase; (2) the incumbent’s demand decreases, and the entrant’s demand increases;(3) 

the incumbent’s profit increases, and the entrant’s profit decreases. 

This proposition shows that the incumbent, as a dominant firm in the market, has the power to 

gain more profits by adjusting its price and the royalty fee it charges to the entrant. 

 

5. Analysis  
We first compare the two firms’ pricing strategies in both cases and obtain Proposition 2: 

Proposition 2: (1)The incumbent charges a higher price in Case 𝑂 than in Case 𝐶 (𝑝𝑖
𝑜 > 𝑝𝑖) 

if and only if 𝛼(3 − 𝑟)𝑣 > 3(1 − 𝑟)𝜃𝑣 + 2𝑟(𝑣 − 3𝑡). (2) The entrant charges a higher price in 

Case 𝑂 than in Case 𝐶 (𝑝𝑒
𝑜 > 𝑝𝑒) if and only if 𝛼(3 − 𝑟)𝑣 < 3𝜃𝑣 + 𝑟(𝑣 − 3𝑡). 

The entrant’s high technology-development capacity motivates the incumbent to open its 

technology to maintain its technological advantage should the entrant adopts this technology. In 

this regard, the incumbent is able to charge a price premium in the coopetition case as compared 

to the competition case. Such an effect becomes more apparent as the entrant’s technology-

development capacity increases. For the entrant firm, it has to charge a lower price in Case C than 

in Case O due to its low technology-development capacity.  

We derive the following results in Proposition 3 by comparing demands of these two firms. 

Proposition 3:(1) The incumbent obtains more demand in Case 𝑂 than in Case 𝐶 (𝐷𝑖
𝑜 > 𝐷𝑖) 

if and only if 𝛼(3 − 𝑟)𝑣 > 3𝜃𝑣 − 𝑟(𝑣 − 3𝑡). (2) The entrant obtains more demand in Case 𝑂 

than in Case 𝐶 (𝐷𝑒
𝑜 > 𝐷𝑒) if and only if 𝛼(3 − 𝑟)𝑣 < 3𝜃𝑣 − 𝑟(𝑣 − 3𝑡).  

A relatively high technology-development capacity of the entrant makes its product more 

valuable, attracting more consumers for the entrant in Case C than in Case O. In contrast, the 

incumbent’s demand is lower in Case C due to the entrant’s high value product. We derive the two 

firms’ optimal technology strategies in Proposition 4 by comparing their profits. 

Proposition 4: There exists a threshold value of the technology-development capacity 𝛼∗ and 

technology-transformation rate 𝜃∗ such that,  

(1) If 𝛼 ≥ 𝛼∗  and 𝜃 ≥ 𝜃∗ , the incumbent has incentives to open its technology which the 

entrant is willing to adopt; thus, the two firms’ cooperation incentives are aligned, Case O is 

optimal. 

(2) If 𝛼 ≥ 𝛼∗ and 𝜃 < 𝜃∗, the entrant refuses to adopt the incumbent’s open technology; thus, 

Case C is optimal due to the misalignment of firms’ incentives to cooperate. 

(3) If 𝛼 < 𝛼∗ and 𝜃 ≥ 𝜃∗, the incumbent does not open its technology which the entrant is 

willing to adopt; again, Case C is optimal. 

Where 𝛼∗ =
𝑣+3𝑡

𝑣
+

3√(−2𝑟2+6𝑟+9)𝑡2−2𝑣(𝑟2−5𝑟+3)(𝜃−1)𝑡+𝑣2(𝜃−1)2

𝑣(3−𝑟)
 and 𝜃∗ =

𝑣−3𝑡

𝑣
+

3𝑟

𝑣
√

(3𝑡+(𝛼−1)𝑣)2−9𝑘𝑡(𝛼𝑣)2

9(1−𝑟)
. 
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The opening strategy benefits the incumbent by maintaining its technological advantage and 

increasing additional revenue by collecting a royalty. As such, the incumbent is apt to open its 

technology when the entrant’s technology-development capacity surpasses a certain threshold. The 

entrant’s adopting strategy helps the entrant achieve a technology improvement and cut off 

development cost. Therefore, when the entrant’s technology-transformation rate is relatively high, 

the entrant is motivated to adopt the incumbent’s technology. We illustrate the optimal technology 

strategies in Figure 1.  

 
Figure 1. Equilibrium Outcomes under Different Conditions 

We next examine social welfare, which is the sum of the consumer surplus and total profits of 

the firms: 𝑊 = ∫ (𝑣 − 𝑡𝑥)
�̂�

0
𝑑𝑥 + ∫ (𝛼𝑣 − 𝑡(1 − 𝑥))

1

�̂�
𝑑𝑥  in Case C and 𝑊𝑜 = ∫ (𝑣 −

�̂�𝑜

0

𝑡𝑥) 𝑑𝑥 + ∫ (𝜃𝑣 − 𝑡(1 − 𝑥))
1

�̂�𝑜 𝑑𝑥  in Case O. Through calculating and comparing the social 

welfare in the two cases, we obtain the following proposition. 

Proposition 5: If the entrant’s technology-development capacity is medium (i.e., 

(
9

5
𝑡−𝑣)(3−𝑟)+

3

5
√(25−10𝑟)𝑣2𝜃2+𝑐𝜃+𝑑

(𝑟−3)𝑣
≤ 𝛼 ≤

(
9

5
𝑡−𝑣)(3−𝑟)−

3

5
√(25−10𝑟)𝑣2𝜃2+𝑐𝜃+𝑑

(𝑟−3)𝑣
), larger social welfare is 

generated in Case O (i.e., 𝑊 ≤ 𝑊𝑜 ), where 𝑐 = (20𝑟 − 50)𝑣2 − (40𝑟 − 90)𝑡𝑣 , 𝑑 = (25 −
10𝑟)𝑣2 + (40𝑟 − 90)𝑡𝑣 + (81 − 54𝑟 + 4𝑟2)𝑡2. 

 Both the consumer surplus and social welfare are larger in Case O when the entrant’s 

technology-development capacity is medium. Such a finding indicates that the social planner 

should encourage cooperation between the incumbent and entrant firms when the latter owns a 

technology-development capacity which is neither too low nor too high.  

 

6. Conclusions 
In this research, we explore the technology strategies of the incumbent and the entrant regarding 

whether to form a coopetition or a competition relationship. Our research reveals that, when the 

technology-development capacity of the entrant and the technology-transformation rate in the 

technology-adoption process are both relatively high, the two firms form the coopetition 

relationship, although they would compete with each other without any form of cooperation when 

the above conditions do not hold.  

This study provides several important implications for incumbent and entrant enterprises in the 

technology industry. The incumbent should open technology if the entrant’s technology-

development capacity is sufficiently high relative to the technology-transformation rate since the 

entrant is quite competitive in competition. The entrant with a low technology-development 
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capacity should adopt the incumbent’s open technology if the technology-transformation rate 

surpasses a certain threshold, through which the entrant can save development costs.  

There are some interesting ways to further improve this study. Extending the analytical model 

to a multi-period model may uncover more interesting results. It might be interesting to explore 

the case where a competitive high-technology entrant determines its technology-opening state. 

Future work can also consider the effects of imitation behavior in this issue.  
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Abstract 
 
The gap between privacy concern and disclosure behavior is called the “privacy paradox” 
which hasn’t been confirmed in online health communities (OHCs) context. Based on privacy 
calculus theory and trust belief, we explained how perceived benefits and health privacy 
concern affect actual disclosure behavior and considered the moderator role of trust in 
members. We collected 416 valid responses through survey. The empirical results indicated the 
privacy paradox really exists in OHCs and trust in members can strongly explained the paradox 
phenomenon which offers theoretical and practical implications in IS privacy research. 
 
Keywords: Online Health Communities, Health Privacy Concern, Disclosure Behavior, 
Privacy Paradox, Privacy Calculus 
 
1.Introduction 
Due to the COVID-19 patients turn to the internet for medical treatment, leading to the 
popularity of the online health communities (OHCs). OHCs are a collection of virtual 
discussion groups where people with the common concerns about health issues share 
information, experiences and feelings to doctors and other members(Yan et al. 2016). OHCs 
provide users with channels to obtain health information support and emotional support from 
the outside world, breaking the time and space boundaries of traditional medical industry. 
However, many users show considerations for personal health information privacy which 
includes health status, disease symptoms, medications, treatments, test results, and health-
related experiences and emotions(Kordzadeh and Warren 2017), because once sensitive health 
information is disclosed, the negative consequences such as stigma, prejudice and 
discrimination will arise(Anderson and Agarwal 2011). 
Under rational state, users will weigh perceived benefits and perceived costs, that is the privacy 
calculation process. If the potential benefits outweigh the risks, they will choose to disclose, 
however in many cases, though the risk is high enough they still disclose, which is known as” 
the privacy paradox”. This phenomenon has confirmed in social networking and e-commerce 
context. In online health context, patients with the same health status and doctors who are 
familiar with their disease belong to high social support group, thus trust towards members can 
be easily formed, and trust is an important predictor of self-disclosure decisions(Lin et al. 2016), 
which may explain the “privacy paradox”. 
Thus, based on privacy calculus theory and trust this research aims to explore whether the 
“privacy paradox” exists in OHCs and its explanation mechanism if it occurs. 
 
2.Literature Review 
2.1 Privacy paradox 
Privacy concerns can be stated as users’ concerns about the collection, secondary 
use ,unauthorized use and information errors(Stewart and Segars 2002). The privacy paradox 
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is defined as the user's privacy-related behavior is contrary to the statement despite privacy 
concerns, that is, the divergence of attitudes and behaviors (Acquisti 2004). There are two kinds 
of opinions. On the one hand, there is a conflict between privacy concerns and actual disclosure, 
on the other hand, privacy concerns are not related to disclosure behavior(Dienlin and Trepte 
2015; Smith et al. 2011).The explanation of paradox includes privacy calculus theory, social 
theory, cognitive bias, heuristics in privacy decision-making, bounded rationality, incomplete 
information and information asymmetries(Dinev et al. 2015). 
 
2.2 Privacy calculus theory 
Privacy calculus theory was first proposed and refers that individuals are willing to disclose 
personal information in exchange for certain economic or social rewards. The two core 
concepts of privacy calculus include perceived risks and perceived benefits. Perceived benefits 
are tangible and intangible rewards that users feel that specific behaviors may bring such as 
money , hedonic gain and social support(Zhang et al. 2018). Privacy concern is classified as 
perceived risks in the internet context, and individuals make a trade-off between them(Dinev 
and Hart 2006). 
 
3.Theoretical Model and Research Hypothesis 
Trust in members refers to the belief that community members have the intention to prevent 
users from engaging in opportunistic behavior. Both information support and emotional support 
have a positive impact on trust. In terms of information support, Health information is high-
quality and often endorsed by doctors(Zhang et al. 2018). Emotional support can reflect the 
ability of members to express understandings and feelings, convey a sincere and helpful 
willingness as well as indicate that members take seriously others’ concerns, which reflect the 
three dimensions of trust belief including competence, integrity and benevolence(Guo et al. 
2016). 
H1: Information support perceived by OHCs users positively affects trust in members. 
H2: Emotional support perceived by OHCs users positively affects trust in members. 
In privacy calculus theory, privacy concern as perceived risk can passively affect the 
willingness of disclosure(Anderson and Agarwal 2011; Zhang et al. 2018). According to the 
utility theory, the undesirable consequences of disclosing health information are negative 
incentives or utility, which will increase personal privacy concerns, thereby, reducing 
disclosure behaviors(Bansal and Gefen 2010). 
H3: Health privacy concerns perceived by OHCs users has a negative impact on disclosure 
behavior. 
In the trust literature although trust may not necessarily eliminate risk, it can reduce the 
negative impact of risk beliefs. higher trust will affect users’ willingness to disclose personal 
information based on the e-commerce context(Dinev and Hart 2006). Trust toward other 
members contributes to the formation of relationship intimacy, while intimate relationships are 
usually viewed as self-disclosure, support and common interests(Fan and Lederman 2018). 
H4: Trust in members perceived by OHCs users has a positive impact on disclosure behavior. 
The moderating factor trust can alleviate users' future self-protection intentions for risk 
aversion due to their privacy concerns and weaken the relationship between privacy concerns 
and actual disclosure behaviors. Therefore, in OHCs users tend to trust doctors and patients 
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with the same illness and will unconsciously lower their awareness of self-protection(Jiang et 
al. 2013). 
H5: Trust in members can moderate the relationship between health privacy concerns and 
disclosure behavior. 

 
4.Method and Results 
We published the questionnaire through the mainstream questionnaire platform 
(www.wjx.com). The questionnaire was divided into three parts. Part1 introduces the 
background of the survey and sets up a screening item to choose the samples who have used 
OHCs. Part2 includes related measurement items of various latent variables. Part3 includes the 
statistical characteristics of the sample, involving gender, age, education, the frequency of 
using online health communities in the past three months, health status and privacy violation 
experience during the past year as control variables. All measurement items are derived from 
the mature scales of top journals in the IS field. The construct is measured using a seven-point 
Likert Scale which is labeled 1 to 7, from "1-strongly disagree" to "7-strongly agree". We 
collected 441 online responses and excluded incomplete or careless questionnaires. A total of 
416 responses were finally obtained with a valid rate of 94.33%.  
The data analysis method used in this study is Partial Least Squares-Structural Equation 
Modeling (PLS-SEM). We used SmartPLS3.3.0 software to make confirmatory factor analysis 
and model testing. convergent validity including factor loadings, Cronbach’s alpha, CR and 
AVE, and discriminant validity results all meet the requirement of the criterion. 
Table2 show that both information support ( =0.219, 0.001pβ <  ) and emotional support 
( =0.455 0.001pβ <，  ) have a positive and significant impact on trust in members during 
privacy calculus process, assuming H1 and H2 are supported. However, the relationship 
between health privacy concern and disclosure behavior is irrelevant ( =-0.02 0.1pβ >，  ), 
which doesn’t support H3 and indicates the privacy paradox really exists in OHCs. Trust in 

Figure 1. Conceptual framework 
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members positively influences disclosure behavior ( 0.215, 0.001pβ = <  )supporting H5. In 
addition, Trust in members positively moderates the relationship between health privacy 
concern and disclosure behavior ( =0.090, 0.1pβ < ), supporting H6. 
Table 1. Descriptive statistics of variables 

Variables Mean S.D. α HPC IS ES TRM DB 
Health Privacy Concern 4.635 1.673 0.901 0.878     
Information Support 5.41 1.106 0.747 -0.146 0.814    
Emotional Support 5.355 1.063 0.764 -0.171 0.683 0.765   
Trust in Members 5.305 1.177 0.869 -0.145 0.53 0.605 0.777  
Disclosure Behavior 4.725 1.471 0.805 0.169 0.014 0.241 0.212 0.795 
Table 2. Results of hypothetical test 

Hypothesis Path Path 
coefficient P value Supported 

H1 Information support→Trust in members 0.219 <0.001 Yes 
H2 Emotional support→Trust in members 0.455 <0.001 Yes 
H3 Health privacy concern→Disclosure behavior -0.02 0.75 No 
H4 Trust in members→Disclosure behavior 0.215 <0.001 Yes 
H5 Health privacy concern×Trust in members 

→Disclosure behavior 
0.095 0.085 Yes 

Figture2 is a simple slope diagram of the moderating effect. When trust in members is low 
(the mean value decreases a standard value), With the increase of health privacy concern, 
disclosure behavior decreases, which matches the actual situation. Interestingly, when the 
degree of trust in members is high, as health privacy concern increases, disclosure behavior 
acts more frequently, which indicates that high level trust promotes the generation of disclosure 
behavior. 
 

 
5.Disscussion and Conclusions 
5.1 Principal findings 
There are several important findings. The perceived benefits of OHCs users are mainly 
information support and emotional support(Zhang et al. 2018). Patients participating in the 
community will be affected by the published information and suggestions of disease treatment 
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Figure 2. the moderator role of trust in members 
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from doctors or other patients, thereby they enhance their cognitive trust toward other members. 
Besides, due to the same experience with other members, patients receive emotional comfort 
and encouragement through interactive communication, which will increase their emotional 
trust. On the whole, this will greatly improve the OHC user’s trust, shorten the psychological 
distance from doctors or other patients with the same disease and fully promote self-disclosure 
behavior(Fan and Lederman 2018). Thus, trust in members plays a partial mediation role 
between perceived benefits and disclosure behavior and can be viewed as the core concept in 
affecting disclosure decision. 
Interestingly we found the existence of privacy paradox and the moderation of trust in members 
strongly explains this phenomenon. When trust in members is at low level, health privacy 
concerns negatively impacts disclosure behavior, because there may be privacy 
fundamentalists group(Lee et al. 2011) in the OHC, who feels very strongly about privacy 
matters especially sensitive health privacy and is usually distrustful of others that ask for their 
personal information. When trust in members level is high, health privacy concerns promote 
the generation of disclosure behaviors, which shows that when people have positive emotions 
about others, they will think that the consequences of privacy issues will not be very serious, 
so it’s easy to put down their alertness. The moderation of trust in members makes the 
relationship between health privacy concerns and disclosure behavior change from 
insignificant to positively significant, which explains the privacy paradox in OHC context. 
 
5.2 Theoretical and practical implications 
This research combines privacy calculus theory and trust belief, confirms that trust in members 
can effectively explain the privacy paradox in health context, providing support for the existing 
privacy paradox theoretical research and application research. This research also has practical 
significance. In terms of the OHC platforms, they should reasonably improve privacy 
protection settings and measures to minimize users’ health privacy concerns. In addition, 
platform should provide enough information and emotional support to enhance users’ trust 
toward platform and members, which can further increase the user stickiness and community 
activity. 
 
5.3 Limitation and future research 
This study also has limitations. First the research background is set in broad OHCs, while 
subdivided OHCs have their own unique characteristics. More specific OHCs like doctor-
patient, patient-patient communities can be targeted for privacy decision-making. Second, 
actual disclosure behavior data sources are all self-reports form survey, future research can 
consider experiments or big data analysis to collect more objective data. 
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Abstract 
Gamification is widely applied in e-commerce platforms to make consumers’ shopping process 

more entertaining. This paper develops an analytical model to examine the effects of different 

gamification designs on consumers’ purchasing behaviors and the profit of e-commerce 

platforms. We consider four scenarios according to whether the platform provides aesthetics 

design (or not) and guidance design (or not) on the basis of reward-based gamification. The 

results show that the platform should offer aesthetic features regardless of guidance design. In 

addition, the platform’s gamification strategy depends on the guidance design-related 

technology cost. When the technology cost is relatively low, providing both guidance design 

and aesthetics is the best choice, and the platform and consumers can achieve a win-win 

outcome; while providing aesthetics but not guidance design is the best option when the 

technology cost is relatively high. 

 

Keywords: Gamification, E-commerce platform, Consumer surplus, Analytical model 
 

1. Introduction 

As a new paradigm in the digital age of marketing, many business industries have 

introduced gamified systems to provide consumers with unique hedonic experience (Tobon et 

al., 2020). A gamified system, also referred to as gamification, represents incorporating game 

design elements into a target non-game system (Liu et al., 2017). The current hype of 

gamification has enticed many online business industries to apply it to real-world marketing 

practice. A survey stated that 87% of the responding business industries expected to integrate 

gamification into their business platforms by 2020 (Högberg et al., 2019). Gamification has 

been proven successful with promotional campaigns targeting consumers in the online 

marketplaces (Tobon et al., 2020). For example, Taobao, Alibaba’s leading e-commerce 

platform, uses gamification to improve consumer experience and drive substantial sales growth. 

Previous research has empirically investigated the impacts of gamification on consumer 

utility and consumer retention (Högberg et al., 2019; Hsu & Chen, 2018; Jang et al., 2018; Li, 

2018; Zhang et al., 2020). Particularly, reward-based gamification is a primary gamification 

mechanism widely adopted by business industries. Reward-based gamification refers to the 

gamified system that affords consumers an opportunity to obtain rewards (e.g., points and 

awards) when they complete predesigned tasks (Zhang et al., 2020). In addition to reward-

based gamification, business industries can also add mystery, surprise, and discovery to create 

aesthetics (see Figure 1, Hofacker et al., 2016). All of these aesthetic features are characteristics 

of the game gestalt, or creative vision, which generate a mentally immersive experience 

through in-depth storytelling or virtual game worlds (Aldemir et al., 2018). Moreover, the 

increased interface complexity may bring consumers hassle cost (Hofacker et al., 2016), and 

e-commerce platforms have started to use guidance design mechanisms in place to effectively 

guide consumers’ gameplay and support their purchase activities. For instance, Taobao added 

guidance design to tell consumers how to complete the task step by step (see Figure 2). 

Guidance design mechanisms can inspire users’ understanding with the game task (i.e., a target 
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aesthetics) and shopping activities. In view of this business practice, we consider the two 

specific gamification design features, i.e., aesthetics and guidance. In addition to the benefits 

of gamification mechanism, the e-commerce platform also needs to bear the relevant costs, 

such as design costs for aesthetics and guidance. Therefore, e-commerce platforms need to 

balance the benefits and costs when adopting gamification. Obviously, whether to adopt 

aesthetics or guidance design is the key issue that needs to be considered when introducing 

gamification into e-commerce platform. However, previous literature mostly focus on reward-

based gamification (eMarketer, 2016), while neglecting other game design elements (e.g., 

aesthetics or guidance design) that can be used to create a more game-like experience. 

Given the increased popularity of adding aesthetic and guidance features into reward-

based gamification, the effectiveness of gamification design and its impact on the profits of e-

commerce platforms/firms remains an under-investigated research question. In order to fill in 

the research gap, we develop an analytical model in which an e-commerce platform sells a 

product to consumers under different gamification designs. We derive the optimal design level 

of gamification under different strategies. Moreover, we identify the conditions under which 

the e-commerce platform and consumer can achieve a win-win outcome. 

The remainder of this study is organized as follows. Section 2 describes the model. Section 

3 analyzes the e-commerce platform’s optimal gamification design. Section 4 concludes the 

paper. Note that due to space limitations, proof of propositions is not provided. 

  
Figure 1. Screenshot of  Adding Aesthetics in Reward-
based Gamification 

Figure 2. Screenshot of  Adding Guidance Design in 
Reward-based Gamification 

 

2. Model 

We consider an e-commerce platform selling a product to consumers at price 𝑝. The 

platform decides the differential design of gamification to improve the consumer shopping 

experience and thereby increase expected profit. Given that reward is the most basic game 

design element, the platform implements reward-based gamification by giving consumers 

points that can be redeemed when shopping. In addition, to further improve the consumer 

shopping experience, the platform is faced with whether to introduce aesthetic features and 

guidance design. Note that with adding aesthetic features, the platform (like TaoBao) designs 

“cat” feature consistently in the logo, the icon, to emphasize that its gamification is a character-

centric game. While guidance design enlightens a consumer by providing additional 

information (e.g., navigating taskbar) pertinent to the game task and shopping activities. The 
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design of gamification leads to four scenarios: Scenario �̅��̅�, Scenario 𝐴�̅�, Scenario �̅�𝐺, and 

Scenario 𝐴𝐺 . For example, Scenario �̅��̅�  denotes that the platform does not introduce 

aesthetic features and guidance design. 

In this paper, we use point 𝜙 to denote the number of points in reward-based gamification, 

and use 𝑒  to denote the design level of aesthetics. Given that one unit of points can be 

redeemed for 𝜆 units of currency, the platform’s cost of reward-related gamification is 𝜆𝜙. 

The platform’s cost of providing aesthetics at a level of 𝑒 can be denoted as 𝑓(𝑒), where 

𝑓(0) = 0 , 𝑓′(𝑒) > 0  and 𝑓′′(𝑒) > 0 . Following related operations management and 

economics literature (e.g., Ofek et al., 2011), we assume that the cost of aesthetics is quadratic 

in the design level, i.e., 𝑓(𝑒) = ℎ𝑒2/2, where ℎ is a cost coefficient. This well reflects the 

relationship between the aesthetics design level and cost involved, that is, a higher aesthetics 

design level indicates a notably higher cost. In addition, the platform needs to bear the cost of 

guidance design. Compared with aesthetic design, navigation design is relatively simple, which 

enables consumers to know how to complete the game task. Therefore, we assume that the 

design level of navigation is fixed and the cost is 𝑇. Other costs are assumed to be zero, which 

is commonly used in the related literature (e.g., Kireyev et al., 2017). 

We next model consumer utility from buying a product on the platform under different 

scenarios. First, consumers vary in their valuation for the product. We assume consumer 

valuation 𝑣 for the product is random and follows a uniform distribution from the interval 

[0,1]. Second, we use 𝛾 and 𝛿 to denote the consumer sensitivity coefficient to the reward 

(point) and the aesthetics design level, respectively, where 𝛾 > 0  and 𝛿 > 0 . More 

specifically, unit point and aesthetics design level will bring consumers the utility 𝛾𝜙 and 𝛿𝑒, 

respectively. Third, the consumers will incur a hassle cost 𝑡 if there is no guidance design. 

The consumer chooses whether to buy the product based on the utility. In Scenario �̅��̅� , 

Scenario 𝐴�̅�, Scenario �̅�𝐺, and Scenario 𝐴𝐺, the expected utilities a consumer can obtain are 

𝑈�̅��̅� = 𝑣 − 𝑝 + 𝛾𝜙 − 𝑡 , 𝑈𝐴�̅� = 𝑣 − 𝑝 + 𝛾𝜙 + 𝛿𝑒 − 𝑡 , 𝑈�̅�𝐺 = 𝑣 − 𝑝 + 𝛾𝜙  and 𝑈𝐴𝐺 = 𝑣 −

𝑝 + 𝛾𝜙 + 𝛿𝑒, respectively. 

 

2.1 Scenario �̅��̅� 

In Scenario �̅��̅�, the platform only implements reward-related gamification, i.e., provides 

points for consumers who participate in the game. Both aesthetics and guidance design are not 

provided. A consumer will buy the product if 𝑈�̅��̅� = 𝑣 − 𝑝 + 𝛾𝜙 − 𝑡 ≥ 0; otherwise, he/she 

will not make a purchase. The platform’s expected profit in this scenario is as follows: 

 𝜋�̅��̅� = (𝑝 − 𝛾𝜙)(1 − 𝑝 + 𝛾𝜙 − 𝑡). (1) 

The total consumers surplus in Scenario �̅��̅� is given as 

 𝐶𝑆�̅��̅� = ∫ (𝑣 − 𝑝 + 𝛾𝜙 − 𝑡
1

𝑝−𝛾𝜙+𝑡
)𝑑𝑣. (2) 

We can derive the optimal number of points 𝜙�̅��̅�
∗  by solving the first-order condition of 

Eq. (1). And then, by inserting 𝜙�̅��̅�
∗  in Eqs. (1) and (2), we can obtain the platform profit and 

consumer surplus. The optimal solutions are shown in Table 1. 

 

2.2 Scenario 𝐴�̅� 

In this scenario, the e-commerce platform designs aesthetics. Consumer can not only 

acquire the points, but also obtain the enjoyment of participating in a character-centric game 
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(adding aesthetics). Given that the platform does not provide guidance design, consumers will 

incur a hassle cost when experiencing the game. A consumer who purchases the product in this 

scenario can obtain a surplus 𝑈𝐴�̅� = 𝑣 − 𝑝 + 𝛾𝜙 + 𝛿𝑒 − 𝑡. If 𝑈𝐴�̅� ≥ 0, he/she will make a 

purchase. Given that the platform provides aesthetics, the expected profit in this scenario is 

 𝜋𝐴�̅� = (𝑝 − 𝛾𝜙)(1 − 𝑝 + 𝛾𝜙 + 𝛿𝑒 − 𝑡) − ℎ𝑒2/2. (3) 

The total consumers surplus in Scenario 𝐴�̅� is given as 

 𝐶𝑆𝐴�̅� = ∫ (𝑣 − 𝑝 + 𝛾𝜙 + 𝛿𝑒 − 𝑡
1

𝑝−𝛾𝜙−𝛿𝑒+𝑡
)𝑑𝑣. (4) 

 

2.3 Scenario �̅�𝐺 

In Scenario �̅�𝐺 , the e-commerce platform does not design aesthetics, but provides 

guidance design which helps consumers know how to proceed to get points during interactions 

with the gamified system. The consumer surplus in this scenario is 𝑈�̅�𝐺 = 𝑣 − 𝑝 + 𝛾𝜙. If 

𝑈�̅�𝐺 ≥ 0 , he/she will buy the product. Since the platform provides guidance design, the 

expected profit in this scenario is presented as 

 𝜋�̅�𝐺 = (𝑝 − 𝛾𝜙)(1 − 𝑝 + 𝛾𝜙) − 𝑇. (5) 

The total consumers surplus in Scenario �̅�𝐺 is 

 𝐶𝑆�̅�𝐺 = ∫ (𝑣 − 𝑝 + 𝛾𝜙
1

𝑝−𝛾𝜙
)𝑑𝑣. (6) 

 

2.4 Scenario 𝐴𝐺 

In Scenario 𝐴𝐺, the e-commerce platform provides both aesthetics and guidance design. 

The consumer surplus in this scenario is 𝑈𝐴𝐺 = 𝑣 − 𝑝 + 𝛾𝜙 + 𝛿𝑒. If 𝑈𝐴𝐺 ≥ 0, he/she will buy 

the product. The platform’s expected profit in this scenario is as follows: 

 𝜋𝐴𝐺 = (𝑝 − 𝛾𝜙)(1 − 𝑝 + 𝛾𝜙 + 𝛿𝑒) − ℎ𝑒2/2 − 𝑇. (7) 

The total consumers surplus in Scenario 𝐴𝐺 is 

 𝐶𝑆𝐴𝐺 = ∫ (𝑣 − 𝑝 + 𝛾𝜙 + 𝛿𝑒
1

𝑝−𝛾𝜙
)𝑑𝑣. (8) 

Similarly, the equilibrium solutions can be obtained and are shown in Table 1. 

Table 1. The equilibrium solutions under different scenarios 

Scenario 𝜙∗ 𝑒∗ 𝜋∗ 𝐶𝑆∗ 

�̅��̅� 
𝛾𝑝 − 𝜆(1 − 𝑝 − 𝑡)

2𝜆𝛾
 n.a 

(𝛾𝑝 + 𝜆(1 − 𝑝 − 𝑡))2

4𝜆𝛾
 

(𝛾𝑝 + 𝜆(1 − 𝑝 − 𝑡))2

8𝜆2
 

𝐴�̅� 
ℎ(𝛾𝑝 − 𝜆(1 − 𝑝 − 𝑡)) − 𝜆𝑝𝛿2

𝜆(2𝛾ℎ − 𝜆𝛿2)
 

𝛿(𝛾𝑝 + 𝜆(1 − 𝑝 − 𝑡))

2𝛾ℎ − 𝜆𝛿2
 

ℎ(𝛾𝑝 + 𝜆(1 − 𝑝 − 𝑡))2

4𝜆(𝛾ℎ − 𝜆𝛿2 2⁄ )
 

1

8
[
ℎ𝛾(𝛾𝑝 + 𝜆(1 − 𝑝 − 𝑡))

𝜆(𝛾ℎ − 𝜆𝛿2 2⁄ )
]2 

�̅�𝐺 
𝛾𝑝 − 𝜆(1 − 𝑝)

2𝜆𝛾
 n.a 

(𝛾𝑝 + 𝜆(1 − 𝑝))2

4𝜆𝛾
− 𝑇 

(𝛾𝑝 + 𝜆(1 − 𝑝))2

8𝜆2
 

𝐴𝐺 
ℎ(𝛾𝑝 − 𝜆(1 − 𝑝)) − 𝜆𝑝𝛿2

𝜆(2𝛾ℎ − 𝜆𝛿2)
 

𝛿(𝛾𝑝 + 𝜆(1 − 𝑝))

2𝛾ℎ − 𝜆𝛿2
 

ℎ(𝛾𝑝 + 𝜆(1 − 𝑝))2

4𝜆(𝛾ℎ − 𝜆𝛿2 2⁄ )
− 𝑇 

1

8
[
ℎ𝛾(𝛾𝑝 + 𝜆(1 − 𝑝))

𝜆(𝛾ℎ − 𝜆𝛿2 2⁄ )
]2 

 

3. Analysis 

In this section, we first examine the platform’s optimal gamification strategy and expected 

profits, and then compare consumer surplus under four scenarios. 
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3.1 Optimal gamification strategy 

Proposition 1. The equilibrium outcomes satisfy: 

(i) 𝜙�̅��̅�
∗ > 𝑚𝑎𝑥{𝜙𝐴�̅�

∗ , 𝜙�̅�𝐺
∗ } > 𝜙𝐴𝐺

∗ , and if 𝑡 ≥ (𝛾𝑝 + (1 − 𝑝)𝜆)𝛿2 (⁄ 2ℎ𝛾), we have 𝜙𝐴�̅�
∗ ≥

𝜙�̅�𝐺
∗ , otherwise 𝜙𝐴�̅�

∗ < 𝜙�̅�𝐺
∗ ; 

(ii) 𝑒𝐴�̅�
∗ < 𝑒𝐴𝐺

∗ . 

Proposition 1(i) shows that the e-commerce platform should offer more points to 

consumers under the scenario with only reward-based gamification; on the contrary, the 

platform can offer less points to consumers when providing both aesthetics and guidance design. 

More specifically, when the hassle cost of a consumer participating in the game is relatively 

large, it’s better for the platform to provide more points under scenario 𝐴�̅� than that under the 

scenario �̅�𝐺. Proposition 1(ii) presents that the platform should provide a higher design level 

of aesthetics when guidance design exists compared with no guidance design. 

 

Proposition 2. The profits of the e-commerce platform under four scenarios have the following 

relationships: 

(i) If 𝑇 < 𝑇1, we have 𝜋𝐴𝐺
∗ > 𝑚𝑎 𝑥{𝜋𝐴�̅�

∗ , 𝜋�̅�𝐺
∗ } > 𝜋�̅��̅�

∗ ; 

(ii) If 𝑇1 ≤ 𝑇 < 𝑇2, we have 𝜋𝐴𝐺
∗ > 𝜋𝐴�̅�

∗ > 𝜋�̅��̅�
∗ ≥ 𝜋�̅�𝐺

∗ ; 

(iii) If 𝑇 ≥ 𝑇2, we have 𝜋𝐴�̅�
∗ > 𝑚𝑎 𝑥{𝜋�̅��̅�

∗ , 𝜋𝐴𝐺
∗ } > 𝜋�̅�𝐺

∗ . 

Note that 𝑇1 = 𝑡((1 − 𝑝 − 𝑡 2)𝜆 + 𝛾𝑝)⁄ (2𝛾)⁄  and 𝑇2 = 𝑡ℎ((1 − 𝑝 − 𝑡 2⁄ )𝜆 + 𝛾𝑝)/(2𝛾ℎ − 

𝜆𝛿2). 

Proposition 2 shows that regardless of whether guidance design is provided or not, the e-

commerce platform should offer aesthetics because it can bring consumers an additional 

shopping experience. In addition, the platform’s gamification strategy depends on the guidance 

design-related technology cost. When the technology cost is relatively low, providing both 

guidance design and aesthetics is the best choice; in contrast, providing aesthetics but not 

guidance design is the best option. 

 

3.2 Consumer surplus 

Proposition 3. Consumer surplus under four scenarios have the following relationships: 

(i) 𝐶𝑆𝐴𝐺
∗ > 𝑚𝑎𝑥{𝐶𝑆�̅�𝐺

∗ , 𝐶𝑆𝐴�̅�
∗ } > 𝐶𝑆�̅��̅�

∗ ; 

(ii) If 𝑡 ≥ (𝛾𝑝 + (1 − 𝑝)𝜆)𝛿2 (⁄ 2ℎ𝛾), we have 𝐶𝑆�̅�𝐺
∗ ≥ 𝐶𝑆𝐴�̅�

∗ ;otherwise 𝐶𝑆𝐴�̅�
∗ > 𝐶𝑆�̅�𝐺

∗ . 

Proposition 3 indicates that consumer can obtain the most surplus in the scenario where 

both aesthetics and guidance design are provided, but get the least surplus when only reward-

based gamification is provided. In addition, when the hassle cost of participating in game is 

relatively high, consumers will get less surplus if the platform offers aesthetics but not guidance 

design. In this case, guidance design can bring more consumer surplus than aesthetics. 

 

4. Conclusion 

This paper develops an analytical model to examine the effects of differential gamification 

designs on consumer purchasing behavior and the profit of e-commerce platform. The major 

managerial insights are demonstrated as follows. First, the e-commerce platform should offer 

more reward-based gamification mechanisms (i.e., gamification points) to consumers if it does 
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not provide aesthetics. Second, the e-commerce platform should also improve the aesthetics 

level if it provides guidance design, that is, gamification designers have to seek a “sweet spot” 

of the balance between aesthetics design and guidance design. Specifically, providing guidance 

design can decrease the difficulty of getting rewards, whereas providing aesthetics can increase 

the difficulty level. As such, there needs a balance between them to ensure an appropriate 

difficulty level at which a reward is given. Third, regardless of whether guidance design is 

provided or not, the e-commerce platform should offer aesthetics design on the basis of reward-

based gamification. Finally, the e-commerce platform and consumer can achieve a win-win 

outcome if both aesthetics and guidance design are provided when the technology cost of the 

e-commerce platform is relatively low; while providing aesthetics but not guidance design is 

the best option for the e-commerce platform when the technology cost is relatively high. Future 

research can extend our study by introducing multi-product and platform competition, which 

will lead to more interesting findings. 
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Abstract 

 
We propose a novel mechanism---backers' limited attention---through which early-stage 
performance of a crowdfunding project can potentially affect following backers' herding behavior 
and so the final outcome. To this end, we develop a model to analyze how backers with limited 
attention optimally acquire information and make investment decisions. By aggregating individual 
backers' information acquisition and investment decisions, we study how shocks to backers' 
attention cost affect overall attention received by and performance of the project. By allowing 
following backers to herd onto the aggregate decision of leading backers, we investigate how 
shocks to the leading backers' attention can affect the final outcome. Based on model predictions, 
we empirically test (i) the effect of distractions to backers' attention on their information 
acquisition and investment decisions; and (ii) the presence of backers' herding behavior, that is, 
whether following backers' investment decisions are influenced by early-stage performance of the 
campaign. 
 
Keywords: Crowdfunding, Attention Economy, Distraction, Herding 
 
1. Introduction 
Many crowdfunding websites and founder blogs suggest that early performance of crowdfunding 
campaign plays a vital role for the project final outcome. For example, the Indiegogo’s help and 
support page writes:  
  “The first two days of your campaign are the most crucial for you to start promoting your page 
and getting early contributors. Planning your campaign promotion before you launch will help 
you make the most of your first 48 hours.” 1 
We propose a novel mechanism---backers' limited attention---through which early performance 
can potentially influence following backers' propensity to invest in the project.  
  Our premise is that backers rely on relevant information to make investment decisions. If backers 
have an infinite amount of time and resources to investigate in a crowdfunding project, they will 
observe the project's true quality, and their initial preference or early performance of the project 
won't affect their information processing outcome. Presumably, to make informed decisions, 
backers can carefully read crowdfunding project websites, search founder backgrounds, discuss 
with fellow backers in forums about crowdfunding projects, and so on. Yet, backers’ information 
processing is costly, especially in today's information-rich world. As a result, their initial 
preference and early performance do affect their information processing and further affect their 
investment decisions. In order to make optimal decisions on whether to invest in a crowdfunding 
project, how much time should a backer spend on a source and how much sources should a backer 
turn to require a cost-benefit analysis. 

 
1 Source: https://support.indiegogo.com/hc/en-us/articles/205954418-Launching-a-Campaign-Your-First-48-Hours 
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  To understand backers' optimal information processing, we adopt the assumption from rational 
inattention literature (henceforth RI) that backers pay costly attention, optimally process 
information, and make investment decisions accordingly. RI literature, pioneered by (Sims 2003), 
builds on the observation that humans cannot pay full attention to all available sources but can 
choose to pay more attention to more important things. A distinct feature of the RI model to other 
models of imperfect information (of an exogenously given form) is that agents can choose signals 
of any form to acquire. Any information is available yet costly to process. 
  In our model, backers have heterogeneous initial preference (bias) towards the crowdfunding 
project, and costly acquire information about project quality so as to make better decisions. We 
divide backers into leading backers who involve in the crowdfunding campaign in the early stage 
(e.g., the first two days), and following backers who involve in the crowdfunding campaign in the 
following stage. All backers optimally acquire and process information and make investment 
decisions accordingly. Their endogenous information acquisition can be summarized by a signal 
structure that maximizes the difference between the benefit of backers' informed decision-making 
and backers' attention cost. The optimal signal acquired by a leading backer depends on his initial 
bias and marginal attention cost. We allow following backers to have performance biases---
preference shocks correlated with early-stage performance. Thus, the optimal signal acquired by a 
following backer not only depends on his initial bias, marginal attention cost, but also performance 
bias. That is, his information acquisition potentially relies on the early-stage performance and 
leading backers' characteristics. 
  An immediate consequence of RI is that backers with heterogenous initial biases can acquire 
heterogeneous signal structure. This property is important for generating our comparative static 
results. Holding everything else equal, a backer pays more attention in investigating the project if 
he has a lower marginal attention cost or weaker initial bias, because the benefit from paying 
attention is potentially higher. An individual backer's propensity to invest in the project increases 
in his initial bias; but whether it is increasing or decreasing in the marginal attention cost depends 
on the direction and magnitude of his initial bias as well as performance bias.  
  By aggregating all backers' information acquisition and investment decisions, we conduct 
comparative static analyses of early- and following-stage performance with respective to backers’ 
marginal attention cost and bias distributions. Based on the results, we establish 4 hypotheses as 
follows: (H1) The total attention paid by leading backers is negatively correlated with leading 
backers’ marginal attention cost; (H2) The early-stage performance is increasing in leading 
backers’ marginal attention cost; (H3) The following-stage performance is decreasing in following 
backers’ marginal attention cost; (H4) A project’s early-stage performance increases its following-
stage performance. Our model predicts, in each stage, whether the performance is increasing or 
decreasing in backers depends on backers’ biases distribution. It is reasonable to believe that 
leading backers think relatively positively whereas following backers think relatively negatively. 
Thus, we conjecture in H2 performance is increasing in the marginal attention cost in the early 
stage, whereas in H3 performance is decreasing in following stage. H4 investigates the effect of 
performance bias on following backers' decisions. Interestingly, if H4 holds, then a negative shock 
to leading backers’ attention cost results in an increase in early-stage performance---which 
following backers herd on to---and thus an increase in following-stage performance. 
  Next, we empirically test (i) the effect of distractions to backers' attention on their own 
information acquisition and investment decisions during a crowdfunding campaign (H1-H3); and 
(ii) the presence of following backers' herding behavior and performance biases (H4). The key for 
identification is to find exogenous shocks to backers' attention cost that are orthogonal to the 
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crowdfunding project. We exploit a set of exogenous distraction events as the exogenous shocks 
to backers' attention cost. These events do not correlate with crowdfunding projects' performance 
but divert leading backers' attention and so can be used to construct a proxy for backers' marginal 
attention cost. One example of such event is the November 2015 Paris attack: A series of 
coordinated terrorist attacks took place on 13 November 2015 in Paris, France, and the city's 
northern suburb, Saint-Denis, and 130 people were killed in that attack. To create a sample of such 
distraction events, we use the news pressure variable from (Eisensee and Stromberg, 2007), which 
measures the median number of minutes that US news broadcast devote to the first three news 
segments. For each project, we use news pressure of the early- and following-stage to construct 
the early and following-stage distraction variables as proxies for the leading and following backers' 
marginal attention cost, respectively. 
  In addition, we use project-level Kickstarter data from CrowdBerkeley (Yu et al., 2017) to 
measure the project outcome variables. We use the pledged value to funding goal ratio during 
early- and following-stage to measure early- and following-stage performance and use the number 
of comments posted for each project during early- and following-stage as proxies for early and 
following-stage aggregate attention level. Our empirical results are consistent with our model 
predictions. See section 3 for details. 
 
2. Model 
  Consider a project launched on a crowdfunding platform that attracts two groups of backers in 
two stages. In the early stage, a mass of leading backers arrives at the crowdfunding platform and 
decide whether to invest in the project. Then, in the following stage, a mass of following backers 
arrives at the crowdfunding platform and make their investment decisions over the course of the 
campaign.  
  Backers are differentiated by their initial bias against the product. The initial biases of leading 
backers are indexed by 𝑏! ∈ 𝑅, which follows a normal distribution with mean 𝜇! and density 𝑓(⋅); 
The initial biases of following backers are indexed by𝑏" ∈ 𝑅, which follows a normal distribution 
with mean 𝜇" and density 𝑔(⋅). The more positive of one's initial bias, the more fit of the project 
to his or her initial taste. 
  In addition to the initial biases, backers can acquire information about the quality of the project  
𝜔, based on which they make investment decisions. We assume the quality of the crowdfunding 
project is a random variable 𝜔 = −1,1with equal probabilities, where represents low quality and 
𝜔 = 1 represents high quality.  We assume, without loss of generality, each backer's prior mean 
of 𝜔 is 0, i.e., each backer's ex ante expectation of the project quality is 0.  
  A leading backer's expected utility is 𝑏! + 𝐸[𝜔] if he invests in the project and 0 otherwise. So 
backer 𝑏!  would invest in the project if and only if 𝑏! + 𝐸[𝜔] ≥ 0. Leading backers acquire 
information about 𝜔, make their investment decisions, and then early performance 𝐴! is realized. 
A following backer's utility is 𝑏" + 𝐸[𝜔] + 𝜃(𝐴!) if he invests in the project and 0 otherwise, 
where 𝜃(𝐴!)  measures a following backer's performance bias, and 𝜃(⋅)  is assumed to be 
increasing: the higher the early performance, the more likely the following backer think positively 
about the project. 
 
2.1 Information Structure 
We follow the rational inattention literature and model a backer's information acquisition as a 
signal structure that aggregates source information of 𝜔 into an opinion about the project quality. 

131



In what follows, we introduce the endogenous information acquisition of the leading and following 
backers, respectively.   
  A leading backer can pay (costly) attention to acquire a signal (structure) about 𝜔. A signal is 
mapping 𝛱!:{ − 1,1} → 𝛥({𝑙, ℎ})  specifies a probability distribution over a set of two signal 
realizations denoted by {𝑙, ℎ}.  We write the probability that the signal realization is ℎ as 𝜋! =
!
"
𝑃𝑟(ℎ|𝜔 = −1) + !

"
𝑃𝑟(ℎ|𝜔 = 1). Then the probability that the signal realization is 𝑙 is 𝜋!. We 

write 𝜌# for the posterior mean of 𝜔 given signal realization is 𝑧 ∈ {𝑙, ℎ}. So the signal structure  
𝛱! is jointly determined by 𝜋 and (𝜌#)#∈{&,(}. 
In practice, we can think the process of information acquisition as follows: The leading backer, 
based on his initial bias, optimally acquire information from reading details about the project 
website, searching founder information, and discussing with fellow backers on message boards 
etc., and aggregate the source information to an opinion (𝑙 orℎ) about the project quality.     
  We now discuss the benefit and cost of paying attention. Paying attention is beneficial for a 
backer if and only if it helps him make a better decision. Thus, the benefit of acquiring information 
for backers with negative bias (i.e., 𝑏! ≤ 0) is his expected gain from investing in the project; and 
the benefit of acquiring information for backers with positive bias (i.e., 𝑏! > 0) is his expected 
gain from not investing in the project. Then leading backer 𝑏!'s expected gain from information 
acquisition can be written as 

 
If a backer decides to acquire the signal, he pays an attention cost. We define the attention cost by 
𝜆! ⋅ 𝐼!(𝛱!). The parameter 𝜆! > 0 is the marginal attention cost of a leading backer and is used to 
capture the cost shifters such as distractions from news pressure. The term 𝐼!(𝛱!) is the needed 
attention level of acquiring signal 𝛱! and measures the reduction in the variance of 𝜔 before and 
after acquiring information. In particular, 𝐼!(𝛱!) = 𝜋!𝜌(" + (1 − 𝜋!)𝜌&". Intuitively, if one does 
not pay attention, the posterior means stay at the prior mean, and he pays zero cost. As the posterior 
means move far afield from the prior mean, he gets more Blackwell informative signals, and so 
the information cost increases.   
 
2.2 Testable Predictions 
 
We first solve the optimization problem of individual leading and following backers, then we 
aggregate their decisions to get the effects on early- and following stage attention level and project 
performance. Please refer to the online appendix for the details of the model analysis.2 Based on 
our model predictions, we derive the following four hypotheses: 
H1 The total attention paid by leading backers is negatively correlated with leading backers’ 
marginal attention cost.  
H2 The early-stage performance is increasing in leading backers’ marginal attention cost.  
H3 The following-stage performance is decreasing in following backers’ marginal attention cost. 
H4 A project’s early-stage performance increases its following-stage performance. 

 
2 See: https://www.dropbox.com/s/tw0qqcgwz97imnj/online_appendix_CFatt.pdf?dl=0 
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3. Empirical Analysis 
A key step of our analysis is to identify exogenous shocks to backers' attention cost. We use the 
news pressure variable introduced by (Eisensee and Stromberg, 2007) to measure distractions to 
backers from TV news. We construct early-stage distraction measure (as a proxy of leading 
backers' marginal attention cost) by computing the average of news pressure of the first two days 
of the campaign; we construct following-stage distraction measure by computing the average of 
news pressure from day 3 till the end. 
  We obtain Kickstarter project level data from CrowdBerkeley (Yu et al. (2017)). We construct 
the project-launch-date level early-stage performance by the pledged value of the first two days 
divided by the funding goal. We construct the project-launch-date level following-stage 
performance by the total pledged value from the third day to the end of its crowdfunding campaign 
divided by its funding goal. We use the number of comments of each crowdfunding project on the 
Kickstarter as a proxy for backers' attention level. We also construct the list of controls including 
(i) the funding goal; (ii) length of the campaign; (iii) a dummy that indicates if the creator is a 
series creator; (iv) a dummy that indicates if the creator is a series creator with successful 
experience; (v) the number of projects within the same category launched in the same day; and (vi) 
the number of projects launched in the same day. We also include the launch day of week and 
month fixed effects.   
  We first test H1 and investigate if early-stage distraction affects the total attention level a 
crowdfunding project received. Table 1 presents the results. Across all specifications, the 
coefficients of the early-stage distraction for leading backers of project 𝑖, 𝜆!*,+, remain negative 
and statistically significant, which supports our model prediction that as early-stage distraction 
increases, leading backers overall pay less attention. This confirms that news stories on TV 
actually divert backers' attention. 
  We then test H2 and H3 and report the results in Table 2 and Table 3. Across all of the columns 
of Table 2, the coefficients of Early-stage Distraction remain positive and statistically significant, 
suggesting that leading backers on average have positive biases against the crowdfunding project. 
We also use the regression of Table 2 to construct the predicted early-stage performance for testing 
H4. Across all specifications of Table 3, the coefficients of Following-stage Distraction remain 
negative and statistically significant, suggesting that following backers, on average, have negative 
effective biases about the project.  
  Finally, we test H4 using early-stage distraction as an instrument and report the result in Table 4. 
In each case, the coefficient of Predicted Early-stage Performance remains positive and statistically 
significant, suggesting that following backers herd on leading backers' aggregate decisions. The 
point estimate in the fourth column is 1.345. Economically, a standard deviation rise in early-stage 
distraction (which, from our first stage regression, increases early-stage performance by 0.019) 
leads to a 0.026 rise in following-stage performance, which translates into 152 US dollars.  
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Abstract

This study explores the effect of photo framing of healthy and unhealthy beneficiary photos on
medical crowdfunding performance. Based on framing theory, emphasis framing effect (i.e.,
unhealthy photos only vs. both healthy and unhealthy photos) and equivalency framing effect (i.e.,
healthy photos prior to unhealthy photos vs. unhealthy photos prior to healthy photos) are
evaluated. Using a unique dataset constructed from a leading medical crowdfunding platform,
the results reveal that the framing order of healthy and unhealthy photos matters. Specifically,
our findings demonstrate that disclosing both healthy and unhealthy photos is associated with
more fundraising amounts compared with simply disclosing unhealthy photos. Moreover, when
both healthy and unhealthy photos are disclosed, the framing order of healthy photos prior to
unhealthy photos is associated with less fundraising amounts than the framing order of
unhealthy photos prior to healthy photos. Our study provides important theoretical and practical
implications.

Keywords:Medical crowdfunding, Photo framing, Framing theory, Beneficiary photos

1. Introduction
Through expanding the pool of potential donors based on social media, medical crowdfunding
can raise small donation amounts from large-scale donors to pay for fundraisers’ unaffordable
medical costs (Burtch and Chan 2019). Although medical crowdfunding has become an
alternative way for fundraising since the traditional ways of raising monetary donation has been
less productive (Hoefer 2012), it still faces the challenges of social inequality among fundraisers
and the inefficient fundraising performance (Burtch and Chan 2019).

In order to alleviate the prevalence problem of inefficiency and inequality in medical
crowdfunding, some guidance has been introduced in the crowdfunding platform to help
fundraisers to craft compelling crowdfunding campaigns (e.g., Gao et al. 2020). As opposed to
the guidance given to the text narrative, the guidance of the photos is easier to operate and
therefore more effective. Past research has demonstrated that photos can garner more attention
than text (e.g., Alonso Dos Santos et al. 2017). Moreover, photos are supposed to be vivid
depictions regardless of educational level (e.g., Houts et al. 2006), taking into account the fact
that the disadvantaged fundraisers with less education are less likely to execute successful
crowdfunding campaigns than advantaged fundraisers with higher educations (Burtch and Chan
2019).

Research on the role of beneficiary photos has always been the focus of photo-related studies in
the field of online crowdfunding and donation behavior, since beneficiary photos not only
provide diagnosable information, but also help arouse stronger emotional responses from donors.
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However, previous studies have only focused on limited characteristics of a single photo,
especially the facial characteristics, for example, race and gender disclosed in profile photos (e.g.,
Duarte et al. 2012; Pope and Sydnor 2011), and facial expressions (i.e., happy vs. sad) shown in
beneficiary photos (e.g., Small and Verrochi 2009; Zemack-Rugar and Klucarova-Travani 2018).

Whereas a series of photos are displayed in the medical crowdfunding campaign. Specifically,
there are two types of beneficiary photos, including the healthy photo by presenting the patient’s
prior healthy condition and the unhealthy photo that reveals the patient’s present ill condition
(Wang et al. 2020). Drawing from the framing theory, the way in which the information is
presented affects the receivers’ information processing and their subsequent decision-making
processes (Chong and Druckman 2007). Past research on framing theory have predominately
focused on message framing (Borah 2011). We address the research question – what are the
impacts of photo framing of healthy and unhealthy photos on medical crowdfunding performance?
In this study, we use disclosing unhealthy photos only versus disclosing both healthy and
unhealthy photos to investigate the emphasis framing effect, and healthy photos prior to
unhealthy photos versus unhealthy photos prior to healthy photos to explore the equivalence
framing effect.

2. Literature Review
2.1 Beneficiary Photos
Our literature review reveals that the online crowdfunding literature predominantly focused on
the explanatory utility of beneficiary photos. At large, past research focused on examining two
types of beneficiary photos in crowdfunding campaigns, that is campaign photos and fundraisers’
profile photos. Campaign photos help elevate the diagnosticity of fundraising campaigns. In
particular, a greater number of campaign photos enhances informativeness of campaigns, which
substantially affects the likelihood of receiving funding (e.g., Cheung et al. 2009). Fundraisers’
profile photos disclose patients’ demographic information and appearance, which might sensitize
funders’ biases. Specifically, funders’ biases about race, gender, and beauty all determined their
funding decisions (e.g., Pope and Sydnor 2011). Past research examining donation behaviors has
explored the emotional utility of photos. In general, this research stream investigates how facial
expression (i.e., happy vs. sad) can evoke either positive or negative emotional reactions, which
can influence donation behaviors. Small and Verrochi (2009) found sad facial expressions
engender more giving than happy facial expressions, whereas Isen and Noonberg (1979) pointed
that the effect of a smiling face do not differ from unsmiling one on the donation behavior.

2.2 Framing Theory
Framing theory illustrates the process how “frames in communication” plays an important role in
shaping “frames in thought”, that is, the way in which the information (i.e., words, photos, and
phrases) is presented, influences the receivers’ information processing and their subsequent
decision-making processes (Chong and Druckman 2007; Druckman 2001). Framing theory has
been widely studied in a range of disciplines, but the majority of research focused on the
message framing effect (Borah 2011). There are two types of framing effects have been
commonly identified (Borah 2011; Druckman 2001). One is equivalency framing effect, which
indicates how the use of logically equivalent information leads to different judgments and
decisions (Druckman 2001). Previous studies on equivalency framing effect have drawn
extensively on the influence of the positive versus negative frames, otherwise known as gain
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versus loss frames. Specifically, a charitable donation appeal can be positively framed as “With
your help, an unfortunate child can have an opportunity for a bright future,” or negatively framed
as “Without your help, an unfortunate child will remain living in the dark,” and these two types
of donation appeals had different effectiveness (Chang and Lee 2009). The other is emphasis
framing effect, which demonstrates that highlight certain information can influence individuals
to focus on these information to make decisions (Druckman 2001). For example, Hung and Wyer
Jr (2009) investigated the influence of donation appeals from the perspective of beneficiary
versus donors on the donation amounts. Smith et al. (2012) found that donations to help children
in need are higher when the children comprise a family than when they have no explicit group
membership.

3. Hypotheses Development
3.1 Emphasis Framing Effect
Emphasis framing effect refers to that emphasizing a subset of potentially relevant considerations
can lead individuals to focus on these considerations when constructing their opinions
(Druckman 2001). From this perspective, to frame is to select some aspects of a realistic event
and make these aspects more salient in the receivers’ judgment processes (Entman 1993).
Unhealthy photos show the suffering of patient caused by the illness, which can elicit donors’
empathy. Whereas the concurrence of healthy and unhealthy photos can evoke stronger empathy
since the desperate changes that have occurred in the patient are emphasized. The
empathy-helping hypothesis has widely discussed and demonstrated the significant relationship
between empathy and prosocial helping behavior (e.g., Batson 1990; Small and Verrochi 2009).
Moreover, healthy photos provide visible positive outcomes of donors, therefore they are more
likely to donate in order to counteract the negative empathy feelings through positive
expectations of their donations. Therefore, we posit that

H1: Compared with merely disclosing unhealthy photos, disclosing both healthy and unhealthy
photos is associated with larger fundraising amounts.

3.2 Equivalence Framing Effect
Even if it is logically equivalent information, the order in which the information is framed
determines the information processing process (Goffman 1974). The framing order of healthy
photos prior to unhealthy photos is consistent with the historical course of the patient’s illness,
which is closer to the perspective of the fundraiser. Whereas the framing order of unhealthy
photos prior to healthy photos hints that the patients’ health would improve in the future if the
donor contributed, which is framed from the perspective of potential donors. In general, only
individuals who are inclined to donate browse medical crowdfunding campaigns, therefore, they
are more likely to see themselves as potential donors. In such cases, compared with the framing
order in which healthy photos prior to unhealthy photos, the framing order in which unhealthy
photos prior to healthy photos is more in line with their perception of their role as potential
donors. Prior research has demonstrated that cognitive concord in information processing could
enhance the initial potential intention (Hung and Wyer Jr 2009). Therefore, we posit that

H2: When medical crowdfunding campaigns disclose both healthy and unhealthy photos, the
framing order of healthy photos prior to unhealthy photos is associated with smaller fundraising
amounts than the framing order of unhealthy photos prior to healthy photos.
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4. Research Methodology
4.1 Dataset Construction
We constructed a unique dataset by retrieving campaigns on Qingsongchou.com, one of the
largest medical crowdfunding platforms in China. Our dataset includes 1,010 campaigns. Among
them, 960 campaigns included unhealthy photos, and 248 campaigns included both healthy and
unhealthy photos.

4.2 Operationalization of Variables
First, we winsorized all continuous variables at the 1% and 99% levels. Then, all continuous
variables were operationalized by the logarithm of their values plus one in order to avoid zeros.
Second, the dependent variable was the overall amount of funding raised. Third, two independent
variables were considered in our research. Specifically, disclosing both healthy and unhealthy
photos was coded as 1, whereas only disclosing unhealthy photos was coded as 0. The framing
order of healthy photos prior to unhealthy photos was measured as 1, whereas the framing order
of unhealthy photos prior to healthy photos was measured as 0.

Table 1. Testing Results

DV: Ln(funding amount raised) Model 1 Model 2 Model 3
Both healthy and unhealthy photos 0.120**

(0.048)
Healthy photos prior to unhealthy photos -0.152*

(0.090)
Photo number 0.0160 0.00200 -0.0210

(0.014) (0.015) (0.038)
Presence of photos on medical conditions 0.232** 0.272*** 0.824***

(0.094) (0.096) (0.314)
Presence of photos on medical expenses -0.099** -0.098** -0.143

(0.044) (0.044) (0.092)
Presence of photos on financial disadvantages -0.0230 -0.0260 -0.196*

(0.059) (0.061) (0.107)
Patient’s age -0.004*** -0.004*** -0.00300

(0.001) (0.001) (0.002)
Patient’s gender -0.0420 -0.0260 -0.0690

(0.043) (0.043) (0.088)
Ln(Target amount) 0.389*** 0.373*** 0.552***

(0.043) (0.044) (0.085)
Ln(Title length) 0.235 0.118 0.609

(0.209) (0.214) (0.374)
Ln(Description length) 0.104* 0.0910 0.153

(0.059) (0.061) (0.124)
N 1,010 960 248
R-squared 0.125 0.131 0.217
F 15.69 13.75 7.961
Notes: Standard errors in parentheses. *p<0.1; **p<0.05; ***p<0.01.
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5. Data Analysis
We conducted linear regressions to test the hypotheses. Results are shown in Table 1. Model 1
studies the impacts of control variables only. Model 2 and Model 3 considers the two
independent variables respectively. The results support H1 (β = 0.120, p < 0.05) and H2 (β =
-0.152, p < 0.1).

6. Discussion
Our results supported all the hypotheses. Focusing on the impacts of beneficiary photos, our
findings revealed that disclosing both healthy and unhealthy photos is associated with more
fundraising amounts compared with merely disclosing unhealthy photos. Moreover, when both
healthy and unhealthy photos are disclosed, the framing order of them matters. In particular, the
framing order of healthy photos prior to unhealthy photos is associated with smaller fundraising
amounts than the framing order of unhealthy photos prior to healthy photos.

Theoretically, this study extends the literature on the role of beneficiary photos in the field of
online crowdfunding and donation behavior by exploring the framing effect of healthy and
unhealthy beneficiary photos, rather than simply evaluating the facial characteristics (e.g., Pope
and Sydnor 2011; Small and Verrochi 2009). Furthermore, this study contributes to framing
theory by introducing photo framing, while past studies largely focused on message framing (e.g.,
Druckman 2001). Practically, our results are helpful in understanding the framing effects of
beneficiary photos on crowdfunding performance. Accordingly, we advise service providers to
provide guidance to fundraisers in using beneficiary photos to promote their campaigns.

7. Limitations
This is a research-in-process research with the following limitations that need to be addressed in
the future. First, as our data collection improves, we will use larger panel data to test the research
model with robustness check. Second, in order to better investigate the underlying mechanism of
the impact of photo framing, we will use laboratory experiments to explore the explanatory (i.e.,
perceived need) and emotional (i.e., empathy) utility mechanisms of the photo framing. Third,
considering the importance of stimulus congruity between verbal and visual information, we will
study the moderating effect of message framing in this context.
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Abstract 
 

As an effective way to self-disclosure, check-in on social networking sites are widely accepted. 

Recently, activity-based check-in has become very popular. An interesting question rises as why 

people insist to check-in. Drawing on the commitment theory and deterrence theory, we 

developed an integrated research model to explore the mechanism behind check-in behavior. To 

test the model, we conducted an online check-in activity, and a two-stage field survey was 

performed. Our findings indicated that affective commitment and continuance commitment 

hinder the interruptive intention of check-in through generating perceived loss severity (formal 

deterrence) and perceived image collapse (informal deterrence). This study theoretically 

contributes to social media research by deeply digesting activity-based check-in, and it also 

provides practical insights for online activity designer and news understanding for users.  

