
 

 

Essays on the Management of Online Platforms: Bayesian Perspectives 

 

Debjit Gupta 

 

 

Dissertation submitted to the faculty of the Virginia Polytechnic Institute and State 

University in partial fulfillment of the requirements for the degree of 

 

Doctor of Philosophy 

In 

Business, Marketing 

 

 

 

 

 

Chakravarti, Dipankar, (Co-Chair) 

Jiang, Juncai, (Co-Chair) 

Herr, Paul M. 

Pandelaere, Mario 

Xie, Ying 

 

 

July 15, 2020 

Blacksburg, Virginia 

 

Keywords: Platforms, User-generated content (UGC), Crowdsourcing Contest, 

Matchmaking Platforms, Empirical Matching Model, Decision-calculus. 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright 2020, Debjit Gupta 

 

 

 

 

 



 

Essays on the Management of Online Platforms: Bayesian Perspectives 

 

Debjit Gupta 

 

ABSTRACT 

 

 

This dissertation presents three essays that focus on various aspects pertaining to 

the management of online platforms, defined as “digital services that facilitate interactions 

between two or more distinct, but interdependent sets of users (whether firms or 

individuals) who interact through the service via the Internet” (OECD, 2019). The 

interactions benefit both the users and the platform. Managing online platforms involves 

developing strategies for one or more of three value adding functions: (a) lowering search 

costs for the parties connecting through the platform, (b) providing a technology 

infrastructure that facilitates transactions at scale by sharing both demand and supply side 

costs; and (c) locating other audiences or consumers for the output that results from the 

transaction. The platform manager must manage these value adding functions. Thus, one 

important management task is to recognize potential asymmetries in the economic and/or 

psychological motivations of the transacting parties connected through the platform. In this 

dissertation, I empirically examine these issues in greater detail.  

 

The first essay, “Incentivizing User-Generated Content—A Double-Edged Sword: 

Evidence from Field Data and a Controlled Experiment,” addresses the conundrum faced 

by online platform managers interested in crowdsourcing user-generated content (UGC) in 

prosocial contexts. The dilemma stems from the fact that offering monetary incentives to 

stimulate UGC contributions also has a damping effect on peer approval, which is an 

important source of non-monetary recognition valued by UGC contributors in prosocial 

contexts. 

 

The second essay, “Matching and Making in Matchmaking Platforms: A Structural 

Analysis,” examines matchmaking platforms, focusing specifically on the problem of 

misaligned incentives between the platform and the agents. Based on data from the 

Ultimate Fighting Championship (UFC) on fighter characteristics, and pay-per-view 

revenues associated with specific bouts, we identify the potential for conflicts of interest 

and examine strategies that may be used to mitigate such problems. 

 

The third essay, “Matching and Making in Matching Markets: A Managerial 

Decision Calculus,” extends the empirical model and analytical work to a class of 

commonly encountered one-sided matching market problems. It provides the conceptual 

outline of a decision calculus that allows managers to explore the revenue and profitability 

implications of adaptive changes to the tier structures and matching algorithms. 

 

 

 

 

 



 

Essays on the Management of Online Platforms: Bayesian Perspectives 

 

Debjit Gupta 

 

GENERAL AUDIENCE ABSTRACT 

 

The 21st century has witnessed the rise of the platform economy. Consumers 

routinely interact with online platforms ways in their day to day activities. For instance, 

they interact with platforms such as Quora, StackOverflow, Uber, and Airbnb to name only 

a few. Such platforms address a variety of needs starting from providing users with answers 

to a variety of questions to matching them with a range of service providers (e.g., for travel 

and dining needs). However, the rapid growth of the platform economy has created a 

knowledge gap for both consumers and platforms. The three essays in this dissertation 

attempt to contribute to the literature in this area. 

 

The first essay, “Incentivizing User-Generated Content—A Double-Edged Sword: 

Evidence from Field Data and a Controlled Experiment,” examines how crowdsourcing 

contests influence the quantity and quality of user-generated content (UGC). Analyzing 

data from the popular question & answer website Quora, we find that offering monetary 

incentives to stimulate UGC contributions increases contributions but also has a 

simultaneous damping effect on peer endorsement, which is an important source of non-

monetary recognition for UGC contributors in prosocial contexts. 

 

The second essay, “Matching and Making in Matchmaking Platforms: A Structural 

Analysis,” examines matchmaking platforms, focusing on the problem of misaligned 

incentives between the platform and the agents. Based on data from the Ultimate Fighting 

Championship (UFC) on fighter characteristics, and pay-per-view revenues associated with 

specific bouts, we identify the potential for conflicts of interest and examine strategies that 

may be used to mitigate such problems. 

 

The third essay, “Matching and Making in Matching Markets: A Managerial 

Decision Calculus,” extends the empirical model and analytical work to a class of 

commonly encountered one-sided matching market problems. It provides the conceptual 

outline of a decision calculus that allows managers to explore the revenue and profitability 

implications of adaptive changes to the tier structures and matching algorithms. 
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Chapter 1 : General Introduction 
 

 

1.1. Background 

 

This dissertation presents three essays that focus on various aspects pertaining to the 

management of online platforms. The term “online platform” is both popular and indiscriminately 

used in contemporary digital transformation contexts. Although “online” has a widely shared and 

self-evident meaning (information access and transfer via computer and communication 

technologies that engage the Internet), the term “platform” can mean different things to different 

people. For software developers, the term may imply a family of interfaces and technologies that 

allow a broad user base to create task performance architectures. For e-commerce vendors, a 

platform is akin to a marketplace or forum where buyers and sellers can transact, exchanging 

information, goods, and services. In the context of regulatory policy, the term “platform” may be 

used to circumscribe intellectual property, protect privacy, restrict data access, or designate the 

ambit of specific commercial laws. 

 

1.2. Online Platforms 
 

In this dissertation, we focus on online platforms as “digital services that facilitate 

interactions between two or more distinct, but interdependent sets of users (whether firms or 

individuals) who interact through the service via the Internet” (OECD, 2019). The interactions 

benefit both the users and the platform. The definition excludes advertising platforms where buyers 

may see seller communication, but where transactions take place outside the platform directly 

between the buyer and the seller. In contrast, an online platform plays an intermediary role that 

facilitates transactions between the user groups that are connected through it. Examples of online 

platforms include Q&A sites (e.g., Quora); dating clubs (e.g., match.com); online intermediaries 
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(e.g., eBay), and mixed martial arts sites (e.g., UFC – Ultimate Fighting Championship). These 

are only a few of the many online platforms spawned by the Internet that are creating beneficial, 

multi-directional exchanges between parties that hitherto could not interact at cost-efficient scales. 

Managing online platforms involves developing strategies for one or more of three value 

adding functions: (a) lowering search costs for the parties connecting through the platform, (b) 

providing a technology infrastructure that facilitates transactions at scale by sharing both demand 

and supply side costs; and (c) locating other audiences or consumers for the output that results 

from the transactions. The viability of an online platform’s business model rests on extracting 

some of the surplus that accrues to the parties via functions (a) and (b) or by participating in the 

revenue streams that may flow from the consumers (audiences) it creates. Thus, a Q&A platform 

such as Quora connects a community of information users who may play both information seeker 

and contributor roles. 

Whereas Quora plays only a facilitator role for information users, other online platforms 

go beyond providing connectivity and help create markets in which they create matches across 

distinct groups of users that are connected through it (e.g., Rochet and Tirole 2003). Such markets 

are termed “one-sided” when the match involves members of a single group of users (e.g., the 

fighter pairing created by a platform such as UFC). Multi-sided matching involves matches across 

two or more distinct user groups or entities. Thus, an online dating platform that matches 

heterosexual men and women offers two-sided matching (whereas a platform serving gay men 

offers one-sided matching). A multi-sided platform such as eBay reduces search costs by 

connecting buyers and sellers, saves shared transaction costs, e.g., by offering credit card 

payments, and creates audiences (customers) for advertisers (sellers). 
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1.3. Managing Online Platforms   

 

From a pragmatic business standpoint, the platform manager must manage these value 

adding functions. Thus, one important management task is to recognize potential asymmetries in 

the economic and/or psychological motivations of the transacting parties connected through the 

platform. Typically, this involves determining tangible or intangible incentive (pricing) structures 

that resolve asymmetries in the costs of creating and consuming value. For example, in user-

generated content (UGC) supported platforms such as Quora, contributing UGC is cost intensive, 

whereas users can garner benefits by free-riding on contributors’ efforts. The platform manager 

must then assess the pros and cons of offering incentives for content creation.  

 In other cases, the platform manager must also recognize and allow for potential conflicts 

of interest that may exist between the interests of the transacting parties and that of the platform. 

For example, fighters on the UFC platform prefer to match with opponents with lower weights. 

However, viewership increases when fighters in the bouts are heavier relative to other fighters in 

the same weight class. This can result in sub-optimized profits for the UFC from other audiences 

than attend the fights or watch them on pay-per-view (PPV). Such situations may be difficult for 

the platform manager to assess without sophisticated empirical analysis of operational data. 

Moreover, resolving such problems may involve using such analyses to consider counterfactual 

scenarios to help identify managerial actions that improve on current performance. 

 The three essays in this dissertation examine the online platform management issues 

discussed above. The first essay, “Incentivizing User-Generated Content: A Double-Edged Sword 

Evidence from Field Data and a Controlled Experiment,” addresses the conundrum faced by online 

platform managers interested in crowdsourcing user-generated content (UGC) in prosocial 

contexts. The dilemma stems from the fact that offering monetary incentives to stimulate UGC 
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contributions also has a damping effect on peer approval, which is an important source of non-

monetary recognition in prosocial contexts. The second essay, “Matching and Making in 

Matchmaking Platforms: A Structural Analysis,” examines matchmaking platforms, focusing on 

the problem of misaligned incentives between the platform and the agents. Based on data from the 

Ultimate Fighting Championship (UFC) on fighter characteristics, and pay-per-view revenues 

associated with specific bouts, we identify the potential for conflicts of interest and examine 

strategies that may be used to mitigate such problems. The third essay, “Matching and Making in 

Matching Markets: A Managerial Decision Calculus,” extends the empirical model and analytical 

work to a class of commonly encountered one-sided matching market problems. It provides the 

conceptual outline of a decision calculus that allows managers to explore the revenue and 

profitability implications of adaptive changes to the tier structures and matching algorithms.  

 

1.4. Overview of the Dissertation 

 

 The primary goal of this dissertation is to provide empirically based insights into issues 

related to the management of online platforms. The research is expected to contribute to the 

academic literature on the topic and also provide pragmatic guidelines for practitioners.  This 

section provides a detailed overview of the three essays that comprise this dissertation.  

 

1.4.1. Essay 1 

 

 The first essay, “Incentivizing User-Generated Content—A Double-Edged Sword: 

Converging Evidence from Field Data and a Controlled Experiment,” examines how monetary 

incentives in crowdsourcing contests impact the quantity and quality of user-generated content. 

We used custom compiled field data from the popular Q&A website Quora, which allowed direct 

comparison of the effects of different levels of platform-provided monetary incentives (versus no 
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incentive). We also examined non-monetary incentives (peer appreciation in the form of likes or 

upvotes). Analyses of the field data show that although incentivizing contests raise user 

contribution levels (both answer quantity and quality), higher incentives have little incremental 

effect. Interestingly, peer users are less likely to endorse answers written for questions supported 

(versus not supported) by monetary incentives. The data show that monetary incentives have an 

inverted-U effect: answers to questions offering mid-range incentives receive the most peer upvote 

(equivalent to no incentive), whereas lower and higher incentives received fewer upvotes. 

We followed up with a controlled experiment to understand better what drives the observed 

pattern of effects. The study manipulated answer quality as well monetary incentives at different 

levels (including zero) in a fictitious Quora-like environment. Peer upvote levels were high for 

higher quality answers and did not vary by incentive level. However, for answers of moderate or 

low quality, peer upvotes again showed an inverted-U relationship to the level of monetary 

incentives. Answers to questions offering mid-range incentives receive the most peer upvote (equal 

to uncompensated answers), but lower and higher incentives received fewer upvotes. The findings 

suggest that monetary incentives may create perceptions of “tainted altruism” and should be used 

with caution in efforts to generate UGC in pro-social contexts. Taken together, the field data and 

controlled experiment confirm that although monetary incentives can stimulate more and better 

contributions from platform users, incentivized answers are less likely to receive positive peer 

feedback. This may have a damping effect on contributions from platform users who are motivated 

by social reinforcement and peer recognition. 

 

1.4.2. Essay 2 

 

The second essay, “Matching and Making in Matchmaking Platforms: A Structural 

Analysis,” examines matchmaking platforms which help users reach bilateral agreements and 
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engage in mutually beneficial interactions. However, since users have the freedom of choice in 

forming matches, it is unclear if this matching process will align with the platforms’ goals. Hence, 

we empirically examine the potential for misaligned incentives between the matching users and 

the market making platforms. Moreover, we consider whether the mechanism designs of a 

matchmaking platform could help align these competing incentives.  

We estimate a structural model using a dataset from the Ultimate Fighting Championship 

(UFC). The UFC fighters (users) have free choice in pairing up to form bouts. As the 

matchmaking platform, UFC relies on pay-per-view (PPV) subscriptions as its major revenue 

source. Our model thus involves two stages. First, the bout outcomes are modeled as a one-sided 

matching process, and second, UFC’s revenues from PPV viewership are determined based on 

multiple factors. We link the two stages through correlated error terms. This enables us to address 

the bias that results from the endogenous matching process.  

Our analysis shows evidence of misaligned incentives in matching and making. 

Specifically, fighters’ weigh-in weights, relative to their weight tier drive both matching and 

making but with conflicting impact for fighters versus the platform. Fighters prefer to match with 

opponents with lower weigh-in weights. However, viewers are more likely to subscribe to PPV 

(a) higher the relative weigh-in weights of two fighters); (b) the higher the standard deviation of 

the weigh-in weights of the two fighters. Furthermore, PPV viewership is positively associated 

with the average number of bouts of two fighters and the average percentage of matches won by 

submission and negatively by the variance in the percentage of matches won through submission. 

Overall, while viewers prefer bouts by fighters who weigh more within the weight class, this 

negatively impacts the likelihood of matching between two UFC fighters. 
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These empirical results reveal the potential for misaligned incentives that create conflicts 

of interest between “matching” and “making.” Using the model estimates, we run counterfactual 

experiments on mechanisms that might resolve such conflicts of interest. In the first counterfactual 

experiment, we propose a matchmaking algorithm that maximizes UFC’s profit under different 

allocation regimes. If the UFC adopts a centralized allocation regime (i.e., assumes full control 

over bout composition), our matchmaking algorithm improves performance in all but 4 of 143 

events and boosts PPV viewership by 156.3%. In a second counterfactual experiment, we examine 

how to design alternative tiered systems that may align competing incentives (Wang and Haruvy, 

2013). The UFC’s tier structure groups fighters of similar weights who may form bouts - those in 

different tiers may not. The UFC can restructure its tiers to change the mix of fighters in a tier, 

impacting the matching process and hence PPV revenues. Thus, our analysis suggests that UFC 

could garner 19% higher PPV profits by merging the middleweight and light heavyweight tiers. 