 

Keywords: activity-based check-in, commitment, deterrence, interruptive intention 

 

1. Introduction 
Social media technologies offer people with the opportunity to self-disclosure personal 

information. As an effective way to self-disclosure, check-in services are widely accepted by 

social networking sites users (SNSs) (Wang 2013). Take Foursquare as an example, the platform 

has attracted more than 12 billion users to check-in since its launch in 2009, and it has 50 million 

monthly active users. While the check-in service on Foursquare is mainly based on locations, 

however, activity-based check-in has recently gained popularity among SNSs. Activity-based 

check-in is a kind of self-disclosure activities on SNSs in order to document the process of 

achieving the goals that are previously set. Unlike location-based check-in, activity-based 

check-in is free from special and temporal constrains, and it is believed to be a helpful way to 

develop good learning habits. A survey initiated by Qianjiang Evening News (i.e., an excellent 

newspaper in China, Zhejiang) shows that up to 94.32% of the university students have 

continuously participated in the check-in activity of English learning on their SNSs. That's really 

a shocking proportion, and it is interesting to understand how people manage to insist checking 

in at activities on social media platforms. 

Prior social media research on check-in has mostly focused on location-based check-in, while 

there is a lack of research on activity-based check-in. However, there are many differences 

between activity-based and location-based check-in. On the one hand, activity-based check-in is 

not limited by time and location, and itis regularized by the activities’ rules that are relevant to 

user's potential rewards. On the other hand, activity-based check-in always has a clear-defined 

but not easy-achieved goal likes losing weights. Achieving the goal may enhance users’ 

confidence and social image, as the achievement process is reposted and visible on their SNSs. 

141



Therefore, we propose the first research question: What are the potential factors that affect the 

user's interruption of activity-based check-in on SNSs? 

To address the research question, we draw on the commitment theory to identify the key 

motivations to avoid interruptive behavior. The commitment means that people tend to keep their 

promises by doing what they promised before. In the context of our research, people have made 

promises before they attend the check-in activity (e.g., I would check-in for a while to develop a 

habit), and daily check-in is the process of keeping promises. But the interruption of check-in 

will break the promises and bring loss. Therefore, the theory is suitable to explore the factors that 

users avoid interrupting check-in. 

To further explore the mechanisms between the commitment and interruptive intention, we deem 

the deterrence theory as the overall theoretical lens for our research. The theory argues that 

people will avoid illicit, deviant, and unethical behaviors through considering the potential 

formal and informal sanctions (Thomas and Bishop 1984). In our research context, considering 

the potential loss caused by commitment violation, people will choose to insist checking-in. Such 

continuous behavior is precisely the result of deterrence. In addition, prior research has pointed 

out that the potential punishment has better explanation than reward in understanding ones’ 

continuous behavior (Martin 1963). Therefore, our second research question is: How does 

deterrence uncover the mechanism of commitments in interruptive intention of activity-based 

check-in on SNSs? 

To address the research questions, an integrative model based on the deterrence theory and 

commitment theory was developed. Subsequently, the model was empirically tested using a 

two-stage field survey. This research provides both theoretical and practical contributions. 

Theoretically, this research provides an innovative research paradigm of commitment theory in 

intention formation by explain the result of commitment from the deterrence angle. Furthermore, 

this research extends the application of deterrence theory to social media research. Practically, 

this research provides managerial insights on users’ continuously checking-in behavior for the 

operators. Moreover, this research also helps users to understand the mechanism behind their 

behavior and to help themselves cultivate habits better. 

 

2. Literature review 
As a significant way of social interaction, information disclosure, and social word of mouth 

(Okazaki 2009; Fang 2014; Keenan and Shiri 2009), check-in behavior have attracted extensive 

attention of scholars. Concerning the checking in behavior, previous literature has mostly 

focused on motivation, influence factors, privacy, and application. Four dimensions of check-in 

motivation were proposed through an online survey on Facebook, which include enjoyment, 

commitment, self-development, and reputation building (Kim 2016). In addition, through 

examining ‘Big Five’ personality traits of volunteer Foursquare users, Chorley et al. (2015) 

found that conscientiousness, openness and neuroticism have significant correlations with 

Check-in behavior. Regarding the privacy, Kummer et al. (2018) combined the privacy calculus 

model with the concept of conditional value and checked the negative correlation between 

perceived privacy risk and disclosure value. About the application, Qiu et al. (2018) estimated a 

structural model of restaurant discovery and observational learning based on the phenomenon 

that people were keen on learning from their friends’ check-in data. 

However, in contrast to location-based check-in, there are many unique characteristics in 

activity-based check-in. On the one hand, there are couples of rules that shape user behaviors in 

activity-based check-in. Taking FluentReading as an example, if users insist on checking-in on 
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their SNSs after learning English reading until the end of the activity, the FluentReading will 

refund of all tuition fees that users paid for participating in this activity. On the other hand, 

activity-based check-in is not limited by location and always has a clear goal like reading a book 

or doing sports. In order to achieve this goal, activity sponsors advise users to check-in without 

interruption for being supervised, and this research will explore the mechanism of the 

interruption of the check-in behavior. 

We give the following key constructs by reviewing the literature related to deterrence and 

commitment theories (parts are omitted due to length limitation). This study adopts perceived 

severity of loss that is defined as the degree of severity users perceive from the latent formal 

punishments (mainly about material loss) if they interrupt checking-in. Perceived image damage 

is defined as the decline of the social image in the eye of their friends that users experience if 

they interrupt checking in (Darcy and Devaraj 2012). Affective commitment is defined as the 

emotional attachment, identity, and involvement in the check-in activities. Continuance 

commitment is defined as the constraints of user behavior, which is caused by the accumulated 

cost of interrupting checking in (Meyer, Allen, and Smith 1993). 

 

3. Research model and hypotheses development 
To study the interrupt check-in intention, we proposed an integrated model which derived from 

D’Arcy et al.’s deterrence model (Hovav and Darcy 2012), commitment theory (Meyer et al. 

1993a). Continuance commitment and affective commitment are chosen in this research as the 

original impetus for users to check-in. While the deterrence theory gives a reasonable 

explanation for the process between commitment and check-in without interruption. 

Users tend to believe themselves can stick to complete the long-turn check-in activities. 

Therefore, they see the reward for completing the check-in as their endowment. From a 

microeconomic perspective, economic profit is defined to be the difference between the revenue 

a firm receives and the costs that it incurs (Varian and Varian 1992). Change of the perceived 

revenue and change of the perceived cost are two important aspects of understanding perceived 

loss. In the context of this research, affective commitment is reflected on the user's loyalty and 

attachment to the check-in activity. User's emotional attachment to the check-in activity will lead 

to a stronger endowment effect on the potential reward of the check-in activity (Ariely et al. 

2005). Further, higher endowment effect will bring higher perceived value (Kahneman and 

Tversky 2013). Higher emotional commitment will bring greater perceived revenue gap, and thus 

leads to higher perceived loss severity. Thus, we posit that: 

H1: Affective commitment will be positively associated with perceived loss severity. 

In terms of continuance commitment, because people pay a lot of effort in organization and 

activities, including time, energy, skills and relationships, they will never choose to leave the 

organization or stop their activities unless they get the corresponding benefits. In the context of 

this research, continuous commitment is reflected on the cost of time and effort paid by users for 

check-in activities, which can be understood as an opportunity cost (Spiller 2011). The more 

time and energy they spend, the greater the opportunity cost and the greater the perceived cost of 

users. Therefore, we give the following positions that: 

H2: Continuance commitment will be positively associated with perceived loss severity. 

Users can cultivate good qualities and images such as tenacity and studiousness through 

continuous check-in, while they cannot acquire such images through check-in after they stop 

checking-in. However, in a sense, the perceived collapse of social image can be understood as 

the cumulative image created minus the collapsed image. On the one hand, for the collapsed 
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image, since it is impossible for the social network to perceive its good image again, so we 

assume that when the check-in stops, the image after the collapse will be a fixed low value, 

which is not discussed in detail in this research. On the other hand, continuous time, energy and 

emotional investment in the accumulated image will continuously improve the good image.  

As mentioned above, affective commitment is reflected on the user's loyalty and attachment to 

the check-in activity. In the check-in situation, the specific loyalty and attachment may be 

reflected in the continuous participation in the check-in activity, and they will attach their 

positive feelings or views on the check-in activity when they check-in. A positive, optimistic 

expression can lead to a positive impression (Ekman and Friesen 2003). That is to say, the 

stronger the affective commitment, the more positive emotions users will show to the check-in 

commitment, the better the accumulated image users will build through the check-in, and the 

bigger the perceived image collapse. Therefore, we give the following positions that: 

H3: Affective commitment will be positively associated with perceived image collapse. 

For continuance commitment, in the context of this research, it is to check in SNSs once a day 

for a long time to prove that users have completed a certain task. Such a high frequency and long 

time to check in will make users in SNSs to be fully self-disclosure (Liu et al. 2016). 

Self-disclosure, which implies a person's willingness to communicate, is an important part of 

impression management (Xin 2004). The conscious self-disclosures could lead to higher levels 

of communication and also higher levels of trust, liking, and respect (Schlenker 1980). Therefore, 

in the context of this research, the stronger the continuance commitment, the higher 

self-disclosure which users perceive in SNSs, and the better the accumulated image users will 

develop. Thus, we posit that: 

H4: Continuance commitment will be positively associated with perceived image collapse. 

Formal deterrence is important in shaping user’s behavior, and this form of deterrence operates 

through the regularized rules and corresponding norms established by the activity’s sponsors. 

Users’ behavior is to some degree rational, so they will do their best to obey the norms in order 

to avoid the unnecessary loss. The deterrence literature supports that the perceived severity is 

negatively associated with the intention to violate the rules (Hovav and Darcy 2012). Thus, we 

posit that: 

H5: Perceived severity of loss will be negatively associated with interruptive intention of 

activity-based check-in on SNSs. 

Informal deterrence plays an equally important part in the process of engaging in deviant 

behaviors. As social person, it is inevitable that users will be care that what they do wrong will 

break their virtuous image in the eyes of others as well. Previous research have proved the 

informal deterrence is negatively related to the intention to violate the rules (Darcy and Devaraj 

2012). Therefore, we give the following positions that: 

H6: Perceived social image collapse will be negatively associated with interruptive intention of 

activity-based check-in on SNSs. 

 

4. Data and Empirical Analysis 
4.1 Construct operationalization and data collection 

In order to test the conceptual model, we conducted a two-stage filed survey. The survey was 

followed by rigorous psychometric analysis, and it also performs well in facilitating the 

replication of results and taking on the statistical power. The items of all the constructs are 

developed from prior authoritative scale. All variables are reflective, and we measured all items 

on a seven-point Likert scale. The survey was originally developed in English and was then 
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translated into Chinese. Necessary backward translation was made to minimize the differences 

between the two versions (Brislin and R. W 1970). 

To collect more real and effective data, we carried out an activity-based checking-in on WeChat 

in a famous university in China. The specific form of the activity is running offline and 

checking-in online on users’ WeChat. All participants were encouraged to check-in on their 

WeChat every day for two weeks in the playground. Participants who consistently completed the 

running check-in task were given a chance to earn a reward. Finally, a total of 162qualified 

responses that engaged in the two-stage surveys was obtained. We compared the demographics 

(in terms of gender, age, education level and participative experience) from the two stages of the 

collections to check for non-response bias, and no significant differences were detected. Thus, 

the non-response bias did not exist in our dataset. 

 

4.2 Data analysis 

Structural Equation Modeling (SEM) was adopted in our study as the technique can 

simultaneously analyze all paths with latent variables in a single analysis (Gefen et al. 2011). 

Following Barclay (1995), we assessed our reflective construct in terms of construct reliability, 

internal consistency, and discriminant validity. After checking the factor loadings, we dropped 

three items for the reason that their loadings were less than 0.6 (Barclay et al. 1995; Chin 1998). 

The reserved items in this research load heavily on their corresponding constructs. Almost all the 

loadings were above 0.7, except for the item’ I feel that I have too few options to consider 

interrupting the check-in’ (0.64), which was close to the threshold. Therefore, we confirm that 

the items of the constructs demonstrate adequately reliability. To ensure internal consistency, 

composite reliability and Cronbach’s alpha should be bigger than the threshold 0.7 (Hair et al. 

1998). All composite reliability values exceeded 0.7. Except for CC (i.e., 0.647), which is very 

close to the recommended cutoff, all Cronbach’s alpha values were bigger than 0.7. Moreover, 

all average variance extracted (AVE) values were above the recommended threshold of 0.5, thus 

indicating convergent validity. All the inter-construct correlations are less than the square root of 

AVEs (Fornell and Bookstein 1982), demonstrating sufficient discriminant validity of all 

constructs. 

Regarding the evaluation of structural model, bootstrap resampling was adopted to examine path 

significance levels by using PLS analysis (Chin 2010). Figure 1 presents the results of the 

hypothesis testing. We test models (control model and direct effects model) in the testing process. 

For the control model, we have found that self-efficiency is the significant control variables to 

the construct interruptive intention. The value of R-square of direct effects model is acceptable, 

and all the judgments of significance in this research are made at the confidence levels of 0.05 

and 0.01. 

For the direct effect model, the testing outcomes are as follows. For the process of commitment 

to deterrence, the results of direct effects model show that the relationships between affective 

commitment (β=0.297, p<0.01), continuance commitment (β=0.165, p<0.05) and perceived loss 

severity (R2=0.159) are significant, which indicating that H1 and H2 are supported. Additionally, 

the results also show that the relationships between affective commitment (β=0.203, p<0.05), 

continuance commitment (β=0.356, p<0.01) and perceived image collapse (R2=0.232) are 

significant, suggesting H3 and H4 are supported. Further, for the process of deterrence to 

intention, perceived loss severity (β=-0.208, p<0.05) and perceived image collapse (β=-0.19, 

p<0.05) both have a significant negative influence on participants’ interruptive intention 

(R2=0.184), thus H5 and H6 are supported. To sum up, all the hypotheses are supported. 
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*: p<0.05; **: p<0.01. 

Figure 1. Hypothesis testing results 

 

5. Discussion and contributions 
5.1 Key Findings 

On the one hand, Hypotheses H1 to H4 are supported, which indicates that deterrence theory can 

explain the mechanism well between commitment and interruptive intention. Both affective 

commitment and continuous commitment positively affect perceived loss severity and perceived 

image collapse. While perceived loss severity and perceived image collapse are negatively 

associated with the interruptive intention. On the other hand, this study confirms once again that 

the presence of deterrence diminishes the intention for unwished behavior. We found that formal 

deterrence (i.e., perceived loss severity) and informal deterrence (i.e., perceived image collapse) 

do hinder the interruptive intention of checking-in. This finding indicates that users’ intention 

forming are mainly through two mechanisms. Both the formal and informal punishment will 

inhibit the tendency to interruptive. 

 

5.2 Conclusion 

In this research, aiming to account for the interruption of online check-in activity in SNSs, we 

theoretically proposed and empirically examined an integrative model to explore the mechanism 

behind the interruptive intention. The model verified that factors from commitments theory 

hinder the interruptive intention of checking-in on SNSs. Furthermore, this study also uncovered 

how commitments influence interruptive intention through the perspective of deterrence. This 

research extended the applied context (daily behaviors) and research field (social media) of the 

deterrence theory. Moreover, we provided an innovative research paradigm of commitment 

theory in intention formation by explaining the effects of commitment from the deterrence angle. 

With regard to the wide usage of online check-in activity on SNSs, we provided operation 

strategies for activity organizers and provided check-in recommendations for the activity users. 
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Abstract

With the proliferation of virtual personal assistants (VPAs) into our daily life, VPAs providers
are concentrating on the anthropomorphic characteristics design to create a more human-like
experience to users. While how these anthropomorphic features of VPAs affect user behavior
remains an under-investigated research question. Drawing upon technology affordance
perspective, this study investigates the influences of two specific anthropomorphism affordances,
namely conversational human-like affordance and humor affordance, on user’s trust and
continuance intention in VPAs. We conduct an empirical study and find that trust partially
mediates the influences of anthropomorphism affordances on continuance intention. Additionally,
usage frequency significantly moderates the effect of user trust on continuance intention.
Implications and conclusions are discussed in the final section.
Keywords: Virtual personal assistants, Anthropomorphism affordance, Trust, Continuance
intention

1. Introduction
With the burgeoning of artificial intelligence (AI) technology, virtual personal assistants (VPAs)
have emerged and gained an extensive use in multiple industries in the 2010s (Han and Yang,
2018). Various types of VPAs, such as Amazon’s Alexa, Apple’s Siri, Xiaomi’s Xiaoai and
Huawei’s Xiaoyi, have developed rapidly and become popular among users in the past decade
(Han and Yang, 2018).
As VPAs penetrated into our daily life, users’ attitudes and behavioral intentions towards the
emerging technology application has arose the attention of IS scholars (Leonardi, 2011). One
stream of literature focuses on user adoption and acceptance toward VPAs (Gursoy et al., 2019;
Fernandes and Oliveira, 2021). While another category of research concentrates on the
technology features of VPAs. Particularly, anthropomorphism is recognized as one of the most
salient features in previous studies (Li and Sung, 2021). To our knowledge, prior research mostly
considers anthropomorphism as a single dimension (Li and Sung, 2021), while ignoring the
specific anthropomorphic features in different contexts. Additionally, few studies have examined
the influence of anthropomorphism on users’ attitudes and behavioral intentions in VPAs from
the affordance perspective.
Considering that users’ frequent interactions with VPAs would arouse a potential risk of
information leak (Vimalkumar et al., 2021), and affordance would better interpret the
socio-technical relationship associated with anthropomorphic outcomes (Lunberry and Liebenau,
2021), it is essential to refine the anthropomorphism of VPAs in the emerging context and
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examine its influence on users’ trust and behavioral intention from the affordance perspective. In
light of the extant literature, our study aims to develop a nomological model linking two specific
anthropomorphism affordances with trust and behavioral intention. The following research
questions is proposed accordingly:
(1) How do anthropomorphism affordances of VPAs, namely conversational human-like and

conversational humor, impact user trust and continuance intention?
Furthermore, trust in VPAs may vary among users’ experience (Leonardi, 2011). Previous
literature identifies use frequency as a significant individual characteristic to affect user
perception and behavior towards a new technology (Aldas-Manzano et al., 2011). Thus, we
incorporate use frequency as a significant moderator in the theoretical model, to explore whether
the relative influences of trust on continuance intention are contingent upon use frequency.
Accordingly, we propose the following research question:
(2) How does use frequency moderate the relationship between user trust and continuance

intention towards VPAs?

2. Research Model and Hypothesis Development
2.1 Anthropomorphism Affordance of VPAs and User Trust
Anthropomorphism refers to the attribution of human-like characteristics, such as human-like
visuals, conversations, and human-like minds to nonhuman entities (Li and Sung, 2021).
Considering that VPAs usually interact with users through a conversational interface in a
human-like way, which is recognized as one of the most salient advantages of VPAs
(Vimalkumar et al., 2021), we focus on the conversational human-like characteristics. In addition,
previous research usually views the anthropomorphism of VPAs as an integration of human-like
features (Li and Sung, 2021), and pays less attention to the human-like humor feature. Recently,
the VPAs’ humor feature has aroused the attention of scholars, which describes VPAs'
presentation of a novel and pleasurable dialog (Tay et al., 2016), and the creation of a more
engaging interaction with users (Schanke et al., 2021). Thus, we conceptualize VPAs’
anthropomorphism feature into two dimensions of conversational human-like feature and
conversational humor feature.
Anthropomorphism affordance represents users’ perceptions towards the anthropomorphism
features of VPAs within the user-technology interaction, which significantly affect their trust
perceptions (Gu et al., 2020; Lunberry and Liebenau, 2021). On the one hand, the conversational
human-like affordance could help reduce users’ blunt feeling of VPAs. Meanwhile, it would
stimulate users’ mindless responses, and facilitate a feeling of social presence (Kim and Sundar,
2012). On the other hand, people prefer the robots with human feelings and emotions (Li and
Sung, 2021), and the conversational humor affordance of VPAs would enhance users’ warmth
and credibility perceptions (Kim and Sundar, 2012). Thus, we propose that:
H1a. Conversational human-like affordance of VPAs is positively associated with user trust.
H1b. Conversational humor affordance of VPAs is positively associated with user trust.
2.2 User Trust and User Continuance Intention
User trust in VPAs is described as users’ beliefs in the VPA's capability, benevolence and
integrity to implement the specific activities (McKnight et al., 2002). Trust is identified as a
salient influential factor of users’ adoption and usage behaviors of VPAs in the previous
literature (Chattaraman et al., 2019; Fernandes and Oliveira, 2021). For instance, Chattaraman et
al. (2019) indicated that trust in the digital assistant plays a vital role in facilitating user’s
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patronage intention in the e-commerce website. Users’ trust perception enables them to believe
in the VPA’s capability, which decreases their risk perceptions and stimulates their continuance
intention towards VPAs. Thus, we propose that:
H2. User trust is positively related to user continuance intention of VPAs.
2.3 The Moderating Effect of Use Frequency
Use frequency refers to the numbers of times the VPAs’ functions and services are used during a
specific period (Haque et al., 2020). Prior studies have examined the impact of use frequency on
users’ perceptions and behaviors towards VPAs, and find that frequent usage of VPAs leads to a
higher level of engagement than infrequent usage (Haque et al., 2020). Previous literature argues
that trust plays a significant role in the usage of a new technology (Vimalkumar et al., 2021).
Users with less use frequency are not familiar with the VPAs, and depend more upon the trust
perceptions towards the VPAs when making behavioral decisions. While users become more
familiar with VPAs with an increasing usage frequency, which diminishes their uncertainty
perceptions towards VPAs, thereby reducing their dependence on credibility assessment
(Aldas-Manzano et al., 2011). Building on this logic, we believe that user frequency would
moderate the relationship between user trust and continuance intention. Thus, we propose that:
H3. User trust in VPAs has a stronger influence on user continuance intention for low frequency
users compared with high frequency users.
Based upon the above arguments, we develop a theoretical model to examine the influences of
anthropomorphism affordances on user trust and continuance intention in VPAs, as illustrated in
Figure 1. Additionally, we incorporate privacy concern, gender, and VPAs type as control
variables, to control their potential influences on continuance intention.

Figure 1. Research Model

3. Research Methodology
3.1 Data Collection and Measurement of Indicators
We refer to the extant literature to design the instrument. Table 1 presents the definitions and
references of the constructs. We conduct an online survey in a top-tier university in China, and
target at college students who use VPAs embedded in smartphones, such as Xiaomi’s Xiaoai,
Huawei’s Xiaoyi, and Apple’s Siri, in daily life. We finally obtain 228 completed and valid
samples for data analysis.

Table 1. Definition of the Major Constructs
Constructs Definitions References
Conversational
Human-like (HC)

Conversational Human-like represents users’ perceptions
that VPAs perform human thinking and emotions.

Li and Sung
(2021)

Conversational
Humor (HU)

Conversational Humor represents users’ perceptions that
VPAs perform human humor.

Tay et al.
(2016)
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User trust (TRU) User trust represents users’ beliefs in the VPAs’
capability, benevolence and integrity to implement the
specific activities and their willingness to depend.

McKnight et
al. (2002)

Continuance
intention (CI)

Continuance intention represents users’ intentions to keep
using the VPA in the near future.

Bhattacherjee
(2001)

3.2 Structural Equation Modelling Analysis
Considering the appropriation of component-based structural equation modeling (SEM)
approach for the exploratory research (Hair et al., 2017), we adopt PLS method for data analysis
and select SmartPLS 3 as a statistical analytic tool.
3.2.1 Measurement Model Analysis
The measurement model assesses the reliability, convergent validity and discriminant validity of
the constructs. We examine the reliability and convergent validity through Cronbach's Alpha
(>0.7), rho_A (>0.7), composite reliability (CR) (>0.7), and average variance extracted
(AVE)(>0.5). The analytic results suggest that all indicators satisfy the recommended criteria,
indicating an adequate construct validity (Chin et al., 2003; Dijkstra and Henseler, 2015).
Discriminant validity is assessed by Heterotrait-Monotrait Ratio (HTMT), and all the constructs
meet the threshold of 0.85, demonstrating a good discriminant validity (Henseler et al., 2015).
3.2.2 Structural Model Analysis
We examine the structural model to analyze the path relationship and explanatory power. As
shown in Figure 2, conversational human-like (β=0.385, p<0.001), conversational humor
(β=0.247, p<0.001) are positively related with user trust, thus supports H1a and H1b. User trust
has a positive influence on continuance intention (β=0.675, p<0.001), supporting H2. In terms of
the explanatory power, the two anthropomorphism affordances of VPAs account for 27.5% of
variance in user trust, and the exogenous variables explain 43.2% of variance in continuance
intention. We examine the model fit by the indicator of Standardized Root Mean Square
Residual (SRMR). The calculated SRMR is 0.060, which is below the recommend criteria value
of 0.08, demonstrating a good model fit (Hair et al., 2016).

Figure 2. Structural Model Analysis
3.2.3 Mediation Test
We conduct a mediation test following Haye (2009)’s procedure, to examine the mediation effect
in our model. The results indicate that the indirect effects of conversational human-like and
conversational humor affordances on continuance intention are significant (β1=0.197, β2=0.197,
p=0.000), with a VAF of 54.9 % and 45.5%, respectively. The results indicate a partial mediation
effect of trust between anthropomorphism affordances and continuance intention.
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3.2.4 Multiple Group Analysis Results: Low use frequency vs. High use frequency
We employ a multiple group analysis to examine the moderating effect of use frequency. We
separate the samples into high use frequency group (at least once a week) and low use frequency
group (less than once a week). The analytic results indicate that the relationship between user
trust and continuance intention is stronger in the low frequency users in contrast to high
frequency users (βlow=0.711, p<0.001; βhigh=0.503, p<0.001; Dif = 0.207, pdif<0.05), thus support
the hypothesis of H3.

4. Implications and Conclusions
We develop a theoretical model to examine the impacts of anthropomorphism affordance on

user trust and continuance intention based upon technology affordance theory. We conduct an
online survey and adopt structural model analysis to examine the research model. We find that
conversational human-like and conversational humor affordances positively affect user trust,
which further facilitates user’s continuance intention. We perform a multi-group analysis and
find that user trust exhibits a stronger influence on continuance intention for low frequency users
compared with high frequency users. The empirical research findings can support all of our
hypotheses.

Our study has two major contributions. First, we conceptualize the anthropomorphism of
VPAs into conversational human-like and conversational humor affordance, and uncover the
mediation effect between anthropomorphism affordances and continuance intention. Second, we
explicate the boundary condition of the research model by incorporating the contingency factor
of use frequency, and reveal the moderating effect of use frequency between user trust and
continuance intention. Our study can provide managerial guidelines to VPAs developers to pay
more attention to the anthropomorphism of VPAs in terms of its human-like conversation and
human-like humor characteristic, which is beneficial to enhance user’s trust perception and
continuance intention.
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Abstract 

 

Many platforms (for example, Apple, Google and Microsoft) provide the third-party developers 

with the development tools involving the emerging technology. By adopting these tools, the 

developers add new features and experiences to their applications, and need to pay additional 

integration costs. We develop an analytical model to examine the technology adoption strategy 

and pricing decisions of the competing third-party developers, and then to analyze the platform’s 

optimal investment in the function level of the emerging technology. We find that the higher 

investment of the platform may reduce the diversity of the market when the developers’ margin 

integration cost is moderate. As the investment in the function level of technology increases, the 

developer who has low integration capability is less likely to adopt the technology. The platform 

prefers to provide a lower investment when the developers’ margin integration cost is low and the 

platform’s margin development cost is high.      

 

Keywords: Platform investment, Emerging technology, Adoption strategy, Third-party 

developers, Integration capability. 

 

 

1. Introduction 

Nowadays, with the rise of the emerging technologies, such as Artificial Intelligence (AI) and 

Augmented Reality (AR), et, al., many platforms (for examples, Apple, Google, Microsoft and 

Amazon) invest heavily in these areas and then provide the developers with the development tools, 

which the developers can use to integrate the emerging technologies into their applications. For 

example, Apple and Google release plenty of new application programming interfaces (APIs) to 

developers, such as the SiriKit and AIY Vision Kit, which enables the developers create the AI 

experiences in their apps. 

One of the main reasons is that one of the paths to continued success for a platform is to create 

more turbocharged innovation (McKendrick, 2020). Due to the third-party developers have 

become crucial in determining the platform’s success, the ability of a platform to facilitate the 

developers to produce the innovative applications is vital (Tan et al. 2020, Parker et al. 2017). 

Another reason is that, for some complex emerging technologies, most of the application 

developers lack the capabilities and funding to develop them. Thus, developing the tools involving 

the emerging technologies will incur heavy cost for the platform. For instance, Epic Games 

develops a series of unreal engines and releases them to developers for free to encourage the 

production of incredible gaming experiences, which at a cost of over $17,000,000 (Porter, 2020).  

The innovation behaviors involving the technology are divided into two categories: 

innovative IT use and innovating with IT (Rahrovani and Pinsonneault, 2020). The former focuses 

on optimizing the work process to better achieve the existing goals, which can reduce the 

development cost of developers and is prevalent studied in the literature (Tan et al. 2020, Xin and 
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Choudhary. 2019). The latter, which aims at achieving the new goals, is the main focus in this 

paper. When the platform provides this kind of technology, the developers can add the new features 

and functions by integrating it into their applications. Different with the first kind of technology, 

the developers who adopt it need to pay additional integration cost.  

The platform provides the developers with the development tools, which reduces the 

uncertainty of developers’ adopting the emerging technology. The other main barriers for a 

developer to adopt the emerging technology include the ability of understanding and implementing 

the technology and the cost (Treumann, 2014). Considering the benefits from integrating the 

technology and the cost, the developers should carefully decide whether to adopt the technology.  

In this paper, we address the following research questions: (1) What are the competing 

developers’ equilibrium technology adoption strategy when the platform provides the tools 

involving the emerging technology, and what are the two developers’ optimal pricing decisions? 

(2) What is the platform’s optimal investment in the function level of the emerging technology? 

(3) How does the investment of the platform affect the developers’ adoption strategy?   

To answer these questions, we develop a game-theoretic model with a monopoly platform 

and two competing third-party developers. This paper analyzes the platform’s optimal investment 

in emerging technology for developers, and examine the equilibrium of how app developers make 

adoption strategy and the pricing decisions considering their integration capabilities. 

 

2. Basic Model 

We consider a monopoly platform with two competing third-party developers, developer H and 

developer L. Each developer offers one app to consumers. A three-stage model is developed to 

analyze the two competing developers’ technology adoption strategy, pricing decisions, and the 

platform’s optimal investment in function level of the emerging technology. As shown in figure 1, 

the model is described as follows. 

i. In stage 1, the platform decides the investment in the function level of the emerging 

technology, and releases the development tools to the developers. 

ii. In stage 2, the developers H and L decide whether to adopt the new technology and make 

the optimal pricing decisions based on the function level of technology the platform provided. 

iii.  In stage 3, the consumers join the platform and make the purchase decisions. 

 
Figure 1. Timeline of the Three-Stage Model 

When the platform providing the new technology with the function level 𝜔 , the two 

developers should make the decisions that whether to adopt the technology, the possible 

equilibrium outcomes of the game are {AA, AN, NA, NN}, which represent that two developers 

adopt the technology, developer H adopts the technology but developer L does not, only the 

developer L adopts the technology, two developers don’t adopt the technology, respectively. The 

developer 𝑖, 𝑖 ∈ {𝐻, 𝐿} has the basic value of its app: 𝑣𝑖 ( 𝑖 ∈ {𝐻, 𝐿}), and the developer who 

integrates the technology into its app will generate the added value 𝑘𝑖𝜔. 𝑘𝑖  is the integration 

capability of developer 𝑖. We assume that two developers have different integration capabilities 

and 𝑘𝐻 > 𝑘𝐿 , 𝑣𝐻 > 𝑣𝐿.  
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Similar to the standard Hotelling model (Hotelling, 1929), we assume that the developer H 

and L are situated at locations 0 and 1, respectively, on a line of length 1. Consumers are uniformly 

distributed along the line, and each consumer either by app H or app L. The utility of a consumer 

derived from each application is the value that a consumer derived from the app net the price and 

disutility from the mismatch between the app and the consumer’s taste. The mismatch is measured 

by the distance between the developer’s and consumer’s locations on the line. Thus, in the case 

AA, the utility for a consumer located at 𝑥 from each app 𝑖, 𝑖 ∈ {𝐻, 𝐿} is formulated as 

𝑈𝐻
𝑎𝑎 = 𝑣𝐻 + 𝑘𝐻𝜔 − 𝑡𝑥 − 𝑝𝐻

𝑎𝑎 ,  𝑈𝐿
𝑎𝑎 = 𝑣𝐿 + 𝑘𝐿𝜔 − 𝑡(1 − 𝑥) − 𝑝𝐿

𝑎𝑎 .         (1) 

where 𝑡 is the unit mismatch cost, and 𝑝𝑖
𝑎𝑎 is the price of app 𝑖 in the case AA.  

In line with the industry practice, the developers need to pay a commission fee to the platform 

on each transaction through consumers. We denote the commission rate as 𝑟. The developer 𝑖,
𝑖 ∈ {𝐻, 𝐿} who integrates the new technology into their apps, generates the development cost 𝑐𝜔. 

Thus, in the case AA, the profit of developer 𝑖, 𝑖 ∈ {𝐻, 𝐿} is as follows,  

𝜋𝑖
𝑎𝑎 = (1 − 𝑟)𝑝𝑖

𝑎𝑎𝐷𝑖
𝑎𝑎 − 𝑐𝜔.                       (2) 

where 𝑐 is margin integration cost of the developer, and 𝐷𝑖
𝑎𝑎 is the number of the consumers 

who purchase the app 𝑖 in the case AA. 

    The platform enjoys the revenue from the transaction fee paid by the developers. According 

to the developers’ adoption strategy and the pricing decisions, the platform decides the optimal 

investment in the function level of the technology (𝜔) to maximize its total profit. Thus, the profit 

of the platform is formulated as follows: 

𝜋𝑝 = 𝑟 ∑ 𝑝𝑖𝐷𝑖𝑖=𝐻,𝐿 − 𝑓𝜔2,                        (3)   

where 𝑓 is the margin development cost that the platform develops the new technology.  

    The market division and the profit of the two developers in the other three cases can be 

derived in a similar way.  

 

3. Main results 

We use backward induction to solve this game. Thus, first we analyze the developers’ optimal 

pricing decisions and the profit of the platform in the following cases. 

Lemma 1. The equilibrium outcomes in the case AA are as follows, 

(i). The two developers’ optimal pricing decisions: 𝑝𝐻
𝑎𝑎∗ =

3𝑡+𝜔(𝑘𝐻−𝑘𝐿)+𝑣𝐻−𝑣𝐿

3
 , 𝑝𝐿

𝑎𝑎∗ =
3𝑡−𝜔(𝑘𝐻−𝑘𝐿)−𝑣𝐻+𝑣𝐿

3
; 

(ii). The two developers’ optimal profits: 𝜋𝐻
𝑎𝑎∗ =

(1−𝑟)(3𝑡+𝜔(𝑘𝐻−𝑘𝐿)+𝑣𝐻−𝑣𝐿)2

18𝑡
− 𝑐𝜔 , 𝜋𝐿

𝑎𝑎∗ =

(1−𝑟)(3𝑡−𝜔(𝑘𝐻−𝑘𝐿)−𝑣𝐻+𝑣𝐿)2

18𝑡
− 𝑐𝜔. 

(iii). The platform’s profit in the case AA: 𝜋𝑝
𝑎𝑎∗ =

𝑟(𝜔(𝑘𝐻−𝑘𝐿)+𝑣𝐻−𝑣𝐿)2

9𝑡
+ 𝑟𝑡 − 𝑓𝜔2. 

Lemma 2. The equilibrium outcomes in the case AN are as follows, 

(i). The two developers’ optimal pricing decisions: 𝑝𝐻
𝑎𝑛∗ =

3𝑡+𝜔𝑘𝐻+𝑣𝐻−𝑣𝐿

3
, 𝑝𝐿

𝑎𝑛∗ =
3𝑡−𝜔𝑘𝐻−𝑣𝐻+𝑣𝐿

3
; 

(ii). The two developers’ optimal profits: 𝜋𝐻
𝑎𝑛∗ =

(1−𝑟)(3𝑡+𝜔𝑘𝐻+𝑣𝐻−𝑣𝐿)2

18𝑡
− 𝑐𝜔 , 𝜋𝐿

𝑎𝑛∗ =

(1−𝑟)(3𝑡−𝜔𝑘𝐻−𝑣𝐻+𝑣𝐿)2

18𝑡
. 

(iii). The platform’s profit in the case AN: 𝜋𝑝
𝑎𝑛∗ =

𝑟(𝜔𝑘𝐻+𝑣𝐻−𝑣𝐿)2

9𝑡
+ 𝑟𝑡 − 𝑓𝜔2. 

Lemma 3. The equilibrium outcomes in the case NA are as follows, 
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(i). The two developers’ optimal pricing decisions: 𝑝𝐻
𝑛𝑎∗ =

3𝑡−𝜔𝑘𝐿+𝑣𝐻−𝑣𝐿

3
, 𝑝𝐿

𝑛𝑎∗ =
3𝑡+𝜔𝑘𝐿−𝑣𝐻+𝑣𝐿

3
; 

(ii). The two developers’ optimal profits: 𝜋𝐻
𝑛𝑎∗ =

(1−𝑟)(3𝑡−𝜔𝑘𝐿+𝑣𝐻−𝑣𝐿)2

18𝑡
 , 𝜋𝐿

𝑛𝑎∗ =

(1−𝑟)(3𝑡+𝜔𝑘𝐿−𝑣𝐻+𝑣𝐿)2

18𝑡
− 𝑐𝜔. 

(iii). The platform’s profit in the case NA: 𝜋𝑝
𝑛𝑎∗ =

𝑟(𝜔𝑘𝐿−𝑣𝐻+𝑣𝐿)2

9𝑡
+ 𝑟𝑡 − 𝑓𝜔2. 

 

3.1 Competing developers’ equilibrium adoption strategy 

Lemma 4. (Compare the platform’s profits in the three cases) 

The platform benefits more in the case that developer H adopts the technology but the developer 

L does not (case AN) than that in the other two cases (case AA and NA). If 𝑘𝐻 ≥ 2𝑘𝐿 −
𝑉𝐻−𝑉𝐿

𝜔
, the 

profit of the platform in the case AA is higher than that in the case NA. If 𝑘𝐻 < 2𝑘𝐿 −
𝑉𝐻−𝑉𝐿

𝜔
, the 

platform’s profit is higher in the case NA. 

Lemma 4 compares the platform’s profits when the developer H and L choose different 

adoption strategies with a same investment in the function level of the technology. It indicates that 

when the developer H adopts the technology but the developer L does not, the differentiation 

between the two developers’ applications will benefits the platform.  

Proposition 1. (Developers’ equilibrium adoption strategy) 

(i). If the margin integration cost of the developers is low (𝑐 < 𝑐1), case AA is the equilibrium in 

which both developer H and L adopt the technology. 

(ii). If the margin integration cost of the developers is moderate (𝑐1 < 𝑐 < 𝑐2 ), case AN is an 

equilibrium in which only the developer H adopts the technology. 

(iii).If the margin integration cost of the developers is high (𝑐 > 𝑐2), case NN is an equilibrium in 

which both developer H and L don’t adopt the technology. 

Where 𝑐1 =
(1−𝑟)𝑘𝐿(6𝑡−2𝜔𝑘𝐻+𝜔𝑘𝐿−2(𝑉𝐻−𝑉𝐿))

18𝑡
，𝑐2 = min {

(1−𝑟)𝑘𝐻(6𝑡+𝜔𝑘𝐻+2(𝑉𝐻−𝑉𝐿))

18𝑡
, 

(1−𝑟)𝑘𝐻(9𝑡+𝑉𝐻−𝑉𝐿)

18𝑡
}. 

 
Figure 2. Equilibrium Strategy of Developer H and L 

Proposition 1 shows the impacts of the developers’ integration cost on their adoption strategy 

equilibrium. Developer H and L are more likely to integrate more value into their applications at 

low cost. Thus, case AA is the equilibrium if the developers’ margin integration cost is low. If the 

margin integration cost is high, two developers’ increased profits resulting from the increased 

value of applications cannot offset their integration cost. Thus, case NN is the equilibrium strategy. 

If the margin integration cost is moderate, due to the stronger integration capability of developer 

NN 

AN (2) AN (1) 

AA 𝑐 = 𝑐1 

  

𝑐 = 𝑐2 
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H, developer H has a competitive advantage which can increase the price or enlarge its market size 

by integrating the technology into its application, while even if the developer L adopts the 

technology, its slim profit resulting from the competitive disadvantage can’t compensate the 

integration cost. Thus, case AN is the equilibrium if the margin integration cost is moderate. 

Proposition 2.  

When the developers’ integration cost is moderate ( 𝑐1 < 𝑐 < 𝑐2 ) and the function level of 

emerging technology the platform provides is larger than 
3𝑡−𝑉𝐻+𝑉𝐿

𝑘𝐻
, developer L will quit the 

market and developer H will monopolize the market.  

Proposition 2 indicates that if the technology provided by the platform is complex enough, as 

shown in part AN(2) of Figure 2, the competition in the market and the market diversity will be 

reduced. Therefore, for the platform, it is possible to reduce the integration cost of developers 

while providing a new technology by increasing the relevant guidance and trainings for developers 

to integrate new technologies, which is conducive to cultivating a competitive developer market 

and maintaining the diversity of products in the platform. 

Proposition 3.  

(i). As function level of the technology the platform provided (𝜔) increases, case AN is more likely 

to be the equilibrium, case AA and NN are less likely to be the equilibrium.  

(ii). As 𝑘𝐻, 𝑣𝐻 increases, case AN is more likely to be the equilibrium, case AA and NN are less 

likely to be the equilibrium. 

(iii).As 𝑘𝐿 increases, case AA is more likely to be the equilibrium, case AN is less likely to be the 

equilibrium. 

(iv). As 𝑣𝐿 increases, case AA and NN are more likely to be the equilibrium, case AN is less likely 

to be the equilibrium. 

Proposition 3 analyzes the impacts of changes in the function level of technology and other 

four exogenous parameters on the developers’ adoption strategy. It indicates that the higher 

function level of the emerging technology the platform provided benefits the developer H, while 

the developer L is less like to adopt the technology.  

 

3.2 Platform’s Optimal Investment 

Proposition 4.  

Under one of the following conditions, the platform can obtain the optimal profit by providing the 

technology with the function level: 𝜔𝑎𝑎
∗ , and the equilibrium strategy of developer H and L is AA: 

(i) the developers’ margin integration cost is extremely low (𝑐 ≤ (1 − 𝑟)
𝑘𝐿

2(3𝑡−𝑉𝐻+𝑉𝐿)

18𝑡𝑘𝐻
); 

(ii) the platform’s margin development cost is high ( 𝑓 > 𝑓′ ) and the developers’ margin 

integration cost satisfies (1 − 𝑟)
𝑘𝐿

2(3𝑡−𝑉𝐻+𝑉𝐿)

18𝑡𝑘𝐻
< 𝑐 <

(1−𝑟)𝑘𝐿(3𝑡−𝑉𝐻+𝑉𝐿)

9𝑡
. 

Under one of the following conditions, the platform can obtain the optimal profit by providing the 

technology with the function level: 𝜔𝑎𝑛
∗ , and the equilibrium strategy of developer H and L is AN: 

(i) the platform’s margin development cost is high ( 𝑓 ≤ 𝑓′ ) and the developers’ margin 

integration cost satisfies (1 − 𝑟)
𝑘𝐿

2(3𝑡−𝑉𝐻+𝑉𝐿)

18𝑡𝑘𝐻
< 𝑐 <

(1−𝑟)𝑘𝐿(3𝑡−𝑉𝐻+𝑉𝐿)

9𝑡
; 

(ii) the developers’ margin integration cost is moderate or high (
(1−𝑟)𝑘𝐿(3𝑡−𝑉𝐻+𝑉𝐿)

9𝑡
< 𝑐 <

(1−𝑟)𝑘𝐻(9𝑡−𝑉𝐻+𝑉𝐿)

18𝑡
). 

Where 𝜔1 =
2(9𝑡𝑐+(𝑟−1)𝑘𝐿(3𝑡−𝑉𝐻+𝑉𝐿))

(𝑟−1)(2𝑘𝐻−𝑘𝐿)𝑘𝐿
 and  
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𝑓′ =
(𝜔1

2𝑟2(2𝑘𝐻−𝑘𝐿)𝑘𝐿(𝜔1(2𝑘𝐻−𝑘𝐿)+2(𝑉𝐻−𝑉𝐿))(𝜔1𝑘𝐿+2(𝑉𝐻−𝑉𝐿))+𝜔1𝑟((2𝑘𝐻
2 +𝑘𝐿

2)𝜔1−2𝑘𝐻(𝜔1𝑘𝐿−𝑉𝐻+𝑉𝐿)))
1
2

18𝜔1
2𝑡

. 

    When 𝑐 is relatively low, or 𝑐 is moderate and 𝑓 is high, the platform should provide a 

lower investment in the function level of the emerging technology, and the two developers adopt 

the technology. Otherwise, the platform is better off providing a higher investment, the developer 

H adopts the technology and the developer L does not. 

4. Conclusion 

Focusing on the emerging technology which the developers can use to add new features and 

functions to the apps, this paper analyzes the competing developers’ technology adoption strategy 

and the platform’s optimal investment in the technology for developers by developing a three-

stage model. Our research shows some practical implications. First, when the function level of the 

technology providing by the platform increases, the developer H is more likely to adopt the 

technology, while the developer L is less likely to adopt. Second, when the platform provides the 

high function level of the technology and the integration cost of the developers is moderate, the 

developer who has low integration capability may quit the market. Finally, when the developers’ 

margin integration cost is low and the platform’s margin development cost is high, the platform 

prefers to provide a lower investment in the technology. 
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Abstract 
 
As patching is one of the most effective ways to ensure the security of enterprise information 
systems, when and how to patch is a critical problem for IT managers. This paper proposes a 
dynamic patching policy to minimize the system total cost. Specifically, we formulate the patching 
problem as a Markov Decision Process (MDP) problem and obtain the optimal policy under finite 
and infinite time horizons. We compare our policy with benchmark policies experimentally and 
show that our dynamic patching policy significantly outperforms all benchmark policies under 
both finite and infinite time horizons. 
 
Keywords: Security patch management, Patching policy, Enterprise system, Markov Decision 
Process 
 
1. Introduction 
Security breaches are proven to be costly to businesses. Although up to 95% of security breaches 
could have been prevented if all systems were patched timely (Gerace and Cavusoglu 2009), 
patching is not a cost-free operation. Each patching operation incurs a series of costs, including 
costs of patch installation, testing, and disruptions to business operations, etc. Hence, IT managers 
need to make a tradeoff between the cost resulting from vulnerability exploitation and the cost of 
patching operation. Beres and Griffin (2012) apply cost and utility functions to determine the 
optimal timelines for patch deployment, but the study considers only disruption cost. Dey et al. 
(2015) propose a framework for comparing different cost-oriented patching policies, and propose 
a hybrid policy that integrates time-based and total-control policies. 
However, existing policies are static ones without considering the dynamic nature of the patching 
problem. Because the arrivals of patches and security threats are both stochastic, dynamic policies 
are more suitable than static ones in patching management. Hence, the present study proposes a 
dynamic patching policy based on MDP framework, which has been applied in some prior studies 
of information system (Saghafian et al. 2018; Qu and Jiang 2019). To the best of our knowledge, 
this is the first research that proposes a dynamic patching policy. 
2. Problem Formulation 
2.1 Patch Arrival, Exploitation Cost, and Patching Cost 
In line with prior work (Brykczynski and Small 2003; Dey et al. 2015), we make two assumptions:  
Assumption 1. The arrivals of security patches follow an independent Poisson process.  
Assumption 2. Different types of patches carry different severity levels, and the unit exploitation 
cost that can be prevented by a specific type of patch is fixed.  
We denote the number of patches of severity level j by 𝑃𝑎𝑡𝑐ℎ! 	(𝑗 = 1,2,3,⋯ , 𝐽), which follows 
a Poisson distribution with arrival rate 𝜆!. 
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We formulate the patching problem as a Markov decision process (Bellman 1957), with the system 
state defined as 𝑠 = (𝑃𝑎𝑡𝑐ℎ", 𝑃𝑎𝑡𝑐ℎ#, ⋯ , 𝑃𝑎𝑡𝑐ℎ$), 𝑃𝑎𝑡𝑐ℎ! ∈ 𝑁, and the system state space as 
𝑆 = ℕ$. 
We consider equal-distance (denoted by I) decision epochs. At decision epoch 𝑔, if patching is 
not performed, there is an expected vulnerability exploitation cost associated with the accumulated 
pending (not installed) patches. The current state exploitation cost caused by all patches in 𝑠% 
during the time interval immediately following epoch g, (𝑔𝐼, 𝑔𝐼 + 𝐼), can be written as: 

𝐶&;𝑠%< == 𝐼𝛼!𝑃𝑎𝑡𝑐ℎ%	
!

$

!("
(1) 

where 𝛼! is the exploitation cost caused by a patch of severity level j per unit time. Then, we can 
compare system states by their current state exploitation costs. We define 𝑠%" < 𝑠%# when and only 
when 𝐶&;𝑠%"< < 𝐶&;𝑠%#<, and 𝑠%" = 𝑠%# when and only when 𝐶&;𝑠%"< = 𝐶&;𝑠%#<, where 𝑠%", 𝑠%# ∈ 𝑆. 
Moreover, the patches arriving during interval (𝑔𝐼, 𝑔𝐼 + 𝐼) can also cause exploitation cost before 
decision epoch 𝑔 + 1. The expected interval exploitation cost can be simplified as: 

𝐸A𝐶(%,%+")
& B =

𝐼#

2 = 𝛼!𝜆!
$

!("
(2) 

On the other hand, if patching is performed at decision epoch g, a fixed patching cost 𝐶-./01 is 
incurred. Since all associated vulnerabilities are fixed after patching, the current state exploitation 
cost turns zero. At each decision epoch, the set of allowable actions under state 𝑠 is 𝐴2 = {0,1}, 
where 𝑎 = 0 means not to perform the patching operation and 𝑎 = 1 means to perform the 
operation. 
2.2 Finite State Space and State Transition 
Deriving the optimal patching policy with an infinite system state space is too complicated. 
Fortunately, we can show that the state space can be simplified by removing redundant system 
states. The optimal system total cost at decision point 𝑔 can be written as: 

𝑅%∗;𝑠%< = min
.!
K𝑎%𝐶-./01 + ;1 − 𝑎%<𝐶&;𝑠%< + 𝐸A𝑅%+"∗ ;𝑠%+"<BM + 𝐸A𝐶(%,%+")

& B (3) 
where 𝑎% denotes the action at decision point 𝑔 and 𝐸A𝑅%+"∗ ;𝑠%+"<B denotes the expected total 
optimal system cost at decision epoch 𝑔 + 1. Based on Eq. (3), we have two findings: 
Lemma 1. 𝑅%∗;𝑠%< is a non-decreasing function of 𝑠%. 
Lemma 2. Patching is always the optimal action when 𝐶&;𝑠%< > 𝐶-./01 at any decision epoch 𝑔. 
Lemma 2 indicates that we can limit our analysis to a finite state space, with the expected current 
state exploitation costs capped by the patching cost, to derive the optimal patching policy. Further, 
we can obtain an ordered finite system state space 𝑆 = (𝑠", 𝑠#, ⋯ , 𝑠4), where 𝑠" < 𝑠# < ⋯ < 𝑠4. 
With the finite system state space, we can derive all transition probabilities between system states. 
Let 𝑠(%,%+") = (𝑃𝑎𝑡𝑐ℎ(%,%+")" , 𝑃𝑎𝑡𝑐ℎ(%,%+")# , ⋯ , 𝑃𝑎𝑡𝑐ℎ(%,%+")

$ )  denotes the vector of different 
types of patches arriving during (𝑔𝐼, 𝑔𝐼 + 𝐼), then, based on Assumption 1, the probability of 
𝑠(%,%+") is 
𝑝;𝑠(%,%+")< = 𝑝;𝑃𝑎𝑡𝑐ℎ(%,%+")

" < ∗ 𝑝;𝑃𝑎𝑡𝑐ℎ(%,%+")
# < ∗ ⋯∗ 𝑝 Q𝑃𝑎𝑡𝑐ℎ(%,%+")

$ R	

						=
(𝜆"𝐼)

5./01(!,!$%)
%

𝑒67%8

𝑃𝑎𝑡𝑐ℎ(%,%+")
" !

∗
(𝜆#𝐼)

5./01(!,!$%)
'

𝑒67'8

𝑃𝑎𝑡𝑐ℎ(%,%+")
# !

∗ ⋯ ∗
;𝜆!𝐼<

5./01(!,!$%)
(

𝑒67(8

𝑃𝑎𝑡𝑐ℎ(%,%+")
! !

	(4) 

Then, the transition probability from 𝑠% to 𝑠%+" takes the form, 
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𝑝"𝑠!"#$𝑠!, 𝑎!' =

⎩
⎪⎪
⎨

⎪⎪
⎧(%!&)"#$%&'(!

!
∗⋯∗*%)&+

"#$%&'(!
)

∗,
*∑ ,-.

)
-/!

-./01'(!! !∗⋯∗-./01'(!
) !

,																																							𝑎! = 1

(%!&)
0"#$%&'(!

! *"#$%&'
!1∗⋯∗*%)&+

0"#$%&'(!
) *"#$%&'

) 1∗,
*∑ ,-.

)
-/!

3-./01'(!! 4-./01'!5!∗⋯∗3-./01'(!
) 4-./01'

)5!
,									𝑎! = 0	𝑎𝑛𝑑	∀𝑗 ∈ {1,2,⋯ , 𝐽}	𝑃𝑎𝑡𝑐ℎ!"#

6 ≥ 𝑃𝑎𝑡𝑐ℎ!
6 																	

0,																																																																																																								𝑎! = 0	𝑎𝑛𝑑	∃𝑗 ∈ {1,2,⋯ , 𝐽}	𝑃𝑎𝑡𝑐ℎ!"#
6 < 𝑃𝑎𝑡𝑐ℎ!

6

		(5) 

From Eq. (5), we can obtain the state transition probability matrix and 𝐸A𝑅%+"∗ ;𝑠%+"<B in Eq. (3): 

𝐸A𝑅%+"∗ ;𝑠%+"<B == 𝑝;𝑠%+"V𝑠%, 𝑎%<
2!$%∈:

𝑅%+"∗ ;𝑠%+"< (6) 

3. The Dynamic Patching Policy 
3.1 A Finite Time Horizon Case 
We define: 

Φ;𝑠%< = 𝐶&;𝑠%< += [𝑝;𝑠%+"V𝑠%, 𝑎% = 0<
2!$%∈:

− 𝑝;𝑠%+"V𝑠%, 𝑎% = 1<]𝑅%+"∗ ;𝑠%+"< (7) 

By considering the difference in expected total cost between no patching and patching, we find: 
Proposition 1. If 𝛷;𝑠%< ≥ 𝐶-./01 , the optimal action at decision epoch 𝑔  is to initiate the 
patching operation, and not to initiate otherwise. 
Based on Proposition 1, the optimal policy can be written as: 

𝑎% = 𝑑%;𝑠%< = _
1,					Φ;𝑠%< ≥ 𝐶-./01

0,					Φ;𝑠%< < 𝐶-./01
(8) 

In this policy, the current state exploitation cost and the expected future total cost are used for 
decision-making, which is extremely difficult, if not impossible, to implement in practice. Based 
on Eq. (7) and Eq. (8), we find: 
Lemma 3. 𝑑%(𝑠%) is a non-decreasing function of 𝑠% in the finite horizon case. 
Lemma 3 can help us derive a threshold-based decision rule: 
Proposition 2. At each decision point 𝑔, there is a threshold (𝜇%) such that it is optimal to initiate 
the patching operation if 𝐶&;𝑠%< ≥ 𝜇%, and not to initiate otherwise. 
Thus, we update the decision rule as: 

𝑎% = 𝑑%;𝑠%< = _
1,					𝐶&;𝑠%< ≥ 𝜇%
0,					𝐶&;𝑠%< < 𝜇%

(9) 

This new decision rule is much simpler to implement. To find the optimal threshold 𝜇 for every 
decision epoch, we use a backward induction search algorithm: 

 
3.2 An Infinite Time Horizon Case 
For an infinite Markov decision process, given a policy π, the current epoch cost can be written as:  

𝐶0&;𝑠%, 𝑎%< = 𝑎%𝐶-./01 + ;1 − 𝑎%<𝐶&;𝑠%< + 𝐸A𝐶(%,%+")
& B (10) 

For future epoch costs, let 𝛿  (0 ≤ 𝛿 < 1) denote the discount rate, then the expected total 

Input: 𝐶7./01, 𝑇, 𝐼, 𝜆6 , 𝛼6 , ordered state space S 
Output: 𝜇!, 𝑅!∗"𝑠!' 
Step 1: 𝑔 = 𝐺 

for 𝑠! in S: 
    𝑅!∗"𝑠!' = 𝑚𝑖𝑛L𝐶7./01, 𝐶,"𝑠!'M + 𝐸[𝐶(!&,9), ] 
    if 𝐶7./01 < 𝐶,"𝑠!' for the first time: 𝜇! = 𝐶,"𝑠!' end if 

end for 
Step 2: for 𝑔 = 𝐺 − 1 to 0: 

for 𝑠! in S: 
    𝑅!∗"𝑠!' = 𝑚𝑖𝑛L𝐶7./01 + 𝑅!"#∗ "𝑠(!,!"#)', 𝐶,"𝑠!' + 𝑅!"#∗ "𝑠(!,!"#) + 𝑠!'M + 𝐸[𝐶(!&,9), ] 
    if 𝐶7./01 + 𝑅!"#∗ "𝑠(!,!"#)' < 𝐶,"𝑠!' + 𝑅!"#∗ "𝑠(!,!"#) + 𝑠!' for the first time: 𝜇! = 𝐶,"𝑠!' end if 

end for 
end for 
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discounted cost is: 

𝑅;;𝑠%< = 𝐸 e= 𝛿∆%8𝐶0&;𝑠%+∆%, 𝑎%+∆%<
+=

∆%(>
|𝜋, 𝑠%h (11) 

where ∆𝑔 denotes the difference between the future epoch number and the current epoch number. 
First, we prove there is a unique optimal stationary policy in an infinite horizon case. The following 
formula shows that the expected total discounted cost at decision epoch g is bounded. 

𝑅;;𝑠%< ≤ 𝐸 e= 𝛿∆%8𝐶?.@0&
+=

∆%(>
|𝜋, 𝑠%h =

𝐶?.@0&

1 − 𝛿8
(12) 

The optimal action will always be to perform the patching operation once the current epoch cost 
without patching is greater than that with patching. Thus, 𝐶?.@0& = 𝐶-./01 + 𝐸A𝐶(%,%+")

& B. Then, 
we can show that the optimal patching policy is stationary. 
Lemma 4. The optimal patching policy in an infinite time horizon, if exists, is stationary. 
The total discounted cost for a stationary policy π can be written as: 

𝑅;(𝑠) = 𝐶0&;𝑠, 𝑑(𝑠)< + 𝛿8= 𝑝;𝑠AV𝑠, 𝑑(𝑠)<𝑅;(𝑠A)
2)∈:

(13) 

According to Puterman (2014), when the state space is discrete and the supremum of 𝑅;(𝑠) is 
attainable, there exists a unique optimal deterministic stationary policy. 
Proposition 3. There is a unique optimal deterministic stationary patching policy under an infinite 
time horizon. 
Thus, the decision rules at different decision epochs are the same. We next compute the expected 
total discounted cost for all possible system states to derive the optimal patching policy. With all 
possible states considered, the total discounted cost function can be vectorized as: 

j
𝑅;(𝑠")
⋮

𝑅;(𝑠4)
l = j

𝐶"0&
⋮
𝐶40&

l + 𝛿8 j
𝑃"" ⋯ 𝑃"4
⋮ ⋱ ⋮
𝑃4" ⋯ 𝑃44

l j
𝑅;(𝑠")
⋮

𝑅;(𝑠4)
l (14) 

and simplified as:	𝑹; = 𝑪𝒄𝒆 + 𝛿8𝑷𝑹;. Then, given a patching policy π, we can use linear algebra 
to derive the expected total discounted cost: 𝑹; = (1 − 𝛿8𝑷)6"𝑪𝒄𝒆. 
Similar to the finite time horizon case, we can compare the costs of different actions to obtain the 
policy that minimizes the total cost. The expected total discounted costs of different actions are: 

𝑅(s, a = 1) = 𝐶-./01 + 𝛿8= 𝑝(𝑠A|𝑠, 𝑎 = 1)𝑅(𝑠A)
2)∈:

+ 𝐸A𝐶(>,8)
& B (15) 

𝑅(s, a = 0) = 𝐶&(𝑠) + 𝛿8= 𝑝(𝑠A|𝑠, 𝑎 = 0)𝑅(𝑠A)
2)∈:

+ 𝐸A𝐶(>,8)
& B (16) 

The optimal stationary policy 𝜋∗ should always select the action that leads to a smaller cost. 

𝑎∗ = 𝑑∗(𝑠) = t1, 𝑅(𝑠, 𝑎 = 0) − 𝑅(𝑠, 𝑎 = 1) ≥ 0	
0, 𝑅(𝑠, 𝑎 = 0) − 𝑅(𝑠, 𝑎 = 1) < 0 (17) 

Lemma 5. 𝑑∗(𝑠) is a non-decreasing function of s. 
Proposition 4. Under an infinite horizon, there is a threshold (𝜇∗) such that, at any decision epoch, 
it is optimal to perform the patching operation if 𝐶&(𝑠) ≥ 𝜇∗, and not to perform otherwise. 
Proposition 4 implies an optimal decision rule in the form of: 

𝑎∗ = 𝑑∗(𝑠) = t1, 𝐶&(𝑠) ≥ 𝜇∗	
0, 𝐶&(𝑠) < 𝜇∗ (18) 

Unlike the finite time horizon case, under an infinite time horizon, only with a given patching 
policy can we calculate the total discounted cost and determine whether the given policy is the 
optimal one. Hence, we propose a new search algorithm that differs from the algorithm under a 
finite horizon. 
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4. Policy Comparison 
There are a few patching policies that have been proposed in prior studies on security patch 
management. Based on Dey et al. (2015), we compare our dynamic patching policy (DPP) with 
time-based policy (TBP), total-control policy (TCP), and hybrid policy (HP). Under TCP and HP, 
the patching operation is not planned, there is a business disruption cost, denoted by 𝐶D. 
4.1 Finite Time Horizon 
In our simulation experiment, we consider two types of patches and set the parameters at 𝜆" = 0.3, 
𝜆# = 0.1, 𝛼" = 30, 𝛼# = 60, 𝐶-./01 = 1000, and 𝐶D = 300. Given these parameters, for the 
TBP, the optimal period needs to be calculated (Dey et al. 2015). And, for our dynamic patching 
policy, we set the time interval between two adjacent decision points as 𝐼∗ = 1, which means that 
checking the system state every day (e.g., checking at every midnight). 

   
Figure 1. Policies Comparison with Varying Time Horizons    Figure 2. Policies Comparison with Varying Disruption Costs 

In the first experiment, we vary the time horizon from one year to five years. Figure 1 shows that 
the dynamic patching policy leads to a significantly lower total system cost than other policies. 
Compared to TBP, our policy can consistently reduce the costs by around 11%. Compared to TCP 
and HP, our policy can consistently reduce the costs by about 13%. In the second experiment, we 
set patching cost at 1000, time horizon at 5 years, and disruption cost is varied from 0 to 1000. 
From figure 2, we observe that, only when the business disruption cost is zero, the costs associated 
with TCP and HP are slightly lower than DPP. But finding an enterprise system that has no 
disruption cost is very difficult, if not impossible. Therefore, we conclude that our policy is 
superior to other policies. 
4.2 Infinite Time Horizon 
Under TBP and DPP, the optimal threshold is not affected by the time horizon. Further, they are 
stationary in an infinite time horizon. Therefore, we can compare the two policies in a truncated 
finite time. 
In the simulation experiment, we set the discount factor 𝛿 = 0.999 and other parameters are same 
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Input: 𝐶7./01, 𝐼, 𝜆6 , 𝛼6 , 𝛿, ordered state space S 
Output: the optimal threshold 𝜇∗ 
Step 0: 𝑎 = 0, 𝑏 = 𝐶7./01 
Step 1: 𝜇 = (𝑎 + 𝑏)/2 
Step 2: the policy 𝜋 is: 

if 𝐶,(𝑠) > 𝜇: initiate the patching operation 
else: not initiate the patching operation 
end if 

Step 3: 𝑹: = (1 − 𝛿&𝑷)4#𝑪𝒄𝒆 
Step 4: if 𝐶,(𝑠) − 𝜇 has the same sign with 𝐶,(𝑠) + 𝐸]𝑅:"𝑠 + 𝑠(!,!"#)'^ − 𝐶7./01 − 𝐸]𝑅:"𝑠(!,!"#)'^ for all s in S: 𝜇∗ = 𝜇 
       elif 𝐶,(𝑠) − 𝜇 > 0 and𝐶,(𝑠) + 𝐸]𝑅:"𝑠 + 𝑠(!,!"#)'^ − 𝐶7./01 − 𝐸]𝑅:"𝑠(!,!"#)'^ < 0: 𝑎 = 𝜇, 𝑏 = 𝑏, go to step 1 
       elif 𝐶,(𝑠) − 𝜇 < 0 and𝐶,(𝑠) + 𝐸]𝑅:"𝑠 + 𝑠(!,!"#)'^ − 𝐶7./01 − 𝐸]𝑅:"𝑠(!,!"#)'^ > 0: 𝑎 = 𝑎, 𝑏 = 𝜇, go to step 1 
       end if 

163



as those in the finite horizon case. We run the simulation under one- to ten-year time horizons. 
Figure 3 shows that regardless of how long the system runs, the total system cost caused by our 
policy remains approximately 7.5% lower than that of TBP. 

 
Figure 3. Stationary Policies Comparison with Varying Truncated Time Horizons 

5. Conclusion 
In this study, we propose a dynamic patching policy (DPP) for enterprise information systems and 
compare it with benchmark policies. Results show that the DPP is always superior to benchmark 
policies under both finite and infinite time horizons. This study makes several unique contributions. 
First, to the best of our knowledge, this is the first study to propose a dynamic patching policy on 
security patch management. Second, we consider both finite and infinite time horizons, while prior 
studies consider a finite time horizon only. Third, this research contributes to the application of 
MDP methods in the field of information systems. Practically, the proposed policy can better 
support patching decision-making and help enterprises achieve lower costs. 
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Abstract 
 

Some digital platforms introduced a novel rating system, which framed the attribute 

with positive words for consumers to provide attribute ratings. Building on the attribute 

framing theory, we investigated the effect of positively framing on the attribute 

evaluation by observing three natural experiments across four Chinese hotel websites. 

We found that labeling the attribute with positive words will increase the attribute 

ratings. Then we explored the mechanism by text mining. We found that the word count 

of positive words about the attribute in the text reviews mediated the relationship 

between labeling attribute with positive words and attribute evaluation, which 

demonstrated that labeling positive words in the attribute description will evoke 

favorable associations in memory about the attribute, thus increase the attribute ratings. 

 

Keywords: Rating System Design, Attribute Ratings, Attribute Framing, Valence-

consistent Shift 

 

 

1. Background 
Nowadays, electronic word-of-mouth (eWOM) is increasingly important both for 

consumers and companies (Feng and Li et al. 2019). As such, many companies take 

various tactics to improve their eWOM. In recent years, an increasingly popular way to 

improve eWOM is through rating system design (e.g. Liu and Karahanna,2017). For 

example, a multi-dimensional rating system, which allows consumers to provide an 

overall rating and several attribute ratings, has proved its value in improving the overall 

rating of the product (Chen and Hong et al., 2018). However, to the best of our 

knowledge, researches on rating system design in academia are relatively limited till 

now, but industry practice has already begun. 

 

An interesting innovation is that many websites, like Airbnb in China, framed the 

attribute ratings with positive words in the multi-dimensional rating system. For 

example, for the service attribute of the hotel, these platforms framed service as “perfect 

service” or “warm service” for consumers to rate. Compared with traditional 

descriptions just shown as “service”, adding positive words like “perfect” or “warm” 

may influence the attribute evaluation due to the attribute framing theory. 

 

Many extant works have demonstrated the valence-consistent shift effect of attribute 

framing, indicating consumers will rate a product more favorably when described 

positively than when described negatively (Levin and Gaeth et al., 1998). Studies also 

found that the valence-consistent shift effect also exists for the post-consumption 

evaluation (Levin and Gaeth, 1988). However, although ample pieces of evidence have 
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demonstrated the relationship between attribute framing and product evaluation, to our 

knowledge, few companies utilize this causal relationship in the rating system to 

enhance their eWOM. Therefore, in this paper, we are going to investigate the following 

research question: how the attribute description labeled with positive words affect the 

attribute rating? 

 

2. Theory and Hypothesis 

People’s judgment and decision-making are influenced by the framing effect. Such 

effects occur when logically or semantically equivalent descriptions lead to different 

responses. Attribute rating is the simplest type of framing because it just needs to frame 

a single attribute within any given context. To be specific, a single attribute is framed 

either positively or negatively could influence the evaluation. Plenty of researches 

across various domains have demonstrated a valence-consistent shift effect, which 

means that products framed with positively valenced attributes are rated more favorably 

than the same product framed with negatively valenced attributes, even though the two 

alternatives are identical (Levin and Gaeth et al., 1998). For example, Levin and Gaeth 

(1988) showed that perceptions of the quality of ground beef are better when the beef 

is labeled as “75% lean” than labeled as “25% fat”. Levin and Gaeth et al. (1998) also 

investigated the mechanism of valence-consistent shift effect by experiment and they 

found that positively (negatively) framed attribute will make subject encode the 

information that tends to evoke favorable (unfavorable) associations in memory and 

thus influence the quality judgment. The valence-consistent shift effect is also robust 

and reliable in both the evaluation before the consumption and after the consumption. 

For example, consumers rate favorably for the quality of beef labeled as “75% lean” 

than the same beef labeled as “25% fat” even after tasting the beef. In our research 

context, the online rating is provided after consumption. The attributes described with 

positive words (e.g. warm service) are more like the positively framing, which the 

traditional way is the neutral framing (e.g. service). In the experiments to demonstrate 

the valence-consistent shift effect, a neutral group (e.g. without framing or fixed 

framing) often introduced as the control group, and the evaluation in the neutral group 

often falls after the positively framed group and before the negatively framed group 

(Kuvaas and Selart, 2004). Thus, we can predict that the valence-consistent shift also 

exists in our research context. To be specific, the attributes described with positive 

words will evoke associations with more positive memories of the consumption 

experience (Levin and Gaeth et al., 1998), thus lead to a more favorable eWOM. 

Formally, we propose the following hypotheses: 

 

H1: Labelling the attribute description with positive words will increase the attribute 

ratings. 

 

3. Evidence from Qunar.com and Figgy.com 
3.1 Data variables, and model 

As shown in Figure 1, some hotels in Qunar.com first used attribute ratings named 

“service”, “location”, “cleanliness”, and “amenity” from October 2016 to June 2017, 

then changed the attribute rating framing into “perfect service”, “excellent location”, 
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“hearty breakfast”, and “feeling of rooms” until June 2018. After that, it returns to 

“service”, “location”, “breakfast”, and “amenity” since our data collection date, 

September 2019. We focus on “service” and “location” because our unique dataset 

constitutes an “A-B-A” longitudinal, quasi-experimental natural experiment, which is 

helpful for us to investigate causality between system design with positive words and 

attribute ratings. As far as we know, the “A-B-A” design is widely used in medical and 

psychological research, and some marketing research also uses a similar design (Chen 

and Wang et al., 2011). To rule out the confounding factors like the seasonal and yearly 

demand and supply shock on hotels rating, we collected individual rating data on 

Figgy.com as a control group, which had no positive words in the rating system, and 

shares 8 the same hotels with Qunar.com that we observed A-B-A design, thus it allows 

us to employ a DID model to further identify the causal relationship between rating 

system framing with positive words and final attribute ratings. 

 

To explore causal relationship, we use the following equation: 

𝐴𝑅𝑖|𝑗 = 𝛽1𝑏𝑒𝑓𝑜𝑟𝑒 + 𝛽2𝑎𝑓𝑡𝑒𝑟 + 𝛽3𝐴𝐴𝑔𝑔𝑅𝑖|𝑗 + 𝛼𝑖 + 𝜀                     (1) 

  

𝐴𝑅𝑖|𝑗 = 𝛽1𝑡𝑟𝑒𝑎𝑡 + 𝛽2𝑖𝑛𝑡𝑟𝑜 + 𝛽3𝑡𝑟𝑒𝑎𝑡𝑖𝑛𝑡𝑟𝑜 + 𝛽4𝐴𝐴𝑔𝑔𝑅𝑖|𝑗 + 𝛼𝑖 + 𝜀          (2)                                                                                    

 

𝐴𝑅𝑖|𝑗 = 𝛽1𝑡𝑟𝑒𝑎𝑡 + 𝛽2𝑟𝑒𝑚𝑜𝑣𝑎𝑙 + 𝛽3𝑡𝑟𝑒𝑎𝑡𝑟𝑒𝑚𝑜𝑣𝑎𝑙 + 𝛽4𝐴𝐴𝑔𝑔𝑅𝑖|𝑗 + 𝛼𝑖 + 𝜀    (3)      

 

In equation (1), we choose the ratings in the middle of rating system design as baseline, 

and 𝑏𝑒𝑓𝑜𝑟𝑒 and 𝑎𝑓𝑡𝑒𝑟 are binary variable, which equal to 1 if the rating is produced 

before the rating system design and after the removal of the rating system design 

respectively. In equations (2) and (3), 𝑡𝑟𝑒𝑎𝑡 indicates the treatment group and control 

group, and it represents Qunar.com when 𝑡𝑟𝑒𝑎𝑡 equals to 1. 𝑖𝑛𝑡𝑟𝑜 is a binary variable 

which is equal to 1 after positive words framing implemented and 0 before the period. 

Similarly, 𝑟𝑒𝑚𝑜𝑣𝑒𝑙 is also a binary variable, which equals to 1 when the positive 

words framing is removed and 0 when the positive words framing implemented. 𝐴𝑅𝑖𝑗 

denotes the aggerated average attribute rating (service or location) of hotel   i  in 

platform  j .  𝐴𝐴𝑔𝑔𝑅𝑖𝑗  is control variable, representing the average attribute ratings 

before the current review arrive. 𝛼𝑖 capture fixed effects of hotels. 
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Figure 1 Rating system in Qunar.com (blue circles) and Figgy.com (orange stars) 

3.2 Results 

The A-B-A design shows that compared with attribute ratings before system change, 

the ratings of service and location all increase [(β = 0.343, p=0.014), (β = 0.302, p 

=0.015)]. After removal of positive words, the ratings of service and location dropped 

significantly [(β = 0.0749, p = 0.071), (β = 0.106, p = 0.009)]. Thus, we confirmed H1.  

 

Then we report the results of our DID estimations in the Table 1. As predicted, in the 

equation (3), 𝛽3 is significantly positive [(𝛽3 = 0.262, p= 0.091), (𝛽3 = 0.249, p = 

0.060)], indicating that consumers are more likely to submit a higher location and 

service ratings under rating system framed with positive words. Similarly, the 𝛽3 in 

the equation (3) is negative, but only statistically significant for location (𝛽3 =-0.103, 

p=0.089) not for service (𝛽3=-0.056, p=0.359), indicating the attribute ratings drop 

when the rating system framed with positive words is removed. Our results supported 

H1.  

Table 1 Effect of framing with positive words on attribute ratings 

variables service location service location 

treat  
-.245413 -.243398* .009547 -.006665 

(.150989) (.126326) (.049455) (.04516) 

intro  
.026893 .046671 

  

(.072017) (.05898) 
  

removal  

  
.005284 .009727 

  
(.048326) (.044052) 

treatintro  
.262742* .248513* 

  

(.155549) (.132271) 
  

treatremoval  

  
-.055911 -.102958* 

  
(.065742) (.060482) 

serviceaggrating  
-.031461 

 
-.384818*** 

 

(.13746) 
 

(.144124) 
 

locationaggrating  

 
-.044866 

 
-.282817* 

 
(.128737) 

 
(.159062) 

_cons  
4.60473*** 4.61194*** 6.07605*** 5.65642*** 

(.578921) (.531859) (.630652) (.68618) 

Hotel fixed 

effect 

YES YES YES YES 

N 1615 1615 3048 3048 

r2 .029949 .029325 .032354 .034449 

r2_a .023293 .022664 .028848 .030951 

F 3.25838 3.52319 6.48847 7.06276 

Robust standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01 

 

4. Evidence from Bthhotel.com and Ctrip.com 
4.1 Data variables, and model 

In this study, we are going to provide further evidence of the effect of rating system 

framed with positive words on the attribute ratings by a cross-platform quasi-

experiment. As shown in Figure 2, we observe two hotel websites, one of which has a 

positive emotion word design (bthhotels.com) and the other has no such design 

(Ctrip.com). Those two websites share same attributes in the rating system. 

168



 

 
Figure. 2 rating system of bthhotels.com (red bar) and Ctrip.com (blue bar) 

 

We collected data of all the hotels in Beijing shared by those two websites on April 1st. 

Our final dataset consists of 241 hotels. For each hotel, we collected the aggregate 

average attribute ratings of the attribute ratings and the rating numbers. We control the 

rating numbers. And we also control hotel fixed effects for pairwise comparison: 

𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑟𝑎𝑡𝑖𝑛𝑔𝑖|𝑘 = 𝛽1𝑡𝑟𝑒𝑎𝑡 + 𝛽2𝑟𝑒𝑣𝑖𝑒𝑤𝑛𝑢𝑚𝑖|𝑘 + 𝛼𝑖 + 𝜀              (4) 

where i  indexes the hotel and k  denotes each website.  𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑟𝑎𝑡𝑖𝑛𝑔𝑖|𝑘  and 

𝑟𝑒𝑣𝑖𝑒𝑤𝑛𝑢𝑚𝑖|𝑘is the attribute ratings and the log transform of rating number of f hotel 

i on website  k respectively. And 𝛼𝑖 denotes a hotel fixed effect. 𝑡𝑟𝑒𝑎𝑡 is a binary 

variable which equals to 1 if the website has positive words design, thus 𝛽1 captures 

the treatment effect of framing with positive words.  

 

4.2 Results 

As shown in Table 2, the coefficient of 𝑡𝑟𝑒𝑎𝑡 is positive across all four attribute ratings 

[environment (β = 0.457, p = 0.000), cleanliness (β = 0.384, p= 0.000), service (β = 

0.380, p = 0.000) and amenity (β = 0.498, p =0.000)], indicating that attribute ratings 

framed with positive words are higher than those without positive words. Thus, we 

confirm H1 again.  

 

Table 2 Effect of framing with positive words on aggregated average attribute ratings 

variables environment cleanliness service amenity 

treat 
.456588*** .384387*** .379534*** .498448*** 

(.021832) (.020729) (.020003) (.024399) 

reviewnum 
.089719*** .072235** .061091* .080941** 

(.024905) (.023854) (.026079) (.027016) 

_cons 4.0166*** 4.17062*** 4.24821*** 4.00487*** 

 (.196762) (.174372) (.188605) (.199497) 

hotel fixed effect YES YES YES YES 

N 482 482 482 482 

r2 .772828 .775955 .757408 .804953 

r2_a .542805 .549098 .511772 .607458 

F 332.492 1094.24 656.232 215.833 

Robust standard errors in parentheses; *p < 0.05, **p < 0.01, ***p < 0.001 
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Study2 has more than 290, 000 online reviews, which may help us to investigate the 

mechanism. To be specific, the large amount data makes it possible to find out whether 

the positively framing evokes consumer to memorize the positive aspects of the 

attribute by text mining. We first construct dictionary of positive words that used to 

compliment the hotel by a survey conducted on Credamo.com. Then we count how 

many words are mentioned in the text. Then we calculate the average positive words 

about those four attributes. At last, a bootstrapping technique with 95% confidence 

intervals and 1000 samples was used to test for mediation (Hayes 2013, model 4). 

Results revealed significant indirect effects of positively labeling on environment, 

cleanliness and amenities rating valence through evoking favorable associations in 

memory about the attribute (b=0.0339, [LLCI:0.0111,ULCI:0.0634; 

b=0.2532,[LLCI:0.1562,ULCI:0.3664); b=0.1391,[LLCI:0.0641,ULCI:0.2143], whereas its 

mediating role on services is marginal (b=0.0248,[LLCI:-0.0225,ULCI:0.0680]). 

 

5. Discussion and Conclusion 

The results of three natural experiments show that the attribute ratings framed with 

(versus without) positive words are more positive. This effect is driven by attribute 

framing theory. Specifically, the labeling attributes with positive words evoke favorable 

associations in memory about the attribute and thus induce valence-consistent shift.  

 

The present work contributes to the IS literature about rating system design by applying 

psychology theory (i.g. attribute framing) to influence product evaluation. The findings 

of our study also carry important implications for both companies and consumers. For 

companies, positively attribute framing in the rating system is a good way to boost 

positive eWOM communication. For consumers, our work helps consumers to better 

understand the eWOM under rating systems framed with positive emotion words. With 

that knowledge, consumers would not be misguided by the upward biased rating caused 

by this design and thus make a better purchase decision. 

 

References 

1. Chen Y, Wang Q, Xie J. 2011. “Online Social Interactions: A Natural Experiment 

on Word of Mouth Versus Observational Learning,”. Journal of Marketing 

Research, (48:2), pp 238-254.  

2. Chen, P., Hong, Y., and Liu, Y. 2018. "The Value of Multidimensional Rating 

Systems: Evidence from a Natural Experiment and Randomized Experiments," 

Management Science (64:10), pp 4629-4647. 

3. Feng, J., Li, X., and Zhang, X.M. 2019. "Online Product Reviews-Triggered 

Dynamic Pricing: Theory and Evidence," Information Systems Research (30:4), pp 

1107-1123. 

4. Kuvaas B, Selart M. 2004. “Effects of Attribute Framing on Cognitive Processing 

and Evaluation,” Organizational Behavior and Human Decision Processes, (95:2), 

pp 198-207. 

5. Levin I P, Gaeth G J. 1988. “How Consumers are Affected by the Framing of 

Attribute Information before and after Consuming the Product,” Journal of 

Consumer Research, (15:3), pp 374-378. 

170



6. Levin I P, Schneider S L, Gaeth G J. 1998. "All Frames are not Created Equal: A 

Typology and Critical Analysis of Framing Effects," Organizational Behavior and 

Human Decision Processes (76:2), pp 149-188. 

7. Liu, Q.B., and Karahanna, E. 2017. "The Dark Side of Reviews: The Swaying 

Effects of Online Product Reviews on Attribute Preference Construction," MIS 

Quarterly (41:2), pp 427-448. 

171



Trusting AI in Autonomous Driving Vehicles 
  

Ru Lian 
Missouri University 

of Science and 
Technology 

rlnbw@mst.edu 

Keng Siau 
City University of 

Hong Kong 
klsiau@cityu.edu.hk 

 

 
 

Abstract 
 
Autonomous driving vehicles are no longer sci-fi and will soon be part of our daily lives. Trust in 
self-driving technology will impact the adoption and utilization of autonomous driving 
technology. In this research, we use a qualitative research methodology, Value-Focused 
Thinking, to identify the values of trust in autonomous driving vehicles and analyze the 
relationship between these values. The results of this research will contribute to both the 
theoretical and practical aspects of trusting AI in autonomous driving vehicles. 
 
Keywords: Artificial Intelligence, Autonomous driving vehicles, Trust, Value-Focused 
Thinking 
 
1. Introduction 
Artificial intelligence (AI) technology is advancing rapidly and many AI applications are already 
part of our daily lives (Siau, 2018). AI applications have appeared in many areas, such as 
financial forecasting, retailing, and medical diagnosis. Nonetheless, the postal child of AI 
success is autonomous driving vehicles (Hyder, Siau, & Nah, 2019). Autonomous driving 
technology is standing at the front end of the scientific and technological stage, attracting 
worldwide attention and charming investors and major companies. Humans, however, are less 
forgiving towards mistakes made by autonomous driving vehicles compared to errors committed 
by human drivers. The adoption and popularization of autonomous driving vehicles depend 
heavily on trusting the AI. Therefore, it is essential to identify and learn the values of trust in AI 
in autonomous driving vehicles.  
 
In this paper, we study the value of trust in AI by identifying the fundamental and means values 
of trust in AI that the customers care about in autonomous driving. We use the Value-Focused 
Thinking (Keeney, 1996) method to identify the values of trust in AI and study the relationship 
between these values. A means-ends objective network is one of the main outputs of this study. 
This research complements the theory and conceptual models related to trust in AI. A better 
understanding of trust in autonomous driving vehicles will help to advance the acceptance of 
autonomous driving technology. 
 
2. Literature Review 
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2.1 Importance of Value 
Value is the goal and guiding principle of our life (Posner & Munson, 1979). Values guide our 
family life and social life and determine our attitudes, beliefs, and behaviors (Erdem, Oumlil, & 
Tuncalp, 1999). Our values specify what we care about in a decision context and indicate what 
are the better means to achieve the ends in a context. Thus, it is important to understand the 
values in a specific context -- what is important to people and what people want (Posner, & 
Munson, 1979). Identifying values and understanding the values can help people make better 
decisions and choices.  
 
2.2 Trust in AI 
AI is a machine built by human beings that can perform many tasks requiring the human level of 
intelligence (Wang & Siau, 2019). Currently, AI can be interpretable or uninterpretable. 
Interpretable AI is based on logic and rules, such as expert systems. Uninterpretable AI is still 
largely a black box and it is typically trained using examples and data (Rossi, 2019). For AI, as 
the future core technology, building trust in this technology is a long-term task (Siau & Wang, 
2020). The benefits and threats from AI have been widely discussed. Questions have been raised 
on whether human beings would be safer with or without AI. Elon Musk has equated developing 
AI to summoning the demon! 
 
2.3 Trust in Autonomous Driving Technology 
Autonomous driving vehicles are currently one of the technologies in the field of transportation 
that is of most concerned to the public (Beiker, 2012). The research by Hengstler, Enkel, and 
Duelli (2016) studies the trust of the system in developing artificial intelligence applications. 
They regard trust as a separate structure and elaborate on the driving mechanism of establishing 
technical trust and communication trust. Different customers may have different ideas and 
expectations when face with trusting AI products. Research in this area is limited and this 
research helps to fill the void.  
 
3. Research Methodology  
 
3.1 Means-ends Chain Theory 
The Means-Ends Chain Theory (MEC) is the foundation of understanding Value-Focused 
Thinking (VFT). It describes the primary objectives and means objectives, and the relationships 
between the objectives. The Means-Ends Chain Theory (MEC) identifies the linkages between 
the attributes that exist in products, the consequences to the consumers due to the attributes, and 
the personal values that the consequences reinforce (Gutman, 1997). The means-ends objective 
network derived from this research can provide meaningful guidance for researchers and 
practitioners to understand the values of trust in AI for autonomous driving vehicles. 
 
3.2 Value-Focused Thinking Approach 
In Value-Focused Thinking (VFT), values are what we care about and values are principles used 
for evaluation (Keeney, 1996). Values are used to evaluate the actual or potential consequences 
of action and inaction of proposed alternatives and decisions. VFT used in this research can help 
to discover hidden objectives and make information collection more effective (Keeney, 1994). 
The systematic approach of VFT improves the reliability and validity of the data and results. The 
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VFT approach has been applied to various disciplines and fields (e.g., Nah et al., 2005; Sheng et 
al., 2005; 2010). The VFT process includes the following steps (as shown in Figure 1): 

 
Figure 1 Process of Value-Focused Thinking approach 

We interviewed each subject individually and asked the subject the values that he or she believes 
would affect trust in AI in autonomous driving technology. Prompting questions used in the 
interview include: 
1. What are the benefits of trusting AI in autonomous driving? 
2. What problems or concerns can arise in trusting AI in autonomous vehicles? 
3. What are the important factors that affect the trust of AI in autonomous driving? 
4. If there is no limitation at all, what are the features or functions you wish to have in 
autonomous vehicles for you to trust the AI? 
 
3.3 Subjects 
Fifty subjects were interviewed. Demographic information is summarized in Table 1. Since our 
research focuses on the value of trust in AI in autonomous driving technology, the participants 
we recruited have at least heard of AI and autonomous driving technology, and a small number 
of people had experience in driving autonomous driving vehicles. We also introduced the 
definitions of AI and autonomous driving technology to the participants before the interviews 
began so that the subjects could have a general understanding of this field. The saturation point 
was reached around the 30th subject. 

 
Table 1 Summary of Demographic Information of Subjects 

 
Age  Education 

18-24 24% Bachelor’s degree 52% 
25-34 66% Master’s degree 42% 
35-44 8% Professional degree 2% 
45-54 2% Doctorate or higher 4% 

 
Annual income  Own a driver license 

Less than $24,999 66% <1 year 54% 
$25,000 - $49,999 12% 1-3 years 33% 
$50,000 - $74,999 14% 3-6 years 10% 

$75,000 and above 8% 6-10 years 6% 
>10 years 8% 
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Each interview proceeded until the subject has exhausted his/her list of values. Each interview 
lasted about 20 to 30 minutes, and the researcher made audio recordings and notes during each 
interview. 
 
4. Research Results 
The researchers derived the means and ends objectives from the transcripts of each interview and 
transformed the values from the notes into a common form. The researchers carefully examined 
the list of objectives, removed repetitive objectives, and merged similar objectives. Six 
fundamental objectives (as shown in Table 2) and 21 means objectives are obtained. The 
means-ends objectives network is created according to the list of 27 individual objectives and the 
relationships between them. The six fundamental objectives represent the essential values of trust 
in AI in autonomous driving vehicles from the consumers' perspectives. These objectives are the 
fundamental reasons that motivate customers to trust AI in autonomous driving vehicles. 

 
Table 2 Fundamental Objectives 

Fundamental objectives Evidence from interviews 
Minimize operating cost  Companies can reduce manufacturing costs 

 I am willing to trust it if it can reduce operating costs, 
including the cost of human resources and material resources 

Maximize technology 
improvement 

 I think the premise of believing in autonomous driving 
technology is that this technology is becoming more and more 
mature 
 Producers should focus on developing this technology in 
order to make more consumers trust the technology 

Maximize route efficiency  It can help me save a lot of time on the road 
 It can make my life more efficient 

Maximize familiarity with 
autonomous driving 
vehicles 

 I want to know how the self-driving car works so that I can 
fully trust it 
 Nowadays, autonomous driving technology is not common 
enough, and producers should advertise this technology to 
customers more 

Maximize route accuracy  It can improve the effectiveness of driving 
 It can help me drive better 

Maximize safety  As long as the self-driving car can ensure human safety, I am 
willing to try this technology 
 If autonomous driving cannot guarantee a safe driving 
environment, human beings will not fully trust this technology 

 
5. Conclusions and Contributions  
This research identifies the fundamental values of trust in AI that the customers care about in 
autonomous driving. At the theoretical level, this paper provides a means-ends structure about 
the values of trust in AI in autonomous driving vehicles. For practitioners, the results of this 
study will provide suggestions to alleviate the AI trust issue, which will lead to better acceptance 
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of autonomous driving technology and help to prepare the public for the eventual widespread use 
of autonomous driving vehicles. 
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Abstract 
Student depression is a frequent and severe mental disorder among college students, during the 

pandemic of COVID-19 especially. Depression affects students’ normal school life and may lead 

to extreme behaviors such as suicide and homicide. Depression detection has been widely 

investigated in clinic trials, but less studied in the field of IS in healthcare, especially on the 

topic of automatic depression detection. However, methods (e.g., lab tests) used in clinic trials 

are cost-intensive. Automatic depression detection models are promising and effective in 

reducing the costs. However, the main current related studies have low generalizability while 

having some flaws such as privacy intrusive of mobile sensor data, delayed detection using 

social media data. Cooperating with a large public Chinese University, we collect all of 

students’ on-campus online and offline behavioral data and depression levels. Based on that, we 

design an attention based bi-LSTM model to automatically detect students’ depression in 

real-time.  

 

Keywords: Bi-LSTM, student depression detection, real-time, online and offline behaviors 

 

1. Introduction 
Student mental depression (major depressive disorder or clinical depression) is a frequent and 

severe mental disorder that affects how students feel, think, and handle daily activities. Such 

mental health problem not only transforms students’ academic performance but also damages 

their mental conditions, which may lead to impulsive acts, such as suicide. Unfortunately, the 

mental health crisis has been intensified recently after the breakout of COVID-19 (Brown and 

Kafka 2020; Zhai and Du 2020), let alone during the time when students are living with the 

uncertainty of consequent global economy recession and job market collapse (Dadayan and 

Charleston 2020). Besides, students with moderate and severe depression have found to 

underperform in their academic achievements (Fiorilli et al. 2017). Furthermore, students with 

depressed emotions and suicidal intentions, in many cases, if self-diagnosed, are reluctant to seek 

professional consultants or clinical treatment in person even when their privacy is acknowledged 

to be assuredly protected (Drum et al. 2009). However, automatic depression detection and 

timely follow-up professional counseling can help manage students’ depression status. Therefore, 

we notice that it is critical to design a machine learning approach that would automatically detect 

students’ depression status in real-time.  

 

Our proposed study is grounded in theories and literature on identifying depression warning 

signs or symptoms and detecting depression automatically. The first stream focuses on 

depression behavioral research that investigates clues revealing depression, such as a higher level 

of neuroticism, hopelessness, aggression, or a lower level of extraversion, agreeableness, and 

conscientiousness (Farabaugh et al. 2012; Wiersma et al. 2011). The second stream discusses 

automatic depression detections by building detection algorithms with depression counseling 
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data (e.g., recorded audio, video, dialogue texts, etc.) or patients’ online social media data (e.g., 

tweet posts, mobile engagement, etc.) (Gong and Poellabauer 2017). We identify two main 

challenges in this field. First, it is time-consuming and cost-intensive to recall large groups of 

students to attend depression detection experiments and intervene in those who are depressed. 

Second, previous studies on automatic models lack the flexibility to real-time depression 

detection using time-sequential data (e.g., students’ online and offline behaviors), revealing the 

time variation of the depression status.  

 

To close the research gaps described above, we collaborate with a large public university in 

China, where most students study and live on campus, and propose an Attention-based 

Bidirectional Long Short-Term Memory (ATTEN-Bi-LSTM) model using bi-weekly  

depression labels and students’ online and offline behaviors to train the model and then predict 

students’ depression levels in real-time settings automatically using the trained model. On the 

one hand, the proposed model considers the time change of students’ depression by using 

time-sequential data. On the other hand, students’ daily routines, including online behaviors (e.g., 

online searching, chatting, streaming, exercising, etc.) and offline behaviors (e.g., library 

studying, gym exercising, etc.), capturing most of students’ campus behaviors and depression 

sources or symptoms, are also taken into account in training the proposed model. 

 

This study focuses on predicting depression levels of college students, whose online traffic is 

legally and routinely collected by the IT departments of colleges. The unique settings of higher 

education institutions in China, with a requirement for students to live on campus, offer us an 

ideal opportunity to detect their potential depression levels based on their in-school behaviors. 

To collect the depression-level training labels, we conduct a periodical mental health screening 

by distributing online Patient Health Questionnaire (PHQ-9) to each student via mobile text 

message bi-weekly. With students online traffic auditing data, offline student card transactions, 

bi-weekly depression labels, and student enrollment data, the proposed attention based bi-LSTM 

model leverages both the advantage of LSTM in dealing with time-sequential data and also the 

attention mechanisms in highlighting different types of depression sources or symptoms within 

the time-sequential scenario. As for the model performance evaluation, aside from evaluation 

from historical labeled data, we also plan to use field settings with the cooperative university to 

apply and evaluate our proposed model in real practice. The data collection is still in progress, 

and we aim to obtain our preliminary results before June 2021. 

 

2. Background and Literature Review 
Identifying depression has been studied for decades while the general practitioners, including 

both primary care physicians and psychiatrists, still have a high diagnosis failure rate up to 50% 

(Goldberg and Huxley 1992) due to the complex pathogeny from genetic, biological, 

environmental, and psychological factors.  Detecting depression is challenging while of great 

potential value using emerging data collection approaches and analysis technologies (Guntuku et 

al. 2017). 

 

2.1 Clinical Depression Detection 

Traditional clinical depression detection mainly uses self-reported survey data to evaluate 

patients’ depression levels. In the US, primary care providers use the Beck Depression Inventory 

(BDI) or Patient Health Questionnaire (PHQ-9) to evaluate most of the admitted patients. 
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Depression detection and diagnosis in traditional clinical trials follow standard protocols. 

Primary care providers adopt surveys to identify patient depression levels. Although the protocol 

for primary care providers to detect depression has widely been used in clinical trials, the 

diagnosis failure rate can still be up to 50% (Goldberg and Huxley 1992). The heterogeneity of 

depression causes and symptoms across individuals, the measurement error in the detection, and 

the biased nature of self-report survey data make it challenging to identify depression accurately. 

Moreover, the identification of depression requires the symptoms to be observed persistently for 

two weeks, according to CMS, which may introduce more noise if the patient has already 

suffered memory loss, one of the depression symptoms. 

 

2.2 Non-clinical Automated Depression Detection 

In the non-clinical automated depression detection field, researchers mainly build automatic 

machine learning techniques (e.g., Support Vector Machine (SVM), Long-short Term Memory 

(LSTM), etc.) to detect depression levels. With data collected from depressed and non-depressed 

individuals, non-clinical automated detection is a data-driven process. Collecting labeled data is 

one of the critical steps in non-clinical automated detections. Based on data sources, previous 

research studies can be classified into three broad streams: depression detection using social 

media data, depression detection based on mobile sensor data, and depression detection using 

interview dialogues and videos.  

 

In the first research stream, researchers collected social media data mainly from Twitter, 

Facebook, and Sina Weibo, including social media posts, user profiles, and forum membership. 

Then, they built different models such as SVM and Neural Networks using extracted features 

related to depression symptoms. Besides, the depression labels of their study mainly come from 

four sources: user-self reported surveys (e.g., PHQ-9, CES-D, BDI), self-declared depression 

status, depression-related forum-membership, and post-level annotation (Guntuku et al. 2017). In 

the second research stream, researchers collected data from mobile sensors. Specifically, the 

collected data includes user geolocation, call logs, message logs, proximity data (i.e., Phone and 

Bluetooth scanning data), and also the depression status using surveys (e.g., PHQ-9) sent to 

participants. The third research stream utilized data from interview dialogues and recorded 

videos and audios. In this research stream, researchers built different deep learning and machine 

learning models such as convolutional neural networks (CNN) and Random Forest and trained 

on extracted features such as speech patterns and eye movement. The depression labels come 

from self-report questionnaires such as PHQ-9. 

 

The described previous research studies suffer from three main issues: unstable labels, inaccurate 

and impractical data sources. Specifically, the one time or two times depression labels measured 

by professional surveys have unstable characteristics. Participants can easily misreport their real 

depression status at few time reports. Also, the data sources from social media, mobile sensors, 

and interview dialogues are inaccurate (e.g., social media data has the depression symptom 

delaying characteristic), intrusive (e.g., mobile sensor data is too intrusive, and participants may 

thematically misbehave), and impractical (interview data may only be suitable for clinical trials). 

 

In our study, we collect students’ self-report depression measurement data from multiple 

continuous-time stages (specifically, students will fill the PHQ-9 bi-weekly for one semester). 

Thus, the panel data improves the stability of the depression label. The depression features 
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source comes from students’ regular online and offline behaviors, which is unobtrusive, practical, 

and omnichannel. As for the model, we also designed an ATTEN-Bi-LSTM model to make full 

use of students’ time-sequential behavior to detect depression in the real-time scenario. 

 

3. An ATTEN-Bi-LSTM Model for Student Mental Health Detection 
In this section, we describe the collected data, the proposed model, application framework, and 

compare our approach with previous research studies.   

 

3.1 Data and Setting 

Partnered with a large university in Central China with 27,586 students, we have the opportunity 

to realize our model, utilizing students’ bi-weekly depression level labels, enrollment data, 

online traffic auditing data, and offline student card transactions. To collect the students’ 

bi-weekly depression level labels, we send online PHQ-9 every two weeks from April 2021 to 

July 2021 via mobile text messages to 7,738 undergraduates on the main campus with monetary 

incentives of RMB 5 per valid response. The enrollment data offered by the university includes 

student demographics, major enrollment information, and course-level grades. The online traffic 

auditing data offered by the IT department refers to the logs of each online session generated by 

each student: session time stamps, application types, and data consumption. The offline student 

card transactions offered by the IT department include transaction happened spatial-temporal 

information, transaction types, and transaction amounts. Our design has been approved by both 

the participating university and IRB committee of authors’ university. We provide each student 

participant a consent form each time they accesses our online PHQ-9 and allow them to freely 

opt-out at any time.  

 

3.2 Our approach 

The general framework of our proposed design is shown in Figure 1.  

 

 
Figure 1. General Model Framework 
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Figure 2.  The Proposed ATTEN-Bi-LSTM Combination Model  

In our research context, we aim to design a deep learning model to detect students’ mental health 

in real-time automatically. On the one hand, depression identification needs to be observed at 

least two weeks, according to CMS. On the other hand, depressed students should have some 

coherent behaviors (e.g., couldn’t fall asleep for a long time) within one or two weeks. Thus, 

when building ATTEN-Bi-LSTM to detect student depression levels, we need a Bi-LSTM to 

capture both forward information (behavior data before a bi-weekly label) and backward 

information (behavior data after a bi-weekly label). Moreover, students’ online and offline 

behaviors do not contribute to the detection of student depression levels equally. To gauge the 

prediction, we propose to add attention mechanisms in the Bi-LSTM model to improve the 

model detection accuracy. Students may have different engagement characteristics in different 

online and offline behavior. For example, they may use a hedonic mindset in navigating social 

media posts, watching online TVs, and/or getting access to online news. However, in offline 

behavior such as reading in the library and going to class, they may have a utilitarian mindset. 

Thus, we split online and offline behavior into two sub-networks (Figure 2). The detailed model 

design is shown in Figure 2.  

 

3.3 Model Comparison with Previous Automatic Models 

Past depression detection models mainly focus on two ways of realization: adding new features 

and proposing new models. For the first stream, new features are proposed such as linguistic 

features extracted from online tweets (Nadeem 2016) and multimodal behavior clues from audio, 

video, and text transcripts collected during counseling interviews (Shan et al. 2020). The second 

stream focuses on proposing new depression detection models such as a Gaussian Mixture 

Modeling (GMM) (Sturim et al. 2011) and DepAudioNet (Ma et al. 2016). 

 

Compared with previous research, our designed model has several novel contributions. First, the 

proposed model utilized attention mechanisms to highlight students’ behavior features, which 

reveal different depression symptoms. Specifically, we are the first to introduce attention 

mechanisms to the Bi-LSTM cell state so that our model could better remember the information 

related to depression. Second, the two separate online/offline-behavior subnetwork design can 

help our model get trained with different behavioral students’ online and offline behavioral 

characteristics. Third, our model can achieve real-time automatic depression detection, which 

makes it possible for student advisors to proceed early-detection and pre-intervention in time. 

Fourth, our model adopted students’ online and offline behavioral data. The omnichannel 

students’ data can practically reveal students’ depression status and further help identify 

students’ depression causes and status dynamics. 

 

4. Conclusion and Discussion 
In this research-in-progress paper, we propose an attention-based bi-LSTM combination model 

(ATTEN-Bi-LSTM), for automatically and un-intrusively detecting student’s depression levels 

in real-time. The proposed design has several technical and practical contributions. Technically, 

we include the novel use of attention mechanism IT artifact in our model. The new design of 

attention artifact can help highlight different features during detecting depression. Also, we 

separate the model structure based on the online/offline nature of behaviors. The detection 

performance is closely related to different types of behavioral characteristics. For example, the 

depressed may have the same offline behavior as normal while revealing other online behavior. 
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By splitting the network architecture based on behavioral types (e.g., online and offline), the 

proposed model can capture the behavioral differences. Moreover, our model provides guidance 

or suggestions to realize similar supervised behavior-related classification tasks. Practically, the 

proposed model can potentially help university students and their advisors better detect 

depression status automatically and unobtrusively, which will be helpful to conduct 

early-intervention to avoid extreme actions, such as suicide and homicide.  
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Abstract 
 

Firms are increasingly engaged in voluntary disclosure to communicate critical information to 

external stakeholders. This study investigates how firms are motivated by the data breach events 

of other firms in the same industries to disclose their own IT-related information. We find that 

peer firms become more positive in tones to disclose their own IT-related information when other 

firms in their industries are affected by data breaches. We further examine the informativeness of 

the increased positivity in IT disclosure and how it is dependent on IT governance. We find that 

positive disclosure of IT information by firms with superior IT governance is mostly a 

transparent way to reveal strengthened IT protection. In contrast, firms with inferior IT 

governance are more likely to strategically use positive disclosure of IT information as a way to 

manipulate perception of IT robustness and safety. 

 

Keywords: Data breach, IT disclosure, IT governance, Disclosure tone 

 

1. Introduction 
Theories on voluntary disclosure have delineated that the ‘‘unraveling” of private information 

serves as the baseline motivation for corporate voluntary disclosure. In response to increasing 

impact of cybersecurity incidents, Securities Exchange Commission (SEC) issued guidance in 

2011 to encourage transparency regarding cybersecurity-related issues. The guidance has 

encouraged rapid increase of voluntary IT disclosure by firms. Extant IT literature has only 

considered the disclosure of specific IT information in corporate filings (e.g., 10-K), e.g., IT 

security risks, and revealed inconclusive influences on firm performance in financial markets 

(e.g. Berkman et al. 2018). The value of voluntary IT disclosure to reveal true internal 

information remains ambiguous. Our research addresses several key issues related to this 

research stream.  

 

First, annual filings (e.g., 10-K) are found to be more boilerplate, and their content does not vary 

sufficiently over time (Loughran and McDonald 2011). This may especially limit their capability 

to communicate IT-relevant information, which is idiosyncratic and highly asymmetric between 

managers and external investors. This nature of IT-relevant information encourages managers to 

provide detailed IT information in a less constraint fashion. Hence, our study focuses on 

conference calls as the source of IT disclosure. Conference calls are more frequently released 

(quarterly) and have become a common form of voluntary disclosure (Bushee et al. 2018). 

Conferences calls allow managers to communicate information with high flexibility and are 

suggested to be more informative than annul filings (Matsumoto et al. 2011). Regarding IT 
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disclosure, managers can modify their narrative disclosures in conference calls based on firms’ 

changing IT performances, investors’ information needs, and external market environment. 

 

Second, the extant research has largely focused on content covered in IT disclosure but has paid 

little attention to disclosure tone, which is revealed to be purposely manipulated by managers 

and informative for firm’s true performance (Loughran and McDonald 2011; Arena et al. 2015). 

Disclosures in conference calls usually comprise comprehensive topics. Thus, a technical 

challenge is to correctly connect managerial tones in disclosure with specific IT-relevant content. 

We leverage an advanced approach of neural network-based (NN-based) dependency parsing 

model to associate disclosure tones (i.e. positive or negative) with specific IT-related content in 

conference calls.  

 

Third, limited attention has been paid to how firms' IT disclosure may be driven by events of 

other firms. Our study considers how peer firms may be motivated by the data breaches of other 

firms in the same industries to manipulate their own IT information disclosure. To the extent that 

data breaches of other firms are often external to the peer firms, such consideration addresses the 

endogeneity concern, which often impedes studies on firms’ motivation for voluntary disclosure. 

Fourth, the extant research has paid little attention to how IT-related disclosure may be 

influenced by firms’ IT governance. We consider the effects of IT background of board directors 

and committees of firms, and differentiate peer firms into two groups with inferior and superior 

IT governance.  

 

To address the issues above, we investigate the following research questions: (1) Do peer firms 

become more positive in disclosing their own IT when there are firms in their industries affected 

by data breaches? (2) Is positive (negative) IT disclosure by a peer firm associated with a higher 

(lower) likelihood of future data breach of the firm itself? In other words, is positive (negative) 

IT disclosure used to achieve transparency or just strategic manipulation of external perception? 

(3) How does IT governance influence IT disclosure tone and the relationship between IT 

disclosure tone and future data breach?   

 

2. Theoretical and Hypothesis Development 
2.1 Tone of IT Disclosure after Data Breach  

Extant literature suggests that data breach events not only damage the affected firm, but also 

have negative spillover effects on the affected firm’s intra-industry peers (Kashmiri et al. 2017). 

For that, stakeholders tend to perceive a certain breach event as systematic problem that indicate 

susceptibility of the entire industry. In this case, the event is likely to increase investors’ 

expectations of similar negative events taking place at peer firms, decreasing these industry 

counterparts’ value (Paruchuri and Misangyi 2015). 

 

In this condition, IT disclosure is an effective way for peer firms to cope with the negative 

spillover impacts. Peer firms with strong digital systems and process are perceived by 

stakeholders as being better equipped to prevent similar data breach events (Kashmiri et al. 

2017). Conference call released after data breach events is a timely channel for peer firms to 

communicate their IT capability with outside stakeholders. Therefore, peer firms are motivated 

to positively disclose their IT performance to enhance stakeholders’ confidence and contain 

potential spillover damages driven by data breach. In this way, we hypothesize:  
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H1: Data breach of an affected firm drives increased positive IT disclosure by the peer firms in 

the same industry as the affected firm. 

 

When data breach occurs to an affected firm, peer firms with inferior IT governance are more 

likely to show optimism related to their own IT capability. Board teams of these peer firms lack 

IT background, which signals firm’s vulnerability to digital crisis in environment. Therefore, 

these firms should have more intention to highlight their digital-related strength in the IT 

disclosure after the occurrence of data breach in industry. Therefore, we hypothesize: 

 

H2: Data breach of an affected firm drives greater increase of positive IT disclosure by the peer 

firms with inferior IT governance. 

 

2.2 Transparency of IT Disclosure and Future Data Breach 

Positive or negative disclosure tone in conference calls does not necessarily reflect better or 

worse internal performance of the firms. Managers are found to employ the flexibility of 

conference calls and deliberately exaggerate or offset facts to present their firms in a favorable 

light (Rogers et al. 2011). In data breach context, positive IT disclosure is beneficial for peer 

firms. This may engage managers in communication tactics that enhance the transparency of 

internal IT capability in an optimistic way, but also increase their potential for bluffing and 

manipulating the impression conveyed to external stakeholders. Therefore, our study further 

investigate the informativeness of the positive IT disclosure driven by data breach. Firms’ future 

performance is suggested to indicate the informativeness of voluntary disclosure (Arena et al. 

2015). We employ the likelihood of peer firms to experience data breach in future to differentiate 

positive IT disclosures as transparency tools from those as perception manipulations.  

 

For peer firms with superior IT governance, board teams’ expertise in IT already signal to firms’ 

advantages in data security to external stakeholders. Hence, these firms are less motivated to 

bluff about their IT-related facts. The positive tone in their IT disclosure is more likely to be used 

as communicating firm’s competence in preventing similar data breaches. Moreover, the superior 

IT governance offers these peer firms competitive advantage in realizing optimistic information 

disclosure as concrete IT improvement, insulating them from similar data breach in the future. 

Therefore, we hypothesize: 

 

H3a: Peer firms with superior IT governance are more likely to be transparent in IT disclosure 

in data breach context. In particular, the increased positive IT disclosure is associated with 

lower probability of future data breach for the disclosed firm with superior IT governance.  

 

For peer firms with inferior IT governance, the managers are more likely to exaggerate firms’ 

true IT capability to attenuate stakeholders’ concern about data security risk. However, board 

teams lacking IT expertise are less capable to put these optimistic IT disclosure in data security 

actions. Therefore, we expect greater increase of positive IT disclosure to associate with higher 

likelihood of data breach in the future.  
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H3b: Peer firms with inferior IT governance are more likely to manipulate IT disclosure in data 

breach context. In particular, the increased positive IT disclosure is associated with higher 

probability of future data breach for the disclosed firms with inferior IT governance. 

 

3. Research Context and Data 
We used PrivateRights.org to collect data on data breach incidents since 2005 to 2018 and 

identify 806 data breach events that affected 304 publicly traded firms in COMPUSTAT. For 

each affected firm, we identity its peer firms as the firms in the same two-digit SIC industries 

with the affected firm. We used Thomson Reuters’ Street Events to collect the transcripts of 

conference calls of the peer firms. We used BoardEx database to collect information about board 

directors of firms. We counted the number of directors with IT-related background, and use this 

measure to capture IT governance. We also collected information on firm features from 

COMPUSTAT database and the CDA/Spectrum database.  

 

We use a NN-based dependency parsing model (Chen and Manning 2014) to identify syntactic 

links between IT keywords and sentiment keywords in conference call sentences. A dependency 

parser analyzes the syntactic of sentences to identify dependency links between “head” words 

related to IT and the sentiment words that describe these “head” words. An illustrative example 

of syntax links are shown below. We identify two types of syntax pairs: ITPos and ITNeg. An 

ITPos pair is a pair of an IT word and a positive tone word that describe this IT word. An ITNeg 

pair is a pair of an IT word and a negative tone word that describe this IT word.  

 
We constructed two datasets to respectively investigate the change of peer firms’ IT disclosure 

tone and their likelihood to experience data breach in future. The key variables used in the 

analyses are summarized in Table 1. We also construct control variables regarding firm features 

(e.g. book-to-market value and institutional ownership, etc.), conference calls (e.g. number of IT 

related-words in transcript, etc.) and corresponding data breach event (e.g. stock market reaction 

to the event and size of the affected firm).  
Table 1. Variable Definition  

Dataset 1. Tone Change of IT Disclosure 

A firm-quarter dataset, where i is the index of peer firms which are within the same industry with the affected firm 

experienced data breach, and k is the index of quarters within one year before and one year after the data breach 

event.  

 Variables Description 

Dependent 

Variable 

ITPositivei,j Overall IT-relevant positivity disclosed in firm i’s conference call held 

in quarter k. ITPositive = (#ITPos-#ITNeg) /(#ITPos+#ITNeg), where 

#ITPos is the number of positive IT syntax pairs and #ITNeg is the 

number of negative IT syntax pairs, calculated by NN-based 

dependency parsing model.  

Independent 

Variable 

AfterBrchk A dummy variable. = 1 if quarter  is within the four quarters after 

data breach in industry; = 0 if quarter  is within the four quarters 

before in industry.  

ITGovi,k Number of directors with IT-related background in firm i and quarter 

k.  

Dataset 2. Likelihood of Future Data Breach 
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A firm-period dataset, where i is the index of peer firms which are within the same industry with the affected firm 

experienced data breach, and j is the index of period when data breach events happened in the industry (i.e. affected 

period).  

Dependent 

Variable 

SubseqBreachi,j A dummy: =1 if firm i experienced a data breach itself after one year 

after the affected period j; =0 otherwise.  

Independent 

Variable 

PositivityChangei,j Change in overall IT positivity disclosed by firm i after the affected 

period j, compared to overall IT positivity disclosed before affected 

period j.  

 ITGovi,j Number of directors with IT-related background in firm i at affected 

period j.  

 

4. Findings 
Table 2 shows our analysis results. In our analysis based on the Full Sample, the coefficient of 

AfterBrch is significantly positive. This result show that unaffected peer firms on average 

become more positive in disclosing their own IT when some other firms in their industries 

encountered data breaches. The insignificant coefficient of PositivityChange reveals that the 

increase in positive disclosure of IT does not suggest less likelihood of future data breaches. 

 

In our sample-split analyses in terms of IT governance, the significance of the coefficient of 

AfterBrch indicate that the increase of positive disclosure of IT unfolds mostly in the 

low-governance group (ITGov<=1) rather than in the high-governance group (ITGov>1). Also, in 

the low-governance (high-governance) group, the increase of positive disclosure of IT (larger 

PositivityChange) is associated with higher (lower) likelihood of future data breaches. These 

results suggest that the positive disclosure of IT by firms with superior IT governance is used in 

a more truthful way to reflect strengthened IT operations. In contrast, the management in firms 

with inferior IT governance is more likely to strategically use positive disclosure of IT to 

manipulate perception of IT robustness and safety. 
Table 2. Results Summary 
DV:  ITPositive (OLS) 

 Full Sample (N=10,606) 

Sample-Split Analysis 

Low-Governance 

(ITGov<=1) 
High-Governance 

(ITGov>1) 

AfterBrch 0.040*** (0.012) 0.050*** (0.016) 0.029 (0.018) 

ITGov 0.017 (0.019) 0.044 (0.037) 0.018 (0.024) 

Controls Included Included Included 

Observations 10,606 6,174 4,432 

R-squared 0.103 0.116 0.100 

DV: SubseqBreach (Logistic Regression) 

 Full Sample (N=1,501) 

Sample-Split Analysis 

Low-Governance 

(ITGov<=1) 
High-Governance 

(ITGov>1) 

PositivityChange -0.082 (0.261) 1.908*** (0.694) -0.791** (0.373) 

ITGov 0.007 (0.010) 0.575 (0.571) 0.009 (0.012) 

Controls Included Included Included 

Observations 1,501 918 583 

Pseudo R-squared 0.227 0.208 0.205 

Note: Time FE, and industry FE are used; Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 

We have conducted several robustness analyses using alternative models and measures to verify 

our main insights. First, we apply an alternative measure for firms’ IT governance as whether a 
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firm has digital-related board committees. Second, we adopt difference-in-difference (DID) 

method to mimic an experiment design. We use firms in our main analysis as treatment group 

and construct a control group as firms within similar industries (sharing the same first digit of 

SIC code but different first two digits of SIC code) with the focal affected firms. Both analyses 

reveal consistent results. We also differentiate data breach events by the stock market reaction 

towards the corresponding affected firms. The results reveal that data breach events followed by 

serious negative market reactions are more influential on unaffected peer firms, which further 

supports our propositions.  

 

5. Conclusion 
Our study empirically illustrates how firm’s manipulation of IT disclosure tone is driven by data 

breach of other firms. Positive IT disclosure is likely used by the management to strategically 

manipulate the perception of external stakeholders about IT safety, and the firm does not 

necessarily strengthen its IT protection. The findings have important implication for managers 

and external stakeholders on their management and investment decisions. Next step, we will 

further testing the robustness of the results, and further identifying the underlying mechanism. 

 

References 
1. Arena, C., Bozzolan, S., and Michelon, G. 2015. “Environmental Reporting: Transparency to 

Stakeholders or Stakeholder Manipulation? An Analysis of Disclosure Tone and the Role of 

the Board of Directors,” Corporate Social Responsibility and Environmental Management 

(22:6), pp. 346–361. (https://doi.org/10.1002/csr.1350). 

2. Berkman, H., Jona, J., Lee, G., and Soderstrom, N. 2018. “Cybersecurity Awareness and 

Market Valuations,” Journal of Accounting and Public Policy (37:6), Elsevier, pp. 508–526. 

3. Bushee, B. J., Gow, I. D., and Taylor, D. J. 2018. “Linguistic Complexity in Firm 

Disclosures: Obfuscation or Information?,” Journal of Accounting Research (56:1), pp. 

85–121. 

4. Chen, D., & Manning, C. D. (2014, October). “A fast and accurate dependency parser using 

neural networks,” In Proceedings of the 2014 conference on empirical methods in natural 

language processing (EMNLP) (pp. 740-750) 

5. Kashmiri, S., Nicol, C. D., and Hsu, L. 2017. “Birds of a Feather: Intra-Industry Spillover of 

the Target Customer Data Breach and the Shielding Role of IT, Marketing, and CSR,” 

Journal of the Academy of Marketing Science (45:2), Journal of the Academy of Marketing 

Science, pp. 208–228. (https://doi.org/10.1007/s11747-016-0486-5). 

6. Loughran, T., and Mcdonald, B. 2011. “When Is a Liability Not a Liability? Textual Analysis, 

Dictionaries, and 10-Ks,” Journal of Finance (66:1), pp. 35–65.  

7. Matsumoto, D., Pronk, M., and Roelofsen, E. 2011. “What Makes Conference Calls Useful? 

The Information Content of Managers’ Presentations and Analysts’ Discussion Sessions,” 

Accounting Review (86:4), pp. 1383–1414. (https://doi.org/10.2308/accr-10034). 

8. Paruchuri, S., and Misangyi, V. F. 2015. “Investor Perceptions of Financial Misconduct: The 

Heterogeneous Contamination of Bystander Firms,” Academy of Management Journal (58:1), 

pp. 169–194. (https://doi.org/10.5465/amj.2012.0704). 

9. Rogers, J. L., Van Buskirk, A., and Zechman, S. L. C. 2011. “Disclosure Tone and 

Shareholder Litigation,” Accounting Review (86:6), pp. 2155–2183.  

188

https://doi.org/10.1002/csr.1350
https://doi.org/10.1007/s11747-016-0486-5
https://doi.org/10.2308/accr-10034
https://doi.org/10.5465/amj.2012.0704


 
 

 

Physical or Virtual Space?  

The Impact of COVID-19 Quarantine on App Usage 

 
Jianing Ding Jinyang Zheng Guoxin Li Yong Tan 

Purdue University Purdue University 
Harbin Institute of 

Technology 
University of Washington 

ding246@purdue.edu zhengjy@purdue.edu liguoxin@hit.edu.cn ytan@u.washington.edu 

 

Abstract 

This study suggests the restriction in individual’s physical movement significantly increases her 

behaviors to link with and explore virtual space via the usage of mobile apps. The quasi-

experimental empirical approach is based on China’s quarantine policy during COVID-19 

pandemic, which largely reduced or even prohibited individual’s physical movement. Using a 

regression discontinuity design based on app user’s daily moving distance, we find that the 

reduction in additional 1 km of one’s physical movement is associated with an increase in 

logarithm of general app usage of 13.7% and is associated with an increase in app usage time 

dispersion of about 14.3%. 

Keywords: App Usage, Physical Space, Virtual Space, Patterns of Behavior 

 

1. Introduction 

Mobile devices and apps are changing the way that people communicate, work, and live. Consumer 

demand for mobile apps has been analyzed for a decade and the features that may affect app demand 

have been well explored. According to the interaction between physical and virtual space, one’s pattern 

in physical world should be associated with her behaviors in virtual world. Similarly, consumer’s app 

usage behavior could be affected by her movement pattern and range in physical space. Due to the 

limitation and the ethical issue of physical tracking data collection, however, no study has the access to 

explore the impact of user’s physical movement on her mobile app usage. 

 

This paper examines the potential impacts of physical movement on mobile app usage, particularly the 

data usage per app and the time pattern of app usage, by taking advantage that pandemic-induced 

physical space isolation enormously alters the individual’s lifestyle in both physical way and virtual 

connection. Although it seems individuals are self-adjusting and looking for different ways to manage 

their lives with the help of information technology while their physical movements are restricted, the 

pattern of behaviors, the underlying mechanism of behavior alteration, and the economic effects of 

alteration are unclear. To address this, we examine whether individuals are switching into different ways 

to manage their lives while their physical movement is restricted. Specifically, within the mobile app 

realm, we explore the following three questions: (1) Will the physical space isolation encourage 

individuals’ behaviors regarding virtual space exploration? (2) If so, which specific features could lead 

to popularity of an app in this particular period? Any economic effect can be identified? (3) Furthermore, 

will the effect of physical quarantine on consumer app usage behaviors last in the long term? 

 

In order to answer these questions, we take advantage of natural experiment occurred in a city in China, 

April 2020. Specifically, according to government regulation in COVID-19 pandemic, the 

neighborhood will be locked down if any Coronavirus cases are found in the area. We apply the 
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regression discontinuity (RD) design at individual level, in which the quarantine caused by COVID-19 

pandemic is set as treatment. Furthermore, we hypothesize how these physical space restrictions on 

citizens can affect their virtual space exploration via two well-accepted measures on mobile apps usage: 

cellular data usage and time dispersion over 24 hours for each app. For results, we reveal the alteration 

of app usage behaviors of treated users, explore the underlying mechanism explaining the behavior 

changes in both short and long term, and give the evidence supporting the substitute effect between 

individual’s desire to explore physical and virtual spaces. 

 

The rest of this extended abstract is structured as follows: in Section 2, we develop the hypotheses with 

special focus on apps with virtual space exploring features. Section 3 presents the data structure and 

identification strategies. The econometric specification is included in Section 4. Section 5 describes the 

main results. Finally, we conclude the whole work with a discussion of our findings and some broader 

managerial implications in Section 6. 

 

2. Hypotheses Development 

2.1 Physical Space Complementary 

Given that quarantine restricts the physical movement of individual, it prevents her from encountering 

other people or accessing to goods to a great extent. Although generally speaking, meeting with others 

during quarantine is unaccepted, one can access goods by letting products move towards her instead to 

overcome the inconvenience of quarantine. Thus, we hypothesize apps which could substitute users to 

“move” and alleviate the restriction of physical space will be used more if quarantine is implemented.  

Hypothesis 1 (H1): Physical space restriction increases the demand for shopping and delivery apps. 

 

2.2 Virtual Space Exploration  

It is acknowledged that geographical proximity has the positive impact on interactive learning and 

knowledge exchange (Morgan 2004; Yeung 2005; Asheim et al. 2007). Actually, interaction and 

knowledge can be acquired not only in physical space, since virtual space is also recognized as an 

interaction space for individuals, groups and organizations mediated through information and 

communication technologies. Aslesen et al. (2019) show physical and virtual spaces mutually influence 

each other by studying how firms access and create new knowledge. Considering mandatory quarantine 

largely restricts the physical channel of knowledge acquisition, to maintain the knowledge intake, 

individual’s desire to gain new knowledge in a digital world should be inspired. For this reason, we 

hypothesize that physical space restriction leads to more virtual space exploration via apps, especially 

the apps which enlarge people’s social interaction space or those facilitating online content consumption.  

Hypothesis 2 (H2): Physical space restriction leads to higher demand for social media apps and online 

content consumption apps. 

 

2.3 Geographical Supported Apps 

Some prevalent apps are developed for assisting user traveling or tracking movement in physical 

space. We hypothesize, in response to decreased movement during quarantine, the demand of 

using these types of apps will drop. 

Hypothesis 3 (H3): Physical space restriction decreases the demand for apps serving physical 

movement, such as navigation, location tracking, and map. 

 

3 Research Context 

3.1 Data Description 
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Our data set comes from a leading telecommunication company in China. The data set contains totally 

9,561,679 app usage records of 82,388 users in two periods in 2020: one from April 1, to April 30, and 

the other form August 1 to August 15. For each user in our dataset, we have the user’s personal 

information and hourly app usage records, including user id, date, hour indicator, app name, data usage, 

and coordinate of user’s location. The summary statistics of variables are list in Table 1. 

 
Table 1. Descriptive Statistics 

Variable Mean SD Min Max Description 

Usage 1592.037 22993.581 0.001 9665722 
Natural logarithm of cellular data usage in 

kilobyte of app j by user i in day t 

Dispersion* 0.123 0.397 0.043 100 
Natural logarithm of app usage time dispersion 

of app j by user i in day t 

Treat 0.010 0.100 0 1 
Dummy variable that indicates whether the 

user i is in the treatment group 

During 0.001 0.029 0 1 
Dummy variable indicates whether the 

observation is during quarantine period 

Longterm 0.349 0.477 0 1 
Dummy variable that indicates whether the 

observation is in August 

 

3.2 Identification Strategies 

Given the policy that the whole neighborhood, containing thousands of residents, will be locked 

down for two weeks if any Coronavirus cases are found, we calculate the distance between the 

location coordinate of users and blocked neighborhoods and identify users as the treatment group 

if user lives within 1 mile from any blocked neighborhoods. We further examine user’s GPS 

trajectory during the quarantine period to verify their movement are indeed restricted. Realized the 

treatment might not be assigned randomly due to systematic differences between control and 

treatment groups. For example, although the sample is restricted in a single city, users living in 

relatively rural or poverty area may pay less attention to prevent coronavirus disease, which leads 

to higher incidence of COVID-19 and higher probability of being treated. Thus, we test the 

treatment rate in district level and report there in no significant difference of treatment rates in 

different areas. To further address the concern of endogenous treatment, the propensity score 

matching (PSM) is applied to minimize the difference in features between the treatment and 

control groups, in which user’s gender, age, address, and app usage habits are considered. 

 

4 Empirical Methodology 

We use two approaches to estimate the relationship between physical movement and app demand. 