Although our empirical focus was on the UFC, our two-stage structural model can be 

readily adapted to evaluate incentive alignment for parties on other matchmaking platforms. To 

our knowledge, our analysis is the first to offer empirical evidence of conflict of interest in 

matchmaking platforms. Finally, we speak to mechanism design issues for matchmaking 

platform, to help resolve incentive misalignment problems. 

 

1.4.3. Essay 3 

 

The third essay, “Matching and Making in Matching Markets: A Managerial Decision 

Calculus,” extends the model and analytical approach to a class of commonly encountered one-

sided matching market problems (e.g., online games). It provides the conceptual outline of a 

decision calculus that allows managers to explore the revenue and profitability implications of 

adaptive changes to the tier structures and matching algorithms. When ample pertinent data are 



8 

 

available, the empirical methods in Essay 2 are readily implemented. However, if data are sparse, 

or when disruptive changes warrant reconfiguration, managers may use judgmental data (along 

with empirical data) to parameterize the matching model structure.  

In this essay we outline the conceptual basis of a decision calculus that allows platform 

managers to (a) express judgmental inputs based on tacit substantive knowledge; (b) provide the 

parameter estimation algorithms within a Bayesian framework and (c) explore the revenue and 

profitability implications of adaptive changes to the tier structures and matching algorithms. Thus, 

a UFC platform manager may use this framework in situations when new fighters are recruited 

and/or existing fighters retire or quit the platform making decision by examining the effect of  

fighter entry/exit on the matching process and platform outcomes. A platform manager may also 

engage this framework as a shared decision-making tool, by supporting fighters in changing their 

tier category by exploring impacts on the matching process and platform outcomes. Finally, the 

framework may encourage platform managers to explore the platform profitability impact of other 

structural and policy changes (e.g., incentivizing profitable bouts through side payments) on the 

basis of available empirical data and subjective managerial judgment. 

 

1.5. Summary 

 

This opening chapter motivates this dissertation research that presents three essays that 

focus on various aspects pertaining to the management of online platforms. In chapters 2, 3 and 4, 

we present the three essays described above as stand-alone research papers. However, we note the 

strong linkage between Essays 2 and 3, the former describing the empirical work on incentive 

alignment in one-sided matching markets and the latter that describes a decision calculus to support 

managers in prospective decision making to guide platform structure and policy decisions. 
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Chapter 2  : Incentivizing User-Generated Content—A Double-Edged 

Sword: Evidence from Field Data and a Controlled Experiment 
 

 

2.1. Introduction 
 

User-generated content (UGC) refers to a broad set of online content created by the 

members of an online community in order to share information and opinions with others (Tirunillai 

and Tellis 2012). UGC created for peer-to-peer communication comes in many varieties (e.g., 

wikis, blogs, reviews, podcasts, query databases, forums, social media communities, etc.) and may 

include text, audio, and visual material (Tang, Fang, and Wang 2014). The emergence of Web 2.0 

has greatly facilitated the creation, dissemination, and consumption of UGC. For example, as of 

June 2020, English Wikipedia users made over 700 daily contributions to the inventory of over 6.1 

million articles (Wikipedia Statistics 2020), and the number of daily active Snapchat users stood 

at 229 million (Statista 2020).  

The motivation to contribute UGC may be intrinsic (altruistic) or stimulated by tangible 

incentives (monetary or social). However, like other public goods, UGC suffers from “free riding.” 

Even though the beneficiaries are many, the onus of supporting such platforms falls on just a few 

users (Burtch et al. 2017; Dellarocas 2003; Gallus 2017; Goes, Guo, and Lin 2016; Hashim and 

Bockstedt 2014). Only a small proportion of users invest effort in creating UGC— the vast 

majority access UGC free of cost (Horowitz 2006; Nielsen 2006). Research suggests that the 

monotony and effort involved in creating UGC on a regular basis discourages contributions and 

encourages free riding (Kraut and Resnick 2014). Consequently, online communities often face a 

shortage of quality UGC, a problem that has forced the closure of many online platforms (e.g., 

Windows Live Spaces, Yahoo! 360o, and Beme).  
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Sustained elicitation of quality UGC contributions is critical to the survival and success of 

online platforms. Hence, many online platforms have taken to emulating crowdsourcing contests 

that can elicit a large and diverse set of inputs for the sponsor at a relatively low cost (Terwiesch 

and Xu 2008). Traditional crowdsourcing contests elicit content that is private to the sponsor (e.g., 

software code, logo design) and contributions are motivated extrinsically by sponsor-provided 

monetary incentives (cash or in-kind prizes). Contests offering monetary incentives for UGC 

attract contributions from a distributed crowd of online users and also motivate experts who may 

not have contributed otherwise (Kӧrpeoğlu and Cho 2017). In other contests, the motivation may 

be extrinsic, but the incentive is non-monetary and taps an “image motive” (Ariely, Bracha, and 

Meier 2009) whereby contributors seek sponsor and/or peer recognition for trophy value and social 

reinforcement. Finally, UGC contributions also made by altruistic users who are intrinsically 

motivated to share knowledge and information, regardless of associated rewards.  

Online platforms (e.g., Facebook, Twitter, and Instagram) have emulated traditional 

crowdsourcing contests to stimulate UGC contribution. For instance, National Geographic’s 

Wanderlust Campaign (promoted via Instagram) attracted several thousand submissions with a 

$10,000 reward for the winning entry. Wikipedia hosted the Wiki Loves Monuments contest in 

Holland in 2010 to collect free-licensed images. The contest expanded rapidly to over fifty 

countries, and also spawned an international contest. Winners earned cash (e.g., the US winner 

received $200) or in-kind prizes (the top ten international contestants received camera equipment 

worth thousands of dollars). Other online platforms (e.g., Wikipedia and Stack Overflow) have 

used “incentive hierarchies,” i.e., digital badges that reward high contribution levels. Finally, many 

online platforms also tap image motives via non-monetary incentives involving peer feedback. 

Users (as self-appointed curators) can reward quality contributions with approval signals (e.g., 
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“likes,” or “upvotes”), or sanction low quality via disapproval signals (e.g., “downvotes”). 

However, it is unclear if and how monetary incentives influence peer users’ willingness to provide 

non-monetary recognition to contributed UGC.  

Recent research has examined how incentives influence crowdsourcing participation in 

terms of submission quantity and quality. For example, Liu, Yang, Adamic, and Chen (2014) have 

examined incentive size effects in randomized field experiments. They report that while incentive 

size raised the number and quality of submissions, overall submission quality was sometimes 

negatively affected. However, it is unclear how these findings on crowdsourcing participation in 

disaggregated labor markets translate to incentive effects on UGC elicitation, where contributions 

motives may range from purely extrinsic to purely intrinsic. 

First, compensation (both monetary and non-monetary) is normal in labor markets and 

incentives (whether public or private) typically do not crowd out extrinsically motivated worker 

effort (Hossain and Li 2014). Second, crowdsourcing contests in labor markets mainly benefit 

contest sponsors who alone are privy to contributions. However, in prosocial UGC settings, not 

only are voluntary contributions the norm, but the contributed UGC is publicly available and all 

community members can serve as content curators. Even small incentives may crowd out intrinsic 

motives such as altruism (Clary et al. 1998) and lower both effort levels and quality (Gneezy, 

Maier, and Rey-Biel 2014; Gneezy and Rustichini 2000; Heyman and Ariely 2004). These ideas 

comport with the lay observation that online platforms like Topcoder (a major competitive 

software development portal) award monetary prizes to winning contestants, whereas UGC 

contributors on Wikipedia mainly receive non-monetary incentives from user peers. 

When monetary incentives for UGC are private, the quantity and quality of contributions 

from those extrinsically motivated should increase (consistent with traditional price effects). 
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However, a UGC contest that carries public monetary incentives conflicts with the self-image of 

intrinsically motivated contributors, inhibiting contributions. Also, public monetary incentives 

compromise signal value (Ariely, Bracha, and Meier 2009) for “image-motivated” UGC 

contributors inhibiting those so motivated. Moreover, content curators on UGC platforms may 

perceive the contributions as “money-driven,” and withhold the approval they would have 

provided for an identical UGC that was not “tainted” by monetary incentives. Since peer 

recognition plays a large role in engaging voluntary UGC contributions (Qiu and Kumar 2017; 

Chen, Wei, and Zhu 2018), monetary incentives can be a “double-edged sword.”  

The marketing literature is relatively sparse and somewhat equivocal about the influence 

of monetary incentives in crowdsourcing contests designed to elicit UGC. Sun and Zhu (2013) 

find that bloggers were positively incentivized by an ad-revenue sharing program. However, other 

field studies show that monetary rewards have heterogeneous effects on contribution frequency, 

moderated by social connectedness (Sun, Dong, and McIntyre 2017). These studies suggest that 

incentives’ effects on UGC contribution may be moderated by situational context, participant 

characteristics, and the nature of the incentive. At the same time, there is little research on how 

reward size impacts voluntary contributions in crowdsourcing contests designed to elicit UGC.  

The present paper empirically addresses the influence of monetary incentives in 

crowdsourcing contests designed to elicit UGC in prosocial contexts. We examine if monetary 

incentives (1) stimulate more UGC contributions; (2) increase UGC quality; and (3) influence 

content curator (peer) decisions to provide non-monetary rewards (e.g., upvotes). We also examine 

how these effects vary with incentive size. The first study is based on a field dataset that we 

collected from Quora, a popular US-based question and answer (Q&A) website. The data allow us 

to compare UGC (answers) elicited by questions offering different levels of monetary incentives 
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(“Knowledge Prize Questions” - KPQ) versus those in similar domains offering no monetary 

incentive (“Related Questions” – RQ) after controlling for calibrated differences in question 

characteristics. The second study is based on a controlled experiment in which we manipulated 

incentive level and answer quality in a set of Q&A stimuli, and examined the “upvote” responses 

of a group of participants recruited from a web panel (Amazon’s Mturk). 

We believe that this is the first paper to empirically investigate incentive effects on 

crowdsourced UGC contributions in prosocial (information sharing) contests. The field data show 

that, controlling for question characteristics, KPQs carrying monetary incentives robustly elicited 

more answers of higher quality than matching RQs, but the impacts did not vary by incentive size 

(prize amount). However, peer upvotes for contributed content showed an intriguing relationship 

to incentive level. RQ’s (related questions with no incentive) received the highest levels of 

upvotes. Interestingly, upvotes showed an inverted-U relationship with incentive level. Peer users 

provided the fewest upvotes when the KPQ incentive was $250, highest (and equal to RQs) for 

KPQ incentive of $500, but again lower when the KPQ incentive was $1000. Even after adjusting 

for differences in answer views (on upvotes per view) the KPQs with incentives of $500 and 

$1,000 did no better than the RQs, and the KPQs with $250 incentive did significantly worse. 

Thus, non-monetary recognition (via upvotes) was highest for KPQs with a $500 incentive. 

Although on average, KPQs elicited more activity and effort from contributors, they received less 

social (peer) approval than matching RQs except when the incentive level was mid-range. 

Two plausible reasons may underlie the above findings from the field data. First, a financial 

incentive may have crowded out image-motivated and intrinsically driven contributions (Ariely, 

Bracha, and Meier 2009) but attracted some “money-driven” UGC contributions of lower quality 

that were legitimately devalued by peer curators. Alternatively, peer curators may have been 
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influenced both by increases in answer quality (positively) as well as the taint of a financial 

incentive (negatively). For the $250 KPQs and the $1000 KPQs, the taint of the financial incentive 

may have dominated the answer quality effect. For the $500 KPQ, improved answer quality may 

have compensated for the taint of the financial incentive and left a net positive effect on upvotes.  

We used a controlled experiment to examine the above explanation. Participants were 

asked to indicate their willingness to provide an upvote to answers for which quality level (high, 

medium, and low) and level of financial incentive (RQ $0; and KPQ $250, $500 and $1000) were 

orthogonally manipulated. The lab study not only corroborated the evidence obtained from the 

field data, but also provided additional insights. Peer approval showed an inverted-U effect for 

answers of moderate and low quality. Answers to the RQs (not incentivized) received more 

upvotes than answers to the incentivized KPQs. UGC responding to KPQs with $500 incentives 

received the most upvotes, but were lower for KPQs carrying low ($250) or excessively high 

($1,000) financial incentives. This “taint” effect on social approval was observed for moderate and 

low-quality answers, but for high quality answers, peer approval (upvotes) was high irrespective 

of the monetary incentive level.  

The remainder of the paper is organized as follows. We first review the literature that 

provides the conceptual background for our work. Next, we describe the research context and the 

crowdsourcing dataset collated from the Quora Q&A platform. We then provide a model-free 

analysis followed by the empirical results and discuss the insights and questions that emerge from 

the field data. Next, we describe the design and procedures of the experimental studies followed 

by the results and an interpretive discussion. The concluding section provides a general discussion 

of the theoretical and managerial implications of the findings for incentive design in UGC 

crowdsourcing contests, as well as directions for future research. 



15 

 

2.2. Conceptual Background 

 

2.2.1. Incentives in Crowdsourcing Contests 

 

Several recent studies have examined how incentives influence submission quantity and 

quality in crowdsourcing contests. The findings show that individual differences, as well as project 

requirements and payment structures, influence submission quality, and contestants often behave 

strategically in efforts to soften competition (Archak 2010). Field data on crowdsourcing contests 

conform to predictions under fairly general conditions, showing that incentive response and 

contestant performance are nonlinear functions of ability. Thus, response is often negative for less 

skilled competitors, but those more skilled tend to respond positively. Two countervailing forces 

drive this result: increased competition lowers the likelihood of winning a prize, damping effort 

for the less skilled. However, for those with more skill, greater rivalry raises performance, 

increasing the probability of winning (Boudreau, Lakhani, and Menietti 2016).  