The first approach is a “conventional” strategy that uses ordinary least squares to fit the following 

equation to the cross-sectional data file: 

𝑌𝑖𝑗𝑡 = 𝛼0 + 𝛼1𝑃ℎ𝑦𝑀𝑜𝑣𝑒𝑗𝑡 + 𝛼2𝑋𝑖𝑡 + 𝑇𝑖𝑚𝑒𝑡 + 𝑈𝑠𝑒𝑟𝑖 + 𝜀𝑖𝑗𝑡  , (1) 

where 𝑃ℎ𝑦𝑀𝑜𝑣𝑒𝑗𝑡 is the average daily movement distance for user j in day t, 𝑋𝑖𝑡 is a vector of the 

observable characteristics of the city that might influence app usage other than physical movement, 

and 𝜀𝑖𝑗𝑡  is a disturbance term. The dependent variable is 𝑌𝑖𝑗𝑡 , which is either the natural 

logarithm of cellular data usage or the natural logarithm of app usage time dispersion depending 

on the model. 
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The second approach leverages the regression discontinuity (RD) design implicit in the COVID-

19 quarantine policy to measure its impact on physical movement distance and app usage. In 

practice, we estimate the following equations to test for the impacts of the COVID-19 quarantine 

policy: 

𝑃ℎ𝑦𝑀𝑜𝑣𝑒𝑗𝑡 = 𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐷𝑢𝑟𝑖𝑛𝑔𝑡 + 𝛽2𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚𝑡 + 𝑇𝑖𝑚𝑒𝑡 + 𝑈𝑠𝑒𝑟𝑖 + 𝜀𝑖𝑗𝑡    (2𝑎) 

𝑌𝑖𝑗𝑡 = 𝛾0 + 𝛾1𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐷𝑢𝑟𝑖𝑛𝑔𝑡 + 𝛾2𝑇𝑟𝑒𝑎𝑡𝑖 × 𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚𝑡 + 𝑇𝑖𝑚𝑒𝑡 + 𝑈𝑠𝑒𝑟𝑖 + 𝜀𝑖𝑗𝑡 ,            (2𝑏) 

where the subscripts of 𝑌𝑖𝑗𝑡 correspond to user i who use app j at time t. 𝑌𝑖𝑗𝑡 refers to the natural 

logarithm of cellular data usage and the natural logarithm of app usage time dispersion depending 

on the model. Coefficient 𝛽1(𝛾1) estimates the percentage change in physical movement distance 

(data usage) caused by quarantine implemented on mobile users, compared to physical movement 

distance (data usage) of users without quarantine restriction. Coefficient 𝛽2 (𝛾2) in Equations (2a) 

and (2b) estimates the long-term effect within 14 days right after quarantine. 𝑈𝑠𝑒𝑟𝑖 and 𝑇𝑖𝑚𝑒𝑡 

respectively denotes individual fixed effect and time fixed effect. 𝜀𝑖𝑗𝑡 is the error term and the 

standard deviations are clustered by mobile users. Note the coefficients of 𝑇𝑟𝑒𝑎𝑡𝑖, 𝐷𝑢𝑟𝑖𝑛𝑔𝑡, and 

𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚𝑡 are absorbed by the user and time fixed effect terms due to collinearity. 

Note this design can also be used to develop estimates of the impact of physical movement on 

virtual exploration. Specifically, if the COVID-19 quarantine policy only influences app usage 

through its impact on physical movement restriction, then it is valid to treat Equation (2a) as the 

first stage in a two-stage least-squares (2SLS) system of equations. An important appeal of the 

2SLS approach is that it produces estimates of the impact of physical movement on virtual 

exploration through mobile app, so the results are generalized and can be applicable in other 

settings. 

5 Empirical Results 
Table 2. RDD Results for the Impact of Physical Pattern on Cellular Data Usage 

VARIABLES Ln(Usage) 

 Full Sample Social Productivity Financial Utilities Creativity 

Movement 

Distance 
-0.137*** -0.101*** -0.0664*** -0.111*** -0.090*** -0.172*** 

 (0.0082) (0.0085) (0.0088) (0.0110) (0.0079) (0.0159) 

𝑇𝑟𝑒𝑎𝑡
× 𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚 

0.716*** 0.659*** 0.486*** 0.814*** 0.666*** 1.092*** 

 (0.0565) (0.0588) (0.0611) (0.0759) (0.0546) (0.110) 

User FE Yes 

Yes Time FE 

Observations 167,440 

Num. Users 1,820 

R-Squared 0.057 0.130 0.076 0.159 0.217 0.016 

 

VARIABLES Ln(Usage) 

 
Shopping 

& Food 
Travel Entertainment Games 

Information 

& Reading 
Others 

Movement 

Distance 
-0.0825*** 0.0180*** -0.0855*** -0.0108 -0.0889*** -0.0713*** 

 (0.0107) (0.0054) (0.0121) (0.0096) (0.0106) (0.0106) 

𝑇𝑟𝑒𝑎𝑡
× 𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚 

0.637*** -0.0549 0.635*** 0.0072 0.686*** 0.670*** 
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 (0.0739) (0.0307) (0.0835) (0.0664) (0.0732) (0.0735) 

User FE Yes 

Yes 

167,440 

Time FE 

Observations 

Num. Users 1,820 

R-Squared 0.078 0.074 0.051 0.358 0.073 0.074 

Cluster-robust standard errors in parentheses.  *** p< 0.01, ** p< 0.05, * p< 0.1 

We first report the effects of quarantine on cellular data usage. As shown in the first column of Table 2, 

the estimated coefficient suggests a negative significant treatment effect of physical movement distance 

on app usage. Specifically, users who are physical isolated explore more in virtual space taking 

advantage of various apps, compared to those who are not. When separating apps by their functions to 

promote people’s lives, we show the demand of online shopping and delivery service apps saliently 

increases, which reveals individual’s propensity to handle the inconvenience caused by physical 

isolation also in physical way, supporting H1. Interestingly, the demand of apps facilitating social 

interaction and online content consumption significantly increases when quarantine implemented, 

suggesting the encouraged activities in the spirit world and supporting the substitute effect between 

physical and virtual spaces exploration. Thus, H2 is supported. Moreover, apps developed for 

navigation are used less frequently when travel is not allowed for users, supporting H3. 
 

Table 3. RDD Results for the Impact of Physical Pattern on Time Dispersion 

VARIABLES Ln(Dispersion) 

 Full Sample Social Productivity Financial Utilities Creativity 

Movement 

Distance 
-0.143** -0.0535 -0.0332*** -0.0491*** -0.0527*** -0.0538*** 

 (0.0627) (0.0382) (0.0096) (0.0051) (0.0117) (0.0053) 

𝑇𝑟𝑒𝑎𝑡
× 𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚 

0.170 0.121 0.352*** 0.357*** 0.281*** 0.346*** 

 (0.433) (0.264) (0.0662) (0.0352) (0.0811) (0.0364) 

User FE Yes 

Yes Time FE 

Observations 167,440 

Num. Users 1,820 

R-Squared 0.038 0.018 0.019 0.138 0.031 0.016 

 

VARIABLES Ln(Dispersion) 

 
Shopping 

& Food 
Travel Entertainment Games 

Information 

& Reading 
Others 

Movement 

Distance 
-0.0456*** 0.0037 -0.0360*** 0.0089 -0.0458*** -0.0400*** 

 (0.0059) (0.0049) (0.0066) (0.0068) (0.0082) (0.0099) 

𝑇𝑟𝑒𝑎𝑡
× 𝐿𝑜𝑛𝑔𝑡𝑒𝑟𝑚 

0.365*** 0.0183 0.341*** -0.0113 0.283*** 0.383*** 

 (0.0410) (0.0341) (0.0456) (0.0471) (0.0564) (0.0685) 

User FE Yes 

Yes 

167,440 

Time FE 

Observations 

Num. Users 1,820 

R-Squared 0.038 0.030 0.022 0.229 0.022 0.029 

Cluster-robust standard errors in parentheses. *** p< 0.01, ** p< 0.05, * p< 0.1 
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We then examine whether quarantine leads to any changes in the time dispersion of users’ app usage.  

As shown in Table 3, the results for the treatment short term effect shows the reduce in physical 

movement causes widely dispersed usage of apps in all categories since quarantine blurs the boundary 

between working and entertainment. Similar as the impact on app demand, the impact on time 

dispersion lasts in the long run. Specifically, when users are allowed to travel physically, those who 

have been quarantined in pandemic are more like to use apps in dispersed time slots compared with 

others, consistent with the more dispersed visit places geographically after quarantine. Provided that 

quarantine disturbs user’s movement pattern in physical space, which is associated with app usage 

pattern in virtual space, when individual rebuilds the physical movement pattern after quarantine, she 

tends to visit more places in broad range due to compensatory effect, which also leads to scattered time 

distribution of app usage in virtual space. 

 

6 Discussion and Conclusion 

We assess whether and how physical space restriction of user affects app usage behavior. The 

long-term effects are also quantified. Taking advantage of natural experiments performing during 

pandemic period, we show the substitute effect between individual’s desire to explore physical 

and virtual spaces and the effect on virtual space exploration lasts in long term after quarantine. 

The findings add to the research streams of app demand, physical and virtual spaces interaction, 

and provide managerial implications for practitioners in regard to app designs. 

Our study contributes in two main regards. First, this study is the first to quantify the economic 

effect of physical movement on mobile app demand in natural quasi-experiment. Different from 

prior studies focusing on factors affecting app demand (Ghose and Han, 2014; Lee and Raghu, 

2014; Tiwana, 2018) or COVID-19 motivated contact tracing app (Cho, 2020), this study 

associates app usage and COVID-19 quarantine, and leverage them contributing to the 

understanding of economic effect of physical movement pattern. Second, we contribute to the 

literature on interaction between physical and virtual spaces by analyzing how physical space 

restriction affects users’ app using behavior regarding virtual space exploration. 
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Abstract 
 

Advertising is one of the most common means of promotion in modern marketing to effectively 

influence consumers' awareness, attitudes, and behaviors towards products or services. To 

achieve the maximum effect, firms should carefully develop an advertising plan to dynamically 

allocate their advertising effort during a time horizon. To have a more comprehensive and realistic 

view regarding the effect of advertising, this study creates the notion of generalized advertising 

gains, which integrates the direct and indirect benefits of advertising, and considers the effect of 

exhaustion and forgetting since all consumers have limited cognitive and memory capacity. We 

then construct an optimal control model to derive the optimal dynamic advertising policy that can 

help a firm maximize its sales or profit with a given advertising budget. Our results suggest that 

in unprofitable cases firms should stop their advertising investment and keep their optimal 

advertising spending at zero, while in profitable cases the optimal advertising policy should exhibit 

a constant-decreasing-zero pattern under budget constraints and a decreasing-zero pattern 

without budget constraints. 

 

Keywords: dynamic programming, optimal control, marketing, advertising 

 

1. Introduction 
Advertising is one of the most common means of promotion in modern marketing to effectively 

influence consumers' awareness, attitudes, and behaviors towards products or services. As a main 

tool for firms to communicate with consumers, advertising has been widely documented to benefit 

firms by (i)increasing direct sales or profit, (ii)raising publicity and popularity, (iii)expanding 

market share, (iv)raising brand awareness and loyalty, and (v)inducing customers' value 

identification (e.g., Dulek and Saydan, 2019). Considering the significant benefits as well as cost 

of advertising, a firm should make informed decisions on its advertising plan to dynamically 

allocate its advertising effort over time to maximize product sales or profit. 

 

Prior studies have proposed various models to study the effect of advertising and derive optimal 

advertising policies. Nerlove and Arrow (1962) argue that advertising effort invested at the present 

time will influence not only the current demand but also demand in subsequent periods. They 

define an advertising stock variable 𝐴(𝑡) , also referred to as goodwill, to capture the diminishing 

effect of advertising on product demand. They state that the net investment in goodwill can be 

interpreted as the difference between the current advertising outlay and the depreciation of 

goodwill. In another study, Mosca and Viscolani (2004) focus on the context of new product 

promotion and extend the classical Nerlove-Arrow model by replacing the current advertising 

outlay with a strictly increasing and concave function of the advertisement spending. Some 

scholars also study the dynamic advertising problem from the perspective of the diffusion theory 

that explains how a new product penetrates a market over time. Krishnan and Jain (2006) use the 
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Generalized Bass Model (Bass et al., 1994) to estimate the sales rate in their work for optimal 

advertising policy. Jorgensen et al. (2006) consider the advertising of an event with the synergistic 

effect of word-of-mouth and advertisements to minimize advertising costs. 

 

Most of the existing studies on advertising policy regard the benefits of advertisement as the direct 

sales or profit promotion, while ignoring implicit and indirect gains such as increased brand 

awareness, loyalty, and improved value identification by consumers. In fact, many prior studies 

have documented the impact of indirect advertising gains on consumers' awareness, attitude, and 

behavior towards brands and firms (e.g., Yoo et al., 2000). To fill this research gap, we propose 

the concept of generalized advertising gains, which includes both the direct and indirect benefits 

of advertising. Based on this new concept, we construct an optimal control model that incorporates 

the generalized advertising gains as well as the effect of exhaustion and forgetting, and derive an 

optimal advertising policy that maximizes a firm’s potential profit. 

 

The remainder of this article is organized as follows. In Section 2, we formulate the dynamic 

advertising problem and derive our model. In Section 3, we give our suggestions and propose the 

optimal advertising policy. Some discussion about the properties is also included. In Section 4, we 

conclude this article. 

 

2. The Model 
Consider a finite time horizon [0, 𝑇], during which a firm advertises its products or services on the 

market via different media such as newspapers, television commercials, and e-mails. Although it 

incurs cost, advertising can bring various benefits, including the direct gains (e.g., increased sales 

or profit) and indirect gains (e.g., increased brand awareness, loyalty, and improved value 

identification by consumers). As mentioned earlier, we refer to the direct and indirect gains of the 

advertising collectively as the generalized advertising gains. Essentially, generalized advertising 

gain represents the total (present and future) benefits to a firm resulting from consumers' positive 

cognitive processing towards advertisements for the firm’s products. 

 

We assume that as soon as consumers are exposed to advertisements, they start to learn and process 

the content of advertisements and then go through a process of forgetting in the subsequent periods 

of time. In other words, advertisements invested by firms will be converted into the information 

stored in consumers' memories, which benefits firms in different ways, although the benefit 

depreciates exponentially over time. We note that the exponential form of forgetting has been 

empirically validated by many prior studies (e.g., White, 2001). The function for memory retention 

can be given by 
 

𝑟(𝑡 − 𝜏) = 𝜇(𝜏)𝑒−𝛽(𝑡−𝜏),                        (1) 
 
where 𝜏 is the time of learning (i.e., reading advertisements), 𝜇(𝜏) is the strength of initial product 

memory at time 𝜏 (i.e., the initial strength of information coded in consumers' memories after the 

learning at time 𝜏) and 𝛽 is the rate of decay (i.e., forgetting). Additionally, we assume that the 

initial memory strength (i.e., 𝜇) depends on the intensity of advertising, the level of consumers' 

interest in advertisements, and an attenuation factor characterizing the effect of consumers' 

exhaustion to processing too much advertising information. Specifically, 𝜇 takes the following 

form: 
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𝜇(𝜏) = 𝜌 ⋅ 𝑎(𝜏) ⋅ 𝛾(𝑎(𝜏)),                        (2) 
 
where 𝜌 is the level of consumers' interest in advertisements, 𝑎(𝜏) is the advertising intensity at 

time 𝜏, which captures the number of advertisement showings to the market per unit time at time 𝜏, 
and 𝛾 is the attenuation factor reflecting the negative influence of information overload on the 

capacity of consumers' cognitive processing. Prior studies have shown that information overload 

can obstruct the course of consumers' cognitive processing (e.g., Bawden and Robinson, 2009). If 

consumers are flooded with a large amount of information in a short period of time, they can 

experience information overload and thus feel tired, unhappy, and even annoyed, which we refer 

to as the effect of exhaustion.  

 

Intuitively, the attenuation factor  𝛾 must satisfy two conditions: (i) its range is  (0, 1], and it 

decreases with the advertising intensity 𝑎(𝑡); (ii) there is an inflection point, before which the first-

order differentiation decreases monotonically (i.e., 𝑑2𝛾/𝑑𝑎2 < 0) and after which it increases 

monotonically (i.e., 𝑑2𝛾/𝑑𝑎2 > 0). For mathematical convenience, we assume that the attenuation 

factor 𝛾 takes the exponential decaying form, which satisfies the two conditions. Thus we have 
 

𝛾(𝑎(𝜏)) = 𝑒−𝛿𝑎
2(𝜏),                            (3) 

 

where 𝛿 is the coefficient of attenuation. Combining Equations (1), (2), and (3), we obtain the 

retention of consumers' processed information at time 𝑡 for learning (i.e., advertisement exposure) 

occurred at time 𝜏: 
 

𝑟(𝑡 − 𝜏) = 𝜌 ⋅ 𝑎(𝜏) ⋅ 𝑒−𝛿𝑎
2(𝜏) ⋅ 𝑒−𝛽(𝑡−𝜏).                   (4) 

 

Integrating Equation (4) with respect to 𝜏 from 0 to 𝑡, and after some rearrangements, we obtain 

the cumulative retention of consumers’ processed information resulting from all the advertisement  

exposures occurred before 𝑡. 
 

𝑅′(𝑡) = −𝛽𝑅(𝑡) + 𝜌𝑎(𝜏)𝑒−𝛿𝑎
2(𝑡).                      (5) 

 
Assume the generalized advertising gains is proportional to the cumulative retention of consumers' 

processed information and the marginal cost per advertisement is always constant over the time 

interval. Our objective is to derive the optimal trajectory of the advertising intensity function 𝑎(𝑡) 
that maximizes the firm’s total profit. Consequently, the optimal control problem can be 

formulated as 
 

max
𝑎(𝑡)

    Π = ∫ (𝑝𝑅(𝑡) − 𝑞𝑎(𝑡))𝑑𝑡,
𝑇

0

 

              s. t.    

{
 

 𝑅
′(𝑡) = −𝛽𝑅(𝑡) + 𝜌𝑎(𝑡)𝑒−𝛿𝑎

2(𝑡),

𝑎(𝑡) ∈ [0, �̅�],
𝑝, 𝑞, 𝛽, 𝛿 > 0,

𝜌 ∈ [0,1],

 

 
where 𝑝 is the efficiency of converting consumers’ processed information to revenue,  𝑞 is the 

marginal cost of each advertisement, and the constraint  𝑎(𝑡) ∈ [0, �̅�] specifies the range 
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of 𝑎(𝑡) with �̅� as the upper bound of the budget for advertising spending. To solve the optimal 

control problem, we define the current-value Hamiltonian of the objective function and its 

constraint equation (5) to obtain 
 

𝐻(𝑡) = 𝑝𝑅(𝑡) − 𝑞𝑎(𝑡) + 𝜆(𝑡)(−𝛽𝑅(𝑡) + 𝜌𝑎(𝑡)𝑒−𝛿𝑎
2(𝑡)) 

          = (𝑝 − 𝛽𝜆(𝑡)) ⋅ 𝑅(𝑡) + (𝜌𝜆(𝑡)𝑒−𝛿𝑎
2(𝑡) − 𝑞) ⋅ 𝑎(𝑡), 

 

where 𝜆(𝑡) is the co-state variable with 𝜆′(𝑡) = −𝜕𝐻/𝜕𝑅 and 𝜆(𝑇) = 0. The necessary condition 

to obtain the optimum 𝑎∗(𝑡) is 
 

max
𝑎(𝑡)

    𝐻(𝑡), 

s. t.    {
 𝜆′(𝑡) = −

𝜕𝐻

𝜕𝑅
 𝜆(𝑇) = 0.

, 

 

By solving the necessary condition, we obtain the optimum 𝑎∗(𝑡) as follows: 

 

If 𝑝𝜌 ≤ 𝑞𝛽, then 

𝑎∗(𝑡) ≡ 0.                                (6) 

 

If 𝑝𝜌 > 𝑞𝛽, then 

𝑎∗(𝑡) = {
min{𝑎𝑟 , �̅�} , 0 ≤ 𝑡 < 𝑇 +

1

𝛽
ln

𝑝𝜌−𝑞𝛽

𝑝𝜌
,

0,                           𝑇 +
1

𝛽
ln

𝑝𝜌−𝑞𝛽

𝑝𝜌
≤ 𝑡 ≤ 𝑇.

               (7) 

 

where 𝑎𝑟  satisfies 
𝜕𝐻

𝜕𝑎
|
𝑎=𝑎𝑟

= 0. 

 

3. Optimal Advertising Policy 
Our research objective is to derive an optimal advertising policy for firms that specifies how a firm 

should dynamically allocate their advertising effort over time to earn the maximum profit. By 

solving the optimal control problem, we obtain the trajectory of the optimum advertising 

intensity 𝑎∗(𝑡). We note that the classification basis 𝑝𝜌 − 𝑞𝛽 in Equation (6) and (7) contains two 

terms 𝑝𝜌 and 𝑞𝛽 which reflect the efficiency of revenue and cost, respectively. Correspondingly, 

we can refer to them as the coefficient of revenue and the coefficient of cost. 

 

Proposition 1. If the coefficient of revenue (i.e., 𝑝𝜌) is less than the coefficient of cost (i.e., 𝑞𝛽), 

then advertising does not bring any profit to firms, hence the optimal advertising spending should 

remain zero. 

 

Proposition 2. If the coefficient of revenue (i.e., 𝑝𝜌) is greater than the coefficient of cost (i.e., 𝑞𝛽), 

the pattern of the optimal advertising policy under the bounded case (i.e., limited budgets for 

advertising investment) is constant-decreasing-zero and that under the unbounded case is 

decreasing-zero. 
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Proposition 1 states such a fact that a firm should stop its investment in advertising if the additional 

revenue brought by advertising cannot surpass the cost of advertising. On the other hand, in the 

profitable case, Proposition 2 suggests the optimal trajectory of advertising intensity should start 

from a large initial value but gradually decrease over time. The rate of decrease is also growing 

monotonically until the advertising intensity reaches zero and then remains at zero until the end of 

the time horizon. 

 

Furthermore, given the cost of high-intensity advertising campaigns, a limited budget for 

advertising investment is usually assumed. Proposition 2 further points out that under such a case 

the optimal advertising intensity should first remain constant at the upper bound of the advertising 

budget, and then follow the same declining curve as obtained for the unbounded case until it 

reduces to zero. We note that this kind of advertising strategy is actually a good reflection of reality. 

When introducing a new product to the market, firms usually conduct a high-intensity advertising 

campaign and their advertisement spending tends to remain relatively stable in the early stage, 

subsequently the rate should gradually decrease over time till it is reduced to zero. Figure 1 and 2 

illustrate the trajectory of the optimum 𝑎∗(𝑡) under the unbounded and bounded budget cases in 

Proposition 2, respectively. 

 

         
Figure 1. Optimum 𝑎∗(𝑡) under the unbounded case     Figure 2. Optimum 𝑎∗(𝑡) under the bounded case 

 

We next analyze the characteristics of the initial value of advertising intensity and the endpoint of 

advertising investment. 

 

Proposition 3. The optimal initial level of advertising intensity depends on the values of 𝑝, 𝜌, 𝑞, 𝛽, 

and  𝛿 . Specifically, the initial advertising intensity increases monotonically with  𝑝 and  𝜌 but 

decreases monotonically with 𝑞, 𝛽, and 𝛿. 

 

Proposition 4. The end time of advertising investment depends on the values of 𝑝, 𝜌, 𝑞, and 𝛽. 

Specifically, the end time increases monotonically with  𝑝 and  𝜌 but decreases monotonically 

with 𝑞 and 𝛿. 

 

As previously mentioned, since 𝑝 represents the efficiency of converting the cumulative retention 

of consumers' processed information to revenue, and  𝜌 is the level of consumers' interest in 

advertisements, they both reflect the magnitude of advertising-induced revenue. Similarly, 

because  𝑞 is the marginal cost of each unit of advertising intensity,  𝛽 is the rate of decay in 

consumers' memories (i.e., forgetting), and 𝛿 is the efficiency of negative impact of information 
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overload on the capacity of consumers' cognitive processing, they all capture the magnitude of 

advertising cost. Generally speaking, the more profitable an advertising campaign is, the more 

willing a firm is to increase the initial advertising intensity and prolong the time horizon of 

advertising. If an advertising campaign is expected to generate considerable profit, then the firm 

would increase its investment in advertising to raise the initial advertising intensity and extend the 

duration of advertising. Nevertheless, the firm should reduce the initial investment and stop the 

advertising campaign as soon as benefit can no longer justify the cost of advertising. 

 

4. Conclusion 
In this study, we address the problem of dynamically optimizing the allocation of advertising effort 

over time to maximize a firm’s total profit. Based on the concept of generalized advertising gains 

that integrates the direct and indirect benefits of advertising, and considering the effect of 

exhaustion and forgetting, we build an optimal control model to derive the optimal trajectory of 

advertising spending for firms. Our results suggest that in unprofitable cases firms should stop 

their advertising investment and keep their advertising spending at zero. In profitable cases, the 

optimal advertising policy exhibits a constant-decreasing-zero pattern under a bounded advertising 

spending constraint, and shows a decreasing-zero pattern without advertising spending constraint. 

Such an optimal advertising policy is a good reflection of the reality, especially when a firm plans 

to advertise a new product to its market. 

 

The present research makes both theoretical and practical contributions. Theoretically, we extend 

the dynamic advertising research by considering both direct and indirect benefits of advertising, 

and derive an optimal advertising policy that are superior to exiting policies. Practically, we 

believe our optimal advertising policy could effectively guide managers to dynamically optimize 

their advertising investment strategies to maximize their profit.  
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Abstract 
 

Many online platforms adopt the ad-sponsored business model in a two-sided market where they 

provide free services to users while collecting their data, which they use to sell targeted ads to 

advertisers. However, collecting user data has raised growing privacy concerns. This study 

develops a two-sided model to examine the impact of user privacy concerns on platform 

competition by considering multi-homing on both sides. Surprisingly, our result shows that as 

consumer privacy concern increases, platforms would increase rather than reduce their ad prices. 

The driving force is that a high privacy concern prompts singlehoming on the user side, which 

endows platforms with greater exclusive market power on the advertiser side. Moreover, we show 

that a higher privacy concern may also increase platforms’ market share and profits. Our result 

reveals that growing privacy concerns may generate anti-competitive effects, thus benefiting 

platforms.  

 

Keywords: privacy concerns, platform competition, two-sided market, multi-homing 

 

1. Introduction  
Advances in information technologies (e.g., big data analytics, machine learning) have spurred 

tremendous growth in digital advertising. Many online platforms are funded by digital advertising 

in a two-sided market where they provide free services to users and sell ads to advertisers. These 

platforms include social network sites (e.g., Facebook, LinkedIn) and search engines (e.g., Google, 

Bing). Because it is easy to join different platforms, it becomes prevalent for users and advertisers 

to adopt multiple platforms, a phenomenon called multihoming (Bakos and Halaburda 2020). 

Compared with singlehoming, multihoming enables advertisers to reach more users, but they may 

also meet some overlapping users since users also choose multihoming.  

Although platforms generally do not charge user price for their services, they constantly 

collect and analyze consumer data to learn user preference, with which to sell targeted advertising. 

However, collecting consumer data has raised user privacy concerns. One of the most notorious 

examples is the Facebook–Cambridge Analytica data scandal, which discloses that platforms may 

sell user data to other third parties. This incident has severely been criticized by privacy groups. 

The growing privacy concerns have important effects on the platform business because they may 

affect users’ platform adoption decisions, thereby affecting the platform’s attractiveness to the 

advertiser side (Gal-Or et al. 2018). Despite the importance of privacy concerns, few studies have 

examined its role in a two-sided market while considering multihoming on both sides. It is unclear 

about the impact of user privacy concerns on platform competition as well as the competitive 

market outcomes. Hence, this study aims to fulfill this gap. Specifically, we address the following 

research questions: (1) what is the impact of privacy concern on platforms’ ad prices? (2) How 

does privacy concern affect platforms’ market share and profits?  
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To answer the abovementioned questions, we build a two-sided model consisting of two 

competing platforms and a mass of users and advertisers. Platforms provide free services to users 

and sell targeted ads to advertisers by exploiting consumer data. Users and advertisers decide 

which platform to join, and they are allowed to choose both platforms (i.e., multihoming). 

Consumers incur disutility (called privacy cost) due to privacy concerns. Platforms decide the 

optimal ad prices.  

Interestingly, our result shows that as consumer privacy concern increases, both platforms 

would increase rather decrease their ad prices. The underlying mechanism is that a higher privacy 

concern discourages users from multihoming while enticing more singlehoming users. The 

increase in singlehoming users endows platforms with more exclusive market power. We further 

show that platforms’ market share and profit may also increase when the overlap rate of target 

users in the multihoming user group is relatively high. This result highlights that growing privacy 

concerns may unintentionally benefit platforms’ profits.  

 

2. Literature Review 
This study is related to growing literature on targeted advertising, in which firms exploit consumer 

data to deliver relevant ads to target consumers. Some studies show that targeted advertising is 

beneficial to consumers because it can improve the matching between ads and consumers 

(Bergemann and Bonatti 2011). However, other studies indicate that consumers suffer disutility in 

targeted advertising due to growing privacy concerns (Gopal et al. 2018). Chen and Stallaert (2014) 

study the impact of behavioral targeting on publishers’ payoffs and show that behavioral targeting 

can intensify the competition and reduce publishers’ revenue. Our study differs from prior 

literature in that we consider targeted advertising in a two-sided market, where cross-group 

network effects play an important role.   

Our research also contributes to the literature on two-sided markets (Armstrong 2006). Most 

of the prior literature on two-sided platform competition has assumed singlehoming on two sides 

(Gal-Or et al. 2018; Gopal et al. 2018). Some studies consider singlehoming on one side and allow 

multihoming on the other side (Belleflamme and Peitz 2019). An important insight from these 

studies is that there exists interdependence between two sides of the platform due to cross-group 

network effects. Close to our study, Bakos and Halaburda (2020) consider multihoming on both 

sides and find that interdependence may disappear in this case. However, prior literature ignored 

the role of consumer privacy concern on the user side, which is the main focus of this study.  

 

3. Model 
We consider a two-sided market model consisting of three types of players: two competing 

platforms 𝑖 = 𝐴, 𝐵, and a mass of platform users and advertisers. Two platforms provide free 

content services to users and make profits from selling ads to advertisers. Platforms compete on 

both the user side (called 𝑋 side) and the advertiser side (called 𝑌 side). We employ a two-sided 

Hotelling model to characterize the horizontal competition between two platforms (Bakos and 

Halaburda 2020). In particular, we assume users and advertisers are uniformly distributed along 

two Hotelling lines, i.e., 𝑥~𝑈[0, 1] for 𝑋 side, 𝑦~𝑈[0, 1] for 𝑌 side. Platforms are located at 

the end points of two Hotelling lines, with Platform A being at 0 and platform B being at 1.  

Both platforms 𝐴 and B leverage consumer data to perform targeted advertising. Platforms 

such as publisher websites can learn user preferences and build user profiles by tracking their 

online activities. This information can help deliver ads to relevant users. Tracking and collecting 
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consumer data, however, would infringe consumer privacy (Gal-Or et al. 2018). Below, we 

describe user utility, advertiser payoff, and platforms’ profits, respectively.  

 

User Utility 

In the presence of privacy policy, a user located at 𝑥 would receive utility 𝑈(𝑖; 𝑥) when joining 

platform 𝑖 = 𝐴, B, 

𝑈(𝐴; 𝑥) = 𝛼 − 𝑐 − 𝑡𝑥 (1) 

𝑈(𝐵; 𝑥) = 𝛽 − 𝑐 − 𝑡(1 − 𝑥) (2) 

where 𝛼 and 𝛽 represent the intrinsic value users can obtain from using platforms A and B’s 

content services. Without loss of generality, we assume 𝛼 > 𝛽 to represent that platform A can 

offer a larger scope of services. Parameter 𝑐 represent the privacy cost consumer would incur 

when using the content services offered by platforms. 𝑡𝑥 and 𝑡(1 − 𝑥) denote the misfit cost in 

the Hotelling model.  

We allow users to join both platforms, a phenomenon known as multihoming, which is 

commonly observed in the practice. For instance, a user may choose to watch videos on YouTube 

and read business articles in New York Times simultaneously. When a user 𝑥 multihomes, he 

would obtain the utility 𝑈(𝐴&𝐵; 𝑥) = 𝑈(𝐴; 𝑥) + 𝑈(𝐵; 𝑥) = 𝛼 + 𝛽 − 𝑡 − 2𝑐. It can be seen that 

the user 𝑥 has the incentive to multihome when 𝑈(𝐴; 𝑥) > 0 and 𝑈(𝐵; 𝑥) > 0. By solving the 

above inequalities, we derive that users with 𝑥 < 𝑥𝐴 would join platform 𝐴, users with 𝑥 > 𝑥𝐵 

join platform B, users 𝑥 ∈ (𝑥𝐵 , 𝑥𝐴) would choose to multihome on both platforms. The following 

figure illustrates the users’ choice on two platforms.  

 

 

 

 

 

 

 

 Advertisers Payoff 

An advertiser located at 𝑦 would obtain the payoff 𝜋(𝑖; 𝑦) when posting an ad on platform 𝑖 =
𝐴, B, 

𝜋(𝐴; 𝑦) = 𝜃𝑥𝐴(𝑣 − 𝑝𝐴) − 𝑡𝑦 (3) 

𝜋(𝐵; 𝑦) = 𝜆(1 − 𝑥𝐵)(𝑣 − 𝑝𝐵) − 𝑡(1 − 𝑦) (4) 

where 𝑥𝐴 is the total number of users that join platform A, 𝜃 represents platform A’s targeting 

capability. Thus, 𝜃𝑥𝐴 can be understood as the fraction of users that can be targeted by platform 

𝐴. Advertisers receive a value 𝑣 when the ad is sent to a relevant user and pay an ad price 𝑝𝐴. 

Hence, the first term 𝜃𝑥𝐴(𝑣 − 𝑝𝐴) in 𝜋(𝐴; 𝑦) denotes the advertiser’s revenue from platform A. 

𝜆 represents platform B’s targeting capability. (1 − 𝑥𝐵) is the total number of users that join 

platform B. Therefore, the first 𝜆(1 − 𝑥𝐵)(𝑣 − 𝑝𝐵) in 𝜋(𝐵; 𝑦) represents the expected revenue 

when buying ads from platform B. For ease of exposition, the value of a targeted ad 𝑣  is 

normalized to one. We assume 𝜃 > 𝜆 to capture the fact that platform A has more data to develop 

a better targeting capability. 𝑡𝑦 and 𝑡(1 − 𝑦) represent the misfit cost on the advertiser side. As 

we can see, when platforms’ users on 𝑋 side increase, the advertisers’ revenue from that platform 

increase. This reflects the cross-side network effects in two-sided platforms.  

Figure 1. Users’ choices with multihoming  
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Similar to the user side, we allow multihoming on the advertiser side. It is a common strategy 

for advertisers to place ads on multiple platforms. One thing, however, should be noted is that 

when advertisers multihome, they may deliver an ad to the same users twice because users also 

multihome. Typically, the second ad impression sent to the same user is wasted and generates no 

additional value for advertisers (Krämer et al. 2018). Hence, the return of placing ads on multiple 

platforms diminishes due to the user side multihoming. The extent of diminishing return is affected 

by two factors: (i) the number of multihoming users (i.e., overlapping users) on 𝑋 side, (ii) the 

substitution rate of two platforms’ targeting capabilities. First, a larger number of multihoming 

users means that it is more likely to meet the same users when advertisers multihome. Second, for 

a given number of multihoming users, if two platforms’ targeting capabilities are substitutes, 

advertisers would meet some users repeatedly. In contrast, if the two platform’s targeting 

capabilities are complemented, an advertiser would meet different users when multihoming. 

Basically, there are three relationships between two platforms’ targeting capabilities (illustrated 

by Figure 2): (1) complete substitution, (2) complete complementary, and (3) partial substitution.  

 

 

 

 

 

 

 

 
Note: The rectangle represents the total number of multihoming users, the circle A (B) represents the faction 

of multihoming users targeted by platform A (B). Given that platform A has a higher targeting capability, 
it can find more target users.   

 

We denote the substitution rate of two platform’s targeting capabilities by 𝜙 (0 ≤ 𝜙 ≤ 1), with 

𝜙 = 0 corresponding to the complete complementary, and 𝜙 = 1 corresponding to the complete 

substitution. Formally, an advertiser that buys ads from both platforms would obtain the payoff 

𝜋(𝐴&𝐵; 𝑦), 

𝜋(𝐴&𝐵; 𝑦) = 𝜃𝑥𝐴(𝑣 − 𝑝𝐴) + 𝜆(1 − 𝑥𝐵)(𝑣 − 𝑝𝐵) − 𝜆 𝜙𝑣(𝑥𝐴 − 𝑥𝐵)

− 𝑡𝑦 − 𝑡(1 − 𝑦) 

(5) 

where the third term 𝜆𝜙𝑣(𝑥𝐴 − 𝑥𝐵) represents the revenue loss due to user multihoming. Note 

that when the substitution rate increases, the payoff of joining both platforms decreases. Hence, it 

is preferable for an advertiser to join both platforms if and only if 𝜋(𝐴&𝐵; 𝑦) > 𝜋(𝐴; 𝑦), and 

𝜋(𝐴&𝐵; 𝑦) > 𝜋(𝐵; 𝑦). As a result, advertisers with 𝑦 < 𝑦𝐴 would join platform A, advertisers 

with 𝑦 > 𝑦𝐵 would join platform B, and advertisers 𝑦 ∈ (𝑦𝐵, 𝑦𝐴) would join both platforms.  

 

Platform Profits 

Platforms make profits from selling targeted ads. Such an ad-sponsored business model is adopted 

by many online platforms. Platform 𝑖’ profit functions can be written as follows: 

Π(𝐴; 𝑦) = 𝜃𝑥𝐴𝑦𝐴𝑝𝐴 (6) 

Π(𝐵; 𝑦) = 𝜆(1 − 𝑥𝐵)(1 − 𝑦𝐵)𝑝𝐵 (7) 

Platform 𝑖 charges an ad price 𝑝𝑖 for each advertiser when delivering the ad to a relevant user.  

Figure 2. Relationships between two platforms’ targeting capabilities 
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4. Analysis and Results 
We solve our model by using the backward induction approach. We first analyze consumers’ 

choice, then advertisers’ choice, and finally, we determine platforms’ optimal prices. A user would 

incur a privacy cost 𝑐 and platform B’s targeting capability is 𝜆. By solving 𝑈(𝐴; 𝑥) = 0 and 

𝑈(𝐵; 𝑥) = 0, we can derive the indifferent users 𝑥𝐴 =
𝛼−𝑐

𝑡
, 𝑥𝐵 =

𝑐+𝑡−𝛽

𝑡
. When 𝑥𝐴 > 𝑥𝐵, that is, 

𝛼 + 𝛽 − 2𝑐 − 𝑡 > 0, user multihoming would occur for 𝑥 ∈ (𝑥𝐵, 𝑥𝐴).  

On the advertiser side, an advertiser would join two platforms if he can obtain a higher utility 

than joining only platform A or platform B. By solving 𝜋(𝐴&𝐵; 𝑦) = 𝜋(𝐵; 𝑦), 𝜋(𝐴&𝐵; 𝑦) =

𝜋(𝐴; 𝑦) , we can derive the indifferent advertisers 𝑦𝐴 =
𝜃(1−𝑝𝐴)𝑥𝐴−𝜆𝜙(𝑥𝐴−𝑥𝐵)

𝑡
, 𝑦𝐵 =

𝑡−𝜆(1−𝑥𝐵)(1−𝑝𝐵)+𝜆𝜙(𝑥𝐴−𝑥𝐵)

𝑡
. Substituting 𝑥𝐴, 𝑥𝐵, 𝑦𝐴, 𝑦𝐵 into platforms’ profit functions (6) and 

(7), we can rewrite platform’s profits. Based on the first-order conditions, we can derive platforms’ 

optimal prices. The following lemma summarizes the equilibrium outcomes.  

 

Proposition 1. The equilibrium prices, market share, and platform profits are as follows: 

(i) Prices: 𝑝𝐴
∗ =

1

2
(1 −

𝜆𝜙(𝛼+𝛽−2𝑐−𝑡)

(𝛼−𝑐)𝜃
), 𝑝𝐵

∗ =
1

2
(1 −

𝜙(𝛼+𝛽−2𝑐−𝑡)

(𝛽−𝑐)
);  

(ii) Market share: 𝐷𝐴
∗ =

(𝛼−𝑐)𝜃−𝜆𝜙(𝛼+𝛽−2𝑐−𝑡)

2𝑡2 , 𝐷𝐵
∗ =

(𝛽−𝑐)𝜆−𝜆𝜙(𝛼+𝛽−2𝑐−𝑡)

2𝑡2 ; 

(iii) Profits: Π𝐴
∗ =

((𝛼−𝑐)𝜃−𝜆𝜙(𝛼+𝛽−2𝑐−𝑡))2

4𝑡2 , Π𝐵
∗ =

((𝛽−𝑐)𝜆−𝜆𝜙(𝛼+𝛽−2𝑐−𝑡))2

2𝑡2 .  

 

Proposition1 has several important implications. First, when user privacy concern (𝑐) increases, 

we might expect platforms to reduce their prices because fewer users would join the platforms and 

thus reduce their attractiveness to advertisers. Surprisingly, Proposition 1 shows that both 

platforms would raise their ad prices (i.e., 
𝜕𝑝𝑖

∗

𝜕𝑐
> 0). This counterintuitive finding can be explained 

as follows. When 𝑐 increases, the number of multihoming users (i.e., 𝑥 ∈ (𝑥𝐵 , 𝑥𝐴)) decreases 

while the number of singlehoming users on each platform increases. The larger group of 

singlehoming users endows the platform with exclusive market power over providing exclusive 

access to these users for the advertisers. Given that single homing users are more valuable to 

advertisers than multihoming users, platforms can increase their ad prices. This result resonates 

with the scenario called “competitive bottleneck” in two-side market literature (Armstrong and 

Wright 2007), which suggests that when platforms attract more singlehoming users on one side, 

they will have more monopoly power on the multihoming side.  

Second, Proposition 1(ii) reveals that when 𝑐  increases, platform A’s market share on 

advertiser side (𝐷𝐴
∗) increases if the substitution rate of targeting capabilities 𝜙 is high (i.e., 𝜙 >

𝜃

2𝜆
); otherwise, when 𝜙 <

𝜃

2𝜆
, platform A’s market share would decrease with 𝑐. This result can 

be interpreted as follows. Essentially, the attractiveness of platforms for advertisers depends on 

how many exclusive users they can target. When 𝑐 increases, multihoming user decreases while 

singlehoming user increases. If the substitution rate is relatively high, the decrease in multihoming 

users can restrict the loss of exclusive target users. In this case, the platform can attract more 

advertisers due to the increase in singlehoming users. For the same reason, we find that platform 

B’s market share increases with 𝑐 if the substitution rate 𝜙 is relatively high (i.e., 𝜙 >
1

2
). Given 

that platform B has a lower targeting capability, for multihoming users, platform B’s target users 
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have a higher probability to be substituted by that of platform A. Hence, when consumer privacy 

concern increases, it is more likely to benefit the small platform B in terms of achieving a larger 

market share.  

 

Third, from Proposition 1(iii), we find that the impact of consumer privacy on platforms’ profits 

is also contingent on the substitution rate. When the substitution rate is relatively high (i.e., 𝜙 >
𝜃

2𝜆
), platform A’s profits increase with 𝑐. Under this condition, both the price and market share of 

platform A will increase, leading to higher profits. In contrast, when the substitution rate is 

relatively low, while platform A’s price increases, its market share decreases. We find that the 

negative impact of the shrinking market share is more prominent, leading to lower profits. 

Likewise, we show when 𝜙 is relatively high (i.e., 𝜙 >
1

2
), platform B’s profits would increase 

with 𝑐. Moreover, we find that platform B is more likely to achieve a high profit due to the 

decrease in multihoming users. 

 

5. Conclusion 
The advancement in data analytics technologies has reshaped the digital advertising industry. 

Nowadays, many online platforms (e.g., content providers) adopt the ad-sponsored business model 

in a two-sided market, where they provide free content services to users and charge advertisers by 

selling ads. By collecting and analyzing consumer data, platforms can perform targeted advertising. 

However, tracking consumer personal data has also raised increasing privacy concerns, which may 

discourage users to adopt the platform. In this study, we build a stylized analytical model to 

examine the impact of consumer privacy concerns on platforms’ ad prices, market share, and 

profits. We consider multihoming behavior on both the user side and the advertiser side. 

Surprisingly, our result shows that as consumer privacy concern increases, platforms would raise 

rather than reduce their ad prices. The underlying mechanism is that high privacy concerns would 

reduce multihoming users while increase singlehoming users, which endows platforms with more 

exclusive market power on the advertiser side. We further show that platforms may obtain a higher 

market share and profits when user privacy concerns increase. 
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Abstract 

 

Emerging digital-only banks without offline branches (i.e., digital banks), such as WeBank, are 

reshaping the banking industry. However, prior literature mainly investigates traditional banks’ 

digital channels (e.g., online or mobile banking), with limited research about the impact of 

consumers’ digital bank adoption. Moreover, despite their higher IT capability and information 

accessibility as well as lower transaction cost, digital banks are still under policy debate regarding 

their legality. Thus, this study examines the impact of consumers’ digital bank adoption on (1) 

their overall transaction behavior and (2) consequent competition between digital and traditional 

banks, as well as (3) the underlying mechanism behind the observed effects. Leveraging a unique 

dataset on consumers’ transactions with multiple banks and retailers, we use a difference-in-

differences model to suggest that (1) consumers’ digital bank adoption significantly increases 

transaction frequency and transaction amount, (2) digital banks compete against traditional banks 

for offline consumption rather than online consumption, and (3) digital banks reduce product-

related, time-related, and location-related transaction costs.  
 

Keywords: Digital-only bank, traditional bank, online and offline consumption, difference-in-

differences (DID), propensity score matching (PSM) 

 

 

1. Introduction 

A “digital-only bank” or “virtual bank” (hereafter, digital bank) is defined as a bank that primarily 

delivers retail banking services through electronic channels (e.g., Internet) instead of physical 

branches. The digital bank is different from an Internet, online, mobile, or digital banking service 

(hereafter, digital banking service), i.e., a digital channel of traditional banks that still put a strong 

emphasis on offline branch networks. As reported by IBM, the main difference between digital 

banks and traditional banks (with digital banking services) is that the former has no physical 

branches while the latter still handles a considerable amount of transactions and services at offline 

branches (Wagle & Biswas 2019). As a result, digital banks are excel at reducing operational costs 

and improving service efficiencies (Son et al. 2020). Furthermore, as they rely heavily on 

information technologies (IT), digital banks have better IT capability, capturing customers’ 

behavior more effectively and granularly. 

As these features distinguish digital banks from traditional banks, digital banks are flourishing 

worldwide. The most successful examples are the two giants, WeBank and MYbank, in China. For 

example, ranking as the top 1 digital bank globally, WeBank deals with more than 574 million 

transactions on a business day in 2019, comparable to the largest bank worldwide (Marous 2020). 
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Moreover, MYbank, which mainly targets small and medium-sized enterprises (SMEs), usually 

approves loan applications within a couple of minutes compared to one month for traditional banks 

(Limsamarnphun 2019). In addition, the U.S. market also notices the rapid growth of digital banks. 

Elm (2020) reports that the U.S. market expects doubled digital bank adopters by 2024. 

Though a digital bank is an emerging trend in the banking industry, our understanding of its impact 

is underdeveloped. However, it is significant for regulators to know the impact of digital bank 

adoption, as they are cautious about adopting it (Kerse & Jenik 2020). Specifically, they are 

concerned about personal financial stability and the consequent competition between digital banks 

and traditional banks (Guy 2021), which is also a gap in the literature. While prior literature mainly 

focuses on the consumers’ financial behaviors after digital banking service adoption, such as 

financial product acquisition (Xue et al. 2011), we aim to have an overall understanding of the 

competition between digital banks and traditional banks across categories, including online, and 

offline categories. Specifically, we aim to provide empirical evidence for the ongoing debate about 

the following key questions: (1) How does consumers’ overall transaction behavior change after 

their digital bank adoption? (2) How is this change distributed between their newly adopted digital 

banks and existing traditional banks? In other words, how do traditional and digital banks 

compete against one another? and (3) What are the underlying drivers of such a change in 

consumers’ transaction behavior? 

 

However, the answers are far from clear. On the one hand, digital banks’ greater information 

accessibility through their superior digital channels would provide them with a competitive 

advantage over traditional banks in consumers’ online transactions. For example, an online-only 

feature of digital banks would enable capturing consumers’ online behavior more accurately and 

granularly (Pather & Bedford 2019), therefore targeting online consumers more precisely. Thus, 

digital banks would facilitate consumers’ online transactions more effectively than offline 

transactions. On the other hand, digital banks’ reduced transaction cost would promote offline 

transactions more effectively than online ones because its role will be more prominent in the offline 

context where transaction cost is usually higher than the online context (Son et al. 2020; Xue et al. 

2011). As a result, digital banks would have a competitive advantage over traditional banks in 

consumers’ offline transactions. Thus, it remains an empirical question for us to resolve. 

 

To answer these questions, we draw on a unique dataset on more than 100,000 individuals’ every 

transaction with all their digital and traditional banks over 18 months. Leveraging a difference-in-

differences (DID) identification strategy as well as propensity score matching (PSM) as a part of 

our robustness checks, we find that (1) consumers’ digital bank adoption significantly improves 

their overall transaction frequency and amount. Specifically, these increased transaction 

frequencies and amounts mainly come from offline categories, while the online category remains 

unchanged. (2) Our results about the competition between digital banks and traditional banks also 

reveal that traditional banks are competing with digital banks for consumers’ offline consumption, 

while digital banks show a competitive advantage over traditional banks. Specifically, digital bank 

adopters transfer their offline consumption transactions from traditional banks to digital banks. 

We further take transaction cost economics as a theoretical lens to detect the underlying 

mechanisms. Specifically, we focus on three different transaction costs, including product-related 

transaction costs, time-related transaction costs, and location-related transaction costs. Our results 

suggest that after the adoption of digital banks, consumers have transactions with a longer time 
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window, broader product choices, and wider geographical areas. These observed effects provide 

evidence that consumers experience reduced transaction costs after adopting digital banks.  

 

Our study contributes both to the literature and the practice. Firstly, it contributes to the literature 

on emerging digital banks in particular and the literature on banking and fintech in general. We 

contribute to this stream by examining the impact of digital bank adoption on consumer behavior, 

as well as the consequent competition with traditional banks. Moreover, we also contribute to the 

literature about consumer financial behavior. We build upon prior literature to extend the overall 

consumer transaction behavior across categories. For practical implications, our results shed light 

on digital banks’ role in promoting offline behaviors and their consequent competition against 

traditional banks for consumers’ offline consumption, adding evidence to the recent policy debate. 

Our results provide mixed evidence about the pros and cons of digital bank adoption; that is, on 

the one hand, digital bank adoption facilitates the competition between digital banks and traditional 

banks regarding offline transactions, which is good for traditional banks to innovate. On the other 

hand, consumers tend to transact more frequently and spend more after adopting digital banks, 

suggesting that personal financial stability is a concern. By and large, our results provide empirical 

evidence for policy debate about digital banks. 

 

2. Research Setting 

2.1 Digital Banks in Korea 

We focus on the only two licensed digital banks during our observational period, which are 

KAKAO Bank and K Bank. Both digital banks provide full-range retail banking services, with no 

offline branches and no face-to-face contact with customers. Specifically, KAKAO Bank was 

available to the public in July 2017, attracting over 240,000 customers on the first day. Another is 

the K Bank, which is launched in April 2017. It acquires 3.91 million users till March 2021, with 

8.72 trillion KRW (7.73 billion USD) customer deposits.  

 

2.2 Data 

MobileResearch (pseudonym) in Korea provides us with unique data on over 100,000 individuals’ 

financial transactions from January 2018 to June 2019. MobileResearch collects the data from a 

popular mobile portfolio management app in Korea. The primary function of this app is 

automatically reading, detecting, and recording SMSs information and mobile alerts (e.g., push 

messages) from various financial institutions, such as banks and debit/credit card providers. Thus, 

we have information on (1) detailed transaction information that includes time, amount, categories 

(i.e., online, offline), and financial institution (e.g., bank, card company) involved in each 

transaction; (2) consumers’ information (e.g., age, gender, monthly budget, location); (3) retailers’ 

information (e.g., name, categories, location). 

 

3. Empirical Analysis 

3.1 Sample Selection 

To create a panel for analyses, we first remove corporate card transactions for the sample selection 

because our focal interest is individual financial behavior. Second, we only keep active domestic 

users with at least one transaction per week. Third, we further select those who are between 18 to 

70 to ensure that they have financial management abilities. Finally, following Son et al. (2020), 

we define a consumer’s digital bank adoption as his/her first transaction with a digital bank in our 

data period. We follow their approach to define the first half-year (January 2018 to June 2018) as 
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our pre-treatment period, the second half-year (July 2018 to December 2018) as our treatment 

period, and the last half-year (Jan 2019 to June 2019) as our post-treatment period. Thus, those 

who first use digital banks during the treatment period are assigned as the treatment group. Given 

the definition of the treatment period, our treatment group involves 1,174 digital bank adopters 

who firstly used a digital bank in the treatment period. To mimic a randomized experimental setup, 

we then randomly select 1174 non-adopters who have not adopted the digital bank during the 

whole observational period. 

3.2 Model Specification 

Taking the same approach with the prior literature (Son et al. 2020; Xue et al. 2011), we use a DID 

approach with two-way fixed effects to investigate the impact of consumers’ digital bank adoption: 

 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖𝑡 = 𝛽1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖 + 𝛽2𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡 + 𝛽3𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖 ∗ 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡 +  𝛿𝑖 + 𝛾𝑡 + 휀𝑖𝑡, 
 

where i denotes each consumer, t indicates each week, 𝛿𝑖 and 𝛾𝑡 are consumer and week-fixed 

effects, 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖 is a treatment dummy variable; that is, 1 for the digital banking adopters 

and 0 for the non-adopters, and 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑡 is an adoption dummy variable, where 0 for the pre-

treatment period and 1 for the post-treatment period. 𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖𝑡 denotes a vector of dependent 

variables for consumer i in week t with log transformation, including (1) consumers’ overall 

transaction behavior, including consumers’ weekly consumption frequency and amount (measured 

in KRW) processed by traditional banks; (2) competition between digital and traditional banks 

across transaction categories (i.e., online and offline), and (3) consumers’ transaction patterns after 

their digital bank adoption. Specifically, we measure their weekly number of unique consumption 

categories, weekly number of unique consumption hour-of-day, weekly number of unique 

consumption day-of-week, weekly variance of consumption location (e.g., latitude, longitude). 

The coefficient that we are interested in is 𝛽3 that captures the impact of digital banking adoption 

on the outcome variables.   

 

4. Results 

As shown in the first panel of Table 1, consumers’ digital bank adoption significantly enhances 

their transaction frequency and increases their transaction amount. The results further demonstrate 

that such a positive effect mainly comes from offline transactions, instead of those in online 

transactions. In other words, consumers’ digital bank adoption does not significantly impact their 

online consumption behavior, but it significantly affects offline consumption behavior. We further 

detect the distribution of these increased transactions between digital banks and traditional banks. 

The results shown in the second panel of Table 1 suggest that consumers’ digital bank adoption 

leads to a significant decrease in their overall consumption frequency and amount processed by 

traditional banks, which result solely from changes in offline transactions with traditional banks. 

This implies that consumers’ offline consumption transactions are both transferred from 

traditional banks to digital banks and additionally generated at digital banks. Thus, our observed 

effects show that digital banks compete with traditional banks regarding offline transactions. 

 

To further detect the underlying mechanism, we focus on three types of transaction costs, namely 

product-related transaction costs, time-related transaction costs, and location-related transaction 

costs. As seen in Table 2, particularly regarding offline consumption transactions, we find that 

consumers transact with a longer time window for both hour of day and day of week. Moreover, 
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they have broader product choices after adopting digital banks with wider geographical areas. The 

results support that consumers’ digital bank adoption significantly decreases these transaction 

costs, especially for offline transactions.  

Table 1. Impact of Digital Bank Adoption on Overall Transaction and Competition  

Variables 

(1) Overall Transaction  (2) Competition 

Consumption frequency Consumption amount  Traditional bank frequency Traditional bank amount 

All Online Offline All Online Offline  All Online Offline All Online Offline 

Treatment* 

Adoption 

0.046*** 

(0.013) 

0.007 

(0.073) 

0.050*** 

(0.014) 

0.147*** 

(0.027) 

0.093 

(0.095) 

0.168*** 

(0.030) 

 -0.063*** 

(0.016) 

-0.022 

(0.015) 

-0.062*** 

(0.016) 

-0.066*** 

(0.016) 

-0.098 

(0.099) 

-0.068* 

(0.040) 

Fixed Effects Y Y Y Y Y Y  Y Y Y Y Y Y 

Consumers 2,348  2,348  2,348  2,348  2,348  2,348   2,348  2,341  2,348  2,348  2,340  2,348  

Observations 122,096  122,096  122,096  122,096  122,096  122,096   122,096  121,732  122,096  122,096  121,680  122,096  

R2 0.019 0.019 0.018 0.011 0.006 0.006  0.008 0.005 0.014 0.015 0.004 0.007 

Note: Robust standard errors are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.  

 
Table 2. Impact of Digital Bank Adoption on Consumption Pattern 

Variables 

Consumption Pattern 

Consumption categories Unique hour of day Unique day of week Latitude variance a 

All Online Offline All Online Offline All Online Offline All Online Offline 

Treatment* 

Adoption 

0.029*** 

(0.008) 

0.007 

(0.006) 

0.030*** 

(0.008) 

0.019** 

(0.008) 

0.009 

(0.012) 

0.024*** 

(0.009) 

0.009* 

(0.005) 

0.011 

(0.011) 

0.013** 

(0.006) 

0.057** 

(0.027) 

0.005 

(0.015) 

0.063** 

(0.027) 

Fixed Effects Y Y Y Y Y Y Y Y Y Y Y Y 

Consumers 2,348  2,341  2,348  2,348  2,341  2,348  2,348  2,341  2,348  2,348  2,341  2,348  

Observations 122,096  121,732  122,096  122,096  121,732  122,096  122,096  121,732  122,096  122,096  121,732  122,096  

R2 0.019 0.005 0.018 0.017 0.008 0.016 0.036 0.008 0.030 0.007 0.001 0.008 

Note: Robust standard errors are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.  
a) Due to the page limit, we do not include the results regarding longitude variance.  

  

5. Robustness Checks  

5.1 PSM 

One major concern of our study is self-selection bias, which means that consumers’ digital bank 

adoption is endogenously determined by other factors. To mitigate the endogeneity concern, we 

follow the prior literature (Son et al. 2020) and adopt the PSM approach, creating a matched 

control group with the most similar observed characteristics with the treatment group. We find 

that the results are consistent even after adopting the PSM approach.  

 

5.2 Relative Time Model 

To formally test the parallel trend assumption in the pre-treatment period, i.e., a fundamental 

assumption for DID approach, we involve a set of time dummies interacting with the treatment 

indicator. Our results suggest that all the pre-treatment coefficients are insignificant, demonstrating 

no systematic time trend in the pretreatment period. In addition, we find that the adoption of a 

digital bank has an immediate impact on the overall transaction behaviors (i.e., transaction 

frequency and transaction amount), and these effects last at least 16 weeks.  

 

6. Discussion  

This study investigates the impact of consumers’ digital bank adoption on (1) their overall 

transaction behaviors and (2) competition between digital and traditional banks as well as (3) the 
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underlying mechanism behind the observed effects. We find that it significantly increases 

transaction frequency and transaction amount, especially for offline consumption. We also find 

that digital banks have competitive advantages over traditional banks in terms of offline 

transactions. Furthermore, we also demonstrate that the underlying mechanism of these observed 

effects is that digital banks reduce product-related transaction costs, time-related transaction costs, 

and location-related transaction costs, particularly regarding offline transactions. 

Our study contributes to the literature and practice in several ways. First, we are among the first to 

investigate the impact of consumers’ digital bank adoption on their transaction behaviors and the 

competition between digital banks and traditional banks. Second, building on the extant literature 

(Xue et al. 2011), we further contribute to the consumer financial behavior literature by 

investigating novel consumer behaviors across different categories. We extend extant literature 

that mainly focuses on consumers’ financial behaviors to detect consumers' consumption 

behaviors across online and offline channels. Furthermore, given that governments are cautious 

about issuing digital bank licenses, our study provides empirical understanding of digital banks’ 

impact on consumer behavior and competitive dynamics in the banking industry, shedding light 

on the potential pros and cons of digital banks. 
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Abstract 
 

In today’s emerging and competitive live streaming e-commerce, streamers must continually 

work to improve their sales performance. Past research has highlighted the performance impact 

of live interaction, treating its effects as enduring based on general or average levels. Live 

interaction in some moments is more salient than that in others, however. Building on gestalt 

characteristics and event system theories, this study takes a short-term momentary perspective to 

examine the intensity and duration of peak interaction during product display and non-product 

display phases of a live streaming video. Using moving window and computer vision techniques, 

these variables are extracted from videos data obtained on the Taobao Live platform. Their 

effects are then empirically quantified with econometric model estimations. 

 

Keywords: Live streaming e-commerce, Peak interaction, Duration, Phases, Sales performance 

 

 

1. Introduction 
Live streaming, an emerging type of live information diffusion and communication technology, 

has been widely adopted by online sellers to boost their sales performance. The growth of live 

streaming e-commerce (LSE) has been accompanied by increasingly intense competition among 

streamers. In China, for example, about 20,000 streamers sold products via Taobao Live in 2019, 

an increase of 233.3% from 2018. In 2020, Taobao Live attracted 6 billion USD on the Double 

11, China’s largest annual online marketing event. Considering these huge numbers and growing 

trends, streamers face major challenges in maximizing sales performance in the LSE context, and 

are keen to understand how to achieve this. 

 

LSE enables the synchronous conversation between streamers and consumers. Such live 

interaction (LI) is significantly different from live chat tools in traditional e-commerce (Ou et al. 

2014; Tan et al. 2019). Compared with live chat that only allows for one-to-one interactions in 

text or image formats, LSE helps streamers interact with multiple buyers in a real-time video 

(Sun et al. 2019; Xue et al. 2020). Specifically, a consumer can type text comments on the bullet 

screen, which is shown to peer consumers and streamers. Peer consumers can then make 

responses after reviewing the comments sent by the consumer. Streamers can also review and 

react to these comments through visual and verbal demonstration synchronously, allowing the 

interactivity of content to be manipulated in a broader and more effective way (Sun et al. 2019).  
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Understanding the performance impact of LI has been of great interest to LSE researchers in 

recent years (e.g., Xue et al. 2020). However, the momentary or episodic features of LI during a 

video remain understudied. As live interaction intensity changes on a momentary basis, where 

some moments are more salient than others (Kang et al. 2021), this feature of LSE warrants 

further examination. For example, as consumers enter the live streaming video, streamers greet 

consumers and call for their feedback via visual and (verbal) sound responses. When the group 

of consumers is large enough, streamers begin to introduce a sequence of products and talk about 

the price incentives and selling policies of a certain product at a particular moment before 

moving on to the next item (Wongkitrungrueng et al. 2020). In other words, a live streaming 

video featuring a particular product is not a single timestamp, but the dynamic unfolding of 

communication, where the level of interactivity intensity can be expected to fluctuate. This 

suggests that consumers may be more influenced by these interactions at some moments than at 

others, where information on products may also be retained at different levels over time. This 

study therefore develops a short-term episodic view of interaction and its effects during a live 

streaming video. Treating LSE interaction as having momentary rather than enduring effects, our 

research question is posed: How do momentary interactions influence sales performance in LSE? 