Other researchers (e.g., Liu, Yang, Adamic, and Chen 2014) conducted randomized field 

experiments examining the effects of incentive size. They report that while the number and quality 

of submissions increase with incentive size, a soft reserve (an early high-quality submission) can 

reduce participation from high quality users and lower overall submission quality. In contrast, 

Jiang, Ni, and Chen (2017) report that higher instant monetary prizes lower participation volume 

and contribution quality relative to longer-term incentives. Their results suggest that incentives 

may have a negative impact in some situations. Yet, it is unclear if and how these crowdsourcing 

findings in disaggregated labor markets translate to incentive effects on UGC contributions where 

different motives to generate and submit content may be at play. Specifically, whereas those purely 

motivated by extrinsic monetary incentives may respond positively, those seeking social approval, 

as well as those with purely intrinsic motivations, may respond less positively. In addition, these 
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monetary incentives may also affect peer users’ willingness to provide social approval, depending 

on their expectations and norms regarding contributor motivations. This would adversely affect 

non-monetary rewards. 

 

2.2.2. Incentives and Motivation in UGC Contests 

 

Compensation (both monetary and non-monetary) is normal in labor markets and 

incentives (whether public or private) typically do not crowd out extrinsically motivated worker 

effort (Hossain and Li 2014). Also, crowdsourcing contests in labor markets largely benefit the 

contest sponsors who alone are privy to the contributions. However, in UGC settings, not only are 

voluntary prosocial contributions the norm, but the contributed UGC is publicly available. Thus, 

all community members can access, read, and modify submissions and even rate submissions, 

serving as content curators. These peer ratings signal social approval of the contribution’s quality 

and have trophy value. Hence, even small incentives may crowd out intrinsic motivations such as 

altruism (Clary et al. 1998) and lower effort levels (Gneezy, Maier, and Rey-Biel 2014; Gneezy 

and Rustichini 2000; Heyman and Ariely 2004).  

When monetary incentives for UGC are private, one would expect the quantity and quality 

of contributions from those extrinsically motivated to increase. This is consistent with the price 

effect typical in labor markets. However, in UGC contests with public monetary incentives, 

intrinsically motivated content contributions may drop due to a perceived conflict with self-image. 

Also, for those motivated by image, UGC creation may lose signal value (Ariely, Bracha, and 

Meier 2009) inhibiting contributions. Finally, peer users on UGC platforms may perceive the 

contributions as mercenary and withhold the positive feedback they would have provided had the 

UGC been in response to non-monetary incentives. Thus, monetary incentives may be a “double-
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edged sword” when peer recognition plays a large role in engaging voluntary UGC contributions 

(Qiu and Kumar 2017; Chen, Wei, and Zhu 2018). 

 

2.2.3. Monetary and Non-Monetary Compensation in Optimal Reward Systems 

 

The design of optimal reward systems to induce effort in contests and tournaments has 

attracted significant economic analyses (e.g., Lazear and Rosen 1981, Rosen 1986) as well as 

empirical work. Using US and European PGA Tour data, Ehrenberg and Bognanno (1990a; 1990b) 

showed that higher monetary prizes elicit higher player performance. Kalra and Shi (2001) show 

that the optimal prize structure in salesforce contests involves multiple prize winners and rank-

ordered prizes. Lim, Ahearne, and Ham (2009) test these propositions using experiments and show 

that a contest with multiple prize winners increases salesperson effort. These results suggest that 

money is an effective extrinsic motivator in traditional contests, and multiple prizes (as opposed 

to winner take all schemes) elicit more effort. 

 

2.2.4. Monetary Incentives in UGC 

 
The role of monetary incentives in stimulating UGC is not as clear as in traditional 

crowdsourcing contests. UGC has been studied in a variety of contexts such as online ratings, 

product reviews (Burtch et al. 2017; Chevalier and Mayzlin 2006; Godes and Mayzlin 2004; Liu 

2006; Sun, Dong, and McIntyre 2017), and online platforms (Mochon et al. 2017; Sun and Zhu 

2013; Tirunillai and Tellis 2012; Toubia and Stephen 2013; Zeng and Wei 2013). Some of these 

studies examine the role of monetary incentives as extrinsic motivators of UGC when platforms 

split the revenue generated via website ads with content creators, as in ad revenue sharing programs 

(Sun and Zhu 2013; Tang, Gu, and Whinston 2012). Even though content contributions to 

YouTube are mainly driven by reputation, revenue sharing provides an added incentive for 
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generating content (Tang, Gu, and Whinston, 2012). Similarly, Sun and Zhu (2013) report that an 

ad-revenue sharing program (on the Chinese microblogging platform Sina) increased the quantity 

and quality of blog posts from participating (relative to non-participating) members. 

Other studies of the effects of fixed monetary incentives (e.g., those offered by online 

platforms such as product review sites) report mixed findings. Cabral and Li (2015) find that 

monetary incentives reduce negative feedback when transaction quality is low. However, offering 

rebates for reviews does not change the likelihood or the speed with which feedback is received. 

Burtch et al. (2017) find that although a monetary incentive elicits more reviews, these are less 

informative than those elicited by evoking social norms. Sun, Dong, and McIntyre (2017) find that 

social connectedness moderates the effect of monetary incentives on content creation: less (more) 

connected users raise (lower) their contribution levels. The findings are consistent with the 

predictions of analytic models that classify UGC contributors by both intrinsic motivation level 

and production efficiency (Liu and Feng 2016). Thus, monetary incentives can create both a 

motivational and a competitive crowding in/out process such that monetary incentives have a non-

monotonic impact on market structure, content volume, and overall content quality. 

 

2.2.5. Non-Monetary Incentives  

 

Non-monetary incentives (e.g., managerial feedback on relative performance) can produce 

enduring productivity and performance improvements in competitive settings (Blanes i Vidal and 

Nossol 2011). Similarly, feedback on relative ranking raises sales performance in retail chain 

stores (Delfgaauw et al. 2011). In UGC contexts, several studies have examined the effects of non-

monetary incentives (e.g., user votes and peer-generated digital badges) that recognize and reward 

contribution quality. In a survey of motivations for participating in open source projects, Hars and 

Ou (2002) found that peer recognition is an important participation driver. Based on a qualitative 
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analysis of the online blogging platform, MetaFilter, Silva, Goel, and Mousavidin (2008) argued 

that members assimilate peer feedback into their own identity and positive recognition increases 

the likelihood of ongoing participation.  

Recent research shows that such non-monetary incentives can effectively motivate user 

content generation. Toubia and Stephen (2013) argued that noncommercial users derive two types 

of utility (intrinsic and image-related) that drive different contribution responses to increased peer 

following. Their field experiment, conducted on Twitter, showed that while both utility types were 

at play, the impact of image-related utility was larger for most users. Chen, Wei, and Zhu (2018) 

reported that non-monetary incentives have the largest impact on low (versus high or medium) 

motivation contributors. Qiu and Kumar (2017) showed that increases in the number of 

endorsements raises both participation and prediction quality in an online prediction market. In an 

influential study, Muchnik, Aral, and Taylor (2013) show that manipulations of social influence 

have accumulative impact. Positive social influence (i.e., an upvote) accumulates, driving a 

herding process that builds reputation. In contrast, negative social influence (i.e., a downvote) is 

neutralized by crowd correction. Thus, positive social reinforcement embodied in peer recognition 

helps sustain UGC contributions. 

There may be potential pitfalls in emulating traditional crowdsourcing contests by 

providing monetary incentives in UGC generation contexts where voluntary contributions are the 

norm. Barasch, Berman, and Small (2016) showed that the viewers donate less when donation 

pitches are motivated by self-interest. Du Plessis et al. (2018) found that incentivized product 

reviews on Amazon receive lower helpfulness scores from community members. Newman and 

Cain (2014) reported that viewers evaluate pro-social actions driven by self-interest as less moral 

than analogous altruistic actions. These findings suggest that peer users and content curators in 
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online communities may withhold non-monetary incentives for contributions associated with 

monetary incentives. Thus, if peer users see monetary incentives as tainting the contributions, they 

may hold back social approval signals, and contributions of moderate or low quality may even 

receive negative feedback (e.g., downvotes). This poses an existential challenge for UGC 

platforms where social approval is a major motivator (Hars and Ou 2002). Our research provides 

new empirical insights into how using monetary incentives to stimulate UGC may affect non-

monetary incentives in the form of social approval from peer curators. 

  

2.3. Study with Field Data 

 

2.3.1. Research Context 

 

 Our empirical setting is Quora, a leading US question and answer (Q&A) website founded 

in June 2010. The website grew rapidly, and in 2016 was reportedly attracting over 100 million 

unique visitors each month (Yeung 2016). Registration on Quora is free, but required if one wants 

to ask or answer questions. Once a user asks a question, Quora creates a stand-alone question page 

on the website and makes it publicly available for users to view. Contributed answers are posted 

on the question page and users can click the “upvote” button below an answer (at most once) to 

signal approval to the author. An upvote is the primary user-awarded non-monetary incentive that 

the authors can obtain on Quora.1 The upvote button also displays the cumulative upvote count. 

Initially, Quora hosted questions without contest features. However, in January 2016, 

Quora implemented a beta feature called “Knowledge Prize Questions” (KPQs) that allowed a 

sponsor to attract contributed answers by designating “a financial prize for the best new answer” 

(Henry 2016). To establish a KPQ, the sponsor chose one of three prize levels ($250, $500, and 

 
1 Users can also click the “downvote” button, which is rarely used. Quora provides no information on downvotes.  
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$1000) and a contest duration ranging from a couple of days to a month. The prize and the duration 

were visible to all. There were no a priori criteria for winning. When the contest ended, the sponsor 

selected the winner from the list of answers and awarded the prize. Quora maintained a dedicated 

webpage for all ongoing KPQs until the KPQ feature was abandoned in Apr 2017.2 

While the KPQ feature was active, the KPQs coexisted with related questions (RQs). For 

each KPQ, Quora identified a list of RQs that were displayed prominently on the right-hand side 

of the question page. The RQs, which offered no monetary prize, were similar to the focal KPQ in 

topic and content and were automatically generated by Quora’s algorithm. For example, the KPQ, 

“What are the biggest mistakes businesses make when using Facebook for marketing?” had a 

corresponding RQ, “What is the biggest mistake content marketers make on social media?” Peer 

users may convey approval (disapproval) via the upvote (downvote) feature on answers to both 

KPQs and RQs. This unique setup, in which KPQs (with monetary incentives) co-existed with 

RQs (restricted to non-monetary incentives from peer users) allows study of the impact of different 

financial incentive levels on UGC quantity, quality and non-monetary rewards (peer approval).  

 

2.3.2. Data Details  

 

Table 2.1 provides the variable definitions. Summary statistics for each variable and the 

respective correlation matrices are presented in Appendix 1. 

 

 

 

 

 

 
2 The Quora KPQ webpage (www.quora.com/answer/prizes) became defunct after Quora removed the feature. 
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Table 2.1 Variable Definitions 

VARIABLE  DEFINITION 

 

QUESTION-LEVEL VARIABLES 

  
Q_KPQ250_DUM An effects (contrast) coded variable = 1 for a KPQ with prize of $250; -1 if RQ; and 0 otherwise. 

Q_KPQ500_DUM An effects (contrast) coded variable = 1 for a KPQ with prize of $500; -1 if RQ; and 0 otherwise. 

Q_KPQ1000_DUM An effects (contrast) coded variable = 1 for a KPQ with prize of $1000; -1 if RQ; and 0 otherwise. 

Q_ANS_CT The number of answers posted by users to a question. 

Q_COMMENT_CT The total number of comments posted by users to a question. 

Q_SHARE_CT The total number of times a question is shared through social media platforms. 

Q_TAG_CT The total number of question tags in a given question. Question tags represent the different topic or 

domain areas covered by a question.  

Q_AFTER_DUM A dummy variable = 1 if a question was launched after KPQ; 0 otherwise. 

Q_DATE_DIFF_CT The total number of days a question was active on Quora (prior to Jan 31, 2017).  

Q_VIEW_CT The total number of times a question was viewed. 

Q_INTEREST The question was interesting (vs. uninteresting). 

Q_BREADTH The question was framed broadly (vs. narrowly). 

Q_EASE The question was easy (vs. difficult). 

Q_CONCRETE The question was concrete (vs. abstract). 

Q_EXPERTISE The question needs a fair amount of expertise. 

Q_SELF_CONTRIBUTE The willingness of respondent to contribute an answer to the question. 

Q_SELF_EXPERTISE The self-stated expertise of respondent of answering the question. 

 

ANSWER-LEVEL VARIABLES 

  
A_UPVOTE_CT The total number of non-monetary incentives (upvotes) received by an answer. 

A_VIEW_CT The total number of times an answer was viewed. 

A_UPVOTE_PER_VEW The ratio of upvotes to total answer view. 

A_LINK_DUM A dummy variable = 1 if link(s) are present in an answer; 0 otherwise. 

A_VIDEO_DUM A dummy variable = 1 if video(s) are present in an answer; 0 otherwise. 

A_IMAGE_DUM A dummy variable = 1 if image(s) are present in an answer; 0 otherwise. 

A_SENT_CT The total number of sentences in an answer.  

A_WORD_CT The total number of words in an answer.  

A_CHAR_CT The total number of characters in an answer.  

A_UPDATE_DUM A dummy variable = 1 if an answer was edited by contributor; 0 otherwise. 

A_GRAMMAR_SCORE A score assigned to answers through textual analysis.  

A_RAW_SCORE = 1 – (number of grammatical errors/total number of words). 

We normalize A_RAW_SCORE to obtain A_GRAMMAR_SCORE.  

 

USER-LEVEL VARIABLES 

  
U_KNOWLEDGE_CT The total number of topics a user knows about. 

U_POST_CT The total number of posts contributed by a user in the form of blogs. 

U_QUESTION_CT The total number of questions asked by a user. 

U_FOLLOWER_CT The total number of followers of a user 

U_FOLLOWEE_CT The total number of people followed by a user. 

U_EDIT_CT The total number of edits by a user. 

U_ANSWER_CT The total number of answers written by a user. 

U_PIC_DUM A dummy variable = 1 if a user has a personalized display picture; 0 otherwise. 

U_EXPERT_DUM A dummy variable = 1 if the user is designated expert user on Quora; 0 otherwise; expert users on 

Quora are assigned Top Writer, Published Writer and Most Viewed Writer.  

U_BIO_WORD_CT The total number of words displayed in the user profile. 

 

We collected our data primarily in January 2017. First, we compiled a complete list of 159 

KPQs hosted on Quora during January–November 2016. A total of 4,740 RQs were associated 
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with these KPQs. RQs hosted more than six months prior to January 2016 were removed to avoid 

systematic differences in the Quora user base across time periods. Answers from anonymous 

authors were also eliminated for lack of identifying information. Our final sample had 1,127 

questions of which 159 were KPQs (78 KPQ250s; 44 KPQ500s and 37 KPQ1000s) and 968 were 

RQs.  Overall, a total of 7,609 users provided 11,685 answers. 

The data were captured using a web crawler that visited each question page and recorded 

information. For questions, it recorded the question text, tag (e.g., Business, Technology, etc.), 

date and time when it was added to Quora, answer page URLs, answer count, follower count, 

comment count, share count, and view count. Next, the web crawler visited each answer page and 

captured the answer text, date, and time of publication, view count, and upvote count. For author 

information, the web crawler visited the author page and recorded each author’s profile 

information including a self-reported biography and knowledge areas, platform-granted status 

badge (e.g., Top Writers, Published Writers, Most Viewed Writers), followers count, blog count, 

question count, answer count, and edit count.  

The KPQ designations and incentives reflected sponsor wishes and Quora selected the 

associated RQs. In addition, we attempted to assess and control for differences between KPQs and 

RQs on other question characteristics: (a) interesting (vs. uninteresting); (b) framed broadly (vs. 

narrowly); (c) easy (vs. difficult); (d) concrete (vs. abstract); and (e) requires expertise. A total of 

783 respondents (60% male; mean age 36; 91% with undergraduate/graduate degrees, 89% 

employed or self-employed) were recruited from Amazon Mturk for a small compensation. Each 

participant saw a mix of seven or eight KPQ and RQ questions. For each question, they indicated 

their level of disagreement/agreement (7-point Likert scale, 1= Disagree, 7 =Agree) with 

statements of the form “The question was interesting (versus uninteresting)” for the five 
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characteristics above. Two other Likert scales assessed participants’ self-ratings on (1) expertise 

to answer the question and (2) willingness to contribute an answer if they were a platform user. 

A minimum of four persons rated each (KPQ/RQ) question (a total of 5,496 evaluations 

across the various characteristics). An initial analysis showed that the ratings on each of the five 

characteristics, as well as willingness to contribute were strongly related to self-rated expertise (all 

p’s < .0001). In order to ensure that the question characteristics were based on (relatively) expert 

evaluations, we used only the 3,848 responses from individuals (three on average per question) 

whose self-rated expertise was above the median for the question. The average of these relative 

experts’ ratings was used to create a descriptor for each KPQ and RQ individually on the five 

characteristics (interesting, broad, easy, concrete, and needed expertise. These descriptor scores 

served as control variables in the empirical analyses that follow. The mean scores on these 

descriptive characteristics for each question type (RQ, KPQ250, KPQ500 and KPQ1000 are shown 

below in Table 2.2. 

 

Table 2.2 Mean Scores of Descriptors by Question Type 

 

Characteristic 

 

 

RQ KPQ25

0 

KPQ50

000 

KPQ100

0 
Interesting 5.08 5.10 5.10 5.08 

Broad 4.70 4.88 4.82 5.16 
Easy 4.67 4.49 4.45 4.36 
Concrete 5.03 4.94 5.02 4.96 
Expertise Needed 5.02 5.33 5.36 5.17 
Self-rated Expertise 4.41 4.36 4.58 4.23 
Willingness to Contribute 4.34 4.53 4.62 4.52 

 

 The question domain fixed effects (158 dummy variables representing the 159 KPQs) were 

significant for each characteristic (all p’s <.0001). Controlling for these effects, on average, the 

RQs and KPQ’s did not differ on their interest (all p’s > .85) and concreteness (all p’s > .30) scores, 
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but differed on breadth (p = .01), with KPQ1000s perceived as broader that RQs (p = .005). The 

questions also differed on ratings of ease (p <.04), with the RQs rated marginally easier than 

KPQ1000s (p = .06). Evaluations of expertise needed also differed (p <.002) with the RQs rated 

significantly lower than the three KPQs. (p <.05). The latter were not different from each other (all 

p’s > .35). The respondents providing these evaluations indicted similar self-rated expertise (p > 

.60) and willingness to contribute (p’s > .10). These scores (attached to each individual question) 

allowed controls for additional question characteristics beyond the KPQ fixed effect.  

 

2.3.3. Model Development and Results 

 

 We developed three sets of analyses that examined the impact of incentives on (a) the 

quantity of answers elicited; (b) the quality of answers; and (c) the non-monetary incentives 

(upvotes) provided by peer users. The associated models and results are described below:  

 

2.3.3.1. Incentive Impact on Answer Quantity 

 

 The dependent variable of interest here is the answer count for a question, 𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗, a 

non-negative integer that shows overdispersion (variance: 825.55 > mean: 10.38). Hence, we used 

a negative binomial regression, assuming  𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗 ~ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝜇𝑗, 𝜇𝑗 + 𝛼𝜇𝑗
2), 

where 𝜇𝑗 is the mean, 𝜇𝑗 + 𝛼𝜇𝑗
2 is the variance, and 𝛼 captures the degree of overdispersion. 

When 𝛼 > 0, the variance exceeds the mean and 𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗 is over-dispersed. We estimated the 

following model: 

(1)   

𝜇𝑗 = exp(𝛽0 + 𝛽1𝑄_𝐾𝑃𝑄250_𝐷𝑈𝑀𝑗 + 𝛽2𝑄_𝐾𝑃𝑄500_𝐷𝑈𝑀𝑗 + 𝛽3𝑄_𝐾𝑃𝑄1000_𝐷𝑈𝑀𝑗 + 𝑍𝑗𝛾), 

where 𝑄_𝐾𝑃𝑄$_𝐷𝑈𝑀𝑗 is a four-level factor indicating whether question 𝑗 is a RQ ($0) or a KPQ 

with an associated prize level ($250, $500 or $1000, respectively). We utilized a simple effects 
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(contrast) coding scheme for the incentive levels: 𝑄_𝐾𝑃𝑄250_𝐷𝑈𝑀𝑗, 𝑄_𝐾𝑃𝑄500_𝐷𝑈𝑀𝑗 and 

𝑄_𝐾𝑃𝑄1000_𝐷𝑈𝑀𝑗 are coded 1 if question 𝑗 is a KPQ with a prize level of $250, $500 and $1000, 

respectively; -1 if question 𝑗 is an RQ (Incentive =$0); and 0 otherwise.3 

We also include a set of control variables 𝑍𝑗 to account for observable question 

heterogeneity. These include the total number of views question 𝑗 received, 𝑄_𝑉𝐼𝐸𝑊_𝐶𝑇𝑗, and the 

number of comments that question 𝑗 received, 𝑄_𝐶𝑂𝑀𝑀𝐸𝑁𝑇_𝐶𝑇𝑗, as measures of question 

interest; the number of “shares” on social media platforms question 𝑗 received, 𝑄_𝑆𝐻𝐴𝑅𝐸_𝐶𝑇𝑗, as 

a measure of question popularity; and the number of tags, 𝑄_𝑇𝐴𝐺_𝐶𝑇𝑗, as a measure of question 

complexity. As additional control variables, we use the five question characteristic scores 

described earlier: interesting (vs. uninteresting), 𝑄_𝐼𝑁𝑇𝐸𝑅𝐸𝑆𝑇𝑗; framed broadly (vs. narrowly), 

𝑄_𝐵𝑅𝐸𝐴𝐷𝑇𝐻𝑗; easy (vs. difficult), 𝑄_𝐸𝐴𝑆𝐸𝑗; concrete (vs. abstract), 𝑄_𝐶𝑂𝑁𝐶𝑅𝐸𝑇𝐸𝑗; and, 

finally, expertise needed, 𝑄_𝐸𝑋𝑃𝐸𝑅𝑇𝐼𝑆𝐸𝑗. In order to control for the variation in the Quora user 

base and user interest, the model also included the difference between the base date (Jan 31st 2017) 

and the publication date for question 𝑗, 𝑄_𝐷𝐴𝑇𝐸_𝐶𝑇𝑗, as well as an indicator for whether the RQ 

was published after the corresponding KPQ, 𝑄_𝐴𝐹𝑇𝐸𝑅_𝐷𝑈𝑀𝑗. Finally, we control for 

unobservable topic and question heterogeneity by including a question fixed-effects dummy 

variable for each KPQ and its corresponding RQs.4 

 

 

 

 
3 For example, if question 𝑗 is a KPQ with a prize level of $500, 𝑄_𝐾𝑃𝑄250_𝐷𝑈𝑀𝑗 = 0, 𝑄_𝐾𝑃𝑄500_𝐷𝑈𝑀𝑗  = 1, and 

𝑄_𝐾𝑃𝑄1000_𝐷𝑈𝑀𝑗= 0; if question 𝑗 is an RQ, 𝑄_𝐾𝑃𝑄250_𝐷𝑈𝑀𝑗 = -1, 𝑄_𝐾𝑃𝑄500_𝐷𝑈𝑀𝑗 = -1, and 

𝑄_𝐾𝑃𝑄1000_𝐷𝑈𝑀𝑗 = -1. 
4 We assign a single dummy to categorize such group of questions involving a KPQ and associated RQs. This gives 

us 158 unique question domain dummies. These dummies capture question-level heterogeneity.  
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Table 2.3 Negative Binomial Regression on Answer Count 

Dependent Variable Q_ANS_CT 

Independent Variable 
Coefficient 

(SE) 

Q_KPQ250_DUM 
0.29*** 

(0.05) 

Q_KPQ500_DUM 
0.26*** 

(0.06) 

Q_KPQ1000_DUM 
0.14** 

(0.07) 

CONTROL VARIABLE YES 

KPQ FIXED EFFECTS YES 

Α 
0.11*** 

(0.01) 

-LL 2,525 

AIC 5,399 

# of OBSERVATION 1,127 

Note: *** p<.01; ** p<.05; * p<.10. 

Refer to Appendix 2 for complete table. 

 

The model estimates are presented in Table 2.3. The model coefficients show that the total 

number of answers to a question is positively related to the counts of question comments, share 

and question view, respectively. More importantly, the effects coded KPQ dummies are all positive 

and significant (KPQ250 = 0.29, p < .01; KPQ500= 0.26, p < .01; and KPQ1000 = 0.14, p < .05). 

Thus, the RQ coefficient is = -0.69.5 We next quantify the impact of monetary incentives on answer 

quantity. Relative to RQs, KPQs with base prizes of $250 show a participation increase of 166% 

while KPQs with $500 and $1000 prizes show increases of 159% and 129%, respectively. These 

increases are each significant (all p’s < .0001). However, the KPQ means are not significantly 

different from each other (all p’s >.10). Thus, even though offering a monetary incentive increased 

 
5 Note from Table 2.3 that, with effects coding, the coefficients of the KPQ250, KPQ500 and KPQ1000 are 0.29, 0.26 

and 0.14, respectively. Hence, the coefficient of RQ is - (0.29 + 0.26 + 0.14) = - 0.69. This implies that the increase 

associated with the $250 incentive is 𝑒0.29−(−0.69) − 1 = 𝑒0.98 − 1 = 2.66 − 1 = 1.66. 
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the number of answers, increasing prize money amounts did not matter (c.f., Archak 2010; Liu, 

Yang, Adamic, and Chen 2014).  

Note that the stand-alone KPQ page provided easy access to all available KPQs, drawing 

a disproportionate number of users to KPQs (See Table 2.3). Thus, in controlling for the number 

of question views, we controlled for the prominence of KPQs. Nevertheless, since the question 

view count 𝑄_𝑉𝐼𝐸𝑊_𝐶𝑇𝑗 and answer count 𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗 may be simultaneously determined, 

endogeneity issues may remain. Lacking appropriate instrumental variables, we used the Latent 

Instrumental Variable (LIV) approach (Ebbes et al. 2005) to address endogeneity (see e.g., Rutz 

and Trusov 2011; Rutz et al. 2012). The analysis shows that coefficients of 𝑄_𝐾𝑃𝑄$_𝐷𝑈𝑀𝑗 are 

all positive and significant (i.e., the 95% credible interval does not contain zero). The means of the 

posterior draws for the three KPQ dummies are 0.23, 0.26, and 0.15, respectively (fairly close to 

our respective original estimates of 0.29, 0.26 and 0.15). Thus, endogeneity was not a serious issue 

here (the results reported here are based on 1109 unique questions in our sample). Appendix 3 

shows the estimation steps and the LIV output. 

 

2.3.3.2. Incentive Effects on Answer Quality 

 

 Next, we examine the impact of monetary incentives on the quality of answers provided 

by Quora users. This is important because online platforms are indeed concerned about UGC 

quality. We draw upon the UGC literature (e.g., Lu, Jerath, and Singh 2013; Sun and Zhu 2013) 

to identify a set of observable answer characteristics (text length, content richness, and grammar 

score) to use as surrogate quality measures. To test the validity of these quality measures, we used 

a conditional logit model to examine how they affected the likelihood of winning a KPQ contest. 

Table 2.4 shows that answers with longer text (sentences), richer content (links), and higher 
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grammar scores were more likely to win in KPQ contests. This suggests that our observed 

measures meaningfully reflect answer quality.  

 

Table 2.4 Conditional Logit Model on KPQ Winners 

Dependent Variable KPQ_WINNER =1 

Independent Variable 
Coefficient  

(SE) 

A_VIDEO_DUM 
-0.25 

(0.56) 

A_IMAGE_DUM 
0.01 

(0.19) 

A_LINK_DUM 
1.23*** 

(0.2) 

log(A_SENT_CT) 
1.23*** 

(0.24) 

A_GRAMMAR_SCORE 
9.34* 

(5.46) 

CONTROL VARIABLES YES 

-LL 466 

AIC 959 

# OF OBSERVATIONS 7,122 

Note: *** p<.01; ** p<.05; * p<.10. 

Refer to Appendix 4 for complete table. 

 

We next ran a set of seven regression models to examine the effects of incentives on answer 

quality. Models 1-3 were binary logit models where the dependent variables were three dummy 

variables indicating the presence/absence of specific answer contents: 𝐴_𝐿𝐼𝑁𝐾_𝐷𝑈𝑀𝑖𝑗 (links to 

other webpages), 𝐴_𝐼𝑀𝐴𝐺𝐸_𝐷𝑈𝑀𝑖𝑗 (visual images), and 𝐴_𝑉𝐼𝐷𝐸𝑂_𝐷𝑈𝑀𝑖𝑗 (videos), respectively. 

Models 4-6 were negative binomial regressions using counts of sentences, 𝐴_𝑆𝐸𝑁𝑇_𝐶𝑇𝑖𝑗, words, 

𝐴_𝑊𝑂𝑅𝐷_𝐶𝑇𝑖𝑗, and characters, 𝐴_𝐶𝐻𝐴𝑅_𝐶𝑇𝑖𝑗, in an answer as the respective quality measures. 
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Model 7 was a linear regression with 𝐴_𝐺𝑅𝐴𝑀𝑀𝐴𝑅_𝑆𝐶𝑂𝑅𝐸𝑖𝑗 (a ratio score assigned to each 

answer via text analysis) as the quality measure. 

The key explanatory variables in these models include the three effects coded incentive 

level indicators for KPQ. The control variables included user experience on Quora, the observed 

question characteristics, as well as question fixed effects to capture unobserved question 

heterogeneity. There is a threat of self-selection in this analysis as introducing monetary incentives 

may alter the composition of users and respondents in online communities (Liu and Feng 2016). 