 

We propose a novel and temporal feature of LI based on gestalt characteristics and event system 

theories: peak interaction, the moment when interactivity intensity is at its highest level. Gestalt 

characteristics theory suggests that the most intense (peak) moments of individuals’ experienced 

event significantly shape their overall summary evaluations of this event (Ariely and Carmon 

2000; Geng et al. 2013; Jiang et al. 2019). We argue that the intensity of the peak moment of LI 

can affect the sales performance of a video. Breaking from previous studies of investigating the 

influence of LI on an overall or general level (Hu and Chaudhry 2020; Xue et al. 2020), we 

highlight a novel perspective of the influence of LI. Additionally, event system theory—which 

proposes that peak events become salient when they are novel, disruptive, and critical—defines 

peak interaction in terms of not only its intensity, but also its duration and phases (Morgeson et 

al. 2015). Given that the influence of an event varies from moment to moment, researchers 

should further investigate the temporal features of events. Besides considering peak interaction’s 

intensity, we explore how long it should last to achieve satisfying sales outcomes. In considering 

peak interaction in different temporal phases, we focus on the key phases of a live streaming 

video, that of product display phases. In LSE, streamers adopt various visual skills (e.g., trial, 

zoom-in, and rotation) to display each product (Wongkitrungrueng et al. 2020). When a 

consumer watches the product displayed on the screen, that person is more likely to evaluate 

details and immerse themselves in their contexts (Sun et al. 2019). By considering both the 

intensity and temporal features of peak interaction, we aim to reveal the role of peak interaction 

over the short retention of product messaging in LSE. 

 

2. Improving Sales Performance Through Live Interaction 
LSE research has investigated how LI drives consumers to purchase (e.g., Kang et al. 2021; Xu 

et al. 2020; Xue et al. 2020). LI refers to the degree to which communication parties can act on 

each other, and to what extent the process is synchronized (Ou et al. 2014; Xue et al. 2020). 

Extant literature has shown the various benefits of LI, such as offering more product information, 

immersing consumers in visual and verbal demonstrations, increasing emotional connectedness, 

and facilitating the formation of associate relationships among streamer, viewer, and 

product/brand (e.g., Kang et al. 2021; Sun et al. 2019). As the current LSE research has treated 
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LI as enduring by investigating its effects at a general or average level (e.g., Xu et al. 2020; Xue 

et al. 2020), the lack of attention on its temporal aspects limits our understanding of the 

phenomenon. Because the influence of product display and promotion varies from moment to 

moment in a live streaming video (Kang et al. 2021; Wongkitrungrueng et al. 2020), it is 

therefore necessary to focus on LI from a short-term momentary perspective. We thus study the 

performance impact of peak interaction and its total time length based on gestalt characteristics 

and event system theories. Moreover, we study the intensity and duration of the peak moments of 

LI in the product display phases of a live streaming video.  

 

3. The Intensity of Peak Interaction 
According to gestalt characteristics theory and related peak-end rule (Geng et al. 2013), when 

individuals summarize their experienced event, they often focus on a few defining features 

(gestalt characteristics) of this event, such as the most intense moment (peak), the final moment 

(end), and the overall linear trend of the experience (slope), among which peaks have attracted 

increasing attention (Ariely and Carmon 2000). Many events exist such peak effect, such as 

when experiencing offensive or pleasant films, encountering annoying sounds or cold water, and 

receiving painful medical treatments. Responses to these experiences or stimuli are generally 

dominated by their extreme moments, causing them to be remembered more vividly and more 

accurately (Geng et al. 2013). Following gestalt characteristics theory, this study focuses on peak 

interaction, the moment when the intensity of interactivity is the highest. 

 

Peak interaction is key to influencing the consumers’ response to a live streaming video. First, 

peak interaction is especially noticeable and salient to consumers. Gestalt characteristics theory 

suggests that the most dominant stimuli for individuals who experience an event (peak moments) 

cause better (more accurate) performance on their overall assessment of this event than general 

stimuli (Ariely and Carmon 2000; Jiang et al. 2019). Geng et al. (2013) also found that the peak 

moments can improve the “hedonic value” a customer receives based on the subjective 

experience of fun, playfulness, and enjoyment. In LSE, consumers often tune out unnecessary 

details and pay most attention to the most vivid and enjoyable stimuli, including the most 

frequent LI (Xu et al. 2018; Xue et al. 2020). Consumers thus notice the peak moments of LI 

above and beyond that in other periods. Second, peak interaction is most likely to guide 

consumers to develop positive inferences about streamers. Frequent LI contributes to consumers’ 

perception that streamers are friendly and warm, enhances their confidence that streamers are 

reliable and competent, and improves their positive emotions (Hu and Chaudhry 2020; Xue et al. 

2020). When observing these peak interactions, consumers are more likely to make positive 

judgements of streamers, which can influence purchase decisions. We therefore hypothesize: 

 

H1: The intensity of peak interaction during a video is positively related to sales performance. 

 

4. The Duration of Peak Interaction 
Drawing from event system theory, we concur that events related to peak interaction are bounded 

in time (Morgeson et al. 2015). Although gestalt characteristics theory also addresses the 

duration of an event, it suggests that individuals often use gestalt characteristics (notably, peak 

moments) to summarize the entire event and neglect how long it lasts (Ariely and Carmon 2000; 

Jiang et al. 2019). Integrating gestalt characteristics and event system theory, we argue that the 

duration of peak interaction in a live streaming video may also influence sales performance. 
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Event system theory proposes that the impact of an event may be increased with its duration 

(Morgeson et al. 2015). Because consumers give greater attention to peak interactions with a 

longer time length in LSE, longer LI among all parties at the peak level makes peak interaction 

more influential. This means that when consumers focus more on peak interaction, they are more 

likely to get caught up in the pleasure of LSE, and make favorable inferences about the streamers. 

In this way, consumers will make purchase decisions. However, beyond a certain duration, the 

longer peak interaction may hurt sales performance. First, prolonged peak interaction may 

distract consumers’ attention from the most important details. Although a brief moment of peak 

interaction helps consumers get quick responses from streamers, some viewers may be less likely 

to obtain useful information delivered from streamers when streamers focus too much on 

responding to comments from multiple consumers. Second, overly long peak interaction requires 

consumers to expend more cognitive effort to process diverse information, which can lead to 

negative reactions. The decision-making process of consumers entails their cognitive resources 

(Li and Karahanna 2015). If more participants begin to interact with each other simultaneously in 

a video, consumers will need to access the visual and auditory information from products, 

streamers, and peer consumers; as such, they will need to engage more cognitive resources when 

making their purchase decision. Since humans are characterized as cognitive “misers” who tend 

to simplify complex decisions (Fiske 1984), prolonged peak interaction may make consumers 

feel uncomfortable and resistant. We therefore hypothesize an inverted U-shaped relationship 

between the duration of peak interaction and sales performance. 

 

H2: The duration of peak interaction during a video has an inverted U-shaped relationship with 

sales performance. 

 

5. Product Display Phases for Peak Interaction 
According to event system theory, when stimuli happen in different temporal phases of 

individuals’ cognition or experience, they may still have distinct evaluation even though the 

intensity of stimuli is at the same level (Morgeson et al. 2015). The literature on temporal phases 

mainly focuses on the beginning and ending phases of an event (Geng et al. 2013). In our context, 

however, the product display phases play a more salient role, because consumers come and leave 

at any moment, neither showing up at the beginning nor staying until the ending. When 

streamers bring together multiple products in a video and display them one-by-one on the screen, 

they often show the various physical angles of products and tactilely interact with a product (e.g., 

using touch, smell, or taste) (Wongkitrungrueng et al. 2020). In turn, consumers can acquire 

more product knowledge, thus reducing perceived uncertainty while giving them a sense of 

immersion in the product experience (Sun et al. 2019). This evidence suggests that peak 

interaction and its duration at the product display phases of a video is more likely to shape 

consumers’ evaluation and impression about the products compared to non-product display 

phases. We therefore suggest that the proposed effects of the intensity and duration of peak 

interaction will be especially dominant during the product display phases of a video: 

 

H3: (a) The positive performance impact of the intensity of peak interaction at product display 

phases is more effective than that at non-product phases; (b) The duration of peak interaction 

during product display phases has a more salient inverted U-shaped relationship with sales 

performance than that during non-product phases. 
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6. Proposed Research Methodology, Future Plan, and Intended Contribution 

To examine the proposed hypotheses, data at the video level are gathered from Taobao Live, one 

of the largest LSE platforms in China. We collect preliminary data from the platform by 

selecting 508 third-party streamers who sell products of various online sellers, from October 

2020 to January 2021. The collected data offer video files, sales performance data, and statistical 

information about streamers, videos, and products. We extract the variables according to the 

following operationalization. In subsequent work, we plan to propose and estimate an 

econometric model to quantify the peak interaction-performance relationships. 

 

The operationalization of data are as follows. Peak interaction refers to the moment when the 

intensity of interactivity is the highest during a video, manifested as a timestamp when the 

number of comments reaches the maximum. It is measured by using moving window technology. 

We treat each second of a video as the beginning of a window, with each window lasting ten 

seconds, and calculate the number of comments for each window. This allows us to obtain a 

number for the interactivity intensity level for each window. For each video, we identify the 

maximum intensity moment within all windows of the video as the peak interaction and its 

number of comments as peak intensity. Peak interaction duration here refers to the total time 

length (in seconds) when the interactivity reaches a range of peak intensity in a video. We 

measure it by counting the number of windows where the number of comments is more than half 

the peak intensity. The analyses in a robustness check are then rerun, with the total length of time 

as the number of windows, where the number of comments is more than 80 percent of the peak 

intensity. The product display phases of peak interaction are measured in three steps. For each 

video, we first identify the moments in which products are displayed by using moving object 

detection techniques from the field of computer vision (Li et al. 2019). The video is then 

partitioned into two parts: product display and non-product display phases. Third, the peak 

intensity of LI and its duration are identified in each of the two phases. Sales performance is 

measured using the transaction revenue generated during a video. Streamer demographics (e.g., 

gender, total updates, and total followers), video attributes (e.g., views, the total number of 

comments, duration, average product price, total discounts) are incorporated as control variables. 

 

This study intends to contribute to the e-commerce literature by examining the performance 

impact of the temporal aspects of LI during a live streaming video. Previous LSE studies have 

mostly regarded LI as an enduring construct by examining its overall influence. This study goes 

beyond that approach by exploring the impact of temporal features (i.e., intensity, duration, and 

phase) of peak interaction on sales performance. Specifically, we build on gestalt characteristics 

and event system theory to study the performance impact of the peak intensity of LI. Compared 

with the average or general level of individuals’ experience, the peak moment of that is found to 

be more influential in shaping their overall evaluation, and subsequent decision-making. Second, 

we add to the understanding of a short-term moment perspective of LI. According to event 

system theory that posits events with different duration and timing determine the different 

reactions of individuals, we suggest that temporal duration and product display phases of peak 

interaction also matter in improving sales performance. Third, we quantify these specific 

temporal dimensions using moving window and computer vision techniques, which has drawn 

very limited attention in the LSE literature. Fourth, from a practical view, streamers can draw 

inspiration from the dimensions of peak interaction and better compete by manipulating the 

interactivity of content toward improving sales performance. 
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Abstract 
Information system (IS) research has investigated the effect of information technology (IT) 

investment on industry competition, with different findings. In this study, we suggest that 

different types of IT investments can have different impacts on industry competition. 

Specifically, we divide IT investment into in-house IT and commercial IT and suggest that in-

house IT reduces industry competition by increasing barriers to entry, while commercial IT 

increase industry competition by doing the opposite. In addition, we also investigate how the 

effects of the in-house IT and commercial IT on industry competition evolve over time. Our 

study contributes to research by exploring the complex impacts of IT on industry competition.  

 

Keywords: In-house IT, commercial IT, industry competition, time effect 

 

1. Research background  

Extant studies have investigated the impact of information technology (IT) investment on 

industry competition, but have reached different conclusions (Bennett and Hall 2020). Some 

scholars suggest that IT investment may increase an industry’s concentration and thus lead to 

lower industry competition (Autor et al. 2020; Bessen 2017; Brynjolfsson et al. 2008). These 

scholars argue that the advances in IT give scale advantages or network effects to large and 

high-capability firms and raise their market share as well as market power. As a result, the 

overall competition level of the industry will decrease. For instance, Brynjolfsson et al. (2008) 

suggest that firms that successfully embed and diffuse IT-based innovations grow relatively 

rapidly, which leads to winner-take-all dynamics and hence greater concentration in an industry. 

Autor et al. (2020) suggest that the use of IT can benefit the most productive firms in an industry 

and thus raise market power of these firms and the concentration of the industry. Similarly, 

Bessen (2017) shows that IT plays a major role in the increases in industry concentration. 

 

Other scholars, however, suggest that the use of IT may reduce the entry barriers and increase 

the competition of an industry. For instance, Porter (2001) suggests that the use of the Internet 

reduces barriers to entry such as the need for a sales force, access to channels, and physical 

assets; anything that Internet technology eliminates or makes easier to do reduces barriers to 

entry. He also argues that the use of the Internet increases competition in an industry because 

the Internet deduces differences among competitors, as offerings are difficult to keep 

proprietary. Jerbashian and Kochanova (2017) show that the intensive use of 

telecommunication technologies significantly increases the level of product market 

competition in both services and goods markets, probably because the use of 

telecommunication technologies can lower the costs of entry, such as market information 

acquisition costs and business setup costs. Similarly, Bennett and Hall (2020) find that the 

software availability of an industry is associated with an increase in entry. 
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Therefore, there is an inconsistency in the literature regarding the impact of IT on industry 

competition. In this study, we suggest that the inconsistency mentioned above may be because 

different types of IT have different impacts on industry competition. In fact, most previous 

studies consider IT to be homogeneous, though in reality, different types of IT can have 

completely different impacts (Schryen 2013). For industries with a high level of in-house IT 

(i.e., IT using software developed by the internal IT department)(Fang et al. 2020), industry 

entrants may face higher industrial barriers to entry because doing business in such industries 

probably require the new entrants build strong internal IT capabilities. In addition, firms in 

such industries may differentiate themselves by innovating their core products or services 

based on in-house IT and thus reducing industry competition (Qu et al. 2010). On the other 

hand, commercial IT (i.e., IT using prepackaged software)(Fang et al. 2020). If commercial IT 

is widely used within an industry, incumbents may not only encounter competition from 

potential entrants due to low entry barriers but also face high competition among themselves 

due to their homogenous commercial IT and commercial IT-based business processes (Chae et 

al. 2014). Therefore, we need to distinguish between in-house IT and commercial IT when 

investigating the impact of IT investment on industry competition, which is the focus and main 

contribution of the current study. By disaggregating IT into in-house IT and commercial IT, our 

study attempts to address the inconsistency in the previous research mentioned above. 

 

In addition, it is also worth examining how the impacts of in-house IT and commercial IT on 

industry competition evolve over time. This is because IS research has suggested that the IT-

based strategic differentiation is diminishing over time because IT will gradually become 

commodities and available to every firm (Carr 2003; Chae et al. 2014). According to this view, 

even though IT can create some strategic differentiation and reduce competition at the early 

stage, over time other firms will adopt IT with similar functions and IT-based differentiation 

will disappear (Clemons and Row 1991). Therefore, in this study, we also investigate how the 

impacts of in-house IT and commercial IT on industry competition evolve over time. 

 

2. Methods 

The following regression model is established for analyzing the effects of in-house IT and 

commercial IT on industry competition. 

𝐼𝑛𝑑𝐶𝑜𝑚𝑝𝑖𝑡 = 𝛽0 + 𝛽1𝐼𝑛𝐼𝑇𝑖𝑡 + 𝛽2𝐶𝑜𝑚𝐼𝑇𝑖𝑡 + 𝛽3𝐼𝑛𝑑𝑆𝑖𝑧𝑒𝑖𝑡 + 𝛽4𝐼𝑛𝑑𝑅𝐷𝑖𝑡 +  𝛽5𝐼𝑛𝑑𝐶𝑎𝑝𝐼𝑛𝑡𝑖𝑡

+ 𝑎𝑖 + 𝜃𝑡 + 𝜀𝑖𝑡 

where IndComp is industry competition, InIT is in-house IT investment, and ComIT is 

commercial IT investment. Control variables include IndSize (industry size), IndRD (industry 

R&D intensity), and IndCapInt (industry capital intensity). These control variables are added 

in analysis because they may matter for industry competition (Porter 2001). Finally, αi, θt , and 

εit are the industry fixed effect, the time fixed effect, and errors, respectively.  

 

The following model with interaction terms 𝐼𝑛𝐼𝑇𝑖𝑡 ∗ 𝑌𝑒𝑎𝑟𝑡 and 𝐶𝑜𝑚𝐼𝑇𝑡 ∗ 𝑌𝑒𝑎𝑟𝑡 was used for 

analyzing how the impacts of in-house IT and commercial IT on industry competition evolve 

over time. 
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𝐼𝑛𝑑𝐶𝑜𝑚𝑝𝑖𝑡 = 𝛾0 + 𝛾1𝐼𝑛𝐼𝑇𝑖𝑡 + 𝛾2𝐶𝑜𝑚𝐼𝑇𝑖𝑡 + 𝛾3𝐼𝑛𝐼𝑇𝑖𝑡 ∗ 𝑌𝑒𝑎𝑟𝑡 + 𝛾4𝐶𝑜𝑚𝐼𝑇𝑖𝑡 ∗ 𝑌𝑒𝑎𝑟𝑡

+ 𝛾5𝐼𝑛𝑑𝑆𝑖𝑧𝑒𝑖𝑡 +  𝛾6𝐼𝑛𝑑𝑅𝐷𝑖𝑡 + 𝛾7𝐼𝑛𝑑𝐶𝑎𝑝𝐼𝑛𝑡𝑖𝑡 + 𝑎𝑖 + 𝜃𝑡 + 𝜀𝑖𝑡 

 

Data in this study are from the U.S. Bureau of Economic Analysis (BEA). The data of the BEA 

follow the North American Industry Classification System (NAICS) classification at the three-

digit level. This study focuses on non-IT manufacturing industries and uses a set of panel data 

of all 18 non-IT manufacturing industries from 1998 to 2017 in the private sector of the U.S. 

economy.  

 

We use one minus an industry’s Lerner index to measure industry competition; the Lerner index 

reflects firms’ market power of an industry and is calculated as the ratio of an industry’s total 

profit to total sales (Bloom et al. 2011). In-house IT investment (commercial IT investment) is 

measured as the ratio of an industry’s own-account software stock (prepackaged software stock) 

to its total capital stock (Acemoglu et al. 2014). The data are from the BEA Fixed Assets Tables, 

which include stock data for 96 different types of nonresidential capital. Among them, there 

are three types of software (own-account, custom, and prepackaged). The BEA defines own-

account software as in-house expenditures for new or significantly enhanced software created 

by business enterprises or government units for their own use, and prepackaged software is 

defined as software intended for nonspecialized uses and sold or licensed in a standardized 

form (Parker and Grimm 2000). As own-account and prepackaged software correspond to in-

house and commercial software and there is not much difference in hardware between in-house 

IT and commercial IT (i.e., the hardware of both IT is usually bought from markets), we use 

the data of own-account software and prepackaged software to measure in-house IT and 

commercial IT, respectively. For control variables, industry size is measured as the logarithm 

of an industry’s gross output. Industry R&D intensity is measured as the R&D quantity index 

from the BEA/BLS Integrated Industry-level Production Account. Industry capital intensity is 

measured as the ratio of an industry’s fixed assets to gross output. 

 

Variables Measures 

Industry 

competition 

1 - (industry gross operating surplus - depreciation of fixed 

assets)/industry gross output 

In-house IT 

investment 

Industry own-account software stock/industry total capital stock 

Commercial IT 

investment 

Industry packaged software stock/industry total capital stock 

Table 1: Key variables and measures 

 

We use the real value instead of the nominal value for all variables (except for the value for 

calculating industry competition) and all explanatory variables were standardized in the 

analyses. We use the least ordinary squares method with panel-corrected standard errors (OLS-

PCSE) for hypothesis testing (Beck and Katz 1995). The OLS-PCSE method has taken into 

account intergroup heteroskedasticity and intergroup contemporaneous correlation, and we 

need only consider whether the panel data involve autocorrelation over time. The Wooldridge 

test was used to examine the autocorrelation of the panel data. There was a first-order 
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autocorrelation (F=95.925, P<0.01). Therefore, we followed the previous research approach 

and adopted the OLS-PCSE model with common first-order autocorrelation (AR) and the OLS-

PCSE model with panel-specific first-order autocorrelation (PSAR) (Han et al. 2011). In 

addition, we control for the industry fixed effect and the time fixed effect.  

 

The results of the OLS-PCSE models and the 2SLS model are shown in Table 2. In the main 

effect models (models 1 & 2), there are negative associations between in-house IT investment 

and industry competition (PSAR: β1=-0.106, p<0.05; AR: β1=-0.082, p<0.05), suggest in-

house IT investment reduce industry competition. On the other hand, the results show that the 

associations between commercial IT investment and industry competition are not significant 

(PSAR: β2=0.009, p>0.1; AR: β2=0.011, p>0.1).  

 

 (1) (2) (3) (4) 

 PSAR AR PSAR AR 

In-house IT -0.106* -0.082* -0.076# -0.077* 

 (0.047) (0.039) (0.040) (0.034) 

Commercial IT 0.009 0.011 -0.044* -0.040* 

 (0.016) (0.016) (0.020) (0.019) 

In-house IT*   -0.013** -0.011** 

Year   (0.002) (0.002) 

Commercial IT*   0.009** 0.008** 

Year   (0.002) (0.002) 

Industry size -0.008 -0.011 0.000 -0.004 

 (0.019) (0.021) (0.018) (0.018) 

Industry R&D -0.022# -0.026 -0.016 -0.018 

intensity (0.012) (0.016) (0.011) (0.014) 

Industry capital 0.068 0.082# 0.046 0.064 

intensity (0.042) (0.048) (0.035) (0.041) 
# p < 0.10, * p < 0.05, ** p < 0.01; Standard errors in parentheses 

Table 2: OLS-PCSE model regression results 

 

The results of the moderating models (models 3 & 4) show that over time the negative effect 

of in-house IT investment on industry competition is strengthened (PSAR: γ3=-0.013, p<0.01; 

AR: γ3=-0.011, p<0.01). The results also show that the impact of commercial IT investment on 

industry competition become increasingly positive over time (PSAR: γ4=0.009, p<0.01; AR: 

γ4=0.008, p<0.01), suggesting that over time commercial IT will increase industry competition.  

 

3. Discussions 

The impacts of IT on industry competition have been studied based on different perspectives 

and with different results. In this study, we divide IT investment into in-house IT and 

commercial IT and show that in-house IT is positively associated with industry competition. 

We suggest that this may be because entering industries with a high level of in-house IT usually 

require strong internal IT capabilities, which may impede new entrants and thus decrease 

competition. In addition, in-house IT investment can also promote differentiation within the 
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industry by targeting customer needs for service and product innovation, thus helping firms 

free from competitive pressures(Qu et al. 2010). The results also show that the effect of in-

house IT on industry competition is increasingly negative over time, which is opposite to the 

view in prior research that IT will become commodity over time and increase competition (Carr 

2003; Chae et al. 2014; Clemons and Row 1991). Our results suggest that the strategic 

importance of in-house IT can increase over time and firms should not assume there is a 

commoditization process of in-house IT. 

 

At the same time, although the positive relationship between commercial IT and industry 

competition is not significant, we find that the impact of commercial IT on industry competitive 

becomes increasingly positive over time. Above we have argued that as commercial IT is a 

standardized product and widely available within an industry, firms will face competition from 

both new entrants and existing incumbents because all firms can adopt similar commercial IT 

and commercial IT-based business processes (Porter 2001). Our results suggest that the 

commoditization of commercial IT may take some time. In the early dates when only a few 

firms adopt commercial IT, it may not increase competition level. However, over time after 

many firms adopt similar commercial IT, industry competition will intensify.  

 

The main contribution of this study is to decompose IT investment into in-house IT and 

commercial IT and investigate the different effects of these two types of IT on industry 

competition. Previous studies on the impact of IT on industry competition are not consistent 

(Bennett and Hall 2020). Some scholars suggest that the use of IT may lead to lower industry 

competition because the advances in IT give advantages to high-capability firms and increase 

their market power. However, other scholars suggest that IT investment may reduce the 

industry’s entry barriers and increase industry competition because the use of IT, especially the 

Internet, usually decreases the cost of doing business by standardizing and automating business 

processes and by making related information more transparent. This study argues that the 

inconsistent results in the literature may be due that prior studies usually consider IT as a 

homogenous asset when studying the impact of IT investment on industry competition. 

However, different types of IT investments can have different impacts (Schryen 2013). 

Therefore, this study decomposes IT investment into in-house IT and commercial IT as these 

two types of IT have very different characteristics and likely affect industry competition 

differently. The findings of the study support our decomposition of IT investment, and the 

classification of in-house IT and commercial IT expands our understanding of the complex 

impacts of IT on industry competition.  

 

As this study focuses on industry competition, the findings mainly have implications for firms 

that plan to enter to new industries or investors that seek industries to invest. Our results show 

that in-house IT investment reduce industry competition while commercial IT investment 

increase industry competition over time. Therefore, when a firm plans to enter a new industry 

or an investor plans to invest an industry, they need to consider the IT situation of the industry. 

An industry that has higher in-house IT level will be a better target for the firm or the investor, 

with all other things being equal. In addition, they also need to consider how the impacts of in-

house IT and commercial on industry competition evolve over time. Our study also involves 
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some limitations. Mostly importantly, there may be reverse causality between IT investment 

and industry competition. However, due to the lack of appropriate instrumental variables, this 

issue has not been addressed in the paper.  
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Abstract 
 

Despite the rapid development of live streaming, empirical research on the driving factors of 

e-commerce live streaming sales, still lags. We empirically address this question by utilizing a 

large and unique data set from a leading e-commerce platform in the world. Our results show 

that product characteristics, streamer characteristics and consumer engagement are important 

factors that drive e-commerce live streaming sales. Interestingly, we find that newer products 

from small brands with lower prices benefit more from the live streaming sales. Experienced 

streamers who are tied to a single seller and who have more followers perform better. In 

addition, real-time comments are more effective than shares and likes in live streaming. Our 

empirical estimation shows that 1% increase in the number of real-time comments is associated 

with an average of 0.2891% higher sales. Our results provide marketers and streamers with 

important insights into delivering high-performance live streaming. 

 

Keywords: E-commerce live streaming, Social commerce, Consumer engagement 

 

 

1. Introduction 

The past few years have witnessed the trend of e-commerce platforms shifting from 

image-centric to video-oriented sales. More recently, a new type of technology-driven business 

model – e-commerce live streaming – has emerged. Appeared in 2016, e-commerce live 

streaming has experienced an explosive growth period and has attracted 451.29 billion RMB 

gross merchandise value in 2019, increasing by 200.4% year over year.1 However, there is still 

very limited empirical research to understand the influencing factors that drive e-commerce live 

streaming sales. We aim to fill this research gap. 

   Previous research on live streaming mainly focused on the motivations underlying viewers’ 

behaviors (Hilvert-Bruce et al., 2018; Sjöblom and Hamari, 2017). For example, using 

qualitative interview analysis, Haimson and Tang (2017) identified four dimensions that make 

live events engaging, including immersion, immediacy, interaction, and sociality. However, prior 

studies only paid attention to live streaming on video game platforms (e.g., Twitch) and social 

media platforms (e.g., Facebook and Snapchat), and empirical research on live streaming is still 

lagging. As an exception, Chen et al. (2020) first examined the impact of live streaming on the 

sales of online retailers’ products and found that the adoption of live streaming significantly 

boosts online product sales. With more and more e-commerce sellers taking live streaming as a 

new marketing channel, how to increase live steaming sales has become an important issue 

facing those sellers. We aim to address this question by empirically investigating the driving 

factors of e-commerce live streaming sales. 

 
1 http://www.iresearchchina.com/content/details8_63671.html 
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Compared with traditional online communication through texts, images, and videos, live 

streaming allows streamers to introduce rich media content to a broad audience in real time, and 

therefore the characteristics of streamers really matter. More importantly, live streaming allows 

various types of interactions between streamers and their audience. For example, viewers can 

interact with streamers by instant messages at any time during the live streaming sessions, and 

the real-time messages can also be seen by other viewers and there are also interactions among 

viewers themselves. On one hand, by engaging in live streaming, consumers can obtain 

additional product-related information, thereby reducing product uncertainty. Besides 

information provision, there are also non-informational engagement such as trust building and 

social presence, which lead to consumer persuasion. Both roles positively contribute to product 

sales (Bar-Gill and Reichman, 2021; Bagwell, 2007). On the other hand, not any product can 

benefit from live streaming because, for example, consumers may not learn extra information 

from live streaming if a product is well-known to the market. We therefore propose that 

consumer engagement plays an important part in live streaming and aim to quantify the effects of 

different types of engagement (e.g., real-time comments, shares, likes) on e-commerce live 

streaming sales. We ask the following research questions: What types of products benefit the 

most from the live streaming sales? What types of streamers are most effective in generating 

sales via live streaming? What are the effects of different types of consumer engagement on 

e-commerce live streaming sales? 

   We answer these questions using a comprehensive live streaming-related dataset collected 

from Taobao, one of the largest online marketplaces in China. Our results show that product 

characteristics, streamer characteristics and consumer engagement are important driving factors 

of e-commerce live streaming sales. We find that newer products from small brands with lower 

prices generate higher sales, and experienced streamers who have more followers sell more 

products. Regarding consumer engagement, our results indicate that real-time comments are 

more effective than shares and likes in live streaming. Our empirical model shows that 1% 

increase in the number of real-time comments is associated with an average 0.2891% increase in 

sales, while for a 1% increase in the number of shares and likes, live streaming sales increase on 

average by 0.1887% and 0.0486%, respectively. This work provides novel insights for both 

research and practice. Theoretically, our model helps understand the influential factors for 

e-commerce live streaming sales. Practically, our results guide marketers to effectively organize 

live streaming to achieve high performance. 

 

2. Data  

The data used in our study are obtained from Taobao, one of the leading e-commerce platforms 

in China. We first collect all the live streaming sessions on Taobao from a two-week period in 

2020. We focus on the live streaming of women’s apparel, which is the largest category in 

e-commerce live streaming. We also focus on the type of live streaming called “store live 

streaming” where all products in a live streaming session come from a single seller, which is the 

most common form of the live streaming of women’s apparel. Because we are interested in the 

impact of live streaming on sales, we remove live streaming sessions which don’t generate sales. 

To ensure that our live streaming sample is representative, we further remove the live streaming 

whose time length is too short or too long after consulting the platform. In the end, we randomly 

select more than 10,000 live videos over the two-week period. 

   Based on previous literature on e-commerce and live streaming (Lin et al., 2021; Sun et al., 

2020), our primary independent variables of interest include three aspects: the characteristics of 
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streamers, the characteristics of products, and consumer engagement in e-commerce live 

streaming. Consumer engagement in e-commerce live streaming includes number of real-time 

comments, shares, and likes (Bar-Gill and Reichman, 2021). Summaries of all the variables in 

our analysis are in Table 1.  

 
 Variable Definition 

Dependent 

variable 

Sales The total number of units sold for all products in the live streaming. 

Product- 

related 

variables 

Product Num The number of products in the live streaming. 

Transaction Price The average transaction price of a product in the live streaming. 

Since there are always multiple products in the live streaming, we 

take the median transaction price of all products in the live 

streaming in the analysis. 

Product Age The number of weeks since the product was listed online by the 

seller. We take the median product age of all products in the live 

streaming in the analysis. 

Brand Level The level of the brand from 0 to 6 (evaluated by Taobao) to which 

the product belongs. We take the median brand level of all products 

in the live streaming in the analysis. 

Product Reviews The number of non-default product reviews left by past consumers 

(in 1,000). We take the median number of reviews of all products in 

the live streaming in the analysis. 

Product Favorites The number of consumers who have favorited the product. An 

indicator of product popularity. We take the median number of 

favorites of all products in the live streaming in the analysis.  

P4P A dummy variable coded as 1 if the product in the live streaming is 

a “pay-for-performance” product that is advertised by sponsored 

search. We take the proportion of P4P products in the live streaming 

in the analysis. 

Seller Type A dummy variable coded as 1 if the seller of the products is a 

corporate seller, or 0 if the seller is an individual seller. 

Seller Level The star rating level from -1 to 20 of the seller (evaluated by 

Taobao) of the products. 

Streamer- 

related 

variables 

Streamer Level The streamer’s comprehensive capacity level from 1 to 5 (evaluated 

by Taobao). 

Streamer Role A dummy variable coded as 1 if the streamer is an independent 

influencer, or 0 if the streamer belongs to a specific seller. 

Followers The number of followers of the streamer on Taobao. 

Female Proportion The proportion of female followers. 

Consumption Level 

Proportion 

The proportion of followers with different consumption levels from 

1 to 7 (evaluated by Taobao). 

Fan Level Proportion The proportion of followers with different intimacy levels from 1 to 

4 to the streamer (evaluated by Taobao). 

Consumer 

engagement 

variables 

Real-time Comments The number of real-time comments during the live streaming. 

Shares The number of shares during the live streaming. 

Likes The number of likes during the live streaming. 

Control 

variables 

Length The length of the live streaming (in hours). 

Viewers The number of viewers during the live streaming (in 1,000). 

Date The date of the live streaming. If the live streaming spans across 
two days, we take the date when it starts. 

Table 1. Variable Definitions 
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3. Model and Results 

We investigate the effects of consumer engagement, streamer characteristics and product 

characteristics on e-commerce live streaming sales by estimating a model as follows: 
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where day fixed effects are represented by 
t . Previous research has suggested that product 

sales and the number of comments, shares and likes about the product on social media platforms 

are endogenous (Wang et al., 2021). We therefore take the number of real-time comments, shares, 

and likes in the first twenty minutes and sales after twenty minutes of the live streaming in 

Equation (1) to avoid endogeneity issues. In addition, we use the number of viewers from the 

latest live streaming of the same streamer as a proxy of Viewers to address the simultaneity 

concern that the number of viewers of the current live streaming is affected by its sales 

performance, because Taobao’s recommendation algorithm is more likely to provide more 

exposure for high-performance live streaming. Table 2 presents the model estimation results. 

 
 Dependent variable: 

 log(Sales) log(Sales) log(Sales) log(Sales) 

 (1) (2) (3) (4) 

Length 0.1438*** 0.1507*** 0.1326*** 0.1535*** 

 (0.0074) (0.0068) (0.0057) (0.0047) 

Viewers 0.0801*** 0.0678*** 0.0392*** 0.0176*** 

 (0.0114) (0.0098) (0.0064) (0.0053) 

Product_num  -0.0010 -0.0014* -0.0001 

  (0.0009) (0.0008) (0.0006) 

log(Transaction_price)  -0.3257*** -0.3975*** -0.3500*** 

  (0.0178) (0.0219) (0.0201) 

Product_age  -0.0043*** -0.0057*** -0.0043*** 

  (0.0012) (0.0010) (0.0008) 

Brand_level  -0.0396* -0.0653*** -0.0710*** 

  (0.0233) (0.0214) (0.0187) 

Product_reviews  0.0049 0.0014 0.0022 

  (0.0060) (0.0031) (0.0029) 

Product_favorites  0.0007 0.0227** 0.0357*** 

  (0.0122) (0.0112) (0.0096) 

P4P_prop  -0.4240*** -0.0989 0.0375 

  (0.0858) (0.0724) (0.0633) 

Seller_type  -0.4246*** -0.1945*** 0.0372 

  (0.0592) (0.0513) (0.0440) 

Seller_level  0.1082*** 0.0315*** 0.0222*** 

  (0.0067) (0.0065) (0.0055) 

Streamer_level   0.6498*** 0.3713*** 
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   (0.0395) (0.0314) 

Streamer_role   -0.0384 -0.0786*** 

   (0.0339) (0.0279) 

log(Followers)   0.0694*** 0.0356*** 

   (0.0126) (0.0103) 

Female_prop   -0.2003 -0.2075 

   (0.3038) (0.2454) 

Consumption_level_2_prop   0.9995*** 0.5012* 

   (0.3425) (0.2760) 

Consumption_level_3_prop   0.2796 0.2386 

   (0.3100) (0.2497) 

Consumption_level_4_prop   -0.1900 -0.0119 

   (0.2943) (0.2443) 

Consumption_level_5_prop   0.1834 0.1673 

   (0.3453) (0.2852) 

Consumption_level_6_prop   0.6875 0.2166 

   (0.5087) (0.4428) 

Consumption_level_7_prop   2.0204*** 2.1931*** 

   (0.5486) (0.5053) 

Fan_level_2_prop   0.5018 -0.5684** 

   (0.3389) (0.2636) 

Fan_level_3_prop   1.6840*** 1.3161*** 

   (0.3032) (0.2085) 

Fan_level_4_prop   -1.0184 -3.0715*** 

   (0.9966) (0.7496) 

log(Real_time_comments)    0.2902*** 

    (0.0113) 

log(Shares)    0.1894*** 

    (0.0203) 

log(Likes)    0.0488*** 

    (0.0060) 

Constant 1.7551*** 2.4368*** 0.5655** 0.5143** 

 (0.0493) (0.1168) (0.2583) (0.2106) 

Date Dummies Yes Yes Yes Yes 

Adjusted R2 0.2140 0.3789 0.5159 0.6272 

Note: Cluster robust standard errors shown in parentheses (clustered on streamer).   
*** p<0.01, ** p<0.05, * p<0.1 

Table 2. Estimation Results 

 

As shown in Table 2, when only control variables are contained in the model, R-squared is 

only 0.2140. After introducing product characteristics, streamer characteristics and consumer 

engagement, R-squared increases to 0.3789, 0.5159 and 0.6272, respectively, indicating that 

product characteristics, streamer characteristics and consumer engagement are important driving 

factors of e-commerce live streaming sales. Regarding product characteristics, we find that 

newer products from small brands with lower prices will have higher sales in live streaming, and 

product popularity and seller star ratings also have positive effects. For streamer characteristics, 

our results show that higher-level streamers who have more followers will sell more products, 

and the level of their followers also have an influence. In terms of consumer engagement, the 

number of real-time comments, shares and likes all have a positive impact on live streaming 

sales. Specifically, 1% increase in the number of real-time comments is associated with an 
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average of 0.2891% higher sales, and for a 1% increase in the number of shares and likes, sales 

increase on average by 0.1887% and 0.0486%, respectively. 

 

4. Discussion and Conclusion 

The primary distinction from traditional online marketing activities is that live streaming 

provides an opportunity for viewers to conveniently interact with steamers and other viewers 

during the live streaming in a more direct and intimate way. As such, we focus not only on the 

characteristics of products and streamers, but also on consumer engagement in this study. By 

building a comprehensive model for e-commerce live streaming, our results show that product 

characteristics, streamer characteristics and consumer engagement are important factors that 

drive sales. More importantly, we provide strong empirical evidence that real-time comments are 

more effective than other interaction approaches such as shares and likes in live streaming.  

   Our research is among the first to empirically investigate the driving factors of sales of 

e-commerce live streaming. The findings also bear important practical implications for marketers 

and streamers, such as how to choose products and how to interact with consumers more 

effectively in live streaming. There are also limitations of our work that we plan to address in 

future studies. First, as our results are based on data from a single e-commerce platform in China 

and we only focus on the category of women’s apparel, it is an empirical question whether our 

results can be generalized to other categories and other platforms. Second, although we tried to 

avoid endogeneity issues, such as using consumer engagement in the first twenty minutes of a 

live streaming session, more tests are needed to rule out the impact of unobserved confounders. 

Third, we remove live streaming sessions that don’t generate sales since the listing price in 

e-commerce live streaming rarely reflects the transaction price and we cannot get the real trading 

price of such live streaming. However, this may bias the estimated results. Fourth, it is worth 

further investigation of the underlying mechanisms through which consumer engagement affects 

live streaming sales, given the dual role of online engagement in both information provision and 

consumer persuasion. Developing more sophisticated models to better understand consumer 

engagement in e-commerce live streaming presents an interesting future research opportunity. 
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Abstract 

 
Gamified Green Campaign Systems (GGCS) can urge people to develop trivial yet important 

habits of environmental protection in daily life and promote the sustainable development of 

ecological environment. However, most of the current GGCS only reflect the environmental 

impact or resource consumption generated by users' behaviors through figures or tables. Such 

approaches can hardly attract users' attention, stimulate users' potential environmental 

awareness and generate long-term sustainable behavior. Focusing on goal-framing theory, this 

paper studies the impact of diverse feedback mechanisms on the users' acceptance of the GGCS 

green champion and their willingness to stick to it. The purpose of this study is to provide 

theoretical and practical enlightenment for the interaction design of GGCS. 

 

Keywords: Gamified Green Campaign Systems; Feedback mechanism; Exaggerated feedback; 

Timely feedback；Goal-framing theory 

 

1. Introduction 
Destruction of the environment, which may lead to deforestation, global warming and 

pandemics, is gaining more attention worldwide. Modern societies have begun to advocate low-

carbon lifestyles with the support from Gamified Green Campaign Systems (GGCS). Through 

gamified interactions, GGCS can encourage users to be more aware of the environmental issues, 

and motivate them to take practical environmental protection actions through accomplishing 

certain tasks in the system. However, most existing GGCS had difficulty in user retainment due 

to problems such as a lack of motivation or poor design. In this research, we focus on studying 

the feedback mechanism, which means the way for presenting operational results related to a 

certain process to reduce the discrepancies between the expected and the actual result, in GGCS 

(Cellina et al. 2019). Researching feedback mechanism design in mobile Apps that serve as part 

of the environmental protection campaigns for the public can not only bring new perspectives 

and new directions to the GGCS research field, but also help to enhance the practical design of 

similar systems, with the final goal to increase public exposure, acceptance of the green-

campaign idea and their willingness to stick to the use of such systems and eco-friendly 

behaviors in the long-run. 

2. Theoretical Background 

Broadly speaking, feedback refers to the return of information on the outcomes of a process, 

specifically as a means to monitor the gaps between the targeted and the current levels of a 

certain parameter in an information system (Ramaprasad 1983). In the scope of this study, it 

refers to the feedback mechanism in gamified App that helps users to keep track of their 

progress and what is going on in the system, within a reasonable amount of time (Nielsen 2020). 

From the intensiveness/richness dimension, feedback can be classified into exaggerated 

feedback and ordinary feedback. Exaggerated forms of feedback such as ambient or artistic 

visual qualities can be better accepted by users compared with ordinary forms of feedback 

(Rodgers and Bartram 2011). Exaggerated feedback in information systems may affect 

individuals' perceptions, emotions, understandings, and behaviors more effectively. From the 
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timeliness dimension, feedback can also be classified into immediate and cumulative feedback 

(Behnke and Beatty 1979; Jurma and Froelich 1984). This research thus explores the impact of 

these two types of feedback mechanisms in GGCS on user goal framing process, green concept 

acceptance and persistent behavior intentions, in order to better understand optimal design 

strategies for GGCS feedback mechanisms. Further, goal-framing theory, which proposes that 

when people take an action, they are affected by normative, hedonic, and gain aspects of 

consideration (Lindenberg and Steg 2007), was scrutinized to look for a potential solution to 

our research question. It is particularly suitable for analyzing what motivates pro-environmental 

behaviors. While “hedonic” and “gain” fames of motivations are relatively straightforward to 

understand, people who are guided by normative motivations are likely to engage in 

environmental protection activities - they believe that these behaviors are morally correct or 

accepted by society to meet the collective value of adapting to society (Fang et al. 2017; Jansson 

et al. 2017). This study therefore further explores the mediating role of environmental response 

efficacy (normative frame), enjoyment (hedonic frame) and self-interest (gain frame), and their 

impact on user behavior and understanding in the context of GGCS. 

3. Hypotheses Development 
In this research, we examine the impact of the independent variables, namely intensiveness of 

GGCS feedback (exaggerated vs. non-exaggerated) and timeliness of GGCS feedback 

(immediate vs. cumulative) on different aspects of user goal framing, which potentially 

influence user acceptance of the eco-friendly concepts and their willingness to stick to the use 

of GGCS.  

Exaggerated visual impact metaphors in games can be effective persuasive means to convey 

important concepts and ideas to users (Li et al. 2021). This exaggerated form of feedback has 

the potential to amplify the consequences of environmental damage by our daily routine 

behaviors, which is otherwise difficult to notice. Exaggerated feedback mechanism can be more 

eye-catching and are frequently presented in a humorous way- this potentially generates a 

higher sense of visual enjoyment for users. In the non-exaggerated version, the ordinary 

presentation of the system feedback to users is thus considered less fun than the former 

condition. For the timeliness of feedback, users in general prefer immediate feedback or 

rewards over delayed ones (Van Vugt et al. 2014). Through providing them with immediate 

feedback on the resources they care, users can understand which personal actions are 

contributing to the sustainable development of the environment. In the immediate feedback 

mechanism, when the feedback is given right after a certain behavior occurs, it enhances 

people's understanding of the relationship between the feedback and their behaviors (Kuroki 

and Ishihara 2015). At the same time, such responsive feedback also exceeds users’ normal 

expectations, so that they are more apt to feel informed and fulfilled by this kind of immediate 

feedback, resulting in a higher sense of enjoyment.   

H1：Compared with non-exaggerated feedback mechanism, users under the exaggerated 

feedback mechanism condition experience a higher level of enjoyment. 

H2: Compared with cumulative feedback, users under the immediate feedback mechanism 

condition experience a higher level of enjoyment. 

Environmental response efficacy, a concept that was originally proposed by Rogers (1975) to 

promote healthy behaviors, in this context refers to user's confidence in improving their 

environment with their own environmental protection behaviors, considering their own strength, 

and effectiveness of their efforts as reflected in the environment (Lam 2006). Exaggerated 

feedback mechanisms, through which users feel that they influence the environmental status in 

a deeper level, can enlarge the consequences and meaning of a certain behavior outcome and 
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reduce the distant feelings of environmental issues for users. Thus, when exaggerated feedback 

mechanism is utilized in the gamified system, it is easier to generate environmental response 

efficacy for users. Moreover, through immediate feedback, when individuals realize that 

environmental protection behaviors have a direct and instantaneous impact on the environment, 

their environmental response efficacy increases (Van Ginkel et al. 2020). This is because 

immediate feedback can also give them a better sense of engagement, control and confidence, 

which creates stronger environmental response efficacy and effectiveness (Luo et al. 2019).  

H3: Compared with non-exaggerated feedback mechanism, exaggerated feedback 

mechanism gives users a higher level of environmental response efficacy. 

H4: Compared with cumulative feedback, immediate feedback gives users a higher level of 

environmental response efficacy. 

Self-interest in the discourse refers to a user’s overall consideration of the personal time, effort 

costs as well as benefits while using GGCS (De Dominicis et al. 2017). People's attitudes and 

behaviors can be strongly influenced by personal interests such as monetary incentives. A good 

alignment with self-interest goals in the system can help to reinforce pro-environmental 

behaviors. Exaggerated feedback mechanisms in GGCS can more saliently convey the 

importance and meaning of users’ behaviors for themselves (De Dominicis et al. 2017), thus 

making users become more conscious about the fact that pro-environmental behaviors are 

eventually beneficial for their self-interest, other than merely for the public good. Further, 

frequent feedback has been found to be associated with increased level of perceived benefits 

from a system or service, with better behavioral outcomes (Hassan et al. 2019). Thus, in contrast 

to cumulative feedback mechanisms, immediate feedback mechanisms allow users to 

immediately feel the positive or negative outcomes of their actions, making users more aware 

of the actual impacts on themselves as individuals who are seamlessly tied to the environment.  

H5: Compared with non-exaggerated feedback mechanisms, exaggerated feedback 

performs better in making users believe that using GGCS align with their self-interest. 

H6: Compared with non-exaggerated feedback mechanisms, exaggerated feedback 

performs better in making users believe that using GGCS align with their self-interest. 

A sense of enjoyment, which is associated with better learning outcomes (Lin et al. 2012), can 

make it easier for users to accept the green concept it delivers. Besides, individuals frequently 

hesitate to take any meaningful actions because they think their contributions will not make any 

difference (Lorenzoni et al. 2007). Thus, we expect a higher level of environment response 

efficacy can facilitate users’ acceptance of the green concept, since users come to realize that it 

is possible to make a difference through their individual efforts. In addition, when users 

perceive that using the GGCS aligns well with their self-interests (i.e., for their own benefits), 

they are more likely to accept the green concepts that are advocated in the system. 

H7: A higher level of enjoyment while using the GGCS is associated with a higher level of 

green campaign concept acceptance. 

H9: A higher level of environmental response efficacy is associated with higher chances of 

green campaign concept acceptance. 

H11: The more the users believe that using GGCS aligns with their self-interest, the higher 

their chances of green campaign concept acceptance. 

Prior research suggested that when people perceive enjoyment in environmental protection 

behaviors, they are more likely to stick to such behaviors (Hartmann and Apaolaza-Ibáñez 

2008). With a sense of enjoyment, users are more likely to be influenced by the system and 

continue using it to obtain more fun (Lee et al. 2019). Moreover, environmental response 
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efficacy is another key factor driving pro-environmental behaviors (Lam 2006). When 

environmental information causes greater perceptions of response efficacy, it ultimately leads 

to more pro-environmental behaviors. Furthermore, when users come to realize that using 

GGCS generates benefits and aligns well with their self-interests, they are more inclined to stick 

to the use of such systems (Hassan et al. 2019). 

H8: A higher level of enjoyment while using the GGCS is associated with a higher level of 

user long-term usage Intentions. 

H10: A higher level of environmental response efficacy is associated with a higher level of 

long-term usage intentions.  

H12: The more the users believe that using GGCS aligns with their self-interest, the higher 

level of their long-term usage intentions of GGCS. 

Researchers have long emphasized the importance of increasing the public’s awareness of 

environmental problems caused by energy consumption, so as to reduce energy use to protect 

the environment (van der Werff and Steg 2015). According to normative activation theory, 

behavior changes happen when a person becomes aware of a problem and believes that he/she  

can make a difference (Axsen and Kurani 2013). Only when a user starts to starts to appreciate 

the green concept, can he/she insist on pro-environmental behaviors as supported via GGCS. 

Therefore, a user's acceptance of green concept is the basis for he/she to persist in using the 

GGCS to conduct pro-environmental behavior. 

H13: Green concept acceptance has a positive impact on user long-term system usage 

intentions. 

Feedback mechanism

· Exaggerated VS Non-exaggerated

· Immediate VS Cumulative

Green Campaign 

Concept acceptance

H1
H2

H3
H4

H7

H9

H1
1

H5H6

Enjoyment

 Long-term Usage 

Intention

H8

H10

H12

Environmental Response 

Efficacy

Self-interest

H13

 

Fig. 1 the Proposed Research model 

4. Research Methodology 

In the next stage of our research, two formal experiments, involving around 200 participants 

will be carried out to test the proposed research model and hypotheses. Besides, “Ant Forest” 

is one of the most popular GGCS App in China. Although many users registered Ant Forest, 

they had difficulty sticking to it after a period of time. Therefore, we plan to use Ant Forest as 

the basis of the experimental material to explore the influence of different feedback mechanisms 

on the conceptual acceptance of users and their willingness to stick to the use of such systems 

(Appendix A).  

5. Conclusions and Future Work 

Surrounding goal-framing theory, this on-going study analyzed the effects of different feedback 

mechanisms (i.e., Timeliness and Intensiveness) on three major user goal-frames, which then 

impact on GGCS green concept acceptance and long-term usage intentions, and proposed an 
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empirical research model to be tested in the next stage of our research project. This research-

in-progress study provides meaningful insights for complementing existing HCI design theories 

on the feedback mechanisms for GGCS. It also has important value for guiding practical GGCS 

design that is more effective in encouraging the public’s pro-environmental behaviors, 

eventually benefiting both the individual and the society as a whole. 
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Abstract 
This study focuses on a broadly-adopted but greatly-underexplored technology in offline retail – 

online-merge-offline (OMO) technology (e.g., “Scan-and-Go”). Although novel technologies 

have been documented to always improve customer experience, how OMO reshapes customers' 

shopping behaviors and whether it can reinforce retailers’ economic revenues are ambiguous. 

Based on a unique fine-grained dataset from an offline-oriented retailer who initiated an OMO 

technology, we empirically reveal that the initiation of OMO renders customers to purchase 

more orders and product categories, but perform less impulsive consumption and uses less 

promotions. These shopping behaviors are accompanied with insignificant incremental revenues 

caused by the OMO for retailers. We propose and validate several nontrivial mechanisms that 

contribute to the findings. 

 

Keywords: Online-merge-offline, Novel technology, Retail, Offline channel, Revenue 

 

1. Motivation 
The attractiveness of technological innovation and intensive market competition have 

unprecedentedly enthused retailers for cutting-edge technologies. Customers are also willing to 

embrace novel technologies to gain better experience and make smarter shopping (Quint et al. 

2013). By virtue of the up-to-date in-store technologies, omni-channel retailers recently have 

begun to evolve their business from online-to-offline to online-merge-offline (OMO) strategy. 

OMO aims to create better experience for the shopping in brick-and-mortar stores (Liu et al. 

2020). Many famous US retailers such as Amazon (i.e., Amazon Go), Sam’s Club, and Macy’s, 

have launched the so-called “Scan-and-Go” (S&G) system – a typical application of OMO 

technology – to help in-store customers track their spending and self-checkout with their mobile 

phones. Generally, S&G-like OMO technologies take the scanning of the quick response (QR) or 

bar codes on product items as initial access, and empower in-store customers with rich online 

digital information of the foci product, fast self-checkout solution, and even (tailored) 

recommendation and promotion. It is reported that 60% of internet users worldwide would prefer 

to shop at the retailers who offer S&G-like experience (Kats 2019). 

OMO technologies may reshape customers’ shopping behaviors in brick-and-mortar stores. 

For example, by scanning the quick response codes of a foci product on the shelf, customers can 

directly see the product’s online display page and get digital information (e.g., reviews, ratings, 

usage tutorials). Such frictionless accessibility of online information extends their non-digital 

knowledge of the product obtained in stores (Bhargave et al. 2016). Besides, the functions of 

tracking spending and self-checkout enable customers to better control their shopping carts and 

transact at their own pace without the need to wait in line. This saves customers’ time and energy 

especially for shopping in the stores of high population density (Gensler et al. 2017). 

Additionally, the augmented external product information may enhance consumers' trust in 

different types of products, which results in greater shopping diversity (Gilly et al. 1998). 
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Customers may become less sensitive to economic promotions (e.g., voucher, coupon) because it 

is documented that Internet information makes shoppers to be more convenience conscious and 

less price sensitive (Degeratu et al. 2000). Therefore, the first goal of this study is to empirically 

investigate how OMO technologies influence customers' shopping behaviors. 

Furthermore, we explore whether OMO technologies can enhance retailers’ economic 

revenues. We deem the answer to this question is not straightforward since relevant factors have 

ambiguous influence or might attenuate retailers' revenues. Indeed, OMO technologies shall 

reinforce retailers' revenues by ameliorating customer experience. The usage of OMO 

technologies per se engages customers deeper in their shopping process. Bachrach et al. (2016) 

reveal that the engagement itself can make the experience more enjoyable, which leads to higher 

probability of shopping conversion. Additionally, the functions of tracking spending and 

self-checkout enable customers to better control their shopping carts and transact at their own 

pace without the need to wait in line. This saves customers’ time and energy especially for 

shopping in the stores of high population density (Gensler et al. 2017). The enhanced knowledge 

of the in-store products may likewise improve customers' purchase intention (Jing 2018).  

However, customers who are using OMO have to spend more time for absorbing online 

information. This may result in similar total time spending in a single in-store experience to the 

scenario of not using OMO (time reallocation effect). What's worse, OMO engagement may 

concentrate consumers to their selected (scanned) or planned products. The revenues from 

impulse consumption made when customers stroll in stores would be diminished. This is very 

likely to be cost-ineffective for retailers as a large proportion of in-store orders are unplanned or 

impulse purchases (Zhang et al. 2015) (declined impulse-consumption effect). Operationally for 

customers, regarding the convenient self-checkout solutions, customers might merely split orders 

to make multiple payments, rather than purchase more actual products (payment splitting effect). 

Moreover, the influence of purchase diversity on sales revenue is documented neutral or negative 

by literature (Davis and Khazanchi 2008), either does the effect of promotions (Alba et al. 1997; 

Degeratu et al. 2000).  

We will investigate these two-step questions, and examine the potential mechanisms with 

large-scale secondary data from real-world business. Our study has significant theoretical 

contributions. First, abundant studies have discussed retailers’ and customers’ adoption of novel 

technologies (e.g., Inman and Nikolova 2017; Savastano et al. 2019), but failed to verify their 

value, we contribute to investigating the economic revenues created by these technologies for 

retailers. We reveal a “counterintuitive” phenomenon that although some newly-implemented 

technologies such as OMO do influence customers’ shopping behaviors, they do not bring about 

incremental revenues for retailers. Potential mechanisms are unraveled. Second, to our best of 

knowledge, we are among the first to focus on OMO technologies. Although S&G-like OMO 

technologies have been increasingly developed and broadly implemented in practice, the 

empirical analysis concerning customers’ response to these technologies and their economic 

value for retailers is scarce. Our study timely fills this gap. Moreover, as previous omni-channel 

retailing literature majorly focuses on showrooming (Gao and Su 2017; Hao and Kumar 2019) 

and “buy online and pick up in-store” (BOPS) (Gallino and Moreno 2014; Bell et al. 2015), we 

extend this stream of literature by proposing newly developed technologies for the offline 

channel to help enhance operational management in retail. 
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2. Context and Data 
We obtained our data set from a large-size China retailer who sells all kinds of groceries. 

Currently the retailer majorly (85%) concentrates its business on the offline channel, with a 

supplementary online channel. With the hope of improving customer experience, at the 

beginning of 2018, the retailer launched an easy-to-use S&G-like OMO system in all of its 

physical stores. Since the retailer confirmed with us that their total customer number maintains 

half year before and after the OMO initiation, we asked the retailer to randomly selected 

approximately 4,000 customers, as well as their fine-grained shopping records (72,251 pieces in 

total) from June 1, 2017 to June 30, 2018, for our study. After the OMO initiation since the 32nd 

week, 33.63% of the orders are purchased by OMO system (OMO orders are defined as the 

orders of which the shopping involves the usage of OMO, whatever the final checkout method). 

During the sample period, no other marketing campaigns are implemented by the retailer. We 

aggregate the data to week level to mitigate interference from daily noises. Table 1 presents the 

descriptions and summary statistics of key variables of the 4,166 sample customers. 
Table 1. Descriptions and Sample Statistics of Key Variables 

Variable Description Mean S.D. Min Max 

Amountit The amount (RMB yuan) customer i pays at week t  448.5 657.2 0.2 18,56

0 

Ordersit Number of orders of customer i places at week t  1.20 0.52 1 10 

OrdersCountit Number of orders customer i places at week t 1.47 0.90 1 20 

Categoriesit Number of categories customer i purchases at week t 1.65 0.89 1 12 

Vouchersit Number of vouchers customer i uses at week t 0.12 0.33 0 4 

FreqOrdersit Frequency of placing orders pf customer i till week t 0.05 0.03 0 1 

Hedonicit Number of hedonic products customer i purchases at 

week t 

0.20 0.44 0 5 

Note: We aggregate the orders placed in the same half-day (morning, afternoon, or evening) into one order 

(indicated by variable Orders). 

3. The Influence of OMO Technology 
We employ an event study specification (Kalaignanam et al. 2013) to identify the change of 

customer behaviors after the initiation of the OMO technology. The “event” in our context is the 

OMO initiation by the retailer. Inspired by Zhang and Shrum (2009), we use the consumption of 

hedonic products as a proxy of impulsive-consumption. Two steps are conducted for our 

empirical analyses. 

Step 1: obtain counterfactual purchase behaviors (i.e., a natural business trend) without 

OMO. To this end, specifically, we code features concerning customers' purchase history (e.g., 

cumulative orders, amount, categories), and use only the data before the event (i.e., the former 31 

weeks) to fit various kinds of shopping behaviors (i.e., DV: amount, orders, categories, hedonic, 

which are observable, as shown in black line in Figure 1). To guarantee the model fitting 

accuracy, XGBoost (Chen and Guestrin 2016) is applied to train the model (with five cross-fold 

validation) and predict/simulate the "normal" shopping behaviors after the event which have 

gone unobserved in our data (red solid line in Figure 1). XGBoost algorithm yields satisfactory 

(in-sample) prediction accuracy as the average AUCs across outcome variables reach as high as 

0.95.  

Step 2: compare the real-world observable shopping behaviors (with OMO) and the 

simulated shopping behaviors (without OMO). We apply a dummy variable Treated to indicate 
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whether the dependent variables are the simulated data (Treated = 0) or true data (Treated = 1, 

red dashed line in Figure 1). We identify the influence of OMO introduction on reshaping 

customers’ shopping behaviors by the following model: 

,it 0 1 i 2 i t 3 t 4 t 5 itDV Treated Treated Week Week Holiday X                      (1) 

where X in the model includes a series of consumer-specific covariates, such as baby age, user 

level, city, and gender. To account for endogeneity among different variables, a multi-equation 

system approach with the correlations of error terms is used (Roodman 2009). It uses a simulated 

maximum likelihood approach, leveraging the Geweke-Hajivassiliou-Keane algorithm. 

Both Figure 1 and Table 2 show that after the introduction of S&G OMO system, customers 

tend to place significantly more orders (OrdersCount), and purchase more product categories in 

an order (Category). However, the hedonic consumption (Hedonic, reflecting impulsive 

consumption) and the usage of voucher (Voucher) are significantly declined. More importantly, 

we find that the average amount of an order (Amount) does not present significant change after 

OMO initiation. That is, the application of OMO technology does not bring about incremental 

revenues for the retailer, albeit the increase of the observed order placements.  
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Figure 1. Observed and Counterfactual Shopping Behaviors 
Note: Shopping behaviors before OMO initiation (black line); Simulated shopping behaviors without 

OMO (red solid line); Shopping behaviors with OMO (red dashed line). 

 

Table 2. Results of Main Analyses 
 (a) 

Amount 

(b) 

Orders  

(c) 

OrdersCount 

(d) 

Category 

(e) 

Hedonic 

(f) 

Voucher 

Treated -0.005 

(0.008) 

0.003 

(0.004) 

0.138*** 

(0.006) 

0.051*** 

(0.006) 

-0.029*** 

(0.003) 

-0.008*** 

(0.002) 

Treated*Weekt YES YES YES YES YES YES 

Control Variables YES YES YES YES YES YES 

Note: (1) Robust standard errors are in parentheses, ***p < 0.01; 

      (2) Variance-covariance matrix is omitted due to space limitation. 

4. Mechanism Test 
We next test the potential mechanisms that account for the above findings. Primarily, we 

verify whether the changes of customers' shopping behaviors are due to OMO orders. To this end, 
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we only use the data after the OMO initiation. The dummy variable If_OMO (indicator of OMO 

orders) is included in Model (2) to compare the differences between OMO and non-OMO orders. 

Similar to Model (1), dependent variables (DV) include amount, order, category, hedonic, and 

voucher; X specifies control variables such as cumulative OMO and Non-OMO frequency, 

recency, and so on. Likewise, a multi-equation system approach with the correlations of error 

terms is used for Model (2). 

_ _ .it 0 1 i 2 i t 3 t 4 t 5 itDV If OMO If OMO Week Week Holiday X                       (2) 

We directly report the visualized marginal effects of If_OMO and Week across different 

dependent variables in Figure 2. Generally, the results show that OMO orders indeed present 

more order placements, product categories, and less hedonic product consumptions and voucher 

usage than non-OMO orders (along the time). A further comparison between the average order 

amount of These findings directly bolster our supposed declined impulsive-consumption effect. 

More importantly, Figure 2(a) suggests that the OMO orders have significantly larger amount 

than non-OMO orders. This is interesting. Since we find no significant change of the average 

amount after OMO initiation, it implies that the average amount spent in non-OMO orders 

decrease. Namely, although the newly-implemented technologies influence customers’ shopping 

behaviors, their shopping expenditure in the long run keeps stable, which is in line with the 

report of Insee Statistics (2019).  

Furthermore, in order to verify the payment splitting effect, we aggregate the orders placed 

in the same half-day (morning, afternoon, or evening) into one order (indicated by variable 

Orders), and investigate the results of this variable with identical approach and process in 

Models (1) and (2). Figure 1(b), Table 2(b), and Figure 2(b) all display insignificant coefficients 

of the newly-coded variable Orders. That is, when we combine the suspected splitting payment 

orders as a single order, the average number of order placement does not greatly alter after OMO 

initiation. The increase of order placements is due to the splitting payment behaviors on OMO. 
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Figure 2. Conditional Marginal Effect of OMO Orders with 95% CIs across Weeks 

In addition, as suggested by general rule/trend of novel technology adoption, consumers 

may give initial attempts of OMO technologies simply provoked by the sensory stimulation of 

seeking pleasure and novelty, this effect might stabilize to a level after a certain period. We plot 

the ratio of OMO orders to all the orders in Figure 3, and learn that the OMO usage surged 
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within the first eight months after the OMO was launched (the plummet in week 38 is due to the 

Spring Festival). Then OMO usage fell down gradually to mediate level, and finally maintained 

after the 44th week (i.e., 12 weeks after the OMO initiation). If retailers is unsatisfied with this 

stabilized OMO ratio, extra measures might be taken to encourage more OMO technology usage. 
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Figure 3. Ratio of OMO Orders across Weeks 

Finally, in order to enhance the robustness of our findings, we conduct a one-to-one 

propensity score matching to figure out OMO customers who maintain similar shopping patterns 

and demographics with the 589 non-OMO customers (i.e., customers who never adopted OMO) 

in our dataset. The difference-in-difference analyses suggest the validity of our findings. 