Following Rosenbaum and Rubin (1983), we used a propensity score matching (PSM) method to 

mitigate this issue. Briefly, we obtained a sample of users from the RQ group and matched them 

with those in the KPQ group. In the first stage, we calculated each user’s propensity score to 

answer each KPQ as a function of the observed variables for the corresponding KPQ. In the next 

stage we matched a user who answered a KPQ to one who answered a RQ based on the propensity 

score, via one-to-one, nearest neighbor matching with replacement. The procedure provided us 

with estimates from 154 models (5 KPQs that had no corresponding RQ were not included). 

Appendix 5 provides the details of these analyses. 

We then ran the regressions using the weights from the PSM model. Table 2.5 shows how 

incentives influenced answer quality, after controlling for self-selection. For the three binary logits, 

model 1 (link usage) showed that relative to RQs, KPQ250 (p < .03) and KPQ1000 (p < .02) (but 

not KPQ500, p > .70) had lower coefficients. Thus, answers to the KPQ250 and KPQ1000 

questions used fewer links than answers o RQs.  However, link usage did not differ for the KPQ 

questions. Model 2 showed that, relative to RQs, answers to the KPQs used more images (p < .001, 

p < .0005, and p < .05, respectively). However, image use did not differ among the KPQs (all p’s 

>.05).  
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Table 2.5 Impact of KPQ on User Effort (Controlling for Self-Selection) 

Dependent Variable A_LINK_DUM A_IMAGE_DUM A_VIDEO_DUM A_SENT_CT A_WORD_CT A_CHAR_CT GRAMMAR_SCORE 

Model Logit Logit Logit 
Negative 

Binomial 

Negative 

Binomial 

Negative 

Binomial 

Linear  

Regression 

Q_KPQ250_DUM 
-0.17 

(0.11) 

0.26 

(0.17) 

0.46 

(0.41) 

-0.06* 

(0.04) 

-0.03 

(0.04) 

-0.03 

(0.04) 

0.004 

(0.003) 

Q_KPQ500_DUM 
0.17 

(0.14) 

0.58** 

(0.23) 

-0.03 

(0.44) 

0.13*** 

(0.05) 

0.2*** 

(0.05) 

0.2*** 

(0.05) 

0.003 

(0.004) 

Q_KPQ1000_DUM 
-0.26* 
(0.14) 

-0.11 
(0.2) 

-0.66 
(0.52) 

0.34*** 
(0.05) 

0.33*** 
(0.05) 

0.34*** 
(0.05) 

0.008** 
(0.004) 

CONTROL VARIABLES YES YES YES YES YES YES YES 

KPQ FIXED EFFECTS YES YES YES YES YES YES YES 

Α -- -- -- 
0.62*** 
(0.01) 

0.75*** 
(0.01) 

0.75*** 
(0.01) 

-- 

R -- -- -- -- -- -- 0.1 

R2 -- -- -- -- -- -- 0.09 

-LL 4,024 2,752 548 29,209 53,824 65,713 -- 

AIC 8,403 5,858 1,450 58,774 108,005 131,782 -- 

# OF OBSERVATIONS 8,177 8,177 8,177 8,177 8,177 8,177 8,173 

Note: *** p<.01; ** p<.05; * p<.10. 

Refer to Appendix 5 for the complete table.
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Finally (model 3) video usage answers to the RQs and KPQ questions did not differ on video 

usage (p > .01). The negative binomial regressions (models 4-6) revealed significant differences in 

sentence, word, and character counts in answers to RQ versus the KPQ questions (all p’s < .0001). 

For the KPQs, the counts increased monotonically with incentive level (all p’s < .02) except for 

character counts associated with KPQ500 and KPQ1000 (p >.10). Also, the linear regression (model 

7) confirmed that relative to the RQs, the KPQs answers had higher grammar scores (all p’s < .01). 

However, grammar scores did not differ for the KPQs. 

 These analyses showed that users were likely to include fewer links but more images, 

sentences, words, and characters and make fewer grammatical errors when answering a KPQ versus 

an RQ. Thus, even though prior research has reported  a crowding out of user effort for questions 

with a monetary incentive (KPQs) relative to the uncompensated RQs, we find that monetary 

incentives do improve the quality of answers  On average, users provide visual contents more 

frequently, write longer answers, and make fewer grammatical errors for the incentivized KPQ 

(versus the uncompensated RQ) questions. The use of fewer links may reflect more effort devoted to 

the verbal and visual quality of the answers. 

 

2.3.3.3. Incentive Impact on Peer-Provided Non-Monetary Incentives (Upvotes) 

 

Next, we examine the impact of prize money on the number of upvotes (a non-monetary 

incentive awarded by peer users) earned by contributors. Our original data showed a large number 

of answers with zero upvotes for both KPQs (39.3%) and RQs (44.2%). Hence, we used a zero-

inflated negative binomial regression (ZINB hereon) for the number of upvotes for user 𝑖’s answer 

to question 𝑗, 𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝐶𝑇𝑖𝑗. Following Greene (1994), the probabilities that 𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝐶𝑇𝑖𝑗 is 

zero versus greater than zero respectively are: 
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(2)   

𝑃𝑟𝑜𝑏(𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝐶𝑇𝑖𝑗 =  0) = 𝑞𝑖𝑗 + (1 − 𝑞𝑖𝑗) [
𝜃𝑖𝑗

𝜅𝑖𝑗 + 𝜃𝑖𝑗
]

𝜃𝑖𝑗

 

and  

(3)   

𝑃𝑟𝑜𝑏(𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝐶𝑇𝑖𝑗 = 𝑦𝑖𝑗 > 0) = (1 − 𝑞𝑖𝑗)
𝛤(𝜃𝑖𝑗+𝑦𝑖𝑗)

𝛤(𝜃𝑖𝑗) ∗ 𝑦𝑖𝑗!
 𝑔𝑖𝑗

𝜃𝑖𝑗  (1 − 𝑔𝑖𝑗)
𝑦𝑖𝑗, 

Here, 𝜃𝑖𝑗 = 
1

𝜏𝑖𝑗
; 𝑔𝑖𝑗 = 

𝜃𝑖𝑗

𝜃𝑖𝑗+ 𝜅𝑖𝑗
; and 𝑦𝑖𝑗 represents 𝐴𝑈𝑃𝑉𝑂𝑇𝐸𝐶𝑇𝑖𝑗

, the number of upvotes received by 

an answer; 𝑞𝑖𝑗 is the zero-inflated probability; and 1 − 𝑞𝑖𝑗  is the probability that the upvote count is 

distributed negative binomial (𝑚𝑒𝑎𝑛: 𝜅𝑖𝑗 , 𝑎𝑛𝑑 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒: 𝜅𝑖𝑗 + 𝜏𝜅𝑖𝑗
2 and 𝜏 𝑖𝑠 the overdispersion 

parameter):   𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝐶𝑇𝑖𝑗 ~ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝑚𝑒𝑎𝑛: 𝜅𝑖𝑗 , 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒: 𝜅𝑖𝑗 + 𝜏𝜅𝑖𝑗
2). 

We further specify: 

(4)   

𝜅𝑖𝑗 = exp (𝛿0 + 𝛿1𝐾𝑃𝑄250_𝐷𝑈𝑀𝑗 + 𝛿2𝐾𝑃𝑄500_𝐷𝑈𝑀𝑗 + 𝛿3𝐾𝑃𝑄1000_𝐷𝑈𝑀𝑗 + 𝑋𝑖𝑗𝜈), 

where 𝑋𝑖𝑗 is a set of question-, answer- and user-specific control variables, including 

𝐴𝑁𝑆_𝑉𝐼𝐸𝑊_𝐶𝑇𝑖𝑗, the number of times user 𝑖’s answer to question 𝑗 was viewed; 𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗, the 

number of answers submitted to question 𝑗; 𝑈_𝐾𝑁𝑂𝑊𝐿𝐸𝐷𝐺𝐸_𝐶𝑇𝑖, the number of topics user 𝑖 knows 

about; 𝑈_𝑃𝑂𝑆𝑇_𝐶𝑇𝑖, the number of blog posts user 𝑖 has contributed on Quora; 𝑈_𝑄𝑈𝐸𝑆𝑇𝐼𝑂𝑁_𝐶𝑇𝑖, 

the number of questions user 𝑖 has asked on Quora; 𝑈_𝐹𝑂𝐿𝐿𝑂𝑊𝐸𝐸_𝐶𝑇𝑖, the number of other users 

that user 𝑖 follows; 𝑈_𝐸𝐷𝐼𝑇_𝐶𝑇𝑖, the number of edits by user 𝑖 on Quora; and 𝑈_𝐴𝑁𝑆_𝐶𝑇𝑖, the number 

of answers user 𝑖 has contributed on Quora. We take log transformations on the count variables. 

Since several of these variables may take zero values, we add 1 to the counts prior to the log 

transformation. Finally, we include the question rating scores, the observed measures of effort and 
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question fixed effects to control for observed and unobserved question level differences. We dropped 

the number words and characters as these were highly correlated with the count of sentences. 

Furthermore, the logit link function is used to model the zero-inflated probability,  

(5)   

𝑞𝑖𝑗 = 
exp (𝑊𝑖𝑗𝜂)

1+exp (𝑊𝑖𝑗𝜂)
, 

where 𝑊𝑖𝑗 is a set of question-, user-, and answer-specific characteristics that may influence 𝑞𝑖𝑗. 

Specifically, 𝑊𝑖𝑗 includes 𝑈_𝐸𝑋𝑃𝐸𝑅𝑇_𝐷𝑈𝑀𝑖, which indicates whether or not user 𝑖 is an expert user; 

𝐴_𝑈𝑃𝐷𝐴𝑇𝐸_𝐷𝑈𝑀𝑖𝑗, which indicates whether or not user 𝑖 updated an answer to question 𝑗; 

𝑄_𝐴𝐹𝑇𝐸𝑅_𝐷𝑈𝑀𝑗, which indicates whether a question was published after a KPQ; and 

𝑈_𝑃𝐼𝐶_𝐷𝑈𝑀𝑖, which indicates whether user 𝑖 had a personal profile picture. 𝑊𝑖𝑗 also includes 

𝐷𝐴𝑇𝐸_𝐷𝐼𝐹𝐹_𝐶𝑇𝑗, the number of days that a question was published prior to January 31, 2017; and 

𝑈_𝐵𝐼𝑂_𝑊𝑂𝑅𝐷_𝐶𝑇𝑖 is the word count in user 𝑖’s biography. Since these latter two variables may 

contain zero values, we added 1 to the counts prior to the log transformation.  

In developing this analysis, we recognize the possibility of self-selection in users choosing to 

post answers to KPQs or RQs. As before, we controlled for this using PSM. In the first stage, we 

modeled each answer’s probability of being posted by a user to a KPQ (RQ) as a function of observed 

user characteristics for each KPQ and its RQs. In the next stage we matched an answer posted to a 

KPQ to an RQ answer with a similar propensity score using one-to-one, nearest neighbor matching 

with replacement. As before, the five KPQs with no associated RQs were not included in this 

analysis. 

Table 2.6, Panel A presents the estimation results of the ZINB model. After controlling for 

the quality measures, the coefficients for the effects coded KPQ dummies were (KPQ250 = -0.22, p 

< .01; KPQ500= 0.13, p < .03; and KPQ1000 = -0.07, p > .35). Thus, the coefficient for RQ is +0.16, 
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i.e., -(-0.22 +0.13 - 0.07). These results show that relative to RQs, the upvote counts were lower for 

KPQ250 (p <.0001) and KPQ1000 (p < .02). Notably, upvote counts for KPQs show an inverted-U 

relationship with incentive size (lowest for KPQ with a $250 incentive, highest for KPQs with $500 

incentive, but lower again for KPQs with $1,000 incentive). Indeed, the RQs elicited upvote counts 

no lower than those elicited for KPQs with a $500 incentive (p = .72). The KPQs carrying incentives 

of $250 (p < .0001) and $1000 (p = .05) elicited lower upvote counts. 

We also checked for the possibility that the number of upvotes may depend on the number of 

answer views attracted by the RQs and the KPQs at different incentive levels. We formed a new 

variable 𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝑃𝐸𝑅_𝑉𝐼𝐸𝑊𝑖𝑗  calculated as the number of upvotes received by user 𝑖’s answer 

to question 𝑗 divided by the number of answer views. Since the dependent variable is now bounded 

between zero and one, we use a tobit model to study the impact of incentives on upvotes. Table 2.6, 

Panel B presents the tobit model results with 𝐴_𝑈𝑃𝑉𝑂𝑇𝐸_𝑃𝐸𝑅_𝑉𝐼𝐸𝑊𝑖𝑗  × 100 as the dependent 

variable. Here, the coefficients for the effects coded KPQ dummies were: (KPQ250 = -0.24, p < .01; 

KPQ500= 0.12, p > .15; and KPQ1000 = 0.09, p > .35). Thus, the coefficient for RQ is +.03, i.e., - 

(-0.24 +0.12 +0.09).  

The analysis suggests that, relative to the uncompensated RQs, upvotes per view were lower 

for a KPQ with a $250 incentive (p = .04). Although upvotes per view increased for KPQs with 

higher incentives, the level was no different (KPQ500: p > .65; KPQ1000: p > .70) than for the 

uncompensated RQs. Adjusting for differences in answer views, KPQs with incentives of $500 and 

$1,000 did no better than RQs. Indeed, KPQs with the $250 incentive did significantly worse. Thus, 

answers to questions with incentives received lower peer recognition and social approval relative to 

related uncompensated questions.  
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Table 2.6 Model of Answer Upvotes (Controlling for Self-Selection) 

PANEL A: ZERO-INFLATED NEGATIVE BINOMAIL MODEL 

Dependent Variable ANS_UPVOTE_CT 

Independent Variables 
Coefficient  

(SE) 
ZERO-INFLATED 

PART 
YES 

NON-ZERO PART 

Q_KPQ250_DUM 
-0.22*** 

(0.05) 

Q_KPQ500_DUM 
0.13** 

(0.06) 

Q_KPQ1000_DUM 
-0.07 

(0.06) 

CONTROL 

VARIABLES YES 
KPQ FIXED EFFECTS YES 

α 
0.42*** 

(0.01) 
-LL 15,977 

AIC 32,385 

# OF OBSERVATIONS 8,551 

  

  

PANEL B: TOBIT MODEL  

Dependent Variable A_UPVOTE_PER_VIEW*100 

Independent Variables 
Coefficient 

(SE) 

Q_KPQ250_DUM 
-0.24*** 

(0.07) 

Q_KPQ500_DUM 
0.12 

(0.1) 

Q_KPQ1000_DUM 
0.09 

(0.1) 

CONTROL 

VARIABLES 
YES 

KPQ FIXED EFFECTS YES 

σ2 
2.63*** 

(0.05) 
-LL 11,624 

AIC 23,612 

# OF OBSERVATIONS 8,551 
Note: *** p<.01; ** p<.05; * p<.10. 

Refer to Web Appendix 6 for the complete table. 
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2.3.3.4. Discussion of Field Data Results 

 

In summary, our analyses show that when monetary incentives are used to crowdsource UGC 

contributions (by designating KPQs) there is indeed a marked effect on the number of contributions 

relative to uncompensated related questions (RQs). Thus, although offering a monetary incentive 

increased the number of answers to a question, larger amounts of prize money had no effect (c.f., 

Archak 2010; Liu, Yang, Adamic, and Chen 2014). Using surrogate measures of answer quality, our 

analyses show that the average user uses fewer links, makes more frequent use of visual content, 

writes longer answers and makes fewer grammatical errors on answers to KPQs (vs. RQs). 

 We also find that relative to the uncompensated RQs, monetary incentives offered on KPQs 

change the upvoting behavior of peer users. For raw upvote counts, our analyses showed that upvote 

counts were highest for RQs and KPQ500s. Importantly, for KPQs upvote counts show an inverted-

U relationship with incentive size (lowest for KPQ with a $250 incentive, highest for KPQs with 

$500 incentive, but lower again for KPQs with $1,000 incentive). Indeed, the RQs elicited upvote 

counts no lower than those for KPQs with a $500 incentive. The KPQs carrying incentives of $250 

and $1000 elicited significantly lower upvote counts. This inverted-U effect suggests that peer users 

tend to withhold recognition (upvotes) from contributions motivated by excessive money.  

We allowed for the possibility that the raw upvote count may depend on the number of answer 

views attracted by the RQs and the KPQs at different incentive levels. Our analysis showed that, 

relative to the uncompensated RQs, upvotes per view fell for a KPQ incentive of $250. Although 

upvotes per view increased for KPQs with incentives of $500 and $1,000, the level was no different 

than for uncompensated RQs. Thus, after adjusting for differences in answer views, the KPQs with 

incentives of $500 and $1,000 did no better than the RQs, and the KPQs with $250 incentives did 

significantly worse.  
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Although the relatively small sample sizes for the KPQs may have inhibited detection of 

otherwise meaningful differences in incentive level effects, the range of incentives ($0 to $1,000) in 

this dataset was not small. The non-monotonic pattern of means is suggestive, and we conjecture that 

our findings may have stemmed from two concurrent processes. First, a financial incentive could 

have crowded out both image-motivated and intrinsically motivated contributions (Ariely, Bracha, 

and Meier 2009). Thus, although the quality measures speak to the contrary, the KPQs may have 

attracted “money-driven” UGC of low quality that peer curators then legitimately devalued. Second, 

peer curators may have been influenced positively by answer quality, but negatively by the taint of a 

financial incentive where altruism is the norm (Barasch, Berman, and Small 2016; Du Plessis et al. 

2018; Newman and Cain 2014). For both $250 KPQs and $1000 KPQs, the taint of the financial 

incentive may have dominated the answer quality effect. For $500 KPQs, higher answer quality may 

have compensated for the taint from the financial incentive, leaving a net positive effect on upvotes. 

However, even this positive effect for KPQ500 effect was no longer prominent for upvotes per view, 

i.e., after adjusting for page views. 

The countervailing nature of these effects suggests a need to verify the conflict that may be 

experienced by a peer user in making upvote decisions on incentivized contributions. Although we 

controlled for surrogate measures of answer quality, we still observed effects consistent with the 

negative taint of a financial incentive in the upvote data. Teasing apart these two effects requires an 

orthogonal manipulation of answer quality and incentive level. We therefore conducted a controlled 

experiment which mimicked the field data. However, we orthogonally manipulated the incentive 

level (an uncompensated RQ and KPQs at three incentive levels of $250, $500 and $1000, 

respectively) along with the quality of the associated answer (manipulated exogenously to be high, 

medium or low quality) 
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The controlled experiment also allows us to circumvent some additional limitations of the 

field data. The field data were analyzed at the aggregate (answer) level since each viewer’s decision 

to upvote was unobserved (creating endogeneity and simultaneity issues). In contrast, the experiment 

allows greater control over extraneous factors and can yield direct comparisons of incentive effects 

at the various quality levels without needing the imputations inherent in the propensity score 

matching method. Finally, while we calibrated and controlled for the questions’ descriptive 

characteristics, the RQs, even though related, may be “different” than the corresponding KPQs. Next, 

we describe the controlled experiment which allows us to avoid these inherent problems in the field 

data because we can attach different question type labels to the same content. 

  

2.4. The Controlled Experiment 
 

The main experiment was preceded by a simple pilot study in which we examined the effect 

on upvoting patterns of labeling a prototypical Quora question and answer pair as a KPQ with a 

monetary incentive versus an uncompensated RQ. We describe the pilot study next. 

 

2.4.1. Pilot Study 

 

A total of 105 respondents (60% male; mean age 35 years) were recruited from the Amazon 

Mechanical Turk panel for a small compensation. Participants imagined browsing an online Q&A 

website and were told that such websites sometimes run contests for selected questions to encourage 

members to post answers. Some posted questions (analogous to KPQs) had potential prize money of 

$250 for answers, whereas others (analogous to RQs) did not. Participants were randomly assigned 

to one of the two incentive conditions, shown a purported answer (same in both conditions) and asked 

how likely they would be to upvote the answer. We also measured participants’ perceptions of the 

question, the answer, and the user who wrote the answer. A one-way ANOVA on upvoting likelihood 
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showed a significant negative main effect of incentive (F = 4.70, p < .05). Specifically, participants 

were more likely to upvote an answer to an uncompensated (M = 5.04) versus a compensated (M = 

4.29) question. These pilot data are consistent with the results from the field data. 

  

2.4.2. Main Study 

 

 The main study involved a manipulation of answer quality at three levels (high, medium and 

low) as well as the level of incentive offered in a fully-crossed design. We describe the study 

procedures and the results of the study in the sections that follow. 

 

2.4.2.1. Procedure 

 

 A total of 409 respondents (55.3% male; mean age 37.8 years) were recruited from the 

Amazon Mechanical Turk panel for a small compensation. Participants were asked to imagine 

browsing an online Q&A website (similar to Quora) and were told that since posting content was 

voluntary, such online communities suffer from low responses, Hence, such websites often run 

contests on selected questions to encourage members to post answers. Thus, some questions (KPQs) 

had potential monetary prizes at three levels $250, $500 and $1,000 and others (RQ) carried no 

monetary incentive. Participants were randomly assigned to one of the four incentive conditions and 

were shown answers of three different quality levels (High, Moderate, Low). They then indicated 

their likelihood of upvoting (1: Unlikely and 7: Likely) along with a take no action option. They then 

answered a set of manipulation check questions. Finally, after individuals had answered the focal 

questions, they responded to questions about their beliefs regarding the impact of their upvote, and 

their views on receiving compensation for altruistic actions. 

Data were collected in two parts respectively using technology and business questions (as 

content replicates). Data for the two replicates were pooled and the analysis was conducted as a 

mixed design with 2 (content replicates: technology/business) × 4 (incentive levels: 
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$0/$250/$500/$1000) as between-participant factors, and a three-level (answer quality: 

high/moderate/low) factor manipulated within participant to facilitate quality assessment. The 409 

participants collectively provided 1,227 responses to the dependent measure (likelihood of upvoting). 

Of these, 64 participants selected “take no action” for at least one answer for a total of 99 responses 

(8.1% of all responses). We used the mean of the available observations by each study condition as 

an imputed upvote likelihood for these observations. Excluding these observations left the pattern of 

results substantively unchanged. 

We also examined eight covariates that we considered likely to influence the upvote 

likelihood. The first three related to the participant’s perception that the member providing the 

answer had altruistic motivations, i.e., was driven by (a) money (reverse coded); (b) “a desire to help 

other members;” and (c) “a desire to share their expertise.” A second set of four measures involved 

statements about their views on compensation for altruistic versus employment contributions. These 

were: (a) “I do not like to endorse the work of people who are motivated by money;” (b) 

“Contributions that are intended to be altruistic should not carry monetary rewards;” (c) “Work done 

in prosocial contexts should carry minimal monetary compensation;” and (d) “Work done in 

employment contexts should carry fair monetary wages.” Finally, we measured the participants’ 

perceived impact of their upvote: “I believe that my upvote or downvote will affect the probability 

of an answer winning the contest.” All eight covariates were measured on Likert scales (1 = Disagree; 

7 = Agree) after participants had answered the focal upvoting question. 

 

2.4.3. Results and Discussion 

 

 Manipulation Checks. Participants’ perception of question quality, measured on a three-item 

scale (“interesting,” “thought provoking,” and “clearly framed”: 1 = Disagree and 7 = Agree; α = 

0.71) did not vary by level of monetary incentive (all p values > .20). Also, participants’ perceptions 
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of answer quality, measured on a three-item scale (“informative,” “clearly written” and 

“trustworthy”; α = 0.85) varied by the quality manipulation as expected (MHigh = 5.72, MModerate = 

5.24, MLow = 4.47, F(2, 810) = 131.78, p < .0001) but not by monetary incentive level (p > .52). The 

monetary incentive manipulation was successful as indicated by the high levels of accuracy with 

which participants identified their assigned condition (KPQ250 = 98%, KPQ500 = 90% and 

KPQ1000 = 90%). The RQ condition was correctly identified by 72% — the lower accuracy perhaps 

reflecting the absence of an explicit incentive amount.  

Likelihood of Upvoting. We used an analysis of covariance with the likelihood of upvote as 

the dependent measure. This was modeled as a function of the two-level content replicate factor 

(technology or business), the four-level incentive factors ($0/$250/$500/$1000: between-

participant), and the three-level answer quality (high/moderate/low: within participant). The eight 

covariates discussed earlier were included in the analysis. Note that the question domain replicates 

showed no differences (p = .15) and subsequent results are based on the pooled data. The analysis 

(see Table 2.7, Panels A and B) showed a significant effect of answer quality: participants were more 

likely to upvote answers, the higher the answer quality (MHigh = 5.29, MModerate = 4.87, MLow = 4.37; 

F(2, 807) = 34.09; p < .001). Incentive size had a significant main effect on the likelihood of upvoting 

(MKPQ1000 = 4.79, MKPQ500 = 5.04, MKPQ250 = 4.62, MRQ0 = 4.93, F(3, 399) = 4.50; p < .004). Simple 

contrasts show that the likelihood of upvoting dropped from RQ0 to KPQ250 (p = .011), rose to its 

highest level for KPQ500 (p < .001) and then fell again for KPQ1000 (p < .05), producing an 

inverted-U pattern for incentive level effects that is similar to the field data findings reported earlier. 
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Table 2.7 Results of the Main Controlled Experiment 

 PANEL A: ANOVA Results for Likelihood of Upvoting  

 Effect Num DF Den DF F-Value Pr > F  

 Incentive 3 399 4.5 0.004  

 Quality 2 807 34.09 <.0001  

 Incentive*Quality 6 807 0.82 0.55  

 Question_Domain (Tech/Bus) 1 399 2.04 0.15  

 Money_Motive 1 807 13.47 0.0003  

 Help_Motive 1 807 32.8 <.0001  

 Share_Expertise_Motive 1 807 118.86 <.0001  

 Impact_Win_Probability 1 399 17.47 <.0001  

 Not_Endorse_Money_Motive 1 399 2.15 0.14  

 Altruistic_No_Money 1 399 3.9 < 0.05  

 Altruistic_Minimal_Compensation 1 399 0.57 0.45  

 Employment Fair-Wage 1 399 3.98 < 0.05  

       

PANEL B: LSMEANS -Likelihood of Upvoting by Main Study Conditions 

Incentive Quality Estimate SE DF t Value Pr > |t| 

KPQ1000  4.79 0.09 399 55.63 <.0001 

KPQ500  5.04 0.09 399 58.88 <.0001 

KPQ250  4.62 0.09 399 54.25 <.0001 

RQ0  4.93 0.09 399 57.49 <.0001 
 High 5.29 0.08 807 69.66 <.0001 
 Moderate 4.87 0.07 807 66.52 <.0001 
 Low 4.37 0.08 807 56.92 <.0001 

KPQ1000 High 5.26 0.15 807 35.04 <.0001 

KPQ1000 Moderate 4.88 0.15 807 32.89 <.0001 

KPQ1000 Low 4.23 0.15 807 27.93 <.0001 

KPQ500 High 5.43 0.15 807 36.41 <.0001 

KPQ500 Moderate 5.04 0.15 807 34.24 <.0001 

KPQ500 Low 4.63 0.15 807 31.15 <.0001 

KPQ250 High 5.24 0.15 807 35.19 <.0001 

KPQ250 Moderate 4.49 0.15 807 30.57 <.0001 

KPQ250 Low 4.13 0.15 807 27.78 <.0001 

RQ0 High 5.24 0.15 807 35.83 <.0001 

RQ0 Moderate 5.07 0.15 807 34.79 <.0001 

RQ0 Low 4.48 0.15 807 30.52 <.0001 

 

Although the omnibus interaction between answer quality and incentive level was not 

significant (p = .55), the simple effects shown in Table 2.8 provided additional insights. The data 

show that when answer quality was high, the incentive level did not affect the likelihood of upvoting. 

With moderate answer quality, upvoting likelihood dropped from RQ0 to its lowest level for KPQ250 

(p < .005), then rose to its highest level for KPQ500 (p < .008), falling marginally again (p = .06) for 
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KPQ1000. This pattern is also consistent with the inverted-U pattern observed in the field data. Note 

that upvoting likelihood, at its highest level for KPQ500, was no higher than that for the 

unincentivized RQ0. Finally, for low answer quality, we again observe an approximate inverted-U 

pattern. Upvoting likelihood drops marginally from RQ0 to KPQ250 (p = .09), rises to its highest 

level for KPQ500 (p = .02), and then drops marginally for KPQ1000 (p = .06). Thus, the inverted-U 

pattern of incentive level effects is not observed when answers are of high quality, but appears when 

answer quality is moderate or low. High quality answers share a relatively high likelihood of upvoting 

regardless of incentive level.  