5. Conclusion 
In this study, based on a unique fine-grained dataset from an offline-oriented retailer who 

initiated an OMO technology, we empirically reveal that the initiation of OMO renders 

customers to purchase more orders and product categories, but perform less impulsive 

consumption and uses less promotions. These shopping behaviors are accompanied with 

insignificant incremental revenues caused by the OMO for retailers. We propose and validate 

several nontrivial mechanisms that contribute to the findings, such as payment splitting effect, 

time reallocation effect, and declined impulsive-consumption effect. We also find that customers' 

offline expenditure in the relatively long run is generally stable. These findings suggest offline 

retailers keep a closer eye on the shopping behavior changes caused by novel in-store 

technologies. We remind that retailers must adjust their operation and marketing strategies after 

introduction of novel technologies to maximize their profitability. Otherwise, the technologies 

may not yield incremental revenues as expected. 
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Abstract 
 

Live-stream selling is becoming increasingly popular on e-commerce platforms. Adopting a 

live-stream channel has profound impacts on the traditional post-price channel as well as the 

seller’s channel strategy. We identify several important dimensions to evaluate live-stream 

channel selling: (1) the streamer’s ability to sell, which brings extra value to consumers 

through real-time illustrations and social interactions; (2) consumers’ cost to purchase 

through the live stream. We build a theoretical model to study under which conditions the live-

stream channel may be profit-enhancing/hurting. We find: (1) a dual-channel strategy may not 

necessarily be better than a single-channel strategy; and (2) the addition of a live-stream 

channel may not increase the sales.  

 

Keywords: Live-Stream Selling, Ability to Sell, Price Discrimination, Channel Strategy 

 

1. Introduction 
Live-stream selling has become increasingly popular and has been adopted by many giant e-

commerce retailers, such as Tmall.com, Taobao.com, JD.com, and Pinduoduo.com (Cai and 

Wohn 2019). Compared to the traditional post-price channel where product and price 

information are displayed upfront, in a live-stream channel, there is a streamer who sells 

products through real-time interactions with consumers; consumers can even watch other 

consumers’ real-time comments through technologies such as “bullet screen.” Compared to 

traditional TV shopping networks, the entry barrier for a live-stream show is much lower in 

that anyone who has a smartphone can be a streamer. The live-stream channel has become 

feasible only recently when new technologies allow millions of people to participate in a video 

chat together, and to make purchases online anywhere, anytime during the live show.  

 

On one hand, it is found that many consumers prefer to purchasing through the live-stream 

channel, because real-time social interactions reduce the psychological distance as well as their 

perceived uncertainties (Chen and Lin 2018, Hilvert-Bruce et al. 2018). The streamer’s real-

time illustrations and the social interactions bring extra value to consumers. On the other, 

opening a live-stream channel may not be necessarily wise, due to potential channel conflicts, 

the pressure to coordinate channel prices, and consumers’ cost to purchase through the live 

stream channel, etc.  

 

We are interested in investigating the interplay between the extra value brought by the live 

streaming show, consumers’ cost, and the seller’s optimal channel strategy. More specifically, 

we address the following questions: What is the optimal channel strategy? How should the 

seller set optimal prices? 

 

2. Literature Review 
We discuss four streams of research in the literature that are related to our research: live-stream 

selling, channel-based price discrimination, and channel strategy.  
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The extant literature on live-stream selling mostly focuses on consumers’ motivations for 

purchasing through the live stream, such as trust and consumer engagement affected by 

utilitarian and hedonic values (Wongkitrungrueng and Assarut 2018), enjoyment of interaction, 

substitutability of personal examination, need for community, and trend-setting (Cai and Wohn 

2019) and product factors like product-source fit, product-content fit (Park and Lin 2020). The 

real-time social interactions reduce consumers’ psychological distance and their perceived 

uncertainties (Chen and Lin 2018, Hilvert-Bruce et al. 2018). Moreover, Sun et al. (2020) 

empirically show that consumers obtain a perceived value through live chat, and Kumar and 

Tan (2015) show that online videos help increase the demand. Apart from these advantages, 

we incorporate consumers’ cost to purchase through the live-stream channel in our model and 

investigate under which conditions it is better/worse to add a live-stream channel. 

 

Our research closely relates to the literature on channel-based price discrimination, through 

which consumers can choose their preferred channel when facing more than one channel 

choices (Phlips 1983, Devaraj et al. 2002, Zhang et al. 2007, Wolk and Ebling 2010, Granados 

et al. 2012, Zhang and Feng 2017). Consumers’ choice for channels is based on the channel 

characteristics, for example, online shopping convenience, offline shopping experience, certain 

personal services, etc (Konuş et al. 2008, Wolk and Ebling 2010). We adopt the framework of 

the channel-based price discrimination to study the effect of adding one live-stream channel to 

the traditional post-price channel (i.e., dual-channel strategy). Compared to the post-price 

channel, consumers can enjoy extra value from real-interactions in the live-stream channel. 

 

With regards to channel strategies, many studies concern the manufacturer’s multi-channel 

strategy (i.e., various combinations of these channels: online store, manufacturer-owned retail 

channel, and independent retailer channels) from the channel coordination perspective 

(Gerstner and Hess 1991, Chiang et al. 2003, Tsay and Agrawal 2004, Cachon and Lariviere 

2005, Cattani et al. 2006, Chen and Guo 2014, Niu et al. 2019). It was believed that a multi-

channel strategy is better than a single-channel strategy, serving as a necessity for channel 

coordination. We find it is not necessarily better to add a live-stream channel. 

 

In summary, our model makes the first effort to combine the live-stream channel and the post-

price channel in a framework and investigate the optimal pricing/channel strategy. We analyse 

how the streamer’s ability to sell as well as consumers’ cost to purchase in the live-stream 

channel influence the optimal profit, as well as the optimal pricing strategy.  

 

3. Benchmark Model 
 

3.1  Model Setup 

Consider a group of consumers purchasing one unit of product. The product can be purchased 

from either a traditional post-price channel or a live-stream channel. Consumers are 

differentiated by their preferences (𝜃) towards the product, which is uniformly distributed in a 

straight-line segment [0,1], i.e., 𝜃~𝑈 [0,1]. The seller charges a price 𝑝𝑜  in the post-price 

channel, and 𝑝𝑠 in the live-stream channel. Let 𝑈 represent consumers’ utility from consuming 

the product. So, the utility of a consumer with preference 𝜃 purchasing from the traditional 

channel can be represented by 𝑈𝑜 = 𝜃 − 𝑝𝑜. 

 

Compared to the traditional post-price channel, the live-stream channel exhibits some unique 

features. First, consumers can enjoy an extra value (𝛥𝑈(𝜃, 𝛿)) from live interactions with the 

streamer/other consumers (Wongkitrungrueng and Assarut 2018, Cai and Wohn 2019), which 
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may enhance the shopping experiences, reduce uncertainties, and increase the level of trust in 

the seller (Hajli 2015). This extra value is critically related to the streamer’s ability to sell 

(represented by 𝛿).  A streamer with a high ability to sell could bring a large extra value to 

consumers (Stigler and Becker 1977, Becker and Murphy 1993). We assume this extra value 

decreases with consumers’ preferences towards the product (𝜃) , because a high-value 

consumer already has more information sources than a low-value consumer does, the high-

value consumer may not value the extra benefit from live interactions as much as the low-value 

consumer, especially for products that are easy to access or evaluate. For simplicity, let  

𝛥𝑈(𝜃) = 𝛿(1 − 𝜃). 

 

Second, there is an extra expense (denoted by 𝑐 ∈ [0,1] ) for a consumer to purchase from the 

live-stream channel, because they need to participate in the live-stream show during a fixed 

live broadcasting time, or for a prolonged time, etc, instead of just a click and buy.  

 

So, the utility of a consumer who buys from the live-stream channel can be represented by  

𝑈𝑠 = 𝜃 + 𝛥𝑈(𝜃, 𝛿) − 𝑝𝑠 − 𝑐. In summary, consumers’ utility from purchasing the product in 

either channel can be represented by: 

          𝑈 = {
𝜃 − 𝑝𝑜        𝑝𝑜𝑠𝑡 − 𝑝𝑟𝑖𝑐𝑒 𝑐ℎ𝑎𝑛𝑛𝑒𝑙

𝜃 +  𝛥𝑈(𝜃, 𝛿) − 𝑝𝑠 − 𝑐      𝑙𝑖𝑣𝑒 − 𝑠𝑡𝑟𝑒𝑎𝑚 𝑐ℎ𝑎𝑛𝑛𝑒𝑙
                     (1) 

 

Consequently, the seller can choose from the following three channel strategies: (1) sell only 

in the post-price channel; (2) sell only in the live-stream channel; and (3) sell in both channels. 

 

(1) If the seller chooses to sell only in the post-price channel, let 𝜃𝑜 denote the indifference 

point between purchasing the product and not purchasing, we have 𝜃𝑜 = 𝑝𝑜. Thus, the 

demand for the product is 𝐷 = 1 − 𝜃𝑜, and the seller’s objective function is 

𝑚𝑎𝑥
𝑝𝑜

𝜋𝑜 = 𝑝𝑜(1 − 𝜃𝑜)                                                       (2) 

      where 𝜃𝑜 = 𝑝𝑜.         

                                                                                                                              

(2) If the seller chooses to sell only in the live-stream channel:  

𝑚𝑎𝑥
𝑝𝑠

𝜋𝑠 = {
𝑝𝑠(1 − 𝜃𝑠2),      𝑖𝑓  0 < 𝛿 ≤ 1
𝑝𝑠𝜃𝑠2,      𝑖𝑓 𝛿 > 1

                         (3) 

where 𝜃𝑠2 =
𝑝𝑠+𝑐−𝛿

1−𝛿
.  

                                                                                                                      

(3) If the seller chooses to sell in both channels, consumers will choose to purchase from the 

channel which brings a higher utility. The utility of a consumer with preference 𝜃 can be 

represented by 𝑈𝑜 = 𝜃 − 𝑝𝑜  if purchasing from the traditional post-price channel, and 

𝑈𝑠 = 𝜃 + 𝛥𝑈(𝜃, 𝛿) − 𝑝𝑠 − 𝑐 if purchasing from the live-stream channel.  

 

𝑚𝑎𝑥
𝑝𝑜,𝑝𝑠

𝜋𝑜𝑠 = {
𝑝𝑜 max{0, 1 − 𝑚𝑎𝑥{𝜃𝑜, 𝜃𝑜𝑠2}} + 𝑝𝑠(𝑚𝑖𝑛{𝜃𝑜𝑠2, 1} − 𝑚𝑎𝑥{𝜃𝑠2, 0})       0 < 𝛿 ≤ 1  

𝑝𝑜 max{0, 1 − 𝑚𝑎𝑥{𝜃𝑜, 𝜃𝑜𝑠2}} + 𝑝𝑠𝑚𝑖𝑛{𝜃𝑜𝑠2, 𝜃𝑠2}                                          𝛿 > 1
   (4) 

where 𝜃𝑠2 =
𝑝𝑠+𝑐−𝛿

1−𝛿
, 𝜃𝑜𝑠2 = 1 +

𝑝𝑜−𝑝𝑠−𝑐

𝛿
.   

                  

3.2 Channel Strategy 

Existing literature mainly investigates consumers’ motivation about shopping through the live-

stream channel (Wongkitrungrueng and Assarut 2018). Our research offers an insight that 

sellers may not always benefit from opening a live-stream channel. 
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Proposition 1. (Channel strategy).  

In general, the optimal channel strategy depends on the streamer’s ability to sell (𝛿) and 

consumers’ cost to purchase through the live stream (𝑐): The seller should add a live-stream 

channel if and only if the streamer’s ability to sell is high (i.e., 𝛿 > 𝑐). 

 

Proposition 1 identifies two important factors affecting the optimal channel strategy: the 

streamer’s ability to sell (𝛿) and consumers’ cost to purchase through the live stream (𝑐). It 

shows that the seller is better off selling through only the post-price channel when 𝛿 ≤ 𝑐; and 

adding the live-stream channel if 𝛿 > 𝑐. 

 

To further understand the impact of adding a live-stream channel, consider that the addition of 

the live-stream channel changes the post-price channel demand in the following three ways: (1) 

the live-stream channel appeals more to low-value consumers: (2) some low-value consumers 

who do not buy the product in the post-price channel are now willing to purchase the product 

through the live-stream channel due to the extra value provided. This increases the demand and 

enhances the seller’s profit; (3) some consumers who would have previously purchased the 

product through the post-price channel now switch to purchase from the live-stream channel. 

Whether this switch increases the seller’s profit depends on the price differences between the 

two channels. 

 

In summary, the live-stream channel helps increase the seller’s profit under scenarios (1), (2), 

and part of (3) -- if the live-stream price is lower than the post-price; and reduces the seller’s 

profit otherwise. More specifically,  

 

Lemma 1. (Demand in Live-stream channel under the dual-channel strategy) 

(1) Adding a live-stream channel increases the overall demand. 

(2) The live-stream channel demand is composed of (i) low and (ii) medium-value consumers 

(𝜃 ∈ [
1+𝑐−2𝛿

2(1−𝛿)
, 𝜃𝛿]), where 𝜃𝛿 =

2𝛿−𝑐

2𝛿
, if 𝛿 < 1; and 𝜃𝛿 =

𝛿+1−𝑐

2𝛿
, if 𝛿 > 1. 

 

Here the demand (i) is from consumers who do not buy the product in the post-price channel, 

corresponding to scenario (2); and (ii) is from consumers who switch from the post-price 

channel to the live-stream channel, corresponding to scenario (1) and (3), respectively. 

 

Recall that the live-stream channel’s impact on the consumers is jointly determined by the 

streamer’s ability to sell (through real-time interactions, for example), as well as the cost of 

participating in the streaming show. Consumers will purchase from the live-stream channel at 

a higher price than their original valuation (under the post-price channel) only when it induces 

a higher willingness to pay through the live-stream channel.  

 

3.3 Pricing Strategy 

Proposition 2. (Pricing strategy)  

(1) (Pricing in the live-stream channel, 𝑝𝑠
∗ ) The live-stream price 𝑝𝑠

∗  increases in the 

streamer’s ability to sell 𝛿 , and decreases in consumers’ cost 𝑐;  

(2) (Pricing in the post-price channel, 𝑝𝑜
∗) The post price 𝑝𝑜

∗ increases in 𝛿 when 
1+𝑐

2
< 𝛿 <

1, decreases in 𝛿 when 𝛿 > 1, and weakly decreases in 𝑐. 

 

It is noteworthy that 𝑝𝑠
∗ < 𝑝𝑜

∗ holds if and only if the streamer’s ability to sell is low (i.e., 𝛿 <
𝑐 + 1). Under this condition, consumers’ willingness to pay in the live-stream channel is lower 

than that in the post-price channel.  
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4. Conclusions 
The developments in information technology have enabled millions of people to hold a video 

chat together with real-time interactions, which makes live-stream selling become one of the 

most popular practices in recent years. This paper examines how live-stream selling affects 

traditional post-price channel selling, as well as the seller’s channel strategies. We find that the 

addition of a live-stream channel is not always profitable. It enhances the seller’s profit only 

when it can induce some consumers who originally purchased in the post-price channel to 

purchase through the live-stream channel, or when it can convert some of the consumers who 

would not have purchased in the post-price channel to make purchases. Our work provides a 

framework to theoretically model live-stream selling from the perspective of channel strategy. 
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Abstract 
 

Sustaining user engagement is a major challenge for mobile platforms, particularly in telehealth. 

Patients’ initial interactions with healthcare providers may affect their subsequent engagement. 

Yet, little is understood on the role of interactive media in the first service. This study investigates 

the rich media communication in the first service and its effect on subsequent patient engagement. 

Using data from a leading Chinese mobile mental healthcare platform, we find that rich media 

usage leads patients to more subsequent participation, measured by service retention, frequency, 

and payment in the following month. The results are statistically significant and consistent across 

different identification strategies, including matching and instrumental variable analysis. In 

addition, the effect is mainly driven by patients with mild mental conditions, instead of severe ones. 

Last, we evaluate alternative personalization strategies and find targeting patients with predicted 

high retention lift scores is most effective to sustain user engagement.  

 

Keywords: Mobile Platform, Media Richness, Engagement, Mental Health, Machine Learning 

 

1. Introduction 
A major challenge confronted by many digital platforms is the majority of their users only consume 

once and then become inactive without subsequent engagement. An online report given by Zaius 

in 2020 demonstrates that three-quarters of first-time purchasers do not make a second purchase 

from the same eCommerce platform. As for the healthcare service, a recent article in 2020 found 

US healthcare systems are experiencing a churn rate of 48%. In practice, although most platforms 

have made substantial investments (e.g., informative and persuasive adverts, monetary incentives, 

social cues) in attracting consumers to engage in their products and services, many users do not 

bring further profit after their first consumption. In most cases, platforms have only one chance to 

attract users to stay, and it is thus crucial for platforms to improve their first service offering. 

 

Information Systems (IS) literature has studied user repurchase behavior in a variety of contexts, 

such as advertising (Li et al. 2019), retailing (Ulku et al. 2020), insurance (Cheng et al. 2021). 

However, few studies investigate communication modes of first service and their impacts on 

subsequent consumption, especially in mental health contexts. A stream of research has explored 

the role of information presentation media of products in the retailing context (Jiang and Benbasat 

2007), the findings may not readily be applied to mobile healthcare services due to the differences 

between patients and ordinary consumers. Two types of user attributes can be considered in the 

mental healthcare setting when designing engagement strategies: users’ health status and their 

service usage pattern. First, patients suffering from mental illness with different severity may be 

disproportionately affected by different interactive communication media (i.e., text, image, audio, 
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video). Second, patients with different service usage behaviors may also bring heterogeneity in the 

effectiveness of communication strategies. Marketing research has begun exploring effective 

personalization strategies to sustain service engagement (e.g., Ascarza 2018; Lemmens and Gupta 

2020). Generally, three main strategies have been discussed: (i) targeting consumers with the 

highest churning probability (RISK model), (ii) targeting those with the highest increment of 

retention probability after interventions (LIFT model), and (iii) targeting those with the highest 

increment of profit after interventions (PROFIT model). Yet, little understanding is on the relative 

effectiveness of these targeting strategies for patient engagement on a mobile health platform.  

 

Integrating the above research gaps, we ask the following three research questions: (1) Does rich 

media usage of the first service communication affect patient participation in subsequent mental 

healthcare? (2) If so, does the effect depend on the severity of mental health conditions? and (3) 

Which targeting strategy is more effective when motivating the usage of rich media channels? 

 

2. Related literature 
This work builds on the literature on mobile health technology, media richness of online services, 

user repurchase, and target strategy for user retention. First, this study is related to health IT and 

medical research on mobile health (mHealth) information technology (e.g., Kumar et al. 2018). 

Research has shown the potential of using mobile apps and SMS text messaging as interventions 

to mitigate health problems (e.g., Ghose et al. 2021). Some studies also offer empirical exploration 

on mHealth for mental health issues and call for effective app design to tailor to such patients 

(Anthes 2016; Beard et al. 2019). To respond to the call, we study mental healthcare platforms and 

examine patients’ subsequent engagement after their first mobile health service communication. 

 

Second, this study builds on the literature on the information/media richness of online services 

(e.g., Dennis et al. 2008). This stream of work has a consensus: higher media richness is more 

effective to facilitate decision-making since rich media (e.g., audio or video) conveys more 

interactive information than lean media (e.g., text or image). Moreover, Tseng and Wei (2020) 

show mobile ads with high media richness have a high impact on early-stage consumer behaviors 

(i.e., attention, interest, search) while a low impact on the later stages (i.e., action, share). To extend 

this line of research, we shift the research focus from conventional online services to healthcare.  

 

Third, this study is relevant to the IS literature on user repurchase. This literature has documented 

that satisfaction and loyalty are the main drivers of user repurchase intention in online retailing 

(Fang et al. 2014; Liu-Thompkins and Tam 2013). Our study focuses on consumers with mental 

health issues. The behaviors of mental illness patients are different from those of ordinary 

consumers. In general, the consumption experiences and outcomes are equally meaningful for 

ordinary consumers, but patients may care much more about the diagnosis outcomes than the 

service process, and for this context, the impact of rich media usage is not clear in the literature. 

 

Last, this study is related to a nascent stream of marketing research on effective targeting strategies 

for customer retention. In practice, firms across various sectors (e.g., telecom, pay-TV, credit cards) 

detect customers at the high risk of churning and target retention efforts to them. This strategy 

allows firms to allocate their effort to the customers who are truly at risk of churning rather than 

wasting resources on those who would have stayed regardless. However, Ascarza (2018) proposes 

a response-based strategy—a way to target the consumers who have the highest increment of 

251



retention after the intervention—and demonstrates that this lift strategy is superior to the 

conventional risk strategy. Following up on this work, Lemmens and Gupta (2020) propose a 

profit-based consumer targeting algorithm and stress the superiority of profit lift over retention lift. 

While these marketing studies advocate response- and profit-based targeting strategies, it is still 

unclear which one works better in the context of personalizing mobile mental healthcare. 

 

3. Context and Data 
To empirically examine the research questions, we use a unique dataset from a leading Chinese 

mobile mental healthcare platform. By cooperating with physicians, this platform provides a 

variety of services, including online consultation, diagnosis, prescription, and drug consumption, 

to patients. The registered physicians can invite their patients to join this virtual platform and 

instruct them how to use this app. Several interactive media are available on this platform, 

including the video (i.e., an online meeting), audio (i.e., a phone call), and text with images, and 

physicians can choose which ones to make available for patients. After ordering services on this 

platform, a patient can synchronously interact with her/his physicians through only one medium 

during service time. Our dataset comprises 21,265 patient-level observations spanning six years 

from 2015 to 2020. Each patient corresponds to an observation that contains information about 

their characteristics, their physician’s characteristics, first service medium, and their purchases in 

subsequent one month (i.e., the period from the first service to the same day of the next month).  

 

Following advertising literature (e.g., Rosenkrans 2009), we classify media into rich media (that 

can display sensory traits, such as video, audio, or animation) and lean media (text and image). 

Hence, we construct a dummy independent variable, RMi (=1 if the first service of the ith patient is 

only processed via audio or video, =0 if the first service is only processed by text and image). 

Referring to the work of Lemmens and Gupta (2020), we set the first dependent variable Retentioni 

to 1 if the ith patient returns to order services (i.e., at least one service) on the app in 1 month after 

the first service, otherwise to 0 if she/he has churned (i.e., no service). Another two dependent 

variables are # Service in 1 monthi and $ Service in 1 monthi, which indicate the number of services 

and total payment of the ith patient, respectively, in the following 1 month after the first service.  

 

To account for observed confounders, we include a vector of covariates (Xi) about patients, 

corresponding physicians, first service year, and month. For patients, we concern their payment in 

the first service, their basic characteristic (i.e., age, gender, city), and their health conditions (i.e., 

whether have depression, anxiety, bipolar disorder, and schizophrenia). For physicians, we control 

their gender, age, title, hospital, and city. All covariates, except age, are dummy variables. 

 

4. Methods 
4.1. Effects of Rich media Usage 

Ordinary Least Squares (OLS). We first use OLS estimate to examine the association between the 

first services communication modes and patients’ subsequent purchase behavior:  

 𝑌𝑖 =  𝐶0 + 𝛽1𝑅𝑀𝑖 + 𝑋𝑖′𝐵0 + 𝜀𝑖 , (1) 

where 𝑌𝑖 indicates retention (0-1), number of services (#), and total payment ($) in a month after 

the first service, 𝑋𝑖 is the set of covariates, and 𝜀𝑖 is an error term. The year and month dummies 

for each patient’s first service are included to account for mobile app design changes over time. 
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Propensity Score Matching (PSM). The OLS estimator may be biased if there exists overt self-

selection by patients. Accordingly, we adopt PSM to mitigate this concern. In essence, this 

approach attempts to remove the observed selection bias by generating balanced covariate-specific 

treatment (=1 if rich media usage)-control groups (=0 if lean media usage).  

 

Instrumental Variable (IV) Analysis. To further account for unobservable confounders, we employ 

an IV analysis. The IV here is the percentage of rich media usage by the same physician with other 

patients (rather than with the ith patient) before the focal service. As physicians instruct their 

patients to use the app for the first time and each of their medium preferences may be fixed over 

time, the medium used by a physician’s ith patient could align with that of this same physician’s 

other patients. Thus, the 𝐼𝑉𝑖 is strongly correlated the independent variable (i.e., the choice of 

communication medium with the ith patient), but does not directly affect dependent variables (i.e., 

the subsequent purchase behaviors of the ith patient) as the physician’s other patients’ behaviors 

are exogenous to the subsequent behaviors of the focal patient. This IV is referred to as a “leave-

one-out” IV, which has widely been used in IS literature (e.g., Belo et al. 2014; Bavafa et al. 2018). 

 

4.2. Effect Heterogeneity across Mental Disease Severity  

Next, we test the heterogeneous effects of rich media usage across severity (i.e., mild vs severe) 

of mental illness. First, we categorize patients into four subgroups, each with a specific type of 

mental disease, including depression, anxiety, bipolar disorder, and schizophrenia, respectively. 

We replicate the baseline OLS estimation (Eq. 1) for each subsample, and then we compare and 

contrast these estimates to examine the treatment effect heterogeneity of rich media usage. 

 

4.3. Effect Heterogeneity across Targeting Strategies (Churn Risk, Retention Lift, Profit Lift) 

Last, when applying a patient-engagement intervention that incentivizes patients to use rich media 

in the first service, it is crucial for platforms to identify and select the suitable customers to target 

for the best performance. We study the effectiveness of targeting strategies based on the probability 

of churning (RISK model), increment of retention lift (LIFT model), and increment of profit lift 

(PROFIT model) after using rich media channels. Considering the ith patient with attributes 𝑋𝑖 

(e.g., past behavior, demographics), and let 𝑅𝑀𝑖 denotes the used rich media usage (=1 if used, 

otherwise =0). Churni refers to no service for the ith patient in one month after the first service.  

𝑅𝑖𝑠𝑘𝑖 = 𝑃[𝐶ℎ𝑢𝑟𝑛𝑖 = 1|𝑋𝑖 , 𝑅𝑀𝑖 = 0] (2) 

𝐿𝑖𝑓𝑡𝑖 = 𝑃[𝑅𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑖 = 1|𝑋𝑖 , 𝑅𝑀𝑖 = 1] − 𝑃[𝑅𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑖 = 1|𝑋𝑖 , 𝑅𝑀𝑖 = 0] (3) 

𝑃𝑟𝑜𝑓𝑖𝑡𝑖 = 𝐸[𝑃𝑟𝑜𝑓𝑖𝑡𝑖|𝑋𝑖 , 𝑅𝑀𝑖 = 1] − 𝐸[𝑃𝑟𝑜𝑓𝑖𝑡𝑖|𝑋𝑖 , 𝑅𝑀𝑖 = 0] (4) 

We use machine learning (ML) techniques to predict and measure the three variables for each 

customer. We compare various algorithms (e.g., logistic regression, random forest, support vector 

machine) and select Random Forest for the prediction due to its greatest out-of-sample predictive 

performance. It is notable that when predicting retention lift and profit lift scores, we need to 

compare patient behaviors in reality and counterfactual that cannot both be observed. A 

randomized experiment is ideal to estimate the average treatment effect in a counterfactual setting. 

As such an experiment is not available in our context, we follow Lemmens and Gupta (2020) and 

apply the PSM in the 50% training sample to simulate the randomized experiment results. The 

predicted differences in the retention rates and profits in the next month between the treatment and 

control groups are the retention lift and profit lift scores for each patient, respectively.  
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The effect of rich media usage is evaluated in different groups of patients, depending on their 

predicted scores of RISK, LIFT, and PROFIT models. More specifically, first, we rank the users 

based on the three scores and segment them into deciles (i.e., 0-10%, 10%-20%, …, 90%-100%) 

using each method, respectively. Second, we select the top P (e.g., 30%) of patients as the “targeted 

subgroup” and replicate the OLS estimates (Eq. 1) to obtain the effects of rich media usage for all 

“targeted subgroups”. As seen, when the top P increases, the number of patients in each group 

increases, with P=100% corresponding to targeting the whole patient base. In doing so, the 

magnitude of the treatment effects on patients in the top deciles of risk, lift, and profit scores can 

be compared in order to assess the relative performance of these three personalization strategies. 

 

5. Results 
Table 1 presents the results on the effects of rich media usage. We find that patients who use a rich 

medium in their first service are statistically significantly associate with an increase in the retention 

probability (𝛽=0.091, p<0.01), service frequency (𝛽=0.113, p<0.01), and payment (𝛽=0.636, 

p<0.001) in the following month, compared to patients who use a lean medium to interact with 

physicians. The observed effect is consistent in PSM and 2SLS. These findings indicate that using 

rich media in the first service leads patients to sustain their engagement, which is observed as 

higher retention, more services, and larger payment of purchases in the subsequent month.  

Table 1. Relative Effects of Communication Channels (Rich media Vs. Lean Media) 

on Subsequent Retention, Service Frequency, and Payment in the Following Month 
 [1] [2] [3] 

 DV: Retention  

(0-1 service in 1 month) 

DV: Frequency 

log (# Service in 1 month + 1) 

DV: Payment 

log ($ Total in 1 month + 1) 

OLS 0.091*** 0.113*** 0.636*** 
 (0.012) (0.013) (0.077) 
PSM 0.109*** 0.130*** 0.732*** 
 (0.016) (0.016) (0.097) 
IV-2SLS 0.090* 0.165*** 0.732** 
 (0.054) (0.056) (0.326) 

Note: All covariates in Table 1 are omitted here for brevity. First stage F statistics are 409.54, 510.37, and 332.11 for the IV analyses. 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1. 
 

 

Figure 1. Heterogeneous Treatment Effect of Rich Media Usage 
 
 

Figure 1 presents OLS estimates with 95% CI for four subsamples with distinct mental diseases. 

The three panels from left to right show estimates for treatment effects on the retention, service 

frequency, and payment respectively. Estimates are positive and significant for three mild mental 

diseases, but not statistically significant for schizophrenia, a severe mental illness. 
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Figure 2 presents and compares the treatment effects on subsequent engagement, frequency, and 

total payments in the next month on all top P subgroups (e.g., top 30% meaning top 3 deciles of 

risk, lift, and profit scores). It is done by replicating OLS estimates (Eq. 1) on the subgroups using 

the three strategies (§4.3). For the engagement (the left panel), from the top 10% to 30%, the 

effects for retention lift subgroups (in red) are much larger than those for churn risk (in blue) and 

profit lift (in green) subgroups. From the top 40% to 80%, effects for profit lift subgroups are 

slightly larger than the retention lift ones but still substantially larger than the churn risk ones. 

Such results apply to all dependent variables and imply that: when the number of patients to 

recommend rich media communication is limited, targeting those with high retention lift scores 

achieves the best performance in sustaining user engagement, being the most effective strategy. 

 

Figure 2. Treatment Effects on Subsequent Retention, Service Frequency, and Payment for 

Top N Groups based on Predicted Scores of Churn Risk, Retention Lift and Profit Lift 

 

6. Discussion and Conclusion 
In this study, we examine the relative effects of the rich media (versus lean media) usage in the 

first mental health service of patients on their subsequent engagement in mental healthcare. Using 

data from a leading Chinese mobile mental health platform, we find that the use of rich media 

channels in the first service is associated with better repurchase performance, measured by 

retention, service frequency, and payment in the following month. Moreover, we find that such an 

effect is substantial for mental health patients with mild conditions (e.g., depression), compared to 

those with more severe conditions (i.e., schizophrenia). Last, we compare personalization 

strategies to tailor rich media communication to patients. We find that targeting patients with a 

predicted high retention lift works the best to increase their subsequent engagement.  

 

This study has the potential to make important contributions. First, motivated by the challenge of 

low repurchase rate on mobile platforms, this study initiates the empirical effort to associate the 

rich media communication in the first service with patient repurchase behaviors in mobile mental 

healthcare platforms. Second, this study demonstrates the potential of rich media channels in 

sustaining user engagement, offering important design and business implications for mobile 

platforms. Third, the results that the rich media effect is contingent on the disease severity suggest 

a viable patient segmentation strategy for mHealth platforms. Last, our results support that 

targeting patients with high retention lift scores after the use of rich media in the first service is the 

most effective personalization strategy to sustain user engagement on mHealth platforms.  

 

(References are available upon request but are omitted due to the space limit) 
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Abstract 
Facing high consumer abandonment rate in financial service markets, this study investigates 

whether retargeting, an approach broadly adopted in traditional retailing but underexplored in 

finance, holds potential in recovering consumers. Because consumers abandon for different 

reasons, we examine a multi-faceted retargeting approach that includes affection support and 

problem solving. The latter further breaks down to privacy commitment and price commitment. 

Our field experiment on a microloan platform reveals that affection-support and 

price-commitment retargeting both successfully recover 5% consumers (in addition to the 

natural returns), while privacy-commitment retargeting recovers 10.53% consumers. We further 

show that affection-support retargeting attracts consumers that initially have a low adoption 

intention of the financial product, while problem-solving retargeting works for those who 

already want to adopt but have technical concerns. Consumers called back by affection-support 

and privacy-commitment retargeting present high credibility: they have 3.5% and 7% higher 

loan approval likelihood than the naturally returning consumers respectively. In contrast, 

consumers recovered by price-commitment retargeting have low credibility. 

 

Keywords: Retargeting, Financial service, Microloan, Credibility, Prosocial, Privacy 

 

1. Introduction 
The burgeoning FinTech has dramatically expanded financial services to broader people 

(Guild 2017). Despite the increasing accessibility to financial services, it is reported that finance 

websites have the highest average abandonment rate of any industry, at 83.6%, for consumers 

become careful when choosing a financial product (Kriese et al. 2019). Traditional (e-)retailing 

has demonstrated the effectiveness of retargeting on winning back consumers to complete 

transactions (e.g., Luo et al. 2019). Inspired by these applications, financial practitioners have 

recently started to implement retargeting (Moore 2014). Given this trend as well as the lack of 

empirical or theoretical understanding in the literature, we fill this gap by investigating whether 

and how FSPs can leverage retargeting to recover consumers. 

Two reasons account for high abandonment behavior in financial service markets. First, 

some consumers are inherently hesitant to adopt financial services (Steinhart and Mazursky 

2010), due to the lack of financial knowledge (Van Rooij et al. 2011), and/or their preference to 

seek financial help from close relationships (Turvey and Kong 2010). Second, similar to the 

decision-making in the retailing industry, consumers abandon when concerns arise during the 

application process. Typically, these concerns relate to service attributes such as price (Karlan 

and Morduch 2010) and FSPs’ potential operational problems in system insecurity, personal 

information abuse, and privacy intrusion (Tang 2019). 

In response to these abandonment causes, we propose two types of retargeting messages. 

The first is an affection-support message, which can be used as a peripheral cue of products 
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offered by FSPs (Lee et al. 2011). According to Elaboration Likelihood Model (ELM) (Petty and 

Cacioppo 1986), the so-called peripheral cues may induce consumers’ positive feelings of being 

helped, trusted, and cared for (Taylor 2011), and thus be potentially effective to encourage 

less-motivated consumers to continue their transactions. The other is to leverage problem-solving 

messages in response to the concerns from price or privacy issues. Retargeting may attenuate 

consumers’ concerns regarding the core product attributes of the services and reduce their search 

costs. We thus expect these messages to be useful for calling consumers back. 

In contrast to retail markets, financial consumers can pose a higher cost to the platform (e.g., 

labor cost in the approval process). Therefore, the question of how and who to retarget is a much 

more intricate question in the financial market setting. This is true especially because FSPs do 

not have complete information on consumers' quality (e.g., credibility or credit risk) before the 

actual transaction. In other words, it may not be worthwhile to win back the consumers that pose 

high credit risk. From the perspective of prosocial behaviors (Eisenberg et al. 2007), we 

hypothesize that different retargeting messages may call back consumers of different qualities. 

For example, the returning consumers from affection-support retargeting shall be overall “good” 

ones (i.e., no worse than the remained consumers) since people who are emotionally 

impressionable usually avoid bringing harms to others (thus have a lower possibility of default) 

(Stocks et al. 2009; Acevedo et al. 2014). In contrast, we hypothesize that the returning 

consumers from price-commitment retargeting might contribute less to FSPs profit since price 

sensitivity usually indicates low economic capacity (Chan and Gruber 2010). 

Overall, this study attempts to investigate whether the affection-support retargeting strategy 

and problem-solving retargeting strategy are useful for winning back abandoned consumers in 

financial services. If the answers are yes, then what is the quality of consumers retained by these 

retargeting strategies respectively? We will also explore the mechanisms of the findings. 

This study yields multi-fold theoretical contributions. First, we contribute to the retargeting 

literature by extending the context to the financial service landscape. In light of the difference 

between financial services and traditional retailing, we are among the first to design and test 

multiple retargeting strategies in financial services. In fact, the usefulness of retargeting 

strategies in financial services is not that intuitive, since financial consumers are naturally more 

sensitive towards more service attributes (Alalwan et al. 2015). Second, we enrich the financial 

service literature by focusing on an under-explored step in the service chain, namely, consumer 

recovery. Massive extant literature has investigated either the issues at the pre-logging stages 

such as financial service design (Heinrich and Schwabe 2018), consumer attraction (Ding et al. 

2010) and adoption (Cole et al. 2013), or the issues at post-contract stages such as credibility 

evaluation (Lin et al. 2013) and debt recovery (Chehrazi et al. 2019). Our research looks at the 

gap – after consumer arrival but before contract approval – and propose effective strategies to 

enhance business outcomes. Third, since fulfilling financial obligations is a kind of prosocial 

behavior (Du et al. 2020), we contribute to the prosocial literature by revealing that 

affection-support and problem-solving appeals would attract people with discrepant levels of 

prosocial intentions. Finally, we add knowledge to the privacy literature by empirically showing 

the dominant role of privacy concerns in consumer abandonment in financial services. More 

importantly, we demonstrate that retargeting is a useful and low-cost way to recover good 

consumers that have abandoned due to privacy concerns. To the best of our knowledge, we are 

among the first to develop retargeting strategies to counter privacy issues in business. 

From an industry perspective, affection-support strategies convert low-motivation 

consumers to adopt the service, therefore this strategy may be attracting new consumers to 
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FinTech services overall and thus potentially contribute to financial equality. Privacy 

commitment and price commitment on the other hand would win back consumers that already 

have a high intention to adopt and are just choosing between service providers. This is a topic for 

future research. 

2. Experiment Design and Data 
To explore the effect of retargeting messages, we conduct a field experiment on a leading 

microloan platform in China, in which we randomly assign abandoned loan applicants into 

treatment groups in which different messages are sent. The annual interest rate charged by the 

platform is 7% or 8%, which is relatively a low price compared with that of competitors in the 

market. To apply for a loan, a consumer must complete three steps (website pages) before 

submitting the application. In the first step, they must provide their basic personal information 

such as name, cellphone number, gender, age, education level, and income level. Then, they 

enter the second step in which they must choose the loan amount (CNY1,000–5,000, CNY3,000 

by default), loan term (5–7 months), and check the stipulated annual interest rate. Next in the 

third step, consumers are required to provide more personal contact information of three to five 

cellphone numbers of their family members and/or close friends. All consumers also sign a 

consent form stating that cellphone call information is used for credit risk evaluation. After these 

steps, applicants are able to submit their applications. The platform assesses the consumer’s 

credibility with credit scoring services and online interviews, based on which the decision to 

issue the loan is made. Consumers can also resume the application at any time. 

In our experiment design, we focus on all consumers who newly initiated a loan application 

on the platform in October and November 2017. Figure 1 presents the schedule of retargeting 

messages during the experiment. If consumers do not complete the first step, we do not include 

them in the experiment since they show rather low interest in the service.  

 
Figure 1. Experiment Design 

When consumers jump to the second step, they enter the experiment sample pool. Notably, 

consumers may abandon at step 2 (confirm loan attributes) or step 3 (provide personal contact 

information). Given the inherent discrepancies of these consumers abandoning at different steps, 

it is inappropriate to compare the effectiveness of retargeting messages on recovering them. 

Therefore, as presented in Figure 1, we split our analyses into two substudies where consumers 
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who abandon at steps 2 and step 3 are considered separately. In each of the two substudies, four 

groups are included for investigation. Table 1 presents the messages in each group. 

Notably, owning to potential concerns in the subsequent step (for the consumers in substudy 

1) or other considerations (for the consumers in both substudies), a few consumers may still do 

not submit their applications after they return by the first retargeting message (i.e., leave again). 

For these consumers, we do not retarget them repeatedly to ensure each abandoned consumer 

receives a retargeting message only once. 
Table 1. Retargeting Message Content 

Treatment Message content 

Holdout (No message) 

Control 
Hi [name of the consumer], you have initiated a loan application at [name of the platform]. This message is 

a friendly reminder that when you are in need, welcome to [name of the platform] to resume your 

application. 

Affection 
Hi [name of the consumer], you have initiated a loan application at [name of the platform]. [Name of the 

platform] is sincerely hoping to help you timely when you are in need. Welcome to [name of the platform] 

to resume your application. 

Price 
Hi [name of the consumer], you have initiated a loan application at [name of the platform]. The price level 

on [name of the platform] is at the bottom 20 percent in the market, and it is economical to adopt the service 

of [name of the platform]. Welcome to [name of the platform] to resume your application. 

Privacy 
Hi [name of the consumer], you have initiated a loan application at [name of the platform]. [Name of the 

platform] commits to assure the security and privacy of any personal information you provide. Welcome to 

[name of the platform] to resume your application. 

Totally 26,740 consumers enter our experiment sample. Among these consumers, 19,144 

are non-abandoned consumers. The other 7,596 consumers enter the experimental pool, 1,896 of 

which are for substudy 1, and 5,700 are for substudy 2. That is, the average abandonment rate on 

the platform is approximately 28.4% (= 7,596/26,740). The sample sizes in the two substudies 

indicate that approximately 7.1% (= 1,896/26,740) of the total consumers abandoned at step 2, 

due to either low motivation of adoption or unsatisfactory loan attributes especially the price. In 

contrast, as high as approximately 21.3% (= 5,700/26,740) of consumers abandoned at step 3, 

offering evidence that compared with high price, more (triple) consumers concern about having 

to provide sensitive personal information to the platform. The statistically insignificant 

differences in sample sizes and characteristics between the groups within each substudy suggest 

successful randomization. 

3. Empirical Results 
We used the return rate, namely, the proportion of returned consumers among all 

abandoned consumers, to measure the effect of retargeting messages. Figure 2 reports the return 

rate of each experimental group. Figure 2 reveals that the natural return rates (holdout group) on 

the platform are 8.86% and 6.74% respectively for the consumers who abandoned at step 2 and 

step 3. The retargeting message in the control group calls 10.39% or 7.05% of the abandoned 

consumers back, which is not significantly different from the natural return rate (p = 0.428 or 

0.742 for t test). This suggests that a simple reminder is ineffective to win more consumers back, 

and a more delicate design of retargeting messages is needed. In contrast, the return rate of the 

affection-support retargeting message is 14.99% or 11.93%. That is, affection-support retargeting 

successfully calls 6.13% (=14.99% – 8.86%, p = 0.003) more consumers who abandoned at step 

2, and 5.19% (p < 0.001) more consumers who abandoned at step 3, back to the platform 

compared with the holdout group. 
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(a) Return Rate: Substudy 1 (b) Return Rate: Substudy 2 (c) Approval Rate: Substudy 1 (d) Approval Rate: Substudy 2 

Figure 1. Model-Free Analysis 

We next perform formal regression analyses in the two substudies. Only the sample of 

abandoned consumers is employed. We apply the holdout group as the benchmark. Then based 

on our treatment design, the treatment variables are Control, Affection, Price (substudy 1), and 

Privacy (substudy 2). We use the following independent equations to determine the effects of the 

treatments on whether an abandoned consumer returned (Return, 1 = yes, 0 = no). Equation (1) is 

used for substudies 1 and 2 respectively. Because both the dependent variables are dummies, we 

conduct probit regressions. In these two equations, we control for the consumer characteristics 

(consumer’s age, gender, education level, etc.) and loan characteristics that may affect the 

dependent variables. We mark all of these covariates as Consumer. 

   (1) 

    (2)                    

To facilitate results analysis, we directly report the marginal effects of estimations in Table 

2. The focal dependent variable is Return, and all the marginal effects of treatments are close to 

the model-free analyses.  

Table 2. Estimation Results of the Effect of Retargeting 

Variable 
DV: Return DV: Return DV: Approve DV: Approve 

Model (1): Substudy 1 Model (2): Substudy 2 Model (3): Substudy 1 Model (4): Substudy 2 

Holdout   
-0.016 

(0.085) 

0.019 

(0.050) 

Control 
0.018 

(0.026) 

0.014 

(0.012) 

-0.010 

(0.080) 

0.030 

(0.053) 

Affection 
0.064*** 

(0.020) 

0.045*** 

(0.012) 

0.082* 

(0.045) 

0.112*** 

(0.037) 

Price 
0.061*** 

(0.023) 
 

-0.159*** 

(0.060) 
 

Privacy  
0.100*** 

(0.016) 
 

0.132*** 

(0.031) 

Control variables Included Included Included Included 

Log likelihood -636.29 -1,686.27 -10,013.60  -10,309.05 

No. of observations 1,896 5,700 19,330 19,719 

Note. Marginal effect is reported for Probit model. Robust standard deviations are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. 

Furthermore, in the financial market, credibility is one of the most representative and 

straightforward indicators to measure consumers’ quality (De Andrade and Thomas 2007). In our 

experiment, we cannot directly apply the actual loan repayment performance to measure 

credibility as the consumers whose loan applications are rejected by the platform are 

unobservable. Alternatively, the loan approval decision – whether a submitted loan application is 

approved by the platform – reflects a consumer’s credibility. We believe this indicator is feasible 

and proper because the credibility evaluation on the focal platform is overall accurate (precision 

rate larger than 90%). Figures 1(c) and 1(d) presents the approval rate in our experiment. The 

approval rate of the non-abandoned consumers on the platform is 44.29%. Taking it as the 
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benchmark, we do not find significantly different credibility of the naturally returned consumers 

(42.42% or 46.43%, p = 0.830 or 0.693) nor the consumers called back by the retargeting 

message of the control group (43.24% or 47.67%, p = 0.899 or 0.528). In contrast, the returned 

consumers by the affection-support retargeting have a significantly higher approval rate (53.23% 

or 55.69%, p = 0.079 or 0.003) than that of the non-abandoned consumers, which shows overall 

excellent credibility of these returned consumers. Models (3) and (4) in Table 2 formally verify 

the results with Equation (2). 

Taking the holdout group as the benchmark, it is easy to further calculate the incremental 

ratio of the approved consumers to the total abandoned consumers across experimental groups. 

We find the incremental ratio of loan approval for the price group is trivial (0.22%). That is, 

although price-commitment targeting recovers more abandoned consumers based on the natural 

returning, very few of these additionally attracted consumers could get their applications 

approved by the platform. In contrast, the incremental consumers called back by 

affection-support retargeting and privacy-commitment retargeting present greatly (~3.50% and 

7.06%) higher loan approval likelihood. 

For mechanism test, we implemented a survey to investigate why consumers abandoned the 

FSPs. Specifically, we designed several question items to measure consumers’ motivation of 

service adoption on the focal platform, price concerns, and privacy concerns. The survey page 

pops out when a consumer clicks the Exit button. For each question, a larger score (ranging from 

1 to 7) indicates a higher level of adoption motivation or concern. Totally 3,160 abandoned 

consumers completed the survey with effective answers. With this subsample, we further look 

into the answers of the returned consumers in each group. We categorize the returned consumers 

into four types: low/high adoption motivation × low/high problem concern (i.e., LL, LH, HL, 

HH). The classification is based on the cutoff of answering score 4 of the adoption motivation 

and problem concern questions in the survey. Table 3 reports the proportion of different types of 

returned consumers across experimental groups. It reveals that in most experimental groups, 

almost all of the returned consumers are those who keep a higher level of adoption motivation. 

This is intuitive as essentially, consumers with stronger adoption intention would intend more to 

resume their applications. Only in the affection group, a significantly greater proportion (~ 21%) 

of the consumers with low motivation level (in shadow cells) returned than in other groups. It 

supports our justification that affection-support retargeting effectively calls back the consumers 

who have maintained low adoption motivation. Moreover, we find that problem-solving 

retargeting recover more consumers who maintain high price or privacy concerns (in shadow 

cells). That is, problem-solving retargeting can mitigate the problem concerns of some 

abandoned consumers, which is consistent with our expectation. 

Table 3. Proportion of Different Types of Returned Consumers 

 Holdout Control Affection Price 

Low motivation, low concern (LL) 5.0% 0 20.7% 0 

Low motivation, high concern (LH) 0 0 3.4% 0 

High motivation, low concern (HL) 55.0% 50.0% 41.4% 38.5% 

High motivation, high concern (HH) 40.0% 50.0% 34.5% 61.5% 
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Abstract 

The purpose of this study is to uncover the mediating role of knowledge hiding between employees’ 

territoriality and their workplace innovation. Based on the social information processing theory , 

this study proposes a full mediation model about the impacts of territoriality on workplace 

innovation. To test our hypotheses, we conducted a survey and collected data from 512 

professionals in an emerging economy. The results illustrate that territoriality shows significant 

relationships with knowledge hiding and workplace innovation. Knowledge hiding fully mediated 

the impact of territoriality on workplace innovation. It is revealed that territoriality leads 

employees to hide their knowledge, which is not conducive to workplace innovation. Appropriate 

theoretical contributions and managerial implications are also discussed. 

Keywords: Territoriality, Knowledge hiding, Workplace innovation, Mediating role 

 

1. Introduction 
Why and when people share their knowledge has received considerable academic attention, while 

little attention has been devoted to why and when people hide knowledge. Knowledge as a resource 

multiplies with its usages but general human tendency is to believe knowledge as a limited resource 

that should be hidden (Connelly et al. 2019). The literature is replete with positively skewed 

research on knowledge sharing (Bock et al. 2005); however, the concept of knowledge hiding is 

yet unexplored (Černe et al. 2014). Knowledge hiding in organizations has received much attention 

from practitioners but requires significant academic attention (Connelly et al. 2012, 2019), as 

knowledge hiding is damaging to organizations, as it creates negative spirals of retaliation (Černe 

et al. 2014). Therefore, there is the utmost need to understand, control and predict those factors 

that contribute to knowledge hiding in the workplace as well as its negative effects. 

Brown and Zhu (2016) believe that territoriality has significant effect on the performance and well-

being of organizations and in particular may affect the interactions between members in 

organizations, including task performance and workplace deviance. Employees with strong sense 

of territoriality will have a high tendency to withhold knowledge from others (Peng 2013). 

Therefore, it is posited that the focal person's knowledge hiding behavior under the influence of 

territoriality will have a detrimental effect on his/her workplace innovation. This study aims to 

investigate the impact of territoriality on workplace innovation with knowledge hiding as a 

mediator in the context of R&D organizations. It will help leaders and decision-makers to apply 

the findings of this study to the actual business situations. 

The rest of this paper is structured as follows: the next section provides conceptual background 

and hypotheses tested in this study. The measurement instrument used to test the hypotheses is 

then described, and the resulting data gathered by application of the instrument is used to test a 

structural equation model based on the theoretical framework. Finally, the paper ends with 

conclusions on theoretical results and practical implications. 
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2. Conceptual background and hypotheses 
Territoriality in organizations is defined as the behavioral expression of individual members based 

on their perceived ownership of physical or social objects, which they then protect as their own 

(Brown et al. 2005). According to Brown et al. (2005), ‘territoriality’ may send ‘keep out’ signals 

to others and increases the degree to which organizational members are isolated from one another. 

A territorial employee would mark and defend his claim (this is mine, not yours), the object of 

his/her claim could be anything tangible such as workspace, computer etc. or intangible such as 

task, idea etc. Workplace innovation refers to the initiation and application of new and useful ideas, 

processes, products or procedures (Farr and Ford 1990). Workplace innovation is created through 

a continuous process where boundaries and constraints stemming from limited individual 

cognition are extended by acquiring a new context, a new view of the world, and new knowledge 

(Subramaniam and Youndt 2005). Strong territorial feelings are likely to result in impeding the 

sharing of ideas, cooperation, creativity, high work quality, and the hoarding of information and 

knowledge (Connelly et al. 2012). For example, a manager with strong sense of territoriality may 

be less likely to share the information because they seek to maintain the status quo and avoid 

change or the potential for risk (Dawkins et al. 2017). For these reasons, we propose the following 

hypothesis: 

H1: Territoriality relates directly and negatively to employee workplace innovation. 

Knowledge hiding is defined as an “intentional attempt by an individual to withhold or conceal 

knowledge that has been requested by another person.” (Connelly et al. 2012). Territoriality may 

lead employees to seek less interaction with others and to behave in ways that work against the 

knowledge sharing, cooperation, and flexible movement of resources that facilitate organizational 

productivity and innovation (Brown et al. 2005). Employees with strong sense of territoriality will 

be less cooperative with others who request help from them. Hence, in situations where there is an 

employee requests for some information and the other employee hides it, a knowledge hiding 

behavior occurs (Connelly et al. 2012). Given these arguments, we propose the following 

hypothesis: 

H2: Territoriality relates positively to knowledge hiding. 

According to Peng (2013), knowledge hiding is likely to impair collaborations among team 

members and the generation of new ideas, which in turn will be detrimental to team performance. 

Černe et al. (2014) found that knowledge hiding fostered distrust among employees and prevented 

employees from generating creative ideas by conducting a filed study and an experiment. 

Therefore, knowledge hiding is not conducive to employee workplace innovation. Combined with 

hypothesis 2, this reasoning leads us to suggest that territoriality negatively influences employee 

workplace innovation, through knowledge hiding. We propose the following hypothesis: 

H3: Knowledge hiding mediates the relationship between territoriality and employee 

workplace innovation. 

3. Methods  
3.1 Data collection 

We collected data from 800 fulltime employees working in 4 well established public and private 

organizations located in a major emerging economy. 528 out of 800 targeted employees responded 

to our survey, yielding a response rate of 66 percent. We further eliminated the incomplete or 

careless responses and finally retained 512 valid responses for data analysis. Table 1 summarizes 

the demographic information about the respondents from both types of organizations. 
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3.2 Measurements 

The survey instrument was developed based on established scales from previous literature. Items 

in the questionnaire were measured using the 5-point Likert scales, anchored between 1 (strongly 

disagree) and 5 (strongly agree). We measured territoriality using 3 items, which was modified 

from the scale developed and validated by Avey et al. (2009). We adapted the second-order 

measurement scale developed by Connelly et al. (2012) to operationalize knowledge hiding. The 

dimensions of knowledge hiding are evasive hiding, playing dumb and rationalized hiding, each 

having four items and nine in total. The measurement items for workplace innovation were 

operationalized via a six-item scale from Scott and Bruce (1994). Table 2 shows the measurement 

detail of each construct.   

4. Result and discussion 
Data analysis was conducted in a holistic manner using the Partial Least Squares (PLS) with the 

bootstrap re-sampling procedure. Structural relationships were tested after assessing the 

measurement model. The Harman's single-factor analysis was conducted. The first factor of 

unrotated solution was 42.5%, which indicated a low level of common method bias in this study. 

4.1 Measurement Model  

The measurement model for constructs was assessed by examining reliability, convergent validity, 

and discriminant validity. The convergent validity was assessed by examining composite 

reliability and Average Variance Extracted (AVE) from the measures. As shown in Table 2, 

Cronbach’s alpha ranged from 0.78 to 0.93 for all constructs, indicating high internal consistency. 

The composite reliability of the reflective constructs exceeds the threshold of 0.70, indicating that 

these measures are reliable. The AVE values range from 0.54 to 0.82, exceeding the recommended 

cut-off of 0.50. The path loadings of all items to constructs are above 0.70, providing the evidence 

for the convergent validity of measures. Table 3 shows the square roots of the AVE scores are 

higher than the correlations among the constructs, demonstrating discriminant validity. 

 

Table 1. Demographic Information 

Demographic dimensions Percent Mean S.D. 

Organization Type (PoP) 

Public (0) 

Private (1) 

 

50.2 

49.8 

0.49 0.50 

Gender (Gen) 

Male (1) 

Female (0) 

 

60.0 

40.0 

0.60 0.49 

Qualification/Education Level (Edu) 

Bachelors (1) 

Masters (2) 

PhD (3) 

 

35.3 

42.6 

22.1 

1.87 0.75 

Work Type (Ton) 

Technical (0) 

Non-Technical (1) 

 

53.9 

46.2 

0.43 0.50 

Respondents' mean age (years) (Age) – 30.16 5.69 

Tenure (years) (Ten) – 5.60 3.74 
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Table 2. Reliability, convergent validity of the measurement model 

Constructs and measures Loadings 

Territoriality (T) (composite reliability = 0.87; AVE = 0. 69; Cronbach’s Alpha=0.78) 

T1. I feel I need to protect my ideas from being. used by others in my organization. 

T2. I feel that people I work with in my organization should not invade my workspace. 

T3. I feel I need to protect my official belongings from being used by others in this organization. 

 

0.86*** 

0.77*** 

0.86*** 

Evasive Hiding (EH) (composite reliability = 0.94; AVE = 0.80; Cronbach’s Alpha=0.92) 

EH1. I agree to help my colleagues but don’t really intend to. 

EH2. I agree to help my colleagues but instead give them information different from what they want. 

EH3. I offer them some other information instead of what they really want. 

EH4. I tell them that I shall help but I stall/delay as much as possible. 

 

0.84*** 

0.92*** 

0.91*** 

0.90*** 

Playing Dumb (PD) (composite reliability = 0.95; AVE = 0.82; Cronbach’s Alpha=0.93) 

PD1. I say that I do not know even though I do. 

PD2. I say that I am not very knowledgeable about the topic. 

PD3. I pretend that I do not know the information. 

PD4. I pretend that I do not know what they are talking about. 

 

0.90*** 

0.90*** 

0.93*** 

0.90*** 

Rationalized Hiding (RH) (composite reliability = 0.92; AVE = 0.75; Cronbach’s Alpha=0.89) 

RH1. I explain that I would like to help them but I am not supposed to. 

RH2. I explain that the information is confidential and only available to people on a particular project. 

RH3. I explain that my boss does not let anyone share this knowledge. 

RH4. I say that I will not answer their questions. 

 

0.82*** 

0.88*** 

0.87*** 

0.89*** 

Workplace innovation (WI) (composite reliability = 0.88; AVE = 0.54; Cronbach’s Alpha=0.83) 

WI1. I am innovative. 

WI2. I generate creative ideas. 

WI3. I promote and champion ideas to others. 

WI4. I investigate and secure funds needed to implement new ideas. 

WI5. I search out new technologies, processes, techniques, and/or product ideas. 

WI6. I develop adequate plans and schedules for the implementation of new ideas. 

 

0.74*** 

0.74*** 

0.77*** 

0.73*** 

0.73*** 

0.70*** 

 ⁎⁎⁎ p < 0.01. 

Note: Diagonal elements are the square roots of the AVE values and off-diagonal elements are correlation 

coefficients between the constructs. 

Table 3. Assessment of Discriminant Validity of Variables 

Constructs 1 2 3 4 5 6 7 8 9 

1. WI 0.73          

2. KH -0.19  0.95         

3. T -0.09  0.35  0.83        

4. PoP -0.09  0.50  0.40  -       

5. ToN -0.08  0.07  -0.01  0.10  -      

6. Gen -0.06  0.01  0.03  -0.15  -0.09  -     

7. Age 0.07  -0.05  -0.03  -0.11  -0.32  0.11  -    

8. Ten 0.01  -0.07  -0.03  -0.17  -0.23  0.13  0.86  -   

9. Edu 0.04  -0.02  -0.05  0.01  -0.24  0.00  0.42  0.28  -  
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4.2 Structural Model 

To test our hypotheses , we conducted Baron and Kenny’s (1986) test and Sobel’s (1982) test. The 

results are reported in Table 4. First, as shown in Table 4, there was a significant effect of T on WI 

without involving KH, supporting H1. Second, there was a significant effect of T on KH, 

supporting H2. Third, there was a significant effect of KH on WI. Finally, in the presence of KH, 

the effect of T on WI was reduced, and it was not significant. Taken together, the results suggest 

that KH acts as a full mediator.  

Next, we conducted the Sobel’s (1982) test to further ascertain the mediating relationship. As 

shown in Table 4, there was a significant mediation effect of KH (p < 0.01). This significant 

mediation effect was also confirmed (p < 0.01 and VAF > 80%) by the variance accounted for 

(VAF) test (Eberl 2010). Our results show the proposed mediation relationships to be significant. 

Therefore, the mediation hypothesis (H3) is supported. 

Table 4. Results of Mediation testing for KH 

Baron and Kenny (1986) test Sobel (1982) test VAF test 

 Step 1 

(DV: WI) 

Step 2 

(DV: KH) 

Step 3 

(DV: WI) 

Step 4 

(DV: WI) 
Mediation effects (t) VAF (z) 

IVs 

T -0.13*** 0.38***  -0.024 
-0.11*** (t = -5.11) 

0.82*** 

(z=-5.09) KH   -0.34*** -0.31*** 

Controls 

POP -0.04 0.49*** 0.00 0.04    

    TON 0.01 0.00 -0.04 0.03    

    Gen -0.07* 0.07* -0.07 -0.06    

    Age 0.22** -0.02 0.18* 0.23**    

    Ten -0.18** 0.04 -0.15 -0.19**    

    Edu 0.00 -0.03 -0.01 -0.01    

Notes: ⁎⁎⁎ p< 0.01 ⁎⁎p < 0.05 ⁎ p < 0.10 

4. Conclusion and implication 
In this study, we investigate the impact of territoriality on workplace innovation with knowledge 

hiding as a mediator. Our hypotheses have been well tested. The results illustrate that territoriality 

relates directly and negatively to employee workplace innovation, as well as knowledge hiding. 

Knowledge hiding mediates the relationship between territoriality and employee workplace 

innovation. Particularly, it’s a full mediator. Overall, we concluded that territoriality could reduce 

workplace innovation via knowledge hiding as a full mediator. 

The theoretical contribution of this study is that it builds a link between territoriality and workplace 

innovation to explore the influence of territoriality on workplace innovation and the way it affects. 

We found that knowledge hiding plays a full mediating role. It also offers implications for 

managers to eliminate the factors that inhibit workplace innovation as far as possible, especially 

to avoid employees hiding knowledge, thus creating a good atmosphere for workplace innovation. 

It is critical for R&D organizations to gain competitive advantages in today’s dynamic 

environment. 
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Abstract 
 
The value of online reviews lies in the diagnosticity of information for consumers’ decision-making. 
Understanding the factors associated with review helpfulness is important. Existed studies show 
contradictory results about the effect of sentiments on review helpfulness. In this study, we employ 
a dimension-level sentiment analysis to derive sentiments across product-specific characteristics 
and general evaluations, and empirically investigate their effect on review helpfulness. Based on 
the data collected from Amazon, we find out that the sentiments of specific characteristics have a 
positive effect on review helpfulness. While the sentiments of general evaluations have a negative 
effect on review helpfulness.  
 