The covariates yield supporting insights into the monetary incentive effects. Surprisingly, the 

three indicators of altruistic motivation did not move together (α = .44). Included as separate 

covariates, each had significant impact on upvoting likelihood: “money” (reverse coded) - p < .001, 

“helping others” - p < .0001, and sharing expertise - p < .0001. For the “money motive” measure 

(reverse coded) upvote likelihood was significantly higher for RQ0 versus the three KPQs (all p’s < 

.0001). The latter did not differ from each other (all p’s > .29). For “helping others,” the RQ0 mean 

was the highest, but differed significantly from only the KPQ1000 mean (p < .003). For “sharing 

expertise,” upvote likelihood was lowest for KPQ1000 (all p’s < .05) but not different for RQ0, 

KPQ250 and KPQ500. In other words, these perceived motivations had different patterns of impact 

on upvote likelihood depending on the incentive level. The “money motive” perception had the 

strongest negative impact. “Helping others” and “sharing expertise” had lowest upvote likelihoods 

when the incentive level was highest ($1,000). In these analyses, we did not explore potential 

moderating roles of these factors on upvotes, but recognize the need to explore such effects in future 

research that includes manipulations of these as focal variables. 
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Table 2.8 Differences in LSMEANS (Upvoting Likelihood) by Experimental Conditions+ 

PANEL A: Monetary Incentives Main Effect  PANEL B: Quality Main Effect 

 KPQ1000 KPQ500 KPQ250 RQ0   High Moderate Low  

KPQ1000 --     High --    

KPQ500 -0.17 --    Moderate 0.42*** --   

KPQ250 -0.24** -- -0.24**   Low 0.93*** 0.51*** --  

RQ0 -0.14 0.1 -0.31 --       

           

Incentive: High Quality  Incentives: Moderate Quality 

 KPQ1000 KPQ500 KPQ250 RQ0   KPQ1000 KPQ500 KPQ250 RQ0 

KPQ1000 --     KPQ1000 --    

KPQ500 -0.17 --    KPQ500 -0.16 --   

KPQ250 0.02 0.2 --   KPQ250 0.39* 0.55** --  

RQ0 0.02 0.19 0 --  RQ0 -0.19 -0.03 -0.58** -- 

           

Incentive: High Quality       

 KPQ1000 KPQ500 KPQ250 RQ0       

KPQ1000 --          

KPQ500 -0.4* --         

KPQ250 0.1 0.5** --        

RQ0 -0.25 0.15 -0.35* --       

+See Table 2.7 Panel B for Means 

Note: *** p<.01; ** p<.05; * p<.10. 

Finally, among the items measuring participants’ views on compensation for altruistic versus 

employment contributions the statement “Contributions intended to be altruistic should not carry 

monetary rewards” showed a negative effect (β = –0.07, p < .05) on upvote likelihood, as did “Work 

done in employment contexts should carry fair monetary wages” (β = –0.06, p < .05). Importantly, 

upvotes were more likely when people believed that their assessment would have an impact on the 

answer winning a prize (β = 0.11, p < .0001). Overall, the covariates provide a consistent picture. 

Even after accounting for the direct effects of answer quality and incentive level, motivations 

perceived to underlie the contributions strongly influenced upvoting likelihood. 

 

2.5. Conclusion 
 

Voluntary UGC contributions from users are critical for the survival of online communities and 

platforms. Declining UGC contributions have led many platforms to emulate traditional crowdsourcing 

platforms and provide extrinsic monetary incentives to arrest and reverse this trend (see e.g., McConnell 2006; 
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Nielsen 2006; and Horowitz 2006). We report a set of studies that addresses the downstream success prospects 

for such actions. The first study uses field data collected from a popular Q&A platform (Quora). The data 

were created when Quora introduced “Knowledge Prize Questions” (KPQs) that offered monetary incentives 

to elicit contributed answers alongside uncompensated “Related Questions” (RQs). The platform also allowed 

peer users to provide “upvotes” (non-monetary signals recognizing answer quality. 

The field data showed that providing monetary incentives does increase content generation, 

but that the size of the incentive has no incremental impact. Moreover, using selected observable and 

surrogate contribution quality measures, we find that contributors produce answers of higher quality 

to incentivized KPQs versus uncompensated RQs. However, paradoxically, non-monetary 

recognition from peer users, as measured by the number of upvotes (and upvotes per view), drops 

for the KPQs relative to the RQs. Specifically, non-monetary incentives (upvotes) provided by peer 

users are lowest for KPQs with a $250 prize, rise to their highest level for KPQs with a $500 prize, 

but drop again for KPQs offering a $1,000 prize. This inverted-U effect, observed even after 

controlling for self-selection, does not seem to match (acknowledge) improved answer quality.  

The findings suggest that while monetary incentives may stimulate more and better UGC 

contributions, peer recognition of these contributions may be driven by both contribution quality as 

well as a stigma that may taint content contributed in response to monetary incentives (particularly 

if perceived as “money-driven”). In order to tease apart this effect on peer recognition, we conducted 

a controlled experiment that orthogonally manipulated both answer quality and monetary incentive 

level ($0 corresponding to the uncompensated RQs and incentives of $250, $500 and $1,000 

corresponding to the KPQs in the Quora contests). The findings of the controlled experiment closely 

match those from the field data. Peer user upvotes are strongly affected by both answer quality and 

the monetary incentive level.  
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The laboratory studies allow us to examine the pattern of upvotes for answers of varying 

quality. Examination of simple main effects show that high quality answers have a higher likelihood 

of receiving upvotes regardless of the incentive level. However, for answer of moderate and low 

quality, there is variation by incentive level in the upvote likelihood. For these, we find a pattern 

resembling the inverted-U effect that emerged in the field data. We find that the upvotes are lowest 

for the $250 prize, highest for the $500 prize (but no more than for the uncompensated RQs) and fall 

again for the $1,000 prize. This inverted-U effect is most pronounced for low quality answers which 

are heavily penalized when the incentive level is either low ($250) or excessively high ($1,000). 

Indeed, examination of the effects of additional covariates suggests that the upvote likelihood is 

higher when the contribution is seen as motivated by an effort to help others versus perceived as 

“money-driven.”  

These results suggest that in UGC contexts, where voluntary (intrinsically motivated) 

contributions are the norm, monetary incentives may taint contributions and discourage peer 

recognition (a non-monetary incentive). This may be particularly discouraging for the average 

individual who may have limited ability to contribute quality answers in spite of working harder. 

Winner-take-all contests may aggravate the situation since the average user is unlikely to win a 

monetary prize and hence may find non-monetary incentives (peer recognition) particularly 

meaningful. This calls into question the long-term viability of UGC platforms that emulate traditional 

crowdsourcing platforms in using monetary incentives to attract user contributions. This may have 

contributed to Quora’s decision to discontinue the Knowledge Prize Questions in April 2017. 

The counterintuitive but converging results from the field data and the controlled experiment 

contribute to the emerging literature on using crowdsourcing contests with incentives to elicit UGC. 

At the same time, we acknowledge some of the limitations of the present studies that create room for 

future research. The flat response of contribution quantity to varying incentive levels, along with the 



48 

 

inverted-U effect for peer recognition as a function of incentive size suggests the possibility that 

small (and less costly) incentives may have meaningful effects on contributors and may less readily 

taint contributions as money-driven (Newman and Cain 2014). While neither the field data nor our 

controlled experiment addressed this issue, future research may explore monetary incentive levels 

that are economically sustainable, and balance the goal of raising UGC contributions, while 

minimizing associated stigma. 

Relatedly, the socio-cultural norms that lead peer users to hold back non-monetary incentives 

(e.g., social approval) for monetarily incentivized contributions require more experimental and field 

studies. It is common knowledge that sustaining contributions is effortful for even for the most 

intrinsically motivated contributors. Yet, it appears enigmatic that peer beneficiaries would be 

unsympathetic to the use of platform-initiated monetary incentives. Perhaps non-monetary 

recognition (e.g., contributions rewarded by exclusivity in user status, badges that are sociologically 

meaningful in the community context, as well as relevant in-kind incentives) may attract sustained 

user contributions without compromising perceptions of altruism. Evidence from future experimental 

and field studies could further parse these important and contemporary socio-cultural that we have 

investigated here. 
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Chapter 3 : Matching and Making in Matchmaking Platforms: A 

Structural Analysis 
 

3.1. Introduction 

Matchmaking platforms have emerged as a major economic growth engine. Advances in 

information technology have expanded their role from traditional dating markets to a wide variety 

of sectors, such as transportation, travel, lifestyle, and entertainment. Put formally, a matchmaking 

platform is any business, online or offline, that functions as both a matchmaker and a platform, with 

the purpose of helping users connect and engage in mutually beneficial interactions (Evans and 

Schmalensee, 2016). Well-known examples include Facebook, Airbnb, Grindr, and EpicGames (see 

Table 3.1 for a selective list of contemporary matchmaking platforms). 

Matchmaking  platforms are essentially one, two- or multi-sided markets where users can 

meet and interact (Evans and Schmalensee, 2016).  For example,  on Facebook, online users make 

friends and share contents, and on Grindr, LGBTQ consumers seek romantic partners. In addition 

these platforms also offer matchmaking services, using technology driven algorithms to recommend 

promising matches to users (Perren and Kozinets, 2018). Importantly, users can either accept or 

reject the recommendation, so that all transactions are by mutual agreement. Thus, Facebook users 

receive suggested potential friends from the platform, but can decide whether or not to form the 

friendship. Users of Grindr receive match recommendations based on observable characteristics, 

but may decide whether or not to proceed with the relationship This mutual agreement feature 

distinguishes matchmaking platforms from traditional marketplaces with one-way choice situations 

in which consumers choose a retailer/reseller, but rarely the reverse. 
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Since users have the freedom to form matches, it is unclear if the matching process will 

always align with the platforms’ interests. The misalignment between the users and the platform 

may arise from three sources. First, a factor that positively (negatively) influences the platform’s 

outcome may negatively (positively) influence the process that drives users to match. Second, a 

factor that influences (positively or negatively) the platforms’ outcome may not influence users’ 

decision to match. Third, a factor that influences (positively or negatively) the users’ matching 

decision may not influence platforms’ outcomes and impose opportunity costs on the latter.  

While the severity of misalignment varies across these three sources, each of these situations 

represents an instance where the interests of the platform and the users may not be aligned.  Table 

3.1 also describes the revenue models of the selected matchmaking platforms, identifying areas 

where users and the platform have potential for misaligned incentives. 

In this study, we simultaneously examine the factors that influence the matching of users 

and their impact market making. Our data are from the Ultimate Fighting Championship (UFC) 

platform where UFC fighters pair up into bouts and UFC, as the matchmaking platform relies on 

pay-per-view (PPV) subscriptions as its major revenue source. We empirically estimate a 

structural model that examines if users and platforms have misaligned incentives for matching 

and making.  Further, we consider whether the mechanism design for the matchmaking platform 

can align the competing incentives. Thus, our model thus involves two components: (a) a one-

sided matching model that examines the factors that influence bout outcomes; and (b) the role 

played by these factors in determining UFC’s revenues from PPV viewership. We link the two 

components via correlated error terms, thereby addressing the bias that stems from the 

endogenous matching process. 
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Table 3.1 Selected Matchmaking Platforms 

Matchmaking Platform Description Industry Scope Founded Revenue Model Conflict of interest 

Grindr Online dating site where the LGBTQ 

community are matched into 

partners. 

Lifestyle Global 2009 A free version with banner advertisement and a 

paid version with a subscription fee that ranges 

from $27.99 to $99.99 depending on the 

subscription duration. 

Platform wants to keep users for a long period of 

time while users leave the platform after finding the 

partners. 

Defense of the Ancients 

(DOTA) 

Online games where gamers are 

matches into teams 

Entertainment Global 2013 A free game with in-game purchase of virtual 

items on the online store that ranging from $0.99 

to $34.99. 

Platform wants to sell more virtual items through 

gamer engagement while gamers may want to team 

up with those with similar expertise, thereby 

reducing the competitiveness of the game and hence 

gamer engagement.  

LinkedIn Online professional network where 

employers and job seekers are 

matched into labor relationships 

Business Global 2003 The majority of revenue (65%) comes from 

monthly subscription fee on recruitment 

services. 

Platform wants to keep employers and job seekers 

for a long period of time while they leave the 

platform after finding employees or jobs. 

Airbnb Online platform where guests and 

hosts are matched into rental 

relationships. 

Travel/Lifestyle Global 2008 Airbnb earns revenue from two sources. It 

charges a flat fee of 3% rental value from the 

owner of a property. It also charges a fee of 6-

12% from the traveler. 

Platform wants to recommend expensive rooms 

while guests prefer to be matched with rooms that 

suit best. 

Uber Online platform where riders and 

drivers are matched into ridesharing 

relationships 

Travel Global 2009 A flat fee from riders and a commission fee of 

25-30% of the expense from drivers for every 

ride. 

Platform wants to maximize the rider-driver match-

ups while drivers may cancel a ride that is not 

lucrative. 

Roommates.com Online platform where tenants are 

matched into roommates 

Lifestyle USA 2003 A membership fee ranging from $5.99-$19.99 

depending on the membership duration. 

Platform wants to keep tenants for a long period of 

time while they leave the platform after finding the 

roommates. 

Dryver Online platform where car owners 

and chauffeurs are matched into 

driver relationships. 

Travel USA 2010 A commission fee of $4-$20 per hour to drivers 

and a commission fee of 2%-5% of the expenses 

to car owners. 

On one hand, customers have an incentive to use the 

drivers with high rating. On the other hand, the 

platform has an incentive to allocate drivers based 

on availability. This might result in inefficient 

allocation of resources. 

OpenTables Online platform where diners are 

matched with restaurants into dining 

relationships 

Food & Drink Global 1998 A commission fee ranging from $0.25-$7.50 per 

diner. 

The platform earns more if consumers eat at 

featured restaurants whereas the consumers want to 

minimize expenses. 
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We find evidence of misaligned incentives in matching and making. One such factor is 

the fighters’ relative weights (i.e., weigh-in weights relative to their weight class). This is an 

important determinant of both matching and making, but with opposing impacts. Thus, even 

though a higher average fighter weight in a bout increases PPV revenues, this factor negatively 

affects the likelihood of matching. Moreover, PPV viewership revenues are positively associated 

with dissimilarity in fighter weight, average experience, and average submission skill levels, and 

similarity in submission skill levels. Yet, these factors have no impact on matching.  Overall, the 

results suggest that there may be an inherent conflict of interest between the matchmaking 

platform (UFC) and its affiliate users (fighters). 

Based on the model estimates, we run counterfactual experiments on various mechanisms 

that might mitigate or resolve the conflicting interests of both parties. In the first counterfactual 

experiment, we propose a matchmaking algorithm that maximizes UFC’s profit under different 

allocation regimes. If UFC adopts a centralized allocation regime with full control over the 

composition of the bouts, our matchmaking algorithm improves performance in all but 4 out of 

143 events and boosts PPV viewership by 156.3%. In a second counterfactual experiment, we 

investigate how to design a tiered system to align the competing incentives (Wang and Haruvy, 

2013). The UFC’s tiered structure groups fighters of similar weights into the same tier. Fighters in 

the same tier can fight with one another; those in different tiers are not allowed to fight.6 By 

restructuring its tiered system, UFC can change the mix of fighters in a tier.  This, in turn, changes 

fighters’ matching process with corresponding impact on PPV revenues. In specific terms, our 

 
6 Similar tiered systems are common in other matchmaking platforms, such as those for games or online dating. 
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counterfactual analysis suggests that UFC would be better off if it merged the middleweight (170-

185 lbs.) and light heavyweight (185-205) tiers, increasing profits by 19.2%. 