Keywords: Sentiments across dimensions, Review helpfulness, Negativity bias, Positivity bias 
 
 
1. Introduction  
Online product reviews act as an important information source for consumers (Wang et al. 2018). 
The value of online reviews lies in the diagnosticity of information for consumers’ decision-
making. Surrounded by the millions of reviews and overloaded information (Jones et al., 2004), it 
is difficult for consumers to find out valuable reviews for their references. To solve these problems, 
platform managers are actively utilizing the crowd of wisdom, such as the helpfulness voting 
system to filter out high-quality reviews. Existed studies pay much attention to the effect of 
sentiments on review helpfulness, but find out the contradictory results. Several studies support 
that negative reviews are more helpful than positive reviews (Yin et al. 2016; Zhu and Zhang 2010). 
While other scholars argue the opposite results (Pan and Zhang 2011; Deng and Ravichandran 
2018). Besides, some studies focus on the effect of the overall sentiments (Agnihotri and 
Bhattacharya 2016) or discrete emotion (Yin et al. 2014). These studies provide valuable insights 
regarding the ratings, overall sentiments, or discrete emotions on online review helpfulness. 
However, there lacks evidence and discussions regarding the sentiments across dimensions, such 
as product attribute descriptions “The product quality is good” or the general evaluations “I like 
this product”. As consumers’ cognitive understanding of different information can vary, it is 
important for us to examine the effect of dimension-level sentiments on review helpfulness. 
In this paper, we employ a dimension-level sentiment analysis to derive sentiments across product-
specific characteristics and general evaluations, and empirically investigate their effects on review 
helpfulness. We find out that the sentiments of specific characteristics have a positive effect on 
review helpfulness. While the sentiments of general evaluations have a negative effect on review 
helpfulness. We extend and enrich the existing study by breaking consumers’ attitudes towards 
corresponding sentiments of different dimensions. Furthermore, our study helps to reconcile and 
clarify the contradictory results of negativity or positivity bias by theorizing and empirically 
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examining different dimensions of review contents, i.e., negative for the general evaluations but 
positive for the specific characteristics. Our study can also be used for platform managers to 
develop review writing guidelines. 
 
2. Theoretical Background and Hypotheses Development 
2.1 The Effect of Sentiments on Review Helpfulness 
The first stream of research focuses on the value of sentiment intensity using text-mining 
techniques. For example, Agnihotri and Bhattacharya (2016) show that the sentiments of a review 
have an inverted U shape curve with review helpfulness. The second stream of research pays 
explicit attention to discrete emotions. Yin et al. (2014) find that compared with the discrete 
emotion “anger”, “anxiety” has a positive effect on review helpfulness. 
Negativity bias means “bad things will produce larger, more consistent, more multifaceted or more 
lasting effects than good things” (Baumeister et al. 2001). In the context of online reviews, many 
studies consistently find that reviews with negative ratings are more helpful than positive reviews 
(e.g., negativity bias) (Yin et al. 2016; Zhu and Zhang 2010). However, there is also positivity bias, 
namely “the phenomena where people value positive information more than negative information” 
(Chen and Lurie 2013). In the context of online reviews, some scholars argue that reviews with 
positive information are more helpful than negative information (e.g., positivity bias) (Pan and 
Zhang 2011; Deng and Ravichandran 2018). Given the contradictory results, other studies dive 
into the moderation or condition of negativity or positivity bias (Yin et al. 2016).  
 
2.2 Sentiments across Different Dimensions 
Recent papers examine the effect of sentiments across different dimensions. Jiang et al. (2021) 
explain that the sentiments across star, genre, and plot are all positively related to movie sales. Bai 
et al. (2020) investigate that daily deal redemption has a negative influence on consumers’ 
perceived food and service quality, which leads to a decrease in online ratings. Differing from the 
existing literature that focuses on the overall sentiments or specific kinds of emotions, we focus 
on the impacts of sentiments across different dimensions on the review helpfulness. 
 
2.3 Hypotheses Development 
The multi-attribute attitude theory separates consumers’ attitudes of the product into different 
components (Kraft et al. 1973). In the paper, we separate information into specific characteristics’ 
description (such as quality, price, color, flavor) and general evaluation (such as the product is 
good).  
Based on the AISAS (Attention, Interest, Search, Action, Share) model, which is the most typical 
consumer behavior analysis model in the context of the Internet (Sugiyama and Andree 2011), if 
consumers read reviews under the product, they are more likely to be interested in the product and 
have positive initial beliefs. Because of confirmation bias (Darley and Gross 1983), consumers 
tend to prefer to accept and overweigh the information that confirms their initial beliefs (Klayman 
and Ha 1987; Trope and Bassok 1982). Under the circumstances, positive sentiment is more likely 
to be helpful. For more specific reviews, consumers would feel more closely related (Duan et al. 
2019; Trope and Liberman 2003; Trope et al. 2007) and get deeply recognized or agreed. Besides, 
these reviews also offer more diagnosticity (Walker and Hulme 1999). These would strengthen the 
feeling of confirmation (Darley and Gross 1983) and reduce the attribution of positive comments 
to individuality (Chen and Lurie 2013), thus making positive polarized reviews more helpful. 
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Hypothesis 1: The sentiments of specific characteristics have a positive effect on review 
helpfulness. 
For more specific reviews, consumers may have variant tastes across different characteristics. 
While different consumers have almost the same taste and standard for the general evaluation, in 
other words, consumers would like a good product. Hence, the loss aversion effect would be 
stronger for the general evaluation, indicating that potential costs are more heavily weighted than 
potential gains in making decisions (Kahneman and Tversky 1977; Tversky and Kahneman 1991). 
Following this logic: 
Hypothesis 2: The sentiments of general evaluations have a negative effect on review helpfulness. 
 
3. Research Methodology 
3.1 Data 
We collect data from the Amazon open Customer Review Dataset. Amazon is the leading E-
commerce platform worldwide, whose reviews are widely used as a reputable source of 
information (Mudambi and Schuff 2010). According to the Amazon review creation guidelines, 
“the review should focus on specific features of the product and consumers’ experience with it”, 
which provides an ideal environment for us to extract product-specific characteristics and general 
evaluations. We focus on reviews from the United States (US), especially written in English. We 
randomly and non-repetitively choose 10,000 reviews in the beauty category. Amazon runs a Vine 
program in which the platform provides free products to creditable reviewers for testing products 
and writing reviews, and these reviews are called invited reviews. As invited reviews have different 
generation processes, we drop them resulting in 9,923 reviews. For each product review, we have 
the following information: numeric rating, textual content, the number of “helpful” votes cast by 
readers, and whether the review belongs to a verified purchase. 
 
3.2 Variable constructions and Descriptive Analysis 
The dependent variable is helpfulness, calculated by the percentage of helpful votes divided by the 
total votes (Mudambi and Schuff 2010; Yin et al. 2014). Only 4,295 reviews (43.28%) had 
received any votes. We exclude reviews without total votes from the analysis. 
The independent variable is specific sentiment and general sentiment, which involves two major 
steps: dimension extraction and dimension-level sentiment analysis. In the dimension extraction 
step, we first split the text of each review into sentences (Bai et al. 2020) and extract the two 
predefined dimensions. We hire two research assistants to independently label whether the content 
contains specific characteristics and whether it contains general evaluation. These research 
assistants are firstly offered the instruction and examples, such as “It smells like old lady perfume” 
would belong to the description of product-specific characteristics, while “I like it very much” is 
the general evaluation. The kappa score of these two dimensions is 94.80% and 95.54% 
respectively. Research assistant three is asked to label the inconsistent content. Using the 500 
sentences with manually labeled dimensions as ground truth. We adopt a semi-supervised learning 
method based on the Bidirectional Encoder Representations from Transformers (BERT) model 
(Devin et al. 2018). We use 400 sentences to train the model for specific characteristics and general 
evaluations separately. The remaining 100 sentences are used as the testing set. The F1-score of 
prediction for the two dimensions is 0.776 and 0.810, respectively. We then apply each well-
trained model to tag whether the two dimensions are mentioned for each sentence in the review. It 
is possible that one sentence contains both two dimensions. In the dimension-level sentiment 
identification step, for sentences tagged with one or both of the dimensions, we then identify its 

270



sentiment orientation (1 for positive sentiment, 0 for neutral, or -1 for negative sentiment). We 
also hire three research assistants to manually label, the kappa score of the two dimensions for the 
two research assistants is 96.70% and 98.29% respectively. Relying on the sentiments with 
manually labeled sentiments, we fine-tuned the BERT model for the two dimensions separately. 
Just as the first step, we use 100 sentences as the testing dataset, and the F1-score of prediction for 
the two dimension-sentiments is 0.628 and 0.891, respectively. We then apply each well-trained 
model to tag the dataset. After having the tagged dimensions and dimension-specific sentiments 
for each sentence, we aggregate the sentence into review level. For any sentence in a review that 
has the dimension, the review would have the dimension. The sentiment orientation for the 
dimension is calculated by averaging the sentiments of review sentences mentioning the dimension. 
The review-level sentiment score for the dimension is 1 (positive) if the average sentiment value 
is greater than 0, 0 (neutral) if the average sentiment value is 0, and -1 (negative) otherwise. 
Based on the existing literature, we include some relevant control variables. Review readability is 
measured by Flesch-Kincaid (FK) reading ease index (Flesch 1951). Review length is calculated 
by the word counts. We also control the total sentiment in textual contents, which ranges from -1 
(extremely negative) to 1 (extremely positive). We employ the text mining method based on the 
TextBlob module in Python to calculate the review subjectivity, ranging from 0 (extremely 
objective) to 1 (extremely subjective). Due to the percentage of the dependent variable, we control 
the total votes. Table 1 shows the descriptive statistics of variables. 84.9% of reviews contain 
specific dimensions and 88.6% of reviews contain general evaluations. The average sentiment 
score for specific and general dimensions is 0.294 and 0.671, respectively. We test the variable 
multicollinearity and all the variance inflation factors (VIFs) are lower than 10. 

Table 1. Descriptive Statistics 
Variables Number Mean Std. Dev Min Max 
Helpfulness 4,295 0.706 0.379 0 1 
Specific  4,295 0.849 0.358 0 1 
General  4,295 0.886 0.318 0 1 
Specific sentiment 4,295 0.294 0.810 -1 1 
General sentiment 4,295 0.671 0.598 -1 1 
Review readability 4,295 15.220 13.869 -9.317 66.500 
Review length 4,295 83.339 125.345 1 2,534 
Review rating 4,295 3.949 1.460 1 5 
Total sentiment 4,295 0.238 0.255 -0.467 1 
Subjectivity 4,295 0.535 0.197 0 1 
Total votes 4,295 3.636 5.130 0 47 
Verified 4,295 0.800 0.400 0 1 

 
3.3 Analysis Model 
The dependent variable is bounded from zero to one. Besides, there is no way for consumers to 
choose other options except “helpful” or “not helpful”, indicating that the variable is limited in 
range (Greene 2003). Considering the limited nature of our dependent variable and censored 
sample, we employ the Tobit model for analysis (Mudambi and Schuff 2010; Yin et al. 2014). 
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4. Empirical Results 
Table 2 contains the results of our empirical analyses. To explore hypothesis 1, we examine the 
coefficient of specific sentiment variable in Model 1. The coefficient is statistically significant (β 
= 0.057, p = 0.037), indicating that positive sentiments of specific characteristics are perceived as 
more helpful. Thus, Hypothesis 1 gets supported. As for the general sentiment, the coefficient is 
negatively significant (β = -0.068, p = 0.040), which means that compared with positive sentiments 
across general evaluations, the negative sentiments are more helpful. It confirms the hypothesis 
that loss-aversion is prominent for general evaluations and Hypothesis 2 is supported. 

Table 2. Tobit Analysis Results 
DV: Helpfulness Model 1 Model 2 
Specific sentiment 0.057**  
 (0.027)  
General sentiment  -0.068** 
  (0.033) 
Review readability 0.002 0.002 
 (0.002) (0.002) 
Review length 6.92e-05 1.285e-04 
 (3.69e-04) (3.685e-04) 
Review rating 0.102*** 0.116*** 
 (0.016) (0.014) 
Total sentiment -0.186** -0.165 
 (0.095) (0.095) 
Subjectivity 0.371*** 0.370*** 
 (0.113) (0.113) 
Total votes -0.005 -0.005 
 (0.004) (0.004) 
Verified 0.021 0.019 
 (0.048) (0.048) 
Constant 0.438 

(0.094) 
0.442 
(0.095) 

Number of observations 3,464 3,563 
Log-likelihood -3448.09 -3448.15 
Likelihood ratio 94.47 94.34 
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(P=0.000) (P=0.000) 
Pseudo R2 0.014 0.014 

Note: * p < 0.1; ** p < 0.05; and *** p < 0.01. 
 

5. Conclusion 
This paper examines the sentiments across different dimensions on the review helpfulness. We 
find that the sentiments of specific characteristics have a positive effect on review helpfulness. 
While the sentiments of general evaluations have a negative effect on review helpfulness. Our 
study enriches the extant research on the effect of sentiments across dimensions on review 
helpfulness. Then our findings add to the literature of negativity bias and positivity bias. We 
conclude the paper by pointing out some limitations. Worthy opportunities for future research are 
linked to these challenges. First, we only focus on the beauty category, we would broadly extend 
our product categories in the future. Second, we only analyze from the specific characteristics and 
general evaluation perspectives. We would employ Topic Generation Models to go deeper and 
further exploit different attributes of specific characteristics, such as quality, price, and so on. 
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Abstract 
 

Online reviews serve as a key data source in the service industry as they can be accessed in 
real-time and is a reflection of customers’ changing focus on service aspects. The current study 
analyzes reviews of major U.S. airlines on Skytrax and Twitter during 2014 – 2019, and 
examines if the online review-derived weighted service quality (WSQ) score can be a good 
indicator of airline service quality. We find that the topics distributions and the WSQ scores 
significantly vary between the non-social media and social media platforms, and WQS score 
from social media is a better predictor of the objective measure - airline quality rating (AQR). 
  
Keywords: Social Media, Service Quality, Topic Model, Sentiment Analysis, Panel Regression 
 
 
1. Introduction 
Service quality is essential for retaining customer patronage (Chen & Hu, 2013; Ostrowski et al., 
1993) and market share (Aksoy et al., 2003). This is especially true for airlines as multiple 
services encounter stages that can affect passengers’ satisfaction towards partial or overall 
aspects of service (Brochado et al., 2019).  

To measure service quality, two dominant approaches are perceptual surveys and reported 
operational metrics. Despite the utility of being able to build on standardized research designs 
(Lim & Lee, 2020), using surveys have typical drawbacks considering the time consumed to 
collect complete datasets (Kothari, 2004), the restricted research expandability (Lee & Bradlow, 
2011), and sample size limits (Kotrlik & Higgins, 2001). Also, researchers have suggested the 
use of operational metrics as it is the perception rather than operational performance that drives 
customers’ attitudes (Tiernan et al., 2008). It is possible that the perception is worse than the 
operational metrics suggest, and airlines need to address more than specific areas of objective 
service failure. Nowadays, as review websites and social media have become potent channels for 
consumers to post service-related issues and/or rate their satisfaction, online reviews started to be 
a vital source of collecting and monitoring customer feedback (Siering et al., 2018). Compared to 
surveys and operational metrics, online reviews are publicly accessible, can be collected in 
real-time, and can reflect customers’ changing focus on service. 

The overarching goal of this study is to examine if online reviews derived metrics can serve as 
the measure of airline service quality. To achieve this goal, we propose the following research 
questions: (a) identify the service aspects and aspect-specific sentiment from online airline 
reviews over the past years; (b) test if there are any differences of online reviews derived metrics 
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between social media and non-social media platforms; and (c) examine relationships between 
weighted service quality (WSQ) scores and the industry standard airline quality rating (AQR). 

The remainder of this paper is organized as follows. The following section provides a theoretical 
background in hypotheses formation. Section 3 details the methods we use in data acquisition, 
data preprocessing, sentiment analysis, topic modeling, and hypotheses testing. We discuss our 
experimental results in evaluating the utility of online reviews on service quality in Section 4. 
 
2. Hypotheses Development 
The theoretical base framing this research comes from the Importance-Performance Analysis 
(IPA) (Sever, 2015; Martilla & James, 1977). The IPA framework considers importance as a 
weight of a service aspect’s performance to identify areas that need attention. We extend this 
idea in constructing the online review metrics for airline service quality. 
In terms of the importance dimension, it would be of interest to know if customers put different 
emphases on service aspects when the types of platforms they use are different. Social media 
websites, such as Twitter, with a simplistic design of 140 characters limit of a post, has been one 
of the world’s most popular social media channels that appeals to both airlines and customers in 
sharing information and interacting in real-time to address issues before, during, and after service. 
On the other hand, non-social media websites such as Skytrax, a leading airline review site, 
customers typically write long reviews post service and the text entry can reach a maximum of 
3500 characters. Skytrax also asks for ratings in aspects of ground service, seat comfort and 
cabin staff service, etc. Thus, we propose the following hypothesis. H1: The distributions of 
service topics are different between social media and non-social media online platforms. 

Further consideration of the performance dimension brings us to question that whether 
customers’ perceptions of airline quality are different between the two platforms. Since it is the 
service quality or the overall impact that matters, we combine importance and performance of 
service aspects using the Weighted Service Quality (WSQ) score (Table 1 describes the WSQ 
construction). We compare this aggregated metrics of Skytrax and Twitter, and conservatively 
assume WSQs are the same between the two platforms. H2: The WSQ scores of an airline are 
different between the two types of online platforms. 

Table 1: Service Quality Metrics 

To validate the online review-derived metrics in measuring airline service quality, we examine 
the relationship between WSQs and the operational metrics, airline quality rating (AQR). If 
WSQ scores can be significant in predicting AQR, it will add evidence for using online reviews 

Metrics Descriptions Symbols 

Service aspect Topic cluster  
Importance of 
a service aspect  

Percentage of sentences in 
topic i among all k topics  

Performance of 
a service aspect  

mean sentiment of the topic 
 

Weighted 
service quality 
(WSQ) score 

summation of importance * 
performance for all topics 

 

276



and this constructed measure WSQ to analyze airline's service quality. We propose the third 
hypothesis. H3: The weighted service quality (WSQ) score from social media platforms is a 
better indicator of AQR than non-social media platforms. 

 
3. Methods 
We utilize a data-drive approach that consists of four main phases, as shown in Figure 1. In 
phase I, reviews during January 1, 2014 – June 30, 2019 are collected from both Skytrax and 
Twitter for 10 U.S. airlines. The exact review start date for each company varied based on when 
the first comment occurred. Tweets that @ the official airline accounts of interests (@AlaskaAir, 
@Allegiant, @AmericanAir, @Delta, @FlyFrontier, @HawaiianAir, @JetBlue, @SouthwestAir, 
@SpiritAirlines, @united) are crawled using a Python module (“GitHub - taspinar/twitterscraper: 
Scrape Twitter for Tweets”). The Airline Quality Rating (AQR) data is extracted from annual 
airline reports at airlinequalityrating.com as the industry standard operational metrics. 

 
Figure 1. Flowchart of Data Analysis 

Data preprocessing is conducted in phase II to clean the noise among online reviews. Only tweets 
originated from customers are included for further analysis and initial official accounts’ postings 
that not directly relate with service are screened out. Stratified random down sampling by airline, 
year, and month is conducted to enable efficient exploration of tweets. Regardless of which 
platform, each review is split into sentences, and a sentiment score is then calculated for each 
setence. Subjective words within each sentence are also identified and removed. We propose this 
removal of subjective words to avoid topics featuring by polarities rather than entities (e.g., 
negative sentences form a cluster themselves). Its effectiveness is verified by deriving and 
comparing topics with both non-removal and removal of subjective words. The above sentence 
split, sentiment analysis, and subjective words detection are achieved using Textblob package in 
Python. Word lemmatization by tag is conducted utilizing Wordnet Lemmatizer. Finally, stop 
words and symbols are removed to obtain the clean preprocessed text. In reflecting these changes, 
both original and preprocessed review sentences are preserved in the resulting dataset. 
 
We use the non-negative matrix factorization (NMF) to discover service aspects based on 
features from term frequency inverse document frequency (TF-IDF). Before this topic modeling, 
the optimal number of clusters is determined by topic coherence, which is calculated via our 
trained word2vec model (Mikolov et al., 2013). Two authors, with a background in business, 
reviewed the featured words and sentences of each topic cluster. The subjective labeling is given 
if reaching consensus; else, the third author will comment until a consistent labelling is reached. 
 
To test if the online review topics distributions significantly vary between the two platforms, 
Chi-square test is used based on the crosstab of the count of sentences. The paired T-test checks 

I. Data Acquisition

• Skytrax
• Twitter
• AQR

II. Data Preprocessing

• Data filtering and sampling
• Sentence tokenization
• Sentiment analysis
• Subjectivity analysis
• Word tokenization and 

lemmatization
• Stop words removal
• Data integration

III. Topic Modeling

• word2vec modeling
• Non-negative matrix 

factorization
• Visualization

IV. Hypotheses Testing

• Topic distribution 
comparisons

• Comparison of the 
online review derived 
metrics between 
platforms

• Validity of the online 
review derived metrics
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for whether the non-social media and social media platforms significantly differs in WSQ scores. 
Finally, we fit panel regression models to identify whether the online reviews derived quality 
metric, WSQ, can be a significant indicator for the operational metrics, AQR. 
 
4. Results 
As described in Table 2, the preprocessed review sentences of each airline from both platforms 
enter the analyses of topic modeling and hypotheses testing.  

Table 2: Count of Preprocessed Sentences from Online Reviews 
Airline Skytrax (all) Twitter (r.d. sampled) 

AlaskaAir 3,870 4,744 
Allegiant 10,192 9,121 

AmericanAir 29,787 26,983 
Delta 13,867 27,489 

FlyFrontier 14,367 24,771 
HawaiianAir 1,892 791 

JetBlue 4,426 9,037 
SouthwestAir 6,641 18,831 
SpiritAirlines 26,889 26,646 

united 27,436 25,330 
 
4.1 Topics distribution 

The NMF model with five topics is selected as the optimal number of clusters as its mean topic 
coherence reaches the highest (0.3413) compared with other trials as shown in Figure 2. The top 
featured words in Table 3 and reviews from each of the five topics provide clues for assigning 
the corresponding topic labels. From Figure 3, the topic 1 - customer service, has been a hot 
topic among online reviews over the years. This is consistent with the report that 43% of airlines 
made social media customer service a top priority in 2018. The second dominant topic is 
boarding and baggage (topic 3). The rest of the reviews would revolve around flight booking and 
connection (topic 0), general flight experience (topic 3), and flights’ on-time performance (topic 
4). We also find that the topic distribution stayed relatively constant over the five-and-half years. 

 
Figure 2. The Optimal Number of Clusters       Figure 3. Topic Distributions of all Reviews 
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Both types of platforms have a higher percentage of reviews relating to customer service and 
boarding or baggage issues (as shown in Table 3). Twitter has dominant reviews about customer 
service while Skytrax reviews mention mostly about boarding and baggage. The Chi-square 
statistic reaches 10525.04 with a degree of freedom at 4 (p-value < 0.01), which indicates that 
the topic distributions on the two platforms are significantly different as the descriptive results 
indicate. This result supports H1. 

Table 3: Topic Distributions by Platforms (Unit: # of Sentences) 
Cluster Featured words Topic Skytrax # Twitter # 

0 flight, cancel, book, attendant, day, 
crew, miss, make, connect, pm 

Booking & 
connection 

20,780 20,401 

1 service, customer, experience, call, 
care, help, phone, staff, lack, line 

Customer 
service 

40,805 81,707 

2 fly, time, experience, year, travel, 
every, use, arrive, today, make 

General 
experience  

18,088 14,483 

3 get, seat, plane, go, bag, pay, 
check, tell, help, gate 

Boarding & 
baggage 

43,947 40,931 

4 delay, hour, wait, plane, airport, 
sit, minute, two, another, gate 

On-time 
performance 

15,747 16,221 

 
4.2 WSQ by two platforms 

There are 660 observations (66 months * 10 companies) with the derived WSQs. The WSQ score 
ranges from -1 to 1, as the percentage of a topic and the sentiment score are from 0 to 1, and -1 to 
1, respectively. The higher the WSQ score, the better the service quality it indicates. The paired 
T-test result (t statistics as -3.49 and p-value < 0.01) shows a significant difference of WSQ 
scores between Skytrax and Twitter, in which the non-social media platform has an average of 
0.015 lower WSQ score than the social media platform. This result support H2.  
 
4.3 WSQ vs AQR 

WSQ scores derived from Skytrax and Twitter are used as the explanatory variable in predicting 
AQR, respectively. The Lagrange Multiplier (LM) tests indicate that for both sets of models, 
fixed effects and random effects models are more appropriate than pooled ordinary least squares 
(OLS). And the Hausman tests suggest fixed effects models are better off random effects models. 
Results from fixed effects models indicate that WSQ scores from both platforms has positive 
effects on AQR. And WSQ score in Twitter can be a better indicator of AQR than WSQ score 
derived from Skytrax based on its significance. This result supports H3. The R-Squares show 
the between estimator can explain 73.6% or 61.6% of the between variation, and the fixed effects 
estimators can explain 0.6% and 0.9% of winthin variation.  

Table 4: Estimation results for Panel Regression Models  
(***, **, * indicates p-value < 0.001, <0.01, <0.05, respectively) 

Model WSQ_Skytrax Intercept R2  WSQ_Twitter Intercept R2 
Pooled OLS 2.845*** -1.139*** 0.081 3.890*** -1.271*** 0.132 
Between 12.779** -1.725*** 0.736 8.717* -1.643*** 0.616 
Fixed Effects 0.643  0.006 1.002*  0.009 
Random Effects 0.813* -1.019*** 0.009 1.119** -1.063*** 0.013 
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5. Discussion 
The paper makes several important contributions to the literature of employing online reviews to 
assess service quality. First, instead of using an overall sentiment score as a measure of service 
quality, we argue that the importance of topics matters and therefore proposed the weighted 
sentiment under the framework of importance-performance analysis. Second, we find that the 
reviews on social media platforms differ from the reviews on non-social media platforms, which 
could relate with the variation of functionalities and textual features in platforms. Researchers 
should be cautious about the review channels when using reviews as a quality measure.  
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Abstract 
 
Communication cold-start problems are pervasive in privacy-sensitive settings. To address those 
problems, our research examined ephemeral sharing as a privacy-preserving mechanism to 
navigate the balance between users’ privacy concerns and information sharing in the initial 
interaction stages in online dating. In partnership with Summer, a leading online dating platform, 
we report a large-scale randomized field experiment with over 70k users to understand how 
ephemeral sharing influences users’ information sharing behavior and subsequent match 
outcomes. We find that the subject in the ephemeral group achieves a significantly larger 
number of personal photos along with their matching request, a more significant number of 
initial matches, and higher conversational engagement from receivers. Further, our sequential 
mediation tests further show that the increased sharing of personal photos is the primary 
mechanism. Our study contributes to the literature on the design of matching platforms and 
provides actionable implications for the privacy-preserving design of matching platforms.  
 
Keywords: Ephemeral sharing, online dating, privacy-preserving design, information disclosure, 
randomized field experiment 
 
1. Introduction 
Online dating platforms, such as Bumble, Tinder, and Coffee Meets Bagel, have become 
important avenues for individuals to meet and date in recent years. It was reported that almost 
40% of young couples met their partners online, and the global users of online dating platforms 
are estimated to exceed 441.8 million by 2024 (Rosenfeld et al. 2019; Statista 2020). Given the 
outsized role of online dating platforms in the dating market, how to optimally design these 
platforms is of crucial interest (Constantinides et al. 2018). Notably, a primary goal of online 
dating platforms is to help users find their ideal dates by connecting users with potential dates 
and facilitating the subsequent communication between them.  
However, a key challenge the online dating platform is plagued with is the communication 
cold-start problems, wherein users’ privacy concerns lead to the withholding of personal 
information in the initial interactions, which hinders trust-building and consequently effective 
communication. Users of online dating platforms are rather secretive and highly concerned about 
their privacy (Lutz & Ranzini 2017; Shi & Viswanathan 2020). As they engage in online social 
interaction with strangers, users of online dating platforms fear their identity and other sensitive 
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personal information can be abused by users with ill-intentions (scams and catfishing) (Cobb & 
Kohno 2017). Therefore, driven by privacy concerns, users of online dating platforms, 
particularly in the initiation phase, often refrain from voluntary sharing of personal information. 
For example, many users do not voluntarily provide their personal profile pictures to avoid 
revealing their real identity (Hall et al. 2010).  
However, a lack of self-disclosure is debilitating for an online dating platform wherein reducing 
information asymmetry between two partners is crucial for a successful match. The users who 
provide limited information about themselves are likely dismissed by their prospective dating 
partners who also try to avoid connecting and disclosing their personal information to strangers. 
Moreover, a lack of personal disclosure can lead to information asymmetry, such that it is hard to 
be sure that the user is authentic and trustworthy (John et al. 2016). To address such concerns, 
digital platforms typically implement reputation systems or dispute systems (Burtch et al. 2021). 
However, it is rare for online dating platforms to allow users to rate or dispute the dating 
experiences, thus constraining the possibilities of addressing information asymmetry issues.  
To address the communication cold-start problems, we propose a privacy-preserving ephemeral 
sharing mechanism for use by dating match senders during their matching requests in online 
dating platforms. Ephemeral sharing refers to the digital design that content (usually photos or 
video) shared by a sender will be purged shortly after it reaches the intended receiver (Xu et al. 
2016). Ephemeral sharing has been previously adopted by social communication platforms such 
as Snapchat and Telegram to increase the freedom of self-expression (Vaterlaus et al. 2016). The 
literature has shown that ephemeral sharing can affect what they share on social communication 
platforms (Piwek & Joinson 2016) and how much users communicate with their social ties 
(Bayer et al. 2020). Unlike social communication platforms, online dating platforms use 
ephemeral sharing in the match formation phase wherein the two ends are still strangers rather 
than between established ties. To our knowledge, the effect of ephemeral sharing on match 
formation has not been examined. It is not immediately clear what the effect of ephemeral 
sharing on match outcomes would be. On the one hand, by encouraging self-disclosure, 
ephemeral sharing may lead to more revelation (e.g., personal photo) about the sender, alleviate 
information asymmetry, and facilitate matching. On the other hand, ephemeral sharing can 
potentially cause receivers to pay less attention to the request sender due to the limited time the 
photo is available. Further, it may even lead to the revelation of unfavorable information, 
possibly leaving a negative impression on the receivers (Hofstetter et al. 2017). Beyond the 
effect of ephemeral sharing on the match outcomes, we are also interested in whether it addresses 
the communication cold-start issue, as a majority of the matches do not lead to further 
engagements (Bapna et al. 2016). Bearing the above discussion in mind, our study investigates 
the following research questions. 

• How does ephemeral sharing affect information sharing behavior and initial matches 
(i.e., approved matching requests) in online dating platforms?  

• How does ephemeral sharing alleviate communication cold-start problems in online 
dating platforms? 

We conduct a large-scale randomized field experiment in partnership with Summer, a leading 
online dating platform in China. Our experiment employs a between-subjects, user-level design 
with two groups: a control group where sender-shared photos are persistent and a treatment 
group where such photos are ephemeral. The subjects are informed by the user interface (UI) of 
the request page in the treatment group that the photo they share during a matching request will 
be ephemeral (“the photo will only be viewable for five seconds and then no longer available”). 
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In contrast, subjects in the control group can only upload a regular (i.e., persistent) photo. 
Subjects in both groups decide whether to include a photo in each of their matching requests. 
Our field experiment generates a series of findings. First, subjects in the treatment group send 
more matching requests with personal photos, achieve significantly more initial matches and, 
more importantly, higher conversational engagement from the receivers. Second, our causal 
mechanism tests suggest that the observed effect on the match outcomes is fully explained by the 
increases in requests with photos, i.e., the information sharing, and that the increased sharing of 
personal photos increases the dating request receivers’ conversational engagements.  
Our study contributes to the literature on the design of digital platforms and the emerging 
literature on ephemeral design. First, our paper is the first to introduce a novel 
privacy-preserving design, ephemeral sharing, to encourage the disclosure of personal 
information to facilitate better match outcomes on online dating platforms. The ephemeral 
sharing design, building on the line of research on privacy-preserving designs, addresses the 
privacy-authenticity dilemma as we uncover whether and how this mechanism drives desirable 
behavioral change. Second, our paper contributes to the literature on ephemeral sharing (Piwek 
& Joinson 2016; Pu et al. 2020). It is among the first to deliberate on the causal impact of 
ephemeral sharing in the context of online dating, with a large-scale randomized field experiment 
that avoids potential reporting biases and identification concerns. Results from this study 
demonstrate that ephemeral sharing can facilitate the formation of initial connections in a 
privacy-sensitive setting, such that they are willing to disclose more personal information when 
they take the initiative to match in the online dating platforms. The sender’s sharing of personal 
photos leads to follow-up conversational engagement from the receivers, thus effectively 
addressing the communication cold-start problems in privacy-sensitive settings.  
 
2. Research Design 
Our randomized field experiment employs a user-level, between-subjects design. The experiment 
was implemented between February 28 and March 16 in 2020, ending up to 18 days. Each user 
on the partner platform was randomly assigned to either the treatment group or the control group 
when the user updated the mobile application to Version 3.8.2; the user stayed in the same group 
throughout the experiment (i.e., they either always upload persistent photos or always upload 
ephemeral photos). To avoid potential contamination, we made sure that no other experiments 
were running on the partner platform during the experimentation. 
Our experimental stimuli involve the user interface (UI) variations in the matching request page. 
Figure 1 and Figure 2 blueprint the manipulation information when a subject lands on a request 
page and uploads a photo in the matching request, respectively. First, as shown in Figure 1, the 
UI for the control group invites the subjects to voluntarily upload a persona photo by stating 
‘Upload a personal photo’; instead, the UI for the treatment group includes an option to ‘Upload 
a personal photo (ephemeral).’ Second, if the user taps the button to add a photo, a floating 
photo-uploading window pops up with more nuanced differences, as illustrated in Figure 2. First, 
the treatment UI entitles ‘Upload an ephemeral photo’ (as opposed to ‘Upload a photo’ in the 
control UI). Second, the treatment UI for uploading photos is a variant of the control image, with 
“burning fire” adjacent to the “photo” in the image. The treatment description has an additional 
sentence explaining how the ephemeral photo functions. Our extensive interviews and pilot tests 
with users of the partner platform suggest that the meaning of ‘ephemeral photo’ is delivered 
appropriately. 

Figure 1. Screenshot of the Request Page 
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Notes: Figure 1 presents the screenshots of the request page with manipulation information (translated) 
highlighted in red. The left image is the treatment UI, and the right image is the control UI. 

Figure 2. Screenshot of the Popup on the Request Page 

 
Notes: Figure 2 presents the screenshots popup window after a user taps to upload a photo, with 
manipulation information (translated) highlighted in red. The treatment UI situates at the left while the 
control UI on the right.  
 
3. Results  
 
3.1 Randomization Checks 
Before conducting further analyses, we perform randomization checks across the two groups on 
observed covariates. More specifically, we conduct pairwise t-tests on subjects’ gender, age, 
education, popularity, tenure, the date that the subjects enter the experiment and 
Kolmogorov-Smirnov tests on categorical variables including users’ location (province-level), 
school, and major. We observe no significant differences across the groups on any covariate, 
such that our experiment was implemented appropriately. 
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3.2 Main Analyses 
To examine whether the ephemeral treatment can result in expected effects, we conduct main 
analyses at the user level. The variables of interest are: i) the number of requests with a photo 
attached (# Photos), a variable that describes user information sharing behavior, ii) the number of 
initial matches (# Initial Matches), a variable denoting the match outcome, iii) The total number 
of messages that a sender receives from the new connections during the experiment, a variable 
observing further conversations from the receivers (# Total Receiver Messages). Since its 
distribution is highly skewed, we run the regressions with the logarithm as the dependent 
variable, i.e., ln (# Total Receiver Messages). We also include user popularity and demographics 
as control variables (gender, age, education, and tenure).  
Table 1 reports the results of OLS regressions for the three variables of interest. First, Model 1 
demonstrates that the coefficients of Ephemeral on # Photos are significant, positive (βEphemeral = 
0.111, p < 0.01). The magnitude of the effect is approximately 52.1%. That is, considering that 
the average number of photos shared in the control group is 0.215, an increase of 0.111 takes up 
a share of 52.1% in information sharing, which is a significant improvement.  
Second, Model 2 indicates that subjects in the treatment group (versus subjects in the control 
group) significantly achieve more initial matches (βEphemeral = 0.079, p < 0.01). The size of the 
effect is 0.079, approximately a 3% increase in the average initial matches. Accordingly, we 
conclude that the ephemeral treatment significantly improves the match outcome.  
Model 3 suggests that the subjects in the treatment group (versus subjects in the control group) 
do significantly receive more messages from the matches they initiate to establish during the 
experiment (βEphemeral = 0.042, p<0.01). The magnitude of the effect ranges is 0.042. That is, if a 
subject in the ephemeral group sends a matching request and the request is approved, the receiver 
becomes more active in their conversation. Accordingly, we conclude that ephemeral sharing can 
address the communication cold-start problems. 

Table 1. OLS Regression Results on Information Sharing and Match Outcomes 
 Model 1 Model 2 Model 3 
Variable # Photos # Initial Matches ln (# Total Receiver Messages) 
Ephemeral 0.111***(0.015) 0.079**(0.040) 0.042***(0.017) 
Gender 0.233***(0.014) 1.042***(0.045) 0.150***(0.019) 
Age 0.023***(0.005) 0.002(0.009) 0.002(0.004) 
Education -0.046***(0.019) -0.091**(0.038) 0.001(0.016) 
Tenure -0.000***(0.000) -0.001***(0.000) -0.001***(0.000) 
Popular 0.120***(0.018) 2.579***(0.043) 1.338***(0.018) 
Constant -0.321***(0.113) 3.207***(0.222) 2.318***(0.093) 
Observations 70,275 70,275 70,275 
Enter Day FE Yes Yes Yes 
F test 17.67*** 455.2*** 486.8*** 
Number of Users 70,275 70,275 70,275 

 
3.3 Mechanism 
We also attempt to uncover the mechanism responsible for the significant, positive causal effect 
of our ephemeral treatment. We leverage the PROCESS Model 6 with 5,000 bootstrap samples 
to perform user-level mediation analyses (Hayes 2017). Figure 3 presents the results of our 
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mediation analysis. First, the analysis unravels that ephemeral treatment imposes a significant 
influence on the number of initial matches through user’s sharing more photos. Specifically, the 
direct effect of ephemeral treatment on the number of initial matches is not significant 
(Ephemeral → # Initial Matches), with zero included in the 95% confidence interval (CI) (95% 
CI∈ [-0.049, 0.113]). Second and more importantly, the 95% CI of the indirect effect, Ephemeral 
→ # Photos → # Initial Matches, is significant (95% CI ∈ [0.041, 0.078]). 
Besides, the effect of Ephemeral on # Total Receiver Messages is significantly mediated by # 
Photo through two paths. The first path (Ephemeral → # Photos → # Initial matches → ln # 
Total Receiver Messages) has a 95% CI that does not include zero (95% CI ∈ [0.011, 0.021]), 
which suggests that the ephemeral treatment sequentially increase the number of matching 
requests with photos, initial matches, and total receiver messages. More importantly, the 95% CI 
of the second path (Ephemeral → # Photos → ln # Total Receiver Messages) does not include 
zero (95% CI ∈ [0.0001, 0.004]), suggesting that more personal photo sharing can directly make 
the receivers more engaged in conversation after successfully matched.  
To sum it up, our mediation analysis suggests the information-sharing behavior fully mediates 
the effect of the ephemeral treatment on the number of initial matches and the number of receiver 
messages. In other words, the mechanism of sharing more personal information completely 
explains the process by which the ephemeral treatment affects the match outcomes. 

Figure 3. Sequential Mediation Analysis 

 
 
4. Discussions  
Our research addresses a common issue in privacy-sensitive settings, the communication 
cold-start problems, as users in online dating platforms typically refrain from sharing their 
personal information during the initial interaction phase, making it difficult for the two users 
who are still strangers to build up trust. The ephemeral sharing feature we design prompts the 
sharing of personal photos along with their matching requests, the effect of which provokes more 
initial matches and further increases the conversational engagement from the receivers, 
effectively addressing the communication cold-start problems in online dating platforms. As 
digital platforms grow, user privacy and data protection are increasingly important (Aridor et al. 
2020). Since users demand privacy and seek to engage anonymously when possible, they 
become more and more cautious about their disclosure of personal information, which leads to 
distrust (John et al. 2016). It is our hope that our design is one of the many upcoming efforts in 
designing and implementing large-scale digital experiments to test effective privacy-preserving 
mechanisms.  
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1. Introduction 
Digital economy has grown significantly over the past decade in large part due to the availability 

of vast amounts of consumer data that has be used to develop more precise targeting and 

personalization techniques and to design more relevant products. Such data can be either 

provided directly by the users or collected automatically using cookies and other technologies. 

Business owners need this information to recommend their products, advertise their services, 

communicate with prospective customers, etc. On the other hand, consumers are concerned 

about what happens to their personal information – how it is used, who has access to it, and what 

safeguards protect their privacy. Globally, as technology services continue to expand, there has 

been a push toward more robust rules to protect consumer data and privacy. European Union’s 

General Data Protection Regulation (GDPR) gives citizens more control over their data. The 

U.S. has yet to enact a national data protection law, but some pioneer regional privacy 

legislations have been entering into force recently. Specifically, California Consumer Privacy 

Act (CCPA) dramatically changes the way Californians can handle their data, as it empowers 

them with new rights to request businesses to disclose or delete the data they have already 

collected, or to opt out completely of third-party data sales. Virginia and Washington are also 

proposing consumer privacy legislation with similar rights. Beyond the developed economies, 

many large nations like China and Brazil have passed or updated their national data protection 

laws (General Assembly of Virginia, 2021; Washington State Legislature, 2021; China’s 

National People’s Congress, 2020; Brazil, 2018).  Such data regulations grant consumers the 

right to delete their personal data collected by companies. Specifically, GDPR allows consumers 

to have the right to obtain from the company the erasure of personal data (“Right to Erasure”). 

Similarly, CCPA also provides three possible approaches for companies to practice “Requests to 

Delete”, including erasing the personal information on its existing systems, deidentifying the 

personal information, and aggregating the consumer information.  
 

Recommender systems are essential in many application settings, such as online retailing, video 

on demand, and music streaming, in that they help users navigate through the often 

overwhelming task of locating items of interest and relevance. Such systems also heavily rely on 

personal data like browsing or shopping histories, to infer users’ preferences, influence users’ 

purchase decisions, and gain profits. We seek to understand the impact of data regulations on 

personalization strategies and recommender systems, and how companies should cope with the 

regulatory changes. More formally, we aim to answer the following research questions: How do 

different personal data protection practices in CCPA affect the performance of recommender 

systems? How do different recommendation algorithms react when the personal data is erased? 

How does the service quality change for consumers who exercised the right to erase their data vs. 

for those who did not?  
 

The ideal strategy for answering the above research questions would be to do field experiments 

with different data practices implemented on a random population group. However, 
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implementing such field experiments raises several significant challenges. First, CCPA does not 

prescribe a specific practice for companies when users exercise “Requests to Delete”. As a result, 

companies will adopt different practices due to the nature of their business. Thus, it would be 

hard to observe the impact of different personal data protection practices in one real-world 

platform via field experiments. Second, companies adopt different recommendation algorithms. 

Evaluating the interaction between personal data protection practices and multiple 

recommendation algorithms in one real-world platform is challenging. Finally, the cost of a field 

experiment could be very high. In particular, Sun et al. (2020) empirically measure the potential 

impact of data regulation policy on a specific recommender system in an e-commerce platform. 

In the experiment, they simulate one regulation by banning the use of personal data in the 

homepage recommendation for a short period and observe a very sharp decrease in revenue. The 

cost would likely be even more substantial if the experiment had to test multiple personal data 

protection practices and their impact on multiple recommendation algorithms. Therefore, 

inspired by the work of Sun et al. (2020), in our study we adopt a simulation-based approach 

(Zhang et al. 2020) for the comprehensive exploration of multiple different scenarios to address 

our research questions, while leveraging data from a major e-commerce company to provide a 

realistic instantiation of our simulation testbed. 
 

We overview the responses of major e-commerce companies to CCPA in Section 2 in order to 

understand how they define personal data and what choices they provide to California (CA) 

consumers to exercise “Requests to Delete”. Then, we use a simulation approach in Section 3 to 

analyze the impact of different personal data protection practices on recommender systems.  
 

2. Personal Data Protection Practices under CCPA 
On January 3, 2018, CCPA was introduced to enhance privacy rights for residents of California. 

According to CCPA, a business should define “Personal information” as information that 

identifies, relates to, describes, is reasonably capable of being associated with, or could 

reasonably be linked, directly or indirectly, with a particular consumer or household and should 

notify consumers about the categories of personal information collected from them. In Table 1, 

we overview the CCPA-related statements from top-10 e-commerce companies in the U.S. 

(SimilarWeb, 2020.), and summarize the types of personal information they collect from 

consumers. While all the companies collect identification, online activities, and commercial 

information, only some of them define learned (or inferred) user preferences as personal 

information. This implies that, when users request deleting, some companies could delete users’ 

“direct” personal data while keeping the inferences learned from such direct personal data. 
 

Table 1. Collected personal information from companies’ CCPA statements 

 

In terms of responses to “Requests to Delete”, there is wide variation among companies, as 
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shown in Table 2. For example, some companies (e.g., Amazon) provide no flexibility to 

consumers for erasing their data other than completely closing their account, while others (e.g., 

eBay) allows consumers to delete their data while keeping the account. For visitors without 

accounts (i.e., non-registered users), platforms may still collect their online activities and 

identification. Some companies (e.g., Target) promise to respond to deleting requests from non-

registered users if they can match the consumers’ identity.  
 

It is important to note that the company’s response to “Requests to Delete” typically means that 

the company would delete the collected historical data, but can keep collecting such data going 

forward (e.g., until the next request). Some companies allow consumers to delegate their requests 

to some authorized agents, and the agents can submit a request on behalf of a California 

consumer in a frequent manner. A more flexible practice would be to allow the consumers to opt 

out of personal information collection and/or usage for services like recommendation and 

advertising; however, companies rarely do that. Among the 10 companies that we looked into, 

only eBay provides such an option for California consumers.  
 

It is likely that, in the future, the scope of similar regulations becomes wider. Some companies 

(e.g., Home Depot, Lowe’s) are already choosing to provide the same CCPA-related privacy 

options for users outside California. 
 

Table 2. Companies’ practices of “requests to delete” (in response to CCPA) 

 

3. Experiments 
This study has been done in collaboration with one of the major multi-channel retailers in the 

U.S. It has an online e-commerce platform and widespread physical stores. We randomly select 

around 20,000 users and analyze their interactions/activities with the company from 2018-06-01 

to 2019-06-30. There are 7,783,042 activities, including online clickstream data, online orders, 

and in-store offline orders. Around 50% of these users are “visitors”, i.e., they either do not have 

an account or do not log into the account during their visit. We can merge the users’ online and 

in-store activities for those with accounts. We define the home state of a consumer by the 

majority location of their activities. Among all users, 14.73% are from CA, and CA user 

activities comprise 14.88% of all activities.  
 

3.1 Settings 

In this study, to simulate the impact of “Requests to Delete” on the company’s recommender 

system, we assume that all users from CA will exercise their right to delete. In other words, with 

this strong assumption we are focusing on the extreme case that aims to understand the impact 

differences (both locally and nationwide) of different practices that are driven by introduction of 

local privacy regulations (i.e., applicable to a subset of the company’s consumers). 
 

289



We follow the real-world recommendation practices. We train the recommender system based on 

all available historical data and evaluate its performance in next 7 days. This process will 

periodically update the recommender system to incorporate the latest available data to predict the 

interaction in next 7 days until the end of our data collection period.  Based on the empirical 

practices in Table 2, we explore 4 different practices of deleting personal data for CA consumers, 

which are also illustrated in Figure 1.  Specifically: (1) Baseline: nobody exercises “Requests to 

Delete”. The company updates the recommendation model every 7 days, i.e., uses all historical 

data to train the model and predicts interactions in next 7 days. (2) Delete history (not sensitive): 

at a single time 𝑡𝑠ℎ𝑜𝑐𝑘, all CA users choose to delete their historical data but do not repeatedly 

request to do this later. Therefore, after 𝑡𝑠ℎ𝑜𝑐𝑘, the model is trained on all non-CA users’ data and 

CA users’ data after 𝑡𝑠ℎ𝑜𝑐𝑘. (3) Delete history (sensitive): at one time 𝑡𝑠ℎ𝑜𝑐𝑘, all CA users choose 

to delete their historical data, and they do it repeatedly (every 7 days). Therefore, after 𝑡𝑠ℎ𝑜𝑐𝑘, the 

model is trained on all non-CA users’ data and CA users’ data from a short recent period before 

testing. (4) Opt out activity usage: at one time 𝑡𝑠ℎ𝑜𝑐𝑘, all CA users will not let the company to 

collect and use their future activity data. Therefore, after 𝑡𝑠ℎ𝑜𝑐𝑘, the model is trained on all non-

CA users’ data and CA users’ data before 𝑡𝑠ℎ𝑜𝑐𝑘. 
 

Figure 1 The simulation settings of different data practices 

 

Furthermore, we implement 3 categories of recommendation algorithms. (1) Popularity-based 

methods provide non-personalized recommendations that are calculated using aggregate user 

information (i.e., some population-level consensus). Popular-all recommends the overall most 

popular items (items with most interactions/activities in the historical data) to all users. 

Similarly, Popular-1month and Popular-1week recommends the most popular items from the 

past month and week, respectively. (2) Collaborative filtering methods, including popular 

nearest-neighbor-based methods, such as UserKNN and ItemKNN, and widely used matrix 

factorization methods, such as SVD and LightFM (Ekstrand, 2011; Kula 2015). (3) Session-based 

sequential model, which considers the activities within one user session instead of the long-term 

history, which might be naturally advantageous in situations when historical data is deleted. 

GRU4Rec (Hidasi et al., 2015) is a popular choice for the session-based methods based on the 

deep learning architecture. And DRNN (Zhou et al., 2020) is a state-of-the-art session-based 

recurrent neural network method. 
 

In our implementation, we use the first half (temporally) of our data to build the “steady state” 

recommendation models and simulate that all CA users exercise their right to delete on 2019-01-

01. And for the more realistic evaluation of recommender systems’ performance, we test the 
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models only on the ground truth data from users’ self-initiated actions (e.g., based on searching) 

and exclude actions like user clicks on pre-existing system recommendations that were displayed 

to them at the time of the users’ interaction with the platform. In terms of a specific metric, we 

evaluate the recommendation performance by the average of precision@5 (percentage of correct 

predictions among top 5 ranked items) among all 7-day testing periods after 2019-01-01.  
 

3.2 Regional Impact  

Due to the page limits, we show only a subset of our empirical explorations of the recommender 

system performance in Figure 2. The evaluations are done on three separate populations: the CA 

population, the other-states (i.e., non-CA) population, and the whole population (i.e., 

nationwide). It is important to note that the performance impact is substantially different for the 3 

types of recommendation techniques. For popularity-based methods, the recommendation 

performance is relatively low to begin with, with more recent popularity being more 

advantageous. Interestingly, across all practices of deleting data, the performance on CA users 

becomes better than baseline (and the impact on users from other states is small), which is 

consistent with the finding that recent popularity is more advantageous in this application 

domain. In other words, data deletion is not necessarily harmful to the popularity-based 

recommender system performance, especially when non-CA data can still be used to generate 

popularity-based recommendations for CA users.  
 

Figure 2. Recommendation performance comparison 

 

The results on collaborative filtering methods have better prediction performance than 

popularity-based methods, illustrating the advantages of personalization. The CA users are 

influenced significantly by different practices but in different directions. When users are not 

sensitive to privacy protection and only request deleting history data for one time, the 

recommendation accuracy for CA users can be better. It again reveals the higher importance of 

recent activities for this platform. But when users delete their data with high frequency, there is a 

significant drop in performance. The decrease is the highest when consumers completely opt out 

the usage of their personal data, in which case the precision for CA users may decrease by as 

much as 49%. In other words, different practices for “request to delete” can lead to very different 
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performance impacts, largely explained by the fact that collaborative filtering techniques are able 

to take better advantage with more historical data.  Again, the performance impact on users from 

other states is much smaller, as the CA data constitutes only a small portion of the entire dataset.   
 

DRNN reaches the best precision among all techniques, showing the effectiveness of deep 

learning methods and the importance of the most recent data for recommendation performance in 

this application domain. The basic idea of DRNN is to consider the sequential information within 

one session and to predict the next item in the session. Because of this, deleting historical data 

that precedes the current session would not have a major influence on the predictive 

performance. The results show that under three data deletion practices, DRNN performance 

changes around 1% compared to baseline. And even in the worst case, i.e., when users opt out 

the usage of personal data, the 1.6% performance drop is much smaller than the almost 50% drop 

of collaborative filtering methods, i.e., leveraging of non-CA data to generate recommendations 

for CA users is much more advantageous at a single-session level. In summary, combining high 

prediction accuracy and robustness to deleting personal data, session-based methods represent a 

good choice for application domains that rely significantly on users’ recent activities. 
 

4. Conclusion and Future Work 
We study the impact of data deletion practices under CCPA on the recommender system 

performance. Using simulation, we observe that the impact can vary significantly with different 

recommendation techniques and different data deletion practices, which has important 

implications on recommender systems design and implementation as well as on strategic choices 

of companies regarding the specific data deletion practices and their impact. For example, while 

user sub-populations that exercise the right to delete their data are most likely to receive less 

accurate recommendations, we show that not all data deletion practices automatically decrease 

the recommendation performance. Also, while the impact of different practices does depend on a 

specific recommendation technique, session-based recommendation methods demonstrate 

robustness to different data deletion practices while exhibiting superior predictive accuracy. 
 

This study explores the impact of data deletion practices on recommendation system 

performance at the regional level (e.g., CA vs. non-CA customers). An important direction for 

future research would be to analyze this impact at an individual consumer level; e.g., what 

consumers are more likely to be affected (loyal vs. occasional, etc.). 
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Abstract 
 
The prominence and perceived power of tech giants—Amazon, Apple, Facebook, and Google— 
have raised antitrust concerns in stifling new startup entries, the so-called kill zone effect. We 
provide evidence showing that such an allegation is real as the entrants of tech giants’ product 
spaces have a significantly lower (higher) likelihood of receiving second round VC financing and 
exiting using IPOs (being inactive or defunct) relative to benchmark entrants in recent years. 
However, tech giants experience more new startup entries than an average tech incumbent. Tech 
giants’ acquisitions also do not show the same entry deterrence effect as other benchmark giants. 
Furthermore, tech giant entrants tend to attract investments from reputable venture capitalists. 
These results suggest that the kill zone effect, despite its existence, is not a serious concern yet.           
 
Keywords: New Entry, Startups, Venture Capital, Antitrust, Competition, Tech Giants 
 
1. Introduction 

On July 29th, 2020, four chief executives—Amazon’s Jeff Bezos, Apple’s Tim Cook, 
Facebook’s Mark Zuckerberg, and Google’s Sundar Pichai—testified before a congressional 
antitrust panel, which opened an investigation to examine whether these tech giants have engaged 
in anti-competitive tactics that damage smaller rivals and stifle innovations (TheWashingtonPost 
2020). Although the accusations ranging from antitrust concerns, stealing rivals’ data, to political 
censorship, in this study, we focus on the so-called “kill-zone” effect (TheEconomist 2018). 

Practitioners and academia have expressed concerns that the capacity for tech giants to 
imitate the innovations of entrants and to acquire some of them prematurely for the purpose to 
stifle their growth will lower the value of innovations. Venture capitalists have avoided these 
startups in the technology sectors leading to a lower incentive of new entry. Nonetheless, these 
entry deterrence strategies are not new; giant such as Microsoft has been through similar 
allegations in the 90’s (See Klein (2001) and Gilbert and Katz (2001)) for more discussions on the 
Microsoft case). Tech giants were, at one point, startups themselves. It is common for acquirers to 
outsource R&D (Higgins and Rodriguez 2006) or restructure acquired businesses to exploit their 
comparative advantages (Maksimovic et al. 2011). Acquisitions of startups also allow emerging 
technologies to be scaled up faster in the hand of resourceful incumbents. However, Cunningham 
et al. (2021) document intentional killer acquisitions of innovative entrants to prevent the 
development of competing products in the pharmaceutical industries. Segal and Whinston (2007), 
however, point out the tension of antitrust restrictions that the same restrictions aim to protect 
entrants can reduce their expected profits once a successful entrant becomes the dominant firm 
leading to a lower level of innovation.  

In this study, we first study VC funding characteristics and exit potential of individual 
startups pursuing different entry strategies defined by the product spaces of tech giants and 
comparable benchmarks. We then analyze the extent of new startup entries of incumbents over 
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time. We attempt to assess whether the kill-zone effect is pervasive. To analyze the kill-zone effect, 
we use a text-mining approach that compares the product descriptions of the incumbents with those 
of the new entrepreneurial startups to construct several measures that quantify the extent of entry 
of a startup into different incumbent groups’ product spaces. Specifically, these entry measures 
invert the new entry threat measure (NET) first proposed by Pan et al. (2019). They compute 
similarity scores by mapping an incumbent’s product descriptions in its 10-K filings to those of 
new startups that receive first-round VC funding at the seed or early stage recorded in Thomson 
Reuters VentureXpert database during the same calendar year.  

Consistent with the kill zone hypothesis, tech giant entrants have a significantly lower 
chance of receiving next round financing relative to benchmark entrants with an estimated 
probability of 4% reduction for a one standard deviation increase in entries. Conditional on 
receiving next round VC financing, there are no significant incremental differences in VC funding 
characteristics across periods except for the size of VC syndicates. 

Our paper contributes to growing concerns of the dominance of tech giants and their effects 
on market structures, entries of startups, and VC financing. The complexity of our results is 
consistent with the nature of the topic. We should consider the issue not only for specific outcomes 
given entries but also in the context of overall startup entries.  
 
2. Related Literature 

Literature has documented that it is the VCs rather than the entrepreneurs that play an 
important and, in many cases, dominant role in making corporate decisions for the startups (e.g., 
Gorman and Sahlman, 1989; Kaplan and Stromberg, 2001). When it comes to innovation in the 
U.S, VC investment is associated with more patent counts and citations (Lerner 2000). It 
contributes to the leading roles of US firms in the technology sectors (Gompers and Lerner 2001). 
Sorensen (2007 empirically shows that VCs achieve these effects—measured by the success of a 
startup’s exit using IPO—through their abilities to screen projects (selection) and to add values 
(influence), particularly, more experienced VCs. Therefore, if tech giant entrants attract 
experienced VCs, receive larger amounts of funds, have a higher chance of receiving next round, 
and have exit potentials other than being acquired by tech giants, then the kill zone allegation may 
not be a serious concern. 

Several studies have attempted to investigate the kill zone effects. Oliver Wyman (2018), 
commissioned by Facebook, examines the trend of VC investments at the sector levels and 
concludes that the investment activities, M&As, R&D, and venture investing of tech giants, have 
no negative impact on VC investments. Different from the above approach, our analysis is firm 
specific. Therefore, the results and conclusions can be very different from a macro level assessment. 
Another related study is by Kamepalli et al. (2020, who document significant declines in VC 
investments in startups that are in the same (or similar) space as the company acquired by Facebook 
and Google. Our study complements theirs because we look at all startups that received first round 
VC funding at the seed or early stage with specific entry strategies. We analyze not only the amount 
and likelihood of next round funding but also who invested in these startups and their exit potential.    
    
3. Data and Empirical Design 

The datasets that we use are constructed using multiple sources. We focus on the firms in 
the High Tech industries (Hecker 2005) identified by 46 4-digit NAICS industry codes and firms 
classified as high-tech industry upon their IPOs in the SDC Platinum (Thomson Reuters) new issue 
database. Financial data and other firm characteristics are obtained from Compustat. Our entry 
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variables are the invert of the new entry threats adopted from Pan et al. (2019), who describe such 
threats as emerging from venture-funded startup firms and measure them using a text-mining 
approach that compares the product descriptions of the incumbents with those of the new 
entrepreneurial startups. VC and startup information is obtained from the SDC VentureXpert 
database of Thomson Reuters.  

The primary startup sample consists of 17,922 firms that received first round VC financing 
at the seed or early stage from 1995 to 2018. The incumbent sample contains 5088 publicly traded 
firms (with total assets information) over the fiscal years from 1995 to 2018 constituting 40472 
firm-year observations, representing an unbalanced panel. The sample period includes years when 
there was considerable turbulence in High Tech sector (e.g., the Internet boom and bubble burst), 
the period of the global financial crisis in 2008 and the recovery afterwards, as well as the less 
volatile years.  
3.1 Measuring the Startups’ Entry Strategies  

We first discuss the measure of incumbents’ new entry threats. We extend the text 
similarity measures from previous studies (Hoberg and Phillips 2016; Pan et al. 2019). Here, the 
similarity score between each pair of startup and incumbent is used to measure a startup’s entry 
strategy in terms of an incumbent’s product space. To capture meaningfully the startup entries, we 
only consider startup entries in the IT sector. Each year, we code entry equals one if the similarity 
score is above the 80 percentile of all scores of that year. Entries into other benchmark incumbent 
groups are calculated similarly. 
3.2 Tech Giants and Benchmarks 

There is no clear rule how one can classify tech giants. We take the obvious approach to 
define Amazon, Apple, Facebook, and Google as tech giants in this study because they are the 
focus of recent antitrust investigations. The remedy is forming other tech giants as benchmarks to 
serve as comparison groups. It is also interesting to see whether the actions of other giants should 
raise similar concerns regarding new entries activities.  

To ensure that we include other largest tech firms, we start from the components of S&P 
500 index and restrict firms in the communication services or information technology sectors based 
on the Global Industry Classification Standard (GICS). We then rank these firms based on total 
assets and market values at the end of 2018 fiscal year. The business lines of market value 
benchmarks appear to be closer to those of tech giants. Therefore, we use this list, which includes 
Microsoft, Visa, Verizon, Intel, AT&T, Cisco Systems, Oracle, Adobe, Salesforce.com, and IBM.     
3.3 Characteristics of VC financing and Exits  

For each startup in our sample, we identify the VC firms provided the first round seed or 
early stage financing. We calculate two VC reputation/experience variables—one for near term, 
i.e., VC firm round counts within prior three calendar years, and one for longer term, i.e. VC firm 
age. Tian (2012) summarizes several measures used in the literature that can be grouped into deal 
counts, aggregate amounts invested, or funds raised since 1965. Alternatively, some use a shorter 
term, such as prior 5 years. Finally, VC firm’s age is also commonly used.  

A VC specialized in earlier stage may not invest as much as a later stage VC but a lot more 
rounds. Early stage VCs are also more influential in selecting which startups to receive first round 
funds. VCs’ ability to screen constitutes, on average, two thirds of value created by VCs (Sorensen 
2007). For our purpose, round counts are more appropriate than amounts. We use prior three years 
round counts to capture recently active and successful VCs and supplement this reputation variable 
by VC age, which, by definition, captures the experiences that accumulate overtime. 
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We follow our sample startups until the end of October 2020 in VentureXpert database and 
identify their exit types as IPO, merger, and defunct. The defunct status is incomplete in 
VentureXpert. We include a startup in the defunct category if it not receiving VC financing within 
5 years after its last VC financing round.  
3.4 Empirical Model 

To test the kill zone hypothesis, we use a sample of startups receiving first round seed or 
early stage financing from 1995 to 2018 in the IT industries. Because the allegations of antitrust 
issues are recent, so we use a difference-in-differences (DID) approach to analyze the kill zone 
effects by comparing the results across subperiods surrounding 2008 and between the entrants of 
tech giants and those of ten benchmark giants. We use the following model specification: 

Yi = a + b1Entry-Gianti + b2Entry-Bench10i + b3Entry-Gianti X Posti  
+ b4Entry-Bench10i X Posti + b4Posti + d′Xi + ei       (1) 

where Yi is the dependent variable. Depending on the analyses, it could be VC funding 
characteristics or exit outcomes. “Entry-Giant” and “Entry-Bench10” and their interactions with 
“Post” are the key explanatory variables that we use to compare the startups pursuing different 
entry strategies surrounding 2008. If the kill zone effect is unique for tech giants, we should 
observe systematic changes in the variables of interest across time relative to the benchmarks. This 
model specification also allows us to compare the differences in entrants of tech giants or those of 
benchmarks to the base comparison startups. Xi is a vector that contains startup and VC 
characteristic control variables, which include several state dummies that have considerable 
numbers of startups. Yearly fixed effects are included but not reported for brevity. Finally, ei is the 
idiosyncratic component. 
 
3. Main Results  

The findings on exits reported in Table 1 strongly support the kill zone hypothesis. The 
tests of DID indicate that, relative to benchmark entrants, tech giant entrants experience a 
significant decline in the likelihood of IPO and a significant increase in that of being defunct or 
inactive. The results are not only highly statistically significant but also economically meaningful. 
A one standard deviation increase in “Entry-Giant” reduces the chance of IPO by 1.9% and 
increases that of defunct by 2.6%, while the corresponding numbers for benchmark entrants are 
1.65% and -3.6%, respectively. Therefore, the net effect for IPO is -3.55% and that for defunct is 
6.2%. Startups pursuing the product markets of benchmark giants in the earlier period have a 
significantly higher tendency of being acquired relative to tech giant entrants. However, such a 
difference is not significantly different during the later period. 

Table 2 reports a truncated version of analysis on new entry threats of incumbents for the 
next three years following the time we measure explanatory variables. We ask two questions: (1) 
whether tech giants experience higher new entry threats than benchmark giants surrounding 2008; 
(2) whether tech giants’ M&A activities produce more deterrent effects than other benchmark 
giants. The DID tests indicate no significant differences between tech giants and benchmarks for 
both questions. However, it worth mentions that both tech giants and benchmarks have 
significantly higher new entry threats than the base comparison groups, but it is only significant 
for tech giants during the earlier period and that for benchmarks during the later period. 

In addition, both groups’ M&As demonstrate significant increases in new entry deterrence, 
which diminishes the positive effect of giants’ M&As on new entries while leads to a significantly 
negative impact of benchmarks’ M&As on new entries. Since M&As by incumbents in the 
technology sectors, in general, have a significantly positive impact on new entries. Therefore, the 
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giants’ M&As still encourage new startup entries albeit not as strong as the earlier period. Taken 
together all results mentioned above, the kill zone effect does not appear to be pervasive because 
the new startup entries remain at a level comparable to other incumbents in the technology sectors.  

 
4. Conclusion 

In this paper, we evaluate the concerns of the alleged kill zone effect of tech giants in a 
holistic framework. We find evidence consistent with the kill zone hypothesis. However, it is not 
pervasive because tech giants have significantly higher new startup entries relative to an average 
IT incumbent. Tech giants’ acquisitions also do not have a significant entry deterrence impact on 
startups though it declines from a previously significantly positive effect. In contrast, the 
acquisitions of benchmark giants’ exhibit significant entry deterrence in the later period. 

Nonetheless, the kill zone effect is real. We document significant declines in the 
probabilities of second round VC financing and IPO exit among tech giant startups relative to 
benchmarks. Tech giant entrants are also more likely to become inactive or defunct during the later 
period than benchmarks. However, tech giant entrants tend to attract reputable VCs, particularly 
during the later period. Reputable VCs are more resourceful. They also exhibit better screening 
capacity. Their interests in tech giant entrants can mitigate the kill zone concerns.  

Taken together, our findings suggest that the kill zone exists but its overall impact is not 
pervasive as of the evidence presented so far. However, it does not preclude the possibility that 
serious negative impacts could emerge later. Given the importance of the issue, it warrants ongoing 
monitoring and we believe that the analytical framework proposed in this study is a suitable one 
to use. 
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Table 1 The Likelihood of Exit by Type: Multinomial Logit Regressions 
 Coefficients Marginal Effects 
  (1) (2) (3) (4) (5) (6) 
VARIABLES IPO MA Defunct IPO MA Defunct 
              
Entry-Giant 0.31** -0.04 -0.06 0.012** -0.006 -0.009 

 [2.02] [-0.52] [-0.69] [2.297] [-0.558] [-0.772] 
Entry-Bench 10 0.06 0.42*** -0.13 -0.001 0.069*** -0.043** 

 [0.27] [3.50] [-1.07] [-0.183] [4.237] [-2.445] 
Entry-Giant X post -1.41** -0.07 0.36** -0.052** -0.016 0.071*** 

 [-2.05] [-0.39] [2.18] [-2.163] [-0.613] [2.823] 
Entry-Bench 10 X post 1.35* -0.10 -0.73*** 0.055** 0.023 -0.120*** 

 [1.87] [-0.47] [-3.81] [2.189] [0.798] [-4.226] 
=1 if post 2008 -4.82*** -1.45*** -0.31* -0.150*** 0.714 -2.857 
 [-7.95] [-6.47] [-1.68] [-6.967] [0.010] [-0.015] 
First round characteristics  Yes Yes Yes Yes Yes Yes 
Dummies of locations  Yes Yes Yes Yes Yes Yes 
Observations 13,397      
pseudo-R 0.0828      

*, **, *** denote significance at the 10%, 5%, and 1% levels, respectively, for a two-tailed test. 
 
Table 2 New Entry Threat (NET): Random Effects Panel Regressions 

Base Group: All Tech Firms Information Tech Firms 
  (1) (2) (3) (4) (5) (6) 

 t+1 t+2 t+3 t+1 t+2 t+3 
=1 if a Tech Giant 2.85** 4.22*** 5.56*** 2.55** 4.05*** 5.11*** 

 [2.29] [3.21] [2.84] [2.16] [3.21] [2.62] 
Giant X M&A Count 0.50** 0.23*** 0.12** 0.41** 0.18*** 0.09 

 [2.21] [2.77] [2.29] [2.09] [2.69] [1.57] 
Giant X Post 0.76 1.77 1.02 0.22 1.38 0.68 

 [0.25] [0.70] [0.67] [0.07] [0.55] [0.45] 
Giant X M&A X Post -0.32** -0.27*** -0.19*** -0.25* -0.25*** -0.19*** 

 [-2.06] [-4.00] [-4.28] [-1.78] [-3.42] [-3.91] 
=1 if a Benchmark 1.65 2.83* 3.84** 0.87 2.35 3.19* 

 [1.31] [1.90] [2.27] [0.71] [1.58] [1.89] 
Bench X M&A Count 0.04 0.01 0.02 -0.00 -0.04 -0.01 

 [0.58] [0.11] [0.43] [-0.04] [-0.71] [-0.19] 
Bench X Post 4.49*** 2.68** 1.68 3.98*** 2.22* 1.31 

 [4.35] [2.24] [1.34] [3.81] [1.89] [1.07] 
Bench X M&A X Post -0.31** -0.14 -0.09 -0.29** -0.13 -0.09 

 [-2.37] [-1.31] [-0.96] [-2.33] [-1.34] [-1.00] 
Observations 34,191 29,959 26,146 19,857 17,458 15,294 
Number of Firms 4,350 3,851 3,319 2,472 2,186 1,885 
R2-Overall 0.161 0.167 0.163 0.170 0.173 0.173 
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Abstract In today’s digital world, social content creators with niche audiences can often offer more
value to brands. These online influencers have dedicated and engaged groups of followers on various
social media platforms. The fast development of livestream platforms provides a great opportunity
for them to engage branding products for many online retailers. Both retailers and livestream plat-
forms are experimenting with new ways of getting more audience’s attention. What is the economic
value for retailers to collaborate with these influencers? We leverage the data from a leading stream-
ing platform to answer this question. Our results provide empirical evidence for the effectiveness of
engaging influencers. And our results give important managerial insights for retailers when form-
ing suitable combinatory strategy when selecting multiple potential influencers. Our further analysis
suggests that the heterogeneous effects from different influencers matter a lot for retailers’ sale per-
formance.
1 Introduction
You probably are already quite familiar with the term “live shopping”. Live shopping can trace back
to networks like Quality Value Convenience (QVC) and many shopping channels on televisions in
the mid-1980s. Shopping experience has not been improved over the past decades until live shop-
ping starting to move from “live” to “live streaming”. Instead of just viewing and placing the order,
buyers could now engage with streamers when they purchase. Live shopping utilize social media,
mobile apps, and live streaming platforms to digitize the shopping experience. Streamers can provide
real-time feedback to buyers, including experiencing the products directly and providing recommen-
dation. Buyers can also ask specific questions about the product on the platform through live chat or
live comments. The effect of streamers on sales may be far beyond your expectation. Consider Viya,
a popular live streamer from China: She had a conversation with Kim Kardashian West just before
Singles Day, which empowered the influencer mogul to sell 150,000 bottles of perfume in seconds.2

COVID-19 accelerated the adoption of live shopping, giving ample space and opportunity for it
to reach North American and European buyers. Big companies are investing, too. Amazon has a
streaming platform, which hosts daily shows on fitness, makeup and cooking. Facebook live cur-
rently generates more than 3,000 years of watch time every day (Constine 2019). This kind of
shopping generated $60 billion in global sales in 2019 and should almost double this year, according
to Coresight Research (Research 2019), disrupt an already-battered retail industry. More and more
influencers are turning to YouTube marketing to promote their brands. Influencer marketing con-
tent delivers 11 times higher return on investment (ROI) than traditional forms of digital marketing
(Solutions 2016).

Is live shopping the future of e-commerce? Despite the prevailing streaming ecommerce, there
lack systematic investigate of the impact of online influencers on demand side. Is it really worthwhile
for retailers to collaborate with influencers. Besides, considering the large sets of influencers and
their heterogeneity of different influencers. How could a retailer form the “right” combination of

1The research was financially supported by the National Natural Science Foundation of China under grant [number
71831005]

2See https://www.latimes.com/world-nation/story/2019-11-08/kim-kardashian-china-e-commerce.
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various influencers. The goal of this paper is to use real-world sales data to shed light on these
questions. Our results provide timely empirical evidence of the impact of influencers on retailers.
We find that the engagement of influencers will lead to better sales for retailers on average. We also
broaden our discussion by analyzing the heterogeneity effects brought by when retailers choose to
collaborate with multiple influencers. Our findings provide managerial insights for retailers when
deciding the combinatorial strategy of choosing influencers.
2 Literature Review
Our paper contributes to several streams of information system and marketing research. First, it is
closely related to the literature in influencer marketing. Influencer marketing is on the rise, the value
of this specific market is doubled between 2019 and 2021, growing from 6.5 billion to 13.8 billion
U.S. dollars in the three years alone3. Brown and Hayes (2008) define influencer marketing as a
strategy that uses the influence opinion leaders to drive consumers’ brand awareness and purchase
decisions. Social media is the main channel that involves endorsements and product placements from
influencers. Several previous related to influencer marketing has investigated how influencers may
affect the customers’ purchase intent. Campbell and Farrell (2020) focus on the roots of influencer
marketing and identify influencers’ three functional components: the audience, the endorser, and the
social media manager. Jin et al. (2019) suggest that consumers exposed to Instagram celebrity’s brand
posts perceive the source to be more trustworthy, show more positive attitude toward the endorsed
brand. Almost all prior literature target to analyze the effectiveness of one influencer, while we
contribute by extending to the retailer’s combinatorial strategy in choosing influencers.

Our focus on sales adds to the discussion of conversion rates of advertisements. Tucker (2015)
explores the relationship between the number of views and how persuasive the ad is at convincing
consumers to purchase or to adopt a favorable attitude towards the product. Haans et al. (2013) find
that click-through rates are higher for advertisements involving expert evidence and statistical evi-
dence than for advertisements involving causal evidence. Most discussions are based on traditional
online search-based advertising and we broaden the findings to video-based live streaming. Using ac-
tual sales data, we find that more products explosure through online influencers may able to provide
better conversion rates but no guaranteed if using wrong combination of indluencers.

Our paper is also related to the marketing literature on multichannel advertising. The effective-
ness of advertising in multiple channel has been studied extensively. For example, the advertising
channel is shown as the most important attribute for determining the participant’s intentions to adopt
the respective product recommendation (Schreiner et al. 2019). Other works show that multichannel
retailing is not necessarily the best strategy for all retailers (Zhang 2009), or identify the motivations
and constraints of going multichannel (Zhang et al. 2010). Most literature discuss whether expand-
ing to a new channel is worthwhile. However, with the growth of the current streaming platforms,
retailers face complex combinatorial problems even with in the same channel. We provide empirical
implications for retailers to mix influencer within the same advertising type.
3 Research Context
We collaborate with Taobao Live, a live-streaming selling platform under Taobao, a world-leading
online shopping website. To boost the sales of their products, amny retailers on the website frequently
contract with some online influencers for advertising. We obtain access to 1,132 retailers sales data

3https://www.statista.com/statistics/1092819/global-influencer-market-size.
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from May 23, 2019, to June 12, 2019, as well the daily statistics of the influencer they collaborate
with. Further, we have access to the generic information for all retailers on the platform, including
the historical ratings for each retailer and their daily rank on the platform. The independent variables
and control variables are tailored to for our analyses. The main independent variable of our interest
is the treatment indicator, Treatmentit , which indicates whether retailer i collaborate with certain
influencers on day t. Our control variables include retailers’ characteristics such as their category
and a time control for daily effects.
3.1 Sources of Heterogeneity
Each influencer is relatively unique, and their characteristics may change over time. Influencers
usually have different expertise and streaming styles, thus their fans’ population and behaviors (i.e.,
intents to purchase, intents to comments) also vary widely. Given this, we explore a variety of factors
that may affect retailers’ sales when using different combination of influencers.
4 Identification Strategy: Matching
In this section, we explain the identification strategy.In practice, the retailers may depend on multiple
business characteristics to decide whether they want to collaborate with streamers to advertise their
products. Thus, the retailers that form collaboration with streamer may be different from those that
do not involve any streamers. Such a selection bias could confound our findings. Therefore, to
reduce potential differences across the treatment and control retailers, we use a two-stage propensity
score matching (PSM) to derive a sample of control retailers that is similar to the treatment retailers
in terms of observable business characteristics. After the matching, each retailer that collaborates
with streamers is paired with some control retailer that does not have streamers for advertising but is
similar to the treatment group such that their probability of being treated is similar. This allows us to
do a fair comparison of these two groups of retailers.

1. We first drop those retailers (35) that are treated in the first day within our observation window.
This could help us use the sales without any treatment as an approximate of each retailer’s size.

2. For each retailer, we then observe its static characteristics during over observation, i.e., cate-
gory, historical review rating, size. We use a one-to-three matching without replacements to
pair retailers such that the treated retailers will be matched only with control group retailers
with the closest category, historical review rating and size. This results in 768 pairs of retailers.

3. Lastly, in additional to the previous steps, we also need to apply PSM on time-varying char-
acteristics such as price and changes in rating. Besides, each retailer has a different treatment
and could be treated multiple times within our observation window. Therefore, we adopt a
two-stage PSM (Qiao et al. 2017, Yu et al. 2020) on a daily level such that each sample in
the treatment group may be matched with different retailers in the control group in different
days. Besides the static matching in the first stage, we extracts the daily price and rating at the
“hypothetical” treatment time, and calculates a logistic function to approximate each retailer’s
overall propensity score. This time we apply a one-to-one nearest neighbor matching to de-
rive all matched pairs, and end up with 512 pairs of retailers. After this two-stage PSM, the
difference in overall characteristics is minimized.

Figure 1 shows the propensity score distribution of the treatment and control groups before and
after matching. It is clear that the discrepancy of the propensity score between the treatment and
control units before the matching is largely erased. The distributions of the propensity score between
the treatment group and the control group becomes almost identical. We also conduct a balance test
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to compare all the numerical covariates used in the matching process, as shown in Table 1. The
results suggest that none of the variables is significantly different between the treatment and control
groups, indicating that the control group is comparable to the treatment group before the intervention.

(a) Propensity score distribution before matching (b) Propensity score distribution after matching

Figure 1: Propensity Scores Distribution Addition of Matching for the Treatment and Control Groups

Treatment Control Difference
Variables Mean Std. Dev. Min Max Mean Std. Dev. Min Max p-value

Price 122.613 497.005 6.757 7291.501 96.126 158.446 4.8 1999.0 0.224
Size 624.058 2014.98 0.074 19505.305 562.402 2443.406 0.0 45376.0 0.723

Comments 7907.859 12991.422 0.0 76333.333 13734.516 110208.964 0.0 1925333.333 0.408
Quality rating 4.818 0.066 4.5 5.0 4.817 0.071 4.5 5.0 0.907
Service rating 4.79 0.058 4.5 5.0 4.791 0.062 4.5 5.0 0.805
Delivery rating 4.798 0.051 4.6 5.0 4.799 0.054 4.6 5.0 0.647

Table 1: Balance Tests on Numerical Covariates (Pre-treatment) after Matching

In summary, our final dataset consists of 1,016 retailers with 54,448 observations. We provide
the complete summary statistics of all relevant variables in Table 4. Note that the statistics of all
variables are calculated across pre- and post-treatment and across treatment and control restaurants.
We also report the summary statistics of all variables for treatment restaurants and control restaurants
separately in Tables 2.

Variables Mean Std. Dev. Min 95% Quantile

Audience 45028 32882 0 114800
Views 50704 47208 0 132799
Likes 37172 32270 0 93826

Comments 15678 16766 0 29838
Visits 27731 62479 0 91188

Table 2: Summary Statistics
5 Model
After we constructed a comparable treatment group and control group, we utilize the Difference-
in-Differences(DID)regressiontouncoverthecausaleffectsofonlineinfluencers’engagement.In
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particular, our regression specification for the first part of our analysis that focuses on aggregated
treatment effect is:

Salesit = γi +λt +β jtTit + εit

where i indexes product, j indexes group(i.e., wanghong), and t indexes time. γi controls for indi-
vidual effects, α jt controls for product/day effects, λt controls for daily effects, xit is the variables
related to product i in day t, Tit is the treatment, indicating product i is treated in day t, and individual-
specific errors, εi jt . The result is shown in Table 3, we find a strong and significant increase in the
retailer’s sales when collaborating with influencers. From an economic perspective, this translates to
an increase of near three times of the retailer’s daily sales.

Dependent Variables log(Sales)

Treatment 2.861***(0.000)

Fixed Effects Yes

robust standard errors in parentheses;* p < 0.1; ** p < 0.05; and *** p < 0.01.

Table 3: Effect of Influencers’ Heterogeneity on Sales

Dependent Variables log(Sales)

β0 1.515***(0.000)
Total Fans 0.143***(0.000)
No. of Influencers 0.424***(0.000)
Total Fans× No. of Influencers -0.031***(0.000)
Same Category Ratio 3.801**(0.071)
Total Fans× Same Category Ratio -0.148***(0.018)
Category Heterogeneity 1.876***(0.000)
Total Fans× Category Heterogeneity 0.117***(0.001)
Category Heterogeneity2 0.005***(0.064)
Total Fans× Category Heterogeneity2 -0.103***(0.000)
No. of Audience 0.316**(0.044)
Std. Dev. of Audience 0.072(0.109)
No. of Likes 1.051***(0.004)
Std. Dev. of Likes 0.072**(0.019)
Historical Sales 0.003**(0.011)
Std. Dev. of Historical Sales -0.000**(0.019)
Historical Visits to retailers 0.092**(0.012)
Std. Dev. of Historical Visits -1.732*(0.078)

Fixed Effects Yes

Table 4: Effect of Influencers’ Heterogeneity on Sales
We then apply a hierarchical linear model to estimate the heterogeneity effects from multiple

influencers. Our model contains an intercept that captures the baseline treatment effect as well as
detailed characteristics of the group of influencers.

Similarly, the existence of influencers increases the daily sales of treated retailers. Our results
suggest that improvements in influencers’ characteristics could lead to better sales for retailers. For
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example, the same category ratio, a ratio used to measure what percentage of influencers has the same
category as the product they sell, has a positive and significant impact of sales. We also find strong
positive impact of influencers’ heterogeneity. Given the same size of fans, the more categories this
group of influencers have, the better they will boost sales. However, this marginal effect would not
last forever as we can see that the sign becomes negative when we do the interaction between total
fans and the square of the category heterogeneity. Retailers prefer influencers with better historical
performance in terms of the likes they receive, the audience they have, the sales they achieve as well
as the number of visits they convert to retailers.
6 Conclusion
The engagement of online influencers has a strong impact on a retailer’s sales. Such an economic
implication also is observed for many other advertising types. Although prior studies have identifies
the retailer’s motivation and limitation of expanding to multiple selling channels, there is not much
previous work that examines the influence of influencers on retailers in this new video-based live
streaming context. Our study addresses this gap in the literature by collaborating with a large live
stream selling platform in China to investigate the impact of influencers, and subsequently provide
insights for retailers when forming the right combination of different influencers.
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Abstract 
 

An optimal experience termed flow can be experienced by users who are deeply involved in 

human-computer interaction (HCI). The electroencephalogram (EEG) provides an innovative 

way to assess in real-time if users are approaching or experiencing the flow state in various 

applications of HCI. However, the current literature remains unclear and inconsistent with 

regard to the relationship between EEG activity and flow experience. The objective of this 

research is to assess EEG activity corresponding to the state of flow. A laboratory experiment 

was conducted to collect EEG data of the flow and other states (including baseline) in the 

context of HCI. 

 

Keywords: Human-Computer Interaction, Flow, Electroencephalogram 

 

1. Introduction 
Human-Computer Interaction (HCI) is an evolving research field focusing on user experience 

with a product, system, or application. The field is also termed User Experience (UX) given its 

emphasis on enhancing the experience of users. From the HCI perspective, users’ experience 

with software applications, such as gaming, can induce a state of flow by involving and engaging 

users for long periods of time. Flow is an optimal state of experience characterized by the 

“holistic sensation that people feel when they act with total involvement” (Csikszentmihalyi, 

1975, p. 36). When a person is in flow, he or she experiences focused concentration that is so 

intense that there is complete absorption in the activity at hand. The state of flow can be 

described as being similar to peak experience, which refers to the best moments of the human 

being (Pace, 2004). A person in the flow state experiences a high level of focused attention, 

intrinsic motivation, time distortion, perceived control, and loss of self-consciousness 

(Csikszentmihalyi, 1990; Csikszentmihalyi and LeFevre, 1989). The state of flow is an optimal 

user experience that HCI designers and software developers strive to induce in the users of their 

applications. 

 

Assessing user states of experience is fundamental to HCI as it provides opportunities to improve 

and enhance the experience of users. The most common and traditional approaches to assess user 

experience utilize self-reported measures (e.g., using questionnaires and interviews) that are 

typically retrospective and are subject to biases, such as social desirability and recall biases. With 

advancements in technology, alternative approaches are available that can assess user experience 
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in real-time. One such approach is the electroencephalogram (EEG). Unlike traditional 

approaches, EEG can provide continuous and concurrent (i.e., real-time) assessments of user 

experience without having to interrupt the users. Given the importance of understanding flow 

experience in a HCI context and the potential of EEG to provide a better and more reliable way 

of assessing user experience, our research objective is to assess the real-time flow experience of 

users in the context of HCI. 

 

2. Literature Review 
Csikszentmihalyi (1990) conceptualized the state of flow as an optimal experience. He also 

theorized nine components of flow including balance of challenge and skill, clear goals, 

immediate feedback, perceived total control, loss of self-consciousness, focused concentration, 

time distortion, merging of action and awareness, and autotelic experience. These nine 

components are summarized in Table 1. 

 

Table 1. Components of the Flow State (Csikszentmihalyi, 1990) 

Dimension Description 

Balance of 

challenge and skill 

A key aspect of the state of flow is that the skill of the individual and 

the challenge of the activity need to be in balance with each other.  

Clear goals 
The goals/objectives of the task or activity must be clear and 

unambiguous.  

Immediate 

feedback 

The performance feedback on the task or activity should be clear, 

immediate, and unambiguous.  

Perceived control The individual perceives control of his/her actions and the environment. 

Loss of 

self-consciousness 

Because of the pre-occupied activity, the individual “loses” oneself and 

experiences a sense of separation from the world around him/her. 

Concentration on 

task at hand 

The individual pays complete attention to the task or activity, such that 

all other distractions are blocked from his/her awareness. 

Transformation of 

time 

Time no longer seems to pass the way it normally does. The individual 

loses track of time and the perception of time is distorted. 

Merging of action 

and awareness 

The individual is so involved in the activity that his/her actions become 

spontaneous, just like automatic responses. 

Autotelic 

experience 

The activity that consumes the individual is intrinsically rewarding and 

motivating to him/her.  

 

For a person to get into the flow state, the balance of challenge and skill must be present. For 

example, a deep level of involvement in gameplay can arise when the skill level of a player 

matches the challenge level of the game (Csikszentmihalyi 1990). Meanwhile, the goals should 

be clear and the feedback instantaneous or immediate. The flow state is also characterized by 

total control over the task, loss of consciousness of oneself, focused attention and concentration 

on the task at hand, distortion of time, merging one’s actions with awareness (i.e., actions 

become automatic and effortless), and autotelic (i.e., intrinsically rewarding) experience. Thus, 

the first three components, i.e., balance of challenge and skill, clear goals, and immediate 
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feedback, are necessary conditions for flow while the remaining six components describe the 

flow experience. 

 

According to the flow theory, the relationship between skill and challenge lays the foundation for 

the psychological state of flow (Csikszentmihalyi, 1990; Guo et al., 2016; Nah et al., 2010). 

Challenge is considered as an opportunity to perform an action, whereas skill is the capability to 

perform that action. When the goals are clear and the feedback is immediate, the congruence 

between challenge and skill can give rise to the flow state.  

 

3. EEG Correlates of Flow-Related User Experience  
Existing studies have utilized EEG to analyze neural correlates of user experience, such as flow, 

by examining the brain activation patterns while performing a cognitive task. EEG signals are 

electrical activity and neuronal oscillations in the brain. EEG wavelengths have been widely used 

to classify EEG oscillations using the following frequency bands: delta (1-4 Hz), theta (4-8 Hz), 

alpha (8-12 Hz), beta (12-30 Hz), and gamma (30-32 Hz). 

 

Table 2 summarizes empirical research that has investigated the EEG correlates of user 

experience. Although the literature has examined the use of EEG for analyzing constructs related 

to flow such as task engagement and workload, there are only a handful of studies that have used 

EEG for analyzing the flow state of user experience. 

 

Table 2. Research on Neural Correlates of User Experience 

Reference Research Setting Summary of Findings 

Berka et al. 

(2007) 

EEG correlates of task 

engagement and mental 

workload during the 

performance of cognitive tests 

EEG measures are correlated with both 

subjective and objective scores of task 

difficulty levels. 

Berta et al. 

(2013) 

Use of a 4-electrode EEG to 

assess flow in games 

The most informative bands for discriminating 

between boredom, flow, and anxiety user states 

are around low beta. 

Léger et al. 

(2014) 

EEG to analyze neural 

correlates of cognitive 

absorption in IT end-user 

training 

Five neurophysiological measures including 

alpha, beta, electrodermal activity (EDA), heart 

rate, and heart rate explain a significant portion 

of the variation in cognitive absorption. 

Li et al. 

(2014) 

EEG to quantify the cognitive 

activities of user-game 

engagement 

Different levels of EEG theta oscillations were 

observed when individuals played games of 

different levels of familiarity and complexity.  

Pope et al. 

(1995) 

Select indices of operator 

engagement in automated task 

based on EEG signals 

The index constructed by beta power/(alpha 

power + theta power) best reflects operator 

engagement.  
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So, what happens in the human brain during the flow state? Berta et al. (2013) found that the 

most informative frequency bands for differentiating between flow, boredom, and anxiety 

include those around the low beta band. Léger et al. (2014) found cognitive absorption to be 

positively related to EEG alpha and negatively related to EEG beta. On the other hand, Pope et al. 

(1995) devised an index for task engagement as beta power divided by the addition of alpha and 

theta power. Given that task engagement and cognitive absorption are closely related constructs, 

the findings by Léger et al. (2014) and Pope et al. (1995) are seemingly inconsistent and in the 

opposite direction. Further, Li et al. (2014) found that the density of theta oscillations from the 

left side of the dorsolateral prefrontal cortex can explain user engagement. In addition, Berka et 

al. (2007) found that task engagement, which is a concept closely related to flow, correlates with 

EEG activity in the delta, theta, alpha, beta, and gamma bands. In sum, our review of the 

literature suggests that the EEG mapping of the flow state is unclear and inconsistent in the 

literature. Although existing research has identified factors that contribute to flow, the EEG 

correlates of the flow state during human-computer interaction have only been approximated. 

This research aims to further investigate the relationships between the frequency bands and the 

flow state to resolve this inconsistency. 

 

4. Research Methodology 
We used a laboratory experiment to capture the EEG data for users’ state of flow by building on 

the experimental design by Berta et al. (2013). A within-subject experimental design was used. 

Berta and colleagues used a 4-electrode EEG system for their study, whereas we used a 

64-electrode Cognionics EEG system1 that provides a higher resolution. Further, we adapted 

their design by using the video game Tetris2. After piloting with multiple video games, we chose 

the Tetris game because of its ability to easily induce the flow state. Also, it is a relatively simple 

video game that most of our subjects were familiar with, which helps to reduce the amount of 

time spent training in the experiment. 

 

The study comprises three stages: pre-experiment, experiment, and post-experiment. During the 

pre-experiment stage, we provided the subjects with training to ensure that they have a clear 

understanding of the rules and controls of the game. We explained the game as well as the 

various keyboard and mouse operations to them. The subjects were then provided with the 

opportunity to practice playing the game by starting from level 1. Subjects completed one 

gameplay (i.e., until all blocks in Tetris stacked up fully) before starting the experiment stage. 

 

The experiment stage is comprised of two parts, the resting (baseline) state and the flow state. 

We operationalized the resting state as a baseline by having the subject look at a small cross on a 

blank screen of the same color as the background of the game used in the experiment. The 

subjects were asked to stay calm and relaxed during the resting state, which lasted for 60 seconds. 

After that, we asked subjects to play the Tetris game at level 5 without giving them any time 

limit. From our pilot study, it was found that starting at level 5 is a good way to elicit flow in the 

game. The game level continued to increase as subjects played the game and increased their 

skills in playing the game. 

 

 
1 For more information of the EEG system, refer to http://www.cognionics.com. 
2 More details of the game can be found at https://en.wikipedia.org/wiki/Tetris. 
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After completing the gameplay, the subjects proceeded to the post-experiment stage to complete 

a retrospective process-tracing that helps identify the time segments in which subjects 

experienced flow during the experiment stage. During retrospective process-tracing, the subjects 

viewed a video recording of their gameplay while talking out loud to articulate and verbalize 

their emotional state and user experience corresponding to the gameplay. The best 30-second 

segment of their flow experience was identified and compared with the most stable 30-second 

segment of their resting condition, which served as a baseline for the data analysis. 

 

5. Data Collection and Analysis 
We have collected and are analyzing the data from 44 subjects. The EEG data comprise a mix of 

task-related and unrelated signals, noise, and artifacts caused by movements such as eye-blinks 

and head movements. Thus, after the EEG time series data were extracted from the device, we 

applied several procedures to remove artifacts. Specifically, independent component analysis 

(ICA) was performed in a semi-automatic mode to remove the noise, eye-blinks, and 

eye-movements. Further, infinite impulse response (IIR) filters [i.e., low pass (1Hz), high pass 

(50Hz), and notch (60Hz) filters] were applied to separate and remove the task irrelevant signals 

from task relevant signals. By doing so, data were cleansed and artifacts due to muscular 

movement, noise, eye movements, and eye blinks were removed. The cleansed time series data 

were then converted to the frequency domain through a fast Fourier transformation (FFT). The 

mean values of EEG power in different frequency bands and at different brain regions were 

calculated to identify the EEG correlates of the flow state and compared to the baseline (i.e., 

neutral state). We will report the results at the conference. 

 

6. Expected Contributions and Conclusion 
This study analyzes brain activity in the flow state. The findings have implications for HCI 

research and design in which assessing real-time flow experience is critical. This research also 

contributes toward a better understanding of EEG correlates of flow experience in HCI. Results 

of this research can offer guidance to researchers and designers in utilizing EEG for assessing 

user experience in real-time and in understanding the effects of different game design elements 

and interfaces (e.g., gamification features) on the flow state of users. Given that the current 

literature does not offer strong or consistent empirical evidence on EEG correlates of the state of 

flow, this research contributes to the overall effort in the research community by resolving 

inconsistencies in the literature and offering a more in-depth understanding of the flow 

phenomenon from a neuropsychophysiological perspective. 
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Abstract 

 
Strategic sellers on some online platforms have recently been using a conditional-rebate strategy 
to manipulate product reviews under which only purchasing consumers who post positive reviews 
online are eligible to redeem the rebate. We develop a micro-behavioral model capturing 
consumers’ review-sharing benefit, review-posting cost, and moral cost of lying to examine the 
seller’s optimal pricing and rebate decisions. We derive three equilibria: the no-rebate, organic-
review equilibrium; the low-rebate, boosted-authentic-review equilibrium; and the high-rebate, 
partially-fake-review equilibrium. We find that the seller’s optimal price and rebate decisions 
critically depend on both the review-posting and moral costs. Our results suggest that it is not 
always profitable for strategic sellers to adopt the conditional-rebate strategy. The conditional-
rebate strategy does not always result in fake reviews, and it does not always hurt consumer 
surplus or social welfare. Our study sheds new light on the platform-policy debate about the fake-
review phenomenon induced by conditional rebates. 
 
Keywords: Online reviews, Fake reviews, Review manipulation 
 

1. Introduction 
Online reviews have been well documented as an important information source for consumers’ 
purchase decisions. Sellers often offer various incentives to encourage consumers to post reviews 
online. For example, after a consumer shops at Home Depot, the consumer is often invited to write 
reviews with the promise that he/she will have a chance to draw a lottery for some prize (e.g., an 
iPad), and Best Buy offers 25 reward points ($0.50 monetary value) to consumers who write 
reviews. In recent years, a new approach to encourage reviews has emerged. On Taobao.com, the 
leading online trading platform in China, many sellers offer purchasing consumers rebates 
redeemable only if the consumers post positive reviews online. This conditional-rebate strategy is 
different from the typical unconditional-rebate strategy because in some sense sellers bribe buyers 
for positive reviews rather than simply expanding the review pool using monetary incentives. 
 
A typical conditional-rebate strategy on Taobao.com works as follows. When a buyer places an 
online order with a seller, the buyer is unaware of the existence or the amount of the rebate. When 
shipping the product, the seller might include a mail-in conditional rebate. The key conditions to 
redeem the rebate include leaving a five-star rating and writing reviews that meet some minimum 
length requirement. The distinctive feature of this type of rebate is that only those purchasing 
consumers who post positive reviews are eligible to redeem rebates. Once done, the consumer 
needs to take a screenshot or photo of the review and send it to the seller for verification. 
Afterwards, the rebate is honored by the seller through Alipay (a widely adopted mobile payment 
method and e-wallet). 
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Because the conditional rebates provide monetary incentives to bribe consumers for positive 
reviews, a key concern is that it can easily induce consumers to post fake reviews that might harm 
consumers and society. Recently, leading online platforms in the U.S. have developed various 
countermeasures and online-review policies to combat fake reviews. For example, Google has 
deployed a system that combines human intelligence with machine learning to detect fake reviews, 
and Amazon’s review policy clearly disallows “offering compensation or requesting compensation 
(including free or discounted products) in exchange for creating, modifying, or posting content.” 
However, strategic sellers often do not preannounce the rebate information on their web pages, 
and they bypass platform monitoring and regulation by secretly packaging the paper rebate cards 
in the same delivery as the purchased products. It is therefore very difficult for platforms and other 
consumers to distinguish manipulated from legitimate reviews. Motivated by the prevailing 
conditional-rebate practice and the incentivized-review phenomenon common on today’s e-
commerce platforms, as well as the technical challenges of detecting online-review manipulation, 
this study aims to answer the following research questions: Under what conditions do strategic 
sellers prefer the conditional-rebate strategy? Under what conditions do fake reviews arise as an 
equilibrium outcome? How do conditional rebates affect sellers’ profits, consumer surplus, and 
social welfare? 
 

2. Model 
We consider an online seller selling a product to potential consumers. We distinguish two types of 
product properties—digital attributes and nondigital attributes. Digital attributes refer to the 
attributes that can be easily communicated to and assessed by consumers through the Internet 
before purchase. Nondigital attributes refer to those that are difficult to evaluate online, which can 
be determined only by trying, inspecting, or even consuming the product. For instance, size and 
color of a product are examples of digital attributes, and how well the product fits a consumer’s 
specific setting can be an example of a nondigital attribute (e.g., whether a jacket fits a consumer’s 
figure or whether a piece of furniture fits the consumer’s room design/style). We denote  as the 
part of valuation associated with digital attributes and  as the part of valuation associated with 
nondigital attributes. A consumer’s valuation of the product is , determined by both the 
digital and nondigital attributes. 
 
We assume that before purchase, each consumer learns her digital-attribute value based on 
information provided by the seller, such as product description. In the baseline model, we assume 
consumers derive the same value  from the digital attributes; that is . In the extension, we 
allow for heterogeneity in digital-attribute value. In contrast, before purchase, consumers cannot 
exactly know their nondigital-attribute value  or its distribution, although they may have some 
expectation based on the available information such as online reviews. For ease of exposition, we 
assume that ex post  can be either high or low: Consumers derive a high value if the product fits 
their needs well; otherwise, they derive a low value. Without loss of generality, we assume the 
high value to be 2y and normalize the low value to 0; that is, 2  and Y 0, respectively. As 
a result, consumers are either satisfied or unsatisfied after their purchase. We assume that 
consumers are equally likely to be satisfied or unsatisfied. In other words, they can derive high or 
low value from the nondigital attributes with equal probability, and the expected value is . 
 
We consider a two-period model and assume an independent consumer group of size 1 in each 
period. In the first period, consumers make purchase decisions based on price and expected product 

313



 

 
 

 

valuation without online reviews. At the end of the first period, purchasing consumers make their 
review-posting decisions. In the second period, consumers observe the online reviews, based on 
which they update their expectations on the product valuation and make purchase decisions. 
 
In the first period, upon weighing the review-posting benefits and costs, satisfied consumers may 
post positive reviews about the product, and unsatisfied consumers may post negative reviews. 
One important reason for consumers to post reviews is that consumers have the desire for sharing. 
We thus assume that, on the one hand, consumers derive value  from sharing their true opinions, 
which follows a uniform distribution over [0,1]. On the other hand, consumers incur a cost 	
0  for posting reviews due to the time and effort required. Without additional incentive, whether 
a consumer posts reviews is determined by her review-sharing benefit and the review-posting cost. 
 
To motivate more consumers to post positive reviews, the seller may offer a monetary incentive. 
Following the common practice on Taobao.com, we consider that the seller gives a rebate 	
0  to each purchasing consumer who posts positive reviews online. When the rebate is zero, this 
setting reduces to the classical pricing problem. Consistent with common practice, we assume that 
the seller does not preannounce the rebate information (including the existence and amount), and 
the rebates (if any) are offered privately to buyers. Also note that this rebate is conditional on 
posting positive reviews. Although the monetary incentive naturally motivates more satisfied 
consumers to share their true opinions (i.e., provide positive reviews), the effect of this incentive 
on unsatisfied consumers is more nuanced. We assume consumers who lie would incur an intrinsic 
moral cost of lying 	 0 . Therefore, when unsatisfied consumers post positive reviews, 
although they can enjoy the rebate, they not only fail to derive the value  from sharing their true 
opinions, but also suffer from the moral cost of cheating. To focus on more general cases, we 
assume that the maximum value that consumers may derive from nondigital attributes is not too 
high (i.e., 1); otherwise, the seller would always have incentive to offer a rebate. 
 
In the second period, consumers make their purchase decisions based on their expected product 
valuation, which can be influenced by online reviews. In our baseline model, we assume that 
consumers are naïve: They do not factor in the effect of the rebate on reviews in their expectations, 
because they are unaware of the possible review manipulation at the time of purchase. We denote 

 as the perceived proportion of satisfied consumers among those who purchased the product, and 
consumers think that with probability  they will be satisfied as well (i.e., derive high value from 
the nondigital attributes). We denote  as the numbers of purchasing consumers who post 
positive.  
 
We denote  and  as the prices charged by the seller in the first and second periods, 
respectively. We denote , where i ∈ 1,2 , as the respective demand. The seller’s expected 
profit across the two periods is as follows: 

Π , , s s ,              (1) 
where the first and second terms on the right-hand side are the revenue from the purchasing 
consumers in the first and second periods, and the third term represents the cost of rebate to those 
consumers who post positive reviews. The marginal production cost is assumed to be zero. The 
seller chooses its product prices and rebate to maximize profit. 
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The timing of the game is as follows. In the first stage, the seller first announces price  in the 
absence of online reviews, and then consumers make purchases decisions based on price  and 
expected product valuation . Subsequently, the seller sends products to the consumers, 
possibly with a rebate  attached, and then consumers make their review-posting decisions, based 
on the realized nondigital-attribute value, review-sharing benefit, review-posting cost, rebate (if 
any), and moral cost. In the second period, in the presence of online reviews, the seller first 
announces price , and then consumers make purchases decisions based on price  and 
expected product valuation 2 . In each period, if the price is no greater than the expected 
valuation, consumers make purchases. 
 
3. Equilibrium Analysis 
We first can analyze consumers’ review-posting decisions. Anticipating their review-posting 
behavior, the seller maximizes its profit in Equation (1) by optimally choosing prices and rebate. 
The following proposition summarizes the optimal decisions in equilibrium.1 
 
Proposition 1. The seller’s optimal first-period price is ∗ ; the optimal second-period 
price and rebate are 

∗,

, 0 	 	 	 ̂

, 	 	 	 ̂

, 	 	 	

, ,

         (2) 

where ̂ 1 , 2 1 2  and 

2 1 	 2 1

	 2 1 ̂

	 ̂ .

                      (3) 

 
The proposition shows that the seller’s optimal second-period price and rebate decisions critically 
depend on both the moral and review-posting costs. As illustrated in Figure 1, there are three 
equilibrium rebate strategies (no rebate, low rebate, and high rebate), corresponding to three 
review outcomes (organic reviews, boosted authentic reviews, and partially fake reviews). Only 
when the moral cost is low and the review-posting cost is not too high would the seller offer a high 
rebate to both motivate more satisfied consumers to post positive reviews and induce unsatisfied 
consumers to post fake positive reviews (the high-rebate, partially-fake-review equilibrium). 
When the review-posting cost is high or when it is intermediate and the moral cost is high, the 
seller prefers to offer a low rebate to motivate more satisfied consumers to post positive reviews 
(the low-rebate, boosted-authentic-review equilibrium). When the review-posting cost is low but 
the moral cost is high, the seller prefers not to offer a rebate, resulting in organic reviews in the 
absence of any monetary incentive (the no-rebate, organic-review equilibrium). 
 
The intuition is as follows. A conditional rebate can benefit the seller by boosting consumers’ 
perceived expected valuation, but it comes with a cost. When the moral cost is high, it is very 

                                                 
1 The literature review, extensions, and proofs are omitted because of the page limit and are available upon request. 
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Figure 1. Equilibrium Rebate Decisions and Review Outcomes ( 3/4) 

 
costly to induce unsatisfied consumers to lie and post fake positive reviews. As a result, the seller 
has no incentive to bribe unsatisfied consumers but only considers motivating satisfied consumers. 
There are two distinct cases: low review-posting cost and high review-posting cost. If the review-
posting cost is low, a sizable proportion of satisfied consumers voluntarily share their true opinions 
and post positive reviews in the absence of a monetary incentive. If the seller offers a rebate, a 
large number of satisfied consumers who would otherwise have posted positive reviews without 
monetary incentive also redeem the rebate, representing a high cost to the seller. As a result, the 
seller chooses not to offer any rebate, yielding the no-rebate, organic-review equilibrium. On the 
other hand, if the review-posting cost is high, the number of consumers who voluntarily share their 
true opinion and post reviews is relatively small. Therefore, the benefit of inducing additional 
positive reviews using monetary incentives can outweigh the cost of offering the rebate. 
Consequently, the seller prefers to offer a low rebate to elicit more positive reviews from satisfied 
consumers, thus the boosted-authentic-review equilibrium. 
 
In contrast, when the moral cost is very low, unsatisfied consumers are easily induced to post fake 
positive reviews with a monetary incentive. Therefore, offering a high rebate to engage both 
satisfied and unsatisfied consumers might become a valuable option to the seller. In general, fake 
positive reviews would lead to upward bias of consumers’ perceived valuation of the nondigital 
attributes of the product, which is beneficial to the seller, especially when the valuation of the 
nondigital attributes is high. Meanwhile, satisfied consumers who would otherwise have posted 
positive reviews without monetary incentive also redeem the rebate, a high cost for the seller. In 
the presence of high valuation of the nondigital attributes, when the moral cost is very low, the 
total rebate cost can be compensated by the total benefit from the inflated positive reviews and 
consumers’ increased perceived product valuation. Thus, offering a high rebate to induce fake 
reviews is more profitable than offering no rebate. Notice that an alternative strategy is to offer a 
low rebate, and its value critically depends on the review-posting cost. As discussed, if the review-
posting cost is low, a sizable proportion of satisfied consumers who would otherwise voluntarily 
post positive reviews in the absence of any monetary incentive redeem the rebate, a high cost to 
the seller. The total benefit of inducing more positive reviews can be outweighed by the total rebate 
cost. As a result, offering a low rebate is not profitable. Therefore, if the moral cost is low and 
review-posting cost is not too high, offering a high rebate to induce fake reviews is optimal, leading 
to the high-rebate, partially-fake-review equilibrium. 
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Nevertheless, when the review-posting cost is high, offering a low rebate becomes profitable 
because the total number of organic reviews is not large and thus the total benefit of eliciting more 
reviews can outweigh the total rebate cost. The seller must trade off the high-rebate strategy against 
the low-rebate strategy. As the review-posting cost increases, the seller needs to increase the rebate 
to entice consumers to post reviews. The increase in total rebate cost under the high-rebate strategy 
is more significant than that under the low-rebate strategy because of a larger volume of rebate 
redemption in the former. As a result, when the review-posting cost increases, the seller becomes 
less likely to offer a high rebate (i.e.,  decreases in ). Further, when the review-posting cost 
is high enough, the seller gives up bribing unsatisfied consumers and only offers a low rebate to 
compensate satisfied consumers to post reviews, resulting in the low-rebate, boosted-authentic-
review equilibrium. Corollary 1 summarizes the conditions under which offering a high rebate 
cannot be an equilibrium. 
 
Corollary 1. (a) When the review-posting cost increases, the seller becomes less likely to offer a 
high rebate; (b) When the review-posting cost ̅, the seller would never offer a high rebate 
to induce unsatisfied consumers to post fake positive reviews, where 

̅
2 1 	 2/3

3 1 2 1 	 2/3.
 

 
This corollary and Proposition 1 imply that fake positive reviews can be induced by a high rebate 
in equilibrium only if the moral cost is low and the review-posting cost is not too high. To induce 
unsatisfied consumers to post fake positive reviews, the seller needs at least to offer  to 
compensate their moral and review-posting costs. Because this offer increases in review-posting 
cost, when the review-posting cost is high (even if the moral cost is low), the rebate offer can be 
high. Further, this high rebate will also be redeemed by satisfied consumers who post reviews. 
Therefore, when the review-posting cost is high enough (i.e., ̅), the cost to induce fake 
positive reviews can be too high to be justified by its benefit, and the seller has no incentive to 
offer a high rebate. Instead, a low rebate to motivate satisfied consumers to post positive reviews 
can be desirable—the high review-posting cost limits the number of unsatisfied consumers who 
post negative reviews, and thus the overall effect of additional positive reviews can be significant 
to offset the monetary incentive offered to the satisfied consumers. 
 

4. Conclusion 
Today, manipulated reviews have become a common problem and major concern on many online 
platforms. Although advanced technologies are increasingly capable of detecting accounts with 
unusual activity or fake users, strategic sellers turn to bribing legitimate users into leaving positive 
reviews by, for example, providing underhanded conditional-rebate offerings offline in the form 
of mail-in rebates. This study analyzes the seller’s optimal pricing and rebate strategies and their 
impact on consumers’ review-posting behavior and social welfare. We have the following 
important findings.  
 
First, it is not always profitable for strategic sellers to adopt the conditional-rebate strategy. Second, 
the conditional-rebate strategy does not always result in fake reviews. In our full model analysis, 
we further show that offering a conditional rebate might be socially beneficial. Our findings 
provide important new insights to inform future platform management and review policies. 
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Abstract 
Digital idea-sharing platforms (e.g., TED talks) provide rich, novel, and a variety of 
unstructured content (e.g., videos, audios, and texts) that can greatly shape people's opinions, 
creativity, and lives. In this study, we investigated how well can "influential videos" help spread 
ideas and empower innovation. We explored what aspects of the content generation process 
mostly contribute to creative outcomes. Drawing from communication theory, ideas are 
partitioned into idea content and idea delivery. Combined with creativity and communication 
theory, we learned the idea content creativity and idea delivery using the NLP algorithm (i.e., 
RoBERTa) and the proposed Visual-Audio Multi-modal Fusion Model. Extensive empirical 
analysis shows creative talk ideas convey deep thoughts, trigger increased audience’s 
open-mindedness and curiosity, and further facilitate audience creativity. Besides, speakers with 
great immediacy can build links and connections with the audience, and facilitate the audience's 
creativity, while dominating speakers facilitate persuasiveness and obedience but hurt audience 
creativity. 
Keywords: Idea-sharing digital platform, Audience innovation, Idea creativity, Idea delivery, 
NLP, Visual-Audio Multi-modal Machine Learning 
 
1. Background 
Creativity is a human capacity to generate new ideas, new approaches, and new solutions. From 
the perspective of human civilization development, creativity is identified as one of the key 
factors that drive civilization forward (Hennessey and Amabile 2010). On a more practical level, 
educators, parents, employers, and policy makers realize that it is only with creativity that we can 
address the myriad problems facing our schools and medical facilities, our cities and towns, our 
economy, our nation, and the world. Nowadays, with the rapid growth of social media and online 
learning platform, a great amount of the video-formed ideas and knowledge are available online 
and easily accessible for everyone. For example, a typical idea-sharing platform is TED Talks, 
which are influential videos that aim to spread ideas, usually in the form of short, powerful talks. 
People can easily watch the TED Talks using mobile phones on Facebook, YouTube, etc. These 
digital idea-sharing platforms provide rich, novel, and a variety of unstructured content (e.g., 
videos, audios and texts) that can greatly shape people’s opinions, creativity, lives and, 
ultimately, the world. 
 
This phenomenon naturally raises an interesting question: How well can such “influential 
videos” help spread ideas and empower innovation? More specifically, do such video-formed 
ideas shared on digital platforms empower audience creativity? If so, what aspects of the content 
generation process mostly contribute to such creative outcome? 
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Schreiber et al. (2012) argued that effective communication includes both messages composition 
and messages delivering with attention to vocal variety, articulation, and nonverbal signal. 
Following this definition, an idea can be partitioned into two parts – idea content and idea 
delivery. Both idea content and idea delivery can shape audience creativity. On the one hand, 
idea creativity encoded in content itself usually convey deep thoughts, it can stir audience’s 
curiosity and further spread creativity. For example, a talk “I let algorithms randomize my life 
for two years” shows speaker’s novel and unique experience using algorithms to make decision 
for his daily life and finally converge to deep thoughts behind it: what lies just outside your 
comfort zone? These novel opinions can indeed trigger audience’s open-mindedness and shape 
audience’s attitude. On the other hand, idea delivery which is like a knowledge conveyor belt 
also play an important role. For example, a speaker with high interactivity can build emotional 
connection with audience and further facilitate audience open-mindedness. A dominating 
speaker might facilitate persuasiveness and obedience but inhibit audience creativity. 
 
Prior studies mostly focus on the effects of culture (Shao et al. 2019), environment (McCoy and 
Evans 2002), society and education (Amabile et al. 1990; Amabile et al. 1986; Dewing 1970) on 
creativity. However, the role of video-formed ideas shared on digital platforms on audience 
creativity is still understudied. In this study, we conducted a comprehensive study to explore the 
association between video-formed ideas shared on digital platforms and audience’s creativity. 
Our study is in the context of TED Talks whose mission is to build a clearinghouse of free 
knowledge from the world’s most inspired thinkers and a community of curious souls to engage 
with ideas and each other. All TED Talk videos published between 2006 and 2017 was collected 
from TED talk channel on YouTube. Besides, the detailed comments content was also collected 
as comments encode audience’s creativity, thoughts, attitude, emotion, etc. We ended up with 
126,1939 comments for 2400 videos. The descriptive statistics of data is summarized in Table 1. 
The audience creativity was coded from comments content using textual novelty measurement. 
The idea creativity and idea delivery were coded from video. 

Table 1. Data descriptive statistics 
Variables Mean Std Min Max 

Number of views 709,753 2,342,035 5,467 37,134,984 
Number of comments 904 3515 0 117,191 

Number of likes 12,137 49,297 0 1,341,349 
Number of dislikes 554 1,815 0 40,760 

Video duration (min) 13.77 6.23 2.25 87.60 
Age 42.20 10.14 9 73 

2. Multi-modal Video Analytics to Understand Idea Creativity & Delivery 
As a first step, we define the idea creativity and idea delivery from creativity theory and 
communication theory. Drawing on the creativity theory (Ambile et al. 1996; Runco and Jaeger 
2012), we quantify the idea creativity from two dimensions – idea novelty and idea usefulness. 
As argued by (Ambile et al. 1996), a bipartite definition of creativity is required, because ideas 
that are original or unique but carry no use or meaning are perceived as weird or bizarre. 
Following nonverbal behaviors communication theory (Burgoon et al. 1990; Mehrabian 1981), 
we divide idea delivery style of speakers into three primary perceptual dimensions: immediacy, 
dominance, and relaxation. Specifically, immediacy dimension emphasis on interactivity and 
pleasantness, while the dominance signals the speaker’s power and relaxation signal to what 
extent the speaker is relaxed and has positive arousal to audience. 
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Next, to encode high-level perceptual attributes from video which is an extremely complex 
unstructured data including multi- modalities (e.g., visual, audio, text), previous studies usually 
rely on survey or human raters in the lab setting such as ads video (Baumgartner et al. 1997). 
However, these approaches are time- consuming and cannot scale up. Instead, we use a two-step 
method to encode the idea creativity and idea delivery from video data. First, we contract with 
workers through Amazon Mechanical Turk (AMT) and tag a sample of videos along 
two-dimensional idea creativity and three-dimensional idea delivery. Then we adopted the 
machine learning to train on the tagged data and make prediction for the full samples. 
Specifically, for idea content creativity prediction, we use talk content text as input, while the 
visual and audio information is not included as these two dimensions are associated with idea 
delivery rather than idea content itself. 
  
Idea content (e.g., the opinion of this talk) is directly reflected in the text information. We 
adopted an NLP algorithm – Robustly Optimized Bidirectional Encoder Representations from 
Transformers (RoBERTa) which is a transformer-based machine learning technique for natural 
language processing (NLP). The RoBERTa models are pre-trained using huge amount of text 
corpus (e.g., BooksCorpus and Wikipedia). It learns the general language representation and is 
able to perform well on any downstream task with little amount of parameter tuning process (i.e., 
fine-tuning) (Liu et al. 2019). We build on RoBERTa and conduct transfer learning to predict the 
idea creativity from talk content (e.g., text). The model comparison results for idea creativity 
prediction are summarized in Table 2. 
Table 2. Idea creativity model comparison 

Models Novelty 
MSE 

Usefulness 
MSE 

RoBERTa 0.1401 0.1179 
BERT 0.1637 0.1548 

Bi-LSTM 0.3353 0.2754 
CNN 0.4732 0.3532 

CNN-LSTM 0.4329 0.4024 
 
  
For idea delivery perceptual style prediction, we use video (i.e., a sequence of images) and audio 
as input. As suggested by non-verbal communication theory, these idea delivery perceptual 
concepts mainly associate with speakers’ kinesic (e.g., body movement, gesture, facial 
expression etc.) and vocalic cues (e.g., speaking rate, pitch variety, etc). These cues are directly 
encoded jointly using two modalities – video and audio. We built a Visual-Audio Multi-modal 
Fusion Model to predict the idea delivery based on the audio and video raw features. This model 
incorporates two separate channels: (i) a 3D Convolutional Neural Network to extract visual 
features from a sequence of images in TED Talks video; (ii) a Bidirectional-LSTM audio 
network to extract features from audio. Finally, we then conduct model-based fusion to combine 
and exchange the information from two modalities and make the final prediction. The overall 
framework is for this model is shown in Figure 1. The model comparison results for idea 
delivery prediction are summarized in Table 3. 
 
3. Empirical Analysis and Results 
We quantify the aggregated audience creativity for each talk from comments by calculating the 
average dissimilarity between comments and talk content (i.e., self-novelty) and calculating the 

Table 3. Idea delivery model comparison 
Models Immediacy 

MSE 
Dominance 
MSE 

Relaxation 
MSE 

Visual-Audio Multi 
modal Fusion Model 

0.1713 0.1285 0.1593 

RegNet+ 3D CNN 0.2141 0.2046 0.1932 
VGGish + BiLSTM 0.2464 0.1691 0.2145 
Weighted Average 
Ensemble 

0.2012 0.1503 0.1634 
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average pair-wise dissimilarity between comments (i.e., contemporaneous novelty). Besides, we 
also calculated the positive emotions (i.e., average sentiment) and engagement (i.e., average 
words in comments). Using the learned idea creativity and idea delivery from video, and 
audience creativity using textual novelty from comments, we conducted comprehensive 
empirical analysis to explore how idea creativity and idea delivery associate with audience 
creativity. The regression results are summarized in Table 4. For idea creativity, we found idea 
novelty is significantly positively associated with audience creativity. This indicates creative talk 
ideas convey deep thoughts, triggers increased audience’s open- mindedness and curiosity, and 
further spread creativity. Besides, idea usefulness is also important for facilitating audience 
creativity as usefulness can help build the connection between idea and audience, and further stir 
audience’s curiosity. In addition, we also found creative ideas can stimulate consumers’ positive 
emotional effects, and if an idea is one unit more novelty, the audience comment 3.02 more 
tokens on average.  

Note: standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
For idea delivery, we found immediacy is significantly positively associated with audience 
creativity. This indicates speakers with good immediacy can build links and connections with 
audience, and further spread creativity. Interesting, we found dominance is significantly 
negatively associated with audience creativity. This indicates speaker’s dominance might push 
the audience to follow the talk idea, and make audience less open-minded, thereby inhibiting 
audience innovative thoughts and ideas. This finding is consistent with organization science 
theory (Tost et al. 2013) that the dominating leaders might kill the team’s creativity and thus lead 
a team into poor performance. 
 
Beyond the previous perceptual dimension analysis, we further identify interpretable 11 visual 
and vocal cues. We conducted in- depth empirical analysis incorporating these cues to provide 
actionable managerial suggestions for speakers when delivering creative ideas. The regression 
results are summarized in Table 5. The previous perceptual dimension is more like the overall 
feeling and judgment from audience. These features are not very helpful in providing any 
actionable suggestion for speakers. We found smiling, gesture activity, body movements, voice 
quality, pitch variety are significantly positively associated with audience creativ- ity and 
positive emotion. As suggested by nonverbal communication theory, these behaviors can 
increase general perceptions of speaker’s sociability, character, composure and competence 
(Burgoon et al. 1990). Such behaviors can build connection with au- dience, and thus spread the 

Table 4. The effects of idea creativity and idea delivery on audience creativity, positive emotion and engagement 

Variables 
(1) 

Self-novelty 
(2) 

Contemporaneous novelty 
(3) 

Positive emotion 
(4) 

engagement 
Idea novelty 0.0389*** (0.00468) 0.0621*** (0.00819) 0.0565*** (0.0156) 3.566*** (0.728) 

     
Idea usefulness 0.0118*** (0.00371) 0.0190*** (0.00648) 0.00656 (0.0124) 0.613 (0.576) 

     
Immediacy 0.0278*** (0.00558) 0.0425*** (0.00975) 0.0219 (0.0186) 1.808** (0.867) 

     
Dominance -0.0145*** (0.00543) -0.0162* (0.00949) -0.0404** (0.0181) -1.377 (0.844) 

     
Relaxation 0.00395 (0.00512) 0.00419 (0.00895) 0.0381** (0.0171) -0.0107 (0.796) 

     
Constant 0.985*** (0.0531) 0.955*** (0.0929) 0.755*** (0.177) 8.956 (8.257) 

     
Control variables     

Talk category Yes Yes Yes Yes 
Duration, uploaded time Yes Yes Yes Yes 

#View,#like Yes Yes Yes Yes 
Speaker gender, age, ethnicity Yes Yes Yes Yes 

Observations 2400 2400 2400 2400 
R-squared 0.244 0.279 0.175 0.131 
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creativity. Interesting, we found speaking rate and pitch are significantly negatively associated 
with audience creativity, positive emotion and engagement. Most previous communication 
studies concluded that rapid speaking and high pitch is perceived as more dominant and dynamic 
(Addington 1971; Brown et al. 1973) and enhances competency based as- sessments and 
facilitate persuasiveness. However, in our setting, the rapid speaking and high pitch might 
facilitate persuasiveness and obedience but hurt audience creativity. This finding suggested when 
delivering creative ideas, the speakers should lower their speaking rate and pitch to provide 
enough space for audience to think deeply and create. 

Note: standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 

4. Implication 
Our study has substantial implications for educator and social media content creators. For 
educators, our study suggests the instructors to use more creative content such as creative case 
study or creative opinion in class to facilitate students’ creativity. Be- sides, instructor might 
decrease their dominance such as lower speaking rate and pitch to reduce the students’ obedience 
and make students more open-minded. This has a profound impact on the long-term success (e.g., 
career success) of students. Teaching is regarded as “disciplined improvisation performance”. So 
more gesture activity, body movement, smiling, and more pitch variety is necessary to build 
connection with students and facilitate students’ curiosity. This can largely improve teaching 
performance. 
 

Table 5. The effects of speakers visual and vocal cues on audience creativity, positive emotion and engagement 

Variables (1) 
Self-novelty 

(2) 
Contemporaneous novelty 

(3) 
Positive emotion 

(4) 
engagement 

Idea novelty 0.0315*** (0.00444) 0.0510*** (0.00789) 0.0449*** (0.0153) 2.992*** (0.727) 
     

Idea usefulness 0.00810** (0.00346) 0.0131** (0.00614) -0.00311 (0.0119) 0.224 (0.565) 
     

Immediacy 0.0242*** (0.00548) 0.0367*** (0.00973) 0.0262 (0.0189) 1.783** (0.896) 
     

Dominance -0.0188*** (0.00516) -0.0231** (0.00916) -0.0466*** (0.0178) -1.620* (0.844) 
     

Relaxation 0.00251 (0.00483) 0.00108 (0.00857) 0.0312* (0.0167) -0.239 (0.789) 
     

Smile 0.00871* (0.00479) 0.0145* (0.00851) 0.0384** (0.0165) 1.104 (0.784) 
     

Gesture activity 0.00434*** (0.000845) 0.00540*** (0.00150) 0.0102*** (0.00292) 0.335** (0.138) 
     

Body movement 0.00190*** (0.000424) 0.00313*** (0.000753) 0.00243* (0.00146) 0.186*** (0.0694) 
     

Head activity -0.000107 (0.000434) 0.000211 (0.000770) 0.000178 (0.00150) -0.0335 (0.0710) 
     

Speaking rate -0.0160*** (0.00438) -0.0319*** (0.00778) -0.0623*** (0.0151) -2.631*** (0.717) 
     

Jitter -0.762*** (0.238) -0.987** (0.422) 0.863 (0.821) 10.57 (38.91) 
     

LogHNR 0.00157*** (0.000425) 0.00221*** (0.000755) 0.00316** (0.00147) 0.151** (0.0696) 
     

Pitch -0.000782*** (0.000195) -0.00118*** (0.000346) -0.00160** (0.000672) -0.0914*** (0.0319) 
     

Pitch variety 0.00133*** (0.000270) 0.00193*** (0.000480) 0.00298*** (0.000933) 0.164*** (0.0442) 
     

Loudness 0.0323 (0.0215) 0.0154 (0.0381) 0.118 (0.0741) 3.424 (3.513) 
     

Loudness variety 0.0476 (0.0339) 0.154** (0.0602) 0.196* (0.117) 5.326 (5.548) 
     

Constant 1.058*** (0.0616) 1.072*** (0.109) 0.709*** (0.212) 12.24 (10.07) 
     

Control variables     
Talk category Yes Yes Yes Yes 

Duration, uploaded time Yes Yes Yes Yes 
#View,#like Yes Yes Yes Yes 

Speaker gender, age, 
ethnicity 

Yes Yes Yes Yes 

Observations 2400 2400 2400 2400 
R-squared 0.358 0.369 0.250 0.183 
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For social media content creators, our study suggests them to create more novel content to attract 
viewers as novel content can make audience happier and more engaged in general. Moreover, the 
content should also be useful to audience, the content that is only novel but carry no use for 
audience might have low engagement and positive emotion. Besides, using more gestures 
activities, body movement, smiling can make viewers’ more open-minded and engaged in 
content consuming. This might benefit the long-term consuming. 
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