 In summary, this research makes three contributions. First, we build a two-component 

structural model that can be used to evaluate the incentives of users and the platform. Although 

the present empirical effort focuses on UFC, our model can be readily extended to other 

matchmaking platforms. Second, to the best of our knowledge, this study offers the first empirical 

documentation of the existence of a conflict of interest in matchmaking platforms. Third, building 

on our empirical work, our counterfactual experiments shed light on the mechanism design issues 

for matchmaking platform. Specifically, we illustrate how altering two mechanisms (the 

matchmaking algorithms and the tiering structures) can align incentives with positive profit 

impact. 

The remainder of the paper is organized as follows. Section 2 provides a selective review 

of the existing literature on matching markets. Section 3 presents the empirical context and 

describes the data. Sections 4 and 5 respectively present the model specification, the empirical 

findings and the interpretation of the results. Section 6 details the counterfactual studies based on 

the empirical results. Finally, Section 7 summarizes the findings from the present paper, discusses 

the limitations and potential avenues for future research. 

 

3.2. Literature Review 
 

Our paper contributes to the emerging literature on matchmaking platforms in marketing. 

We establish our contribution with reference to several important papers in the literature.  For 

example, Wu, Zhang, and Padmanabhan (2018) build a game-theoretic model in which a 

matchmaking platform serves a number of users across multiple periods. In each period, users 
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seek their best matches and decide whether or not to stay on the platform, given their current 

situation. The matchmaking platform charges a per-period subscription fee and can use 

matchmaking technology to influence the success rate. The authors identify the matchmaker’s 

dilemma, in that it has incentive to implement a less efficient matching technology that 

counteracts users’ goals to find matches quickly. The platform can then retain users for longer 

periods and collect more subscription fees, protected by barriers to switching.  Neither costless 

technology nor platform competition can eliminate the inefficiency in the matchmaking 

technology. Our study complements these insights, by empirically investigating the competing 

incentives of users and the platforms. In contrast to the reduced-form model in Wu, Zhang, and 

Padmanabhan (2018), we take a structural approach, modeling the matching process as a one-

sided market. In the UFC context,  the conflict of interest arises for instance because fighters 

avoid opponents with higher weight even though bouts between fighters with higher relative 

weight attract more PPV revenues for the platform., Thus, the  matchmaker’s dilemma 

generalizes to platforms with revenue models that do not rely on subscription fees from users and 

the conflict of interest is less  direct. 

Perren and Kozinets (2018) proposed an integrated framework that classifies online 

platforms into four types (matchmaker, forum, enabler, and hub, respectively). These differ in 

their degree of intermediation (the extent to which the platform uses matchmaking algorithms to 

manage and coordinate interactions among users). and consociality: (interaction opportunity 

afforded by the physical or virtual copresence of users in the platform). In terms of this conceptual 

framework, our empirical model relates to matchmakers (high consociality and high platform 

intermediation).   consociality is reflected in our construction of the choice set and several of our 

key results shed light on the level of l platform intermediation that optimizes revenue. 
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Our paper also adds to the emerging literature on empirical matching models. Marketing 

scholars have recently used matching processes to frame many marketing problem, such as 

sourcing (Ni and Srinivasan, 2015), advertising (Wu, 2015), network formation (Kim and 

Manchanda, 2016), business/brand alliances (Yang, Shi, and Goldfarb, 2009; Yang and Goldfarb, 

2015), and mergers and acquisitions (Rao, Yu, and Umashankar, 2016; Uetake and Watanabe, 

2017; Park, 2013). Among these, Ni and Srinivasan (2015), Wu (2015), and Yang, Shi, and 

Goldfarb (2009) also investigate various issues for matchmaking platforms. Ni and Srinivasan 

(2015) build a two-stage model in which manufacturers and marketing firms form matches with 

the help of sourcing intermediaries in the first stage, with  sourcing intermediaries charging 

manufacturers a commission fee in the second stage. They find that intermediaries’ pricing 

strategies are  biased if the first-stage matching process is not accounted for, and further show that 

intermediaries can take advantage of manufacturers’ monitoring efforts (e.g., factory visits) by 

charging higher commission fees, particularly when manufacturers are larger and the marketing 

firms are smaller. Information asymmetry also provides intermediaries with pricing power in these 

supply chains. Using a dataset from Taobao.com, Wu (2015) estimates a two-sided matching 

model in which advertisers are matched with publishers, facilitated by advertising intermediaries. 

A counterfactual experiment based on the model estimates shows that advertising networks’ profits 

in a decentralized environment are similar to those earned in a centralized allocation regime. Wu 

also shows that advertising networks that garner profits from publishers (versus advertiser) prefer 

a generalized second-price auction to list prices.  Finally, Yang, Shi, and Goldfarb (2009) examine 

matches between professional basketball clubs and players in National Basketball Association 

(NBA). They find positive assortative matching: older players with better performance are more 

likely to be matched with teams with higher brand equity, even though matches between high-
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performance players and medium brand equity teams produce the highest value. Simulation results 

suggest that an NBA-enforced salary could alter these matches between teams and players.  

The studies reviewed above rely on the two-sided matching models.  In contrast, our study 

is set in the UFC context where fighters are matched into bouts, and uses a one-sided matching 

model. Furthermore, we adopt a unique focus on the (mis)alignment of incentives between users 

and matchmaking platforms and our counterfactual experiments also explicitly reveal design 

tactics that can remedy such conflicts of interest.  These distinguishing aspects of or work 

contribute new insights to the literature. 

Our study also relates to Rao, Yu, and Umashankar who investigate the determinants of 

corporate mergers and post-merger innovations. The merger decision is modeled as a one-sided 

matching process, such that all firms in the market can potentially merge. Similarity in national 

culture and technical knowledge have positive effects on both merger partner selection and post-

merger innovation (despite some incongruity in that market factors have opposite impacts on the   

two decisions). Similar to these authors, we apply a one-sided matching model to the context of 

UFC where fighters pair up into bouts upon mutual agreement. However, our focus is on the 

competing incentives of forming a match and attracting viewers, which allow us to consider 

optimal designs that would enable matchmaking platforms to improve their payoff. 

From a broad perspective, this paper is also related to studies that employ two-sided 

matching models. For example, Kim and Manchanda (2016) show that in the multilevel marketing 

settings, economic factors are more important than social factors for determining matches between 

distributors and new joiners. Yang and Goldfarb (2015) find positive assortative matching between 

soccer clubs and sponsors.  Banning controversial sponsors has a smaller impact on large, 

successful clubs that can easily find alternative sponsors. However, small clubs suffer from the 
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double whammy of losing both controversial and non-controversial sponsors. In addition, Uetake 

and Watanabe (2017) quantify the entry barrier in various settings, showing that it is much higher 

for new entrants than for mergers. Merger synergy is higher for a pair of firms that include a small 

entrant and a large incumbent and for firms in geographical proximity. Finally, Park (2013) offers 

mixed evidence about acquisition motives in the mutual fund industry: Some acquisitions appear 

driven by shareholder value maximization, but others deviate from this objective. The merger 

targets’ efforts to avoid badly run organizations provides an effective mechanism to discourage 

non-value maximizing acquirers. Table 3.2 provides an overview of the studies reviewed in this 

section 

Table 3.2 Overview of Selected Studies on Empirical Matching Models in Marketing 

Research Context Matchmaking Platforms Major Findings 

Ni and 

Srinivasan 
(2015) 

Sourcing as two-sided 
matching between 

manufacturers and 

marketing firms 

Sourcing 

intermediaries 

There exists assortative matching in terms of the size of manufacturers and marketing firms. Other 
key determinants of matching include manufacturers’ location, tenure, and whether the marketing 

firms are listed. The effect of various factors on the commission charged by the sourcing 

intermediaries is biased, if endogenous matching is not accounted for. 

Wu (2015) 

Ad placement as two-sided 

matching between 

advertisers and publishers 

Advertising 
intermediaries 

Product category and demographic matches have largest impacts on matching, followed by content 
semantic match, while geographical match plays a minimal role. Advertising networks’ profits in the 

case of centralized allocation are similar to those in the current decentralized environment. Moreover, 

the revenue source of the advertising networks (i.e., from advertisers or from publishers) influences 

their preferences for the adoption of the generalized second price auction relative to list prices. 

Yang, Shi, and 

Goldfarb 

(2009) 

Brand alliance as two-sided 

matching between 
basketball teams and 

players 

National 

Basketball 
Association 

(NBA) 

Overall, there exists positive assortative matching where older players with higher performance are 

more likely to be matched with teams with higher brand equity. However, matches between high-
performance players and medium brand equity teams produce the highest value. The NBA’s 1998 

“maximum individual salary” policy has a large impact on matches driven by brand equity. 

Yang and 

Goldfarb 

(2015) 

Business alliance as two-

sided matching between 

soccer clubs and sponsors 

 

There exists positive assortative matching between soccer clubs and sponsors. Banning controversial 

sponsors has a smaller impact on large and successful clubs because they can easily find alternative 
sponsors. In contrast, small clubs suffer from the double whammy of losing both controversial and 

non-controversial sponsors. 

Kim and 
Manchanda 

(2016) 

Network formation as two-
sided matching between 

distributors and new joiners 

 
Economic factors play a more important role than social factors in determining matching between 
distributors and new joiners in the multilevel marketing industry. Network characteristics of 

distributors do not influence matching. 

Park (2013) 

Corporate merge as two-

sided matching between 
acquirers and targets 

 

There is mixed evidence on the motive of acquisitions in the mutual fund industry. More specifically, 
some acquisitions are driven the shareholder value maximization while others deviate from this 

objective. Targets’ avoidance of badly run organizations is an effective mechanism to discourage 

non-value maximizing acquires. 

Uetake and 
Watanabe 

(2017) 

Entry and merge as two-
sided matching between 

entrants and targets 

 
The entry barrier is much higher for entrants than mergers, causing entry by the form of merge and 
acquisition. The merger synergy is higher for a pair of firms that include a small entrant and a large 

incumbent and for firms with geographical proximity. 

Rao, Yu, 

Umashankar 
(2016) 

Corporate merge as one-

sided matching among 
firms 

 

Homophily (i.e., similarity in national culture and technical knowledge) is shown to have a positive 
effect on both merger partner selection and post-merge innovation. However, the authors find some 

level of incongruity between merge and post-merger innovation in the sense that market factors have 

opposite effects on these two decisions. 

Current Study 
Bouts as one-sided 

matching among fighters 
UFC 

There exists a conflict of interest between fighters’ matching and UFC’s making. Centralized 
assignment can resolve the misaligned incentive and boost the PPV revenue. The optimal tiered 

structure of UFC can also increase the viewership. 
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3.3. Context and Data 
 

3.3.1. Research Context 

 

The empirical setting for our study is the Ultimate Fighting Championship (UFC), the 

world’s largest mixed-martial arts (MMA) organization, based in the United States.7 UFC 

organizes, promotes, and hosts MMA events around the world, and since its debut in 1993, it has 

held more than 480 events. After years of rapid growth, in 2016 UFC was acquired for a reported 

$4 billion in a deal lead by the WME-IMG group. According to financial reports, its annual revenue 

amounted to $600 million in 2018, down from $700 million in 2017 and $750 million in 2016.8 

UFC relies on pay-per-view (PPV) as the major revenue source and this business model gives 

consumers the opportunity to view a UFC event through a private telecast. In 2018, PPV generated 

35% of UFC’s annual revenue, alongside ticket sales to live audiences, worldwide broadcasting 

rights, and sports sponsorships.9 

Each UFC event features multiple bouts; a bout is a fight between two fighters. To design 

the events, UFC employees with specific expertise function as matchmakers and recommend 

bouts between pairs of fighters; those fighters can accept or reject the bout.10 Bout results are 

rendered via judges’ decision as win, lose, or tie.11 Bouts in an event are divided into two 

categories based on  order of importance and popularity: main card and preliminary card. Within 

 
7 As an intermittent combat sport, MMA features techniques from several combat disciplines that can be divided into 

two distinct modes: grappling (e.g., judo, wrestling, Brazilian jiu-jitsu) and striking (e.g., boxing, kickboxing, kung 

fu, karate) (Bishop, La Bounty, and Devlin, 2011). The use of both modes, whether in standing positions or on the 

ground, distinguishes MMA from other combat sports. It is also one of the fastest growing sports in the world. 
8 Source: http://www.sportspromedia.com/news/ufc-revenue-2017-mcgregor-mayweather and 

https://www.bloodyelbow.com/2019/5/15/18310943/ufc-revenues-for-2018-were-well-over-600-million. 
9 Source: https://twitter.com/darrenrovell/status/928295741314830336?lang=en 
10 Source: https://bleacherreport.com/articles/2822217-khabib-on-tony-ferguson-rejecting-ufc-interim- 

title-fight-you-had-your-chance and https://bleacherreport.com/articles/2766454-ufc-unexpectedly-cuts-top- 

prospect-for-refusing-to-accept-ght-at-ufc-227 
11 A tie is very rare in UFC. Less than 1% of bouts ended in a tie. 
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the main card category, UFC subjectively select “Main event” and “co-main event” bouts that are 

more prestigious and are scheduled towards the end of an event as the grand finale. They also are 

heavily advertised and promoted, featuring fighters who are box office stars. 

UFC employs a tiered system where fighters are categorized into mutually exclusive 

weight classes (i.e., tiers). As such, they only face opponents from the same tier. To date, there 

are eight tiers in the men’s division, which range from flyweight (115-125 lbs.) to heavyweight 

(205-265 lbs.). To qualify for tier membership, fighters must undergo an official weigh-in one 

day prior to the bout. 

 

3.3.2. Data 

 

The main data were collected in early 2016 from Sherdog.com, a popular web site that 

provides MMA-related information. The initial sample contains bout and event information on 

3,309 bouts in all UFC events hosted between May 2001 and February 2016. Among these 311 

events, we obtained PPV viewership information from Topology for 147 events. In most cases, 

the events without PPV viewership data are aired on cable television (e.g., Fox Sports 1) for 

promotional purposes rather than earnings. We retain “main event” and “co-main event” bouts 

only for two reasons. First, these bouts are more prestigious and feature popular fighters, such 

that they are the primary driver for PPV viewership. Second, fighters in these bouts have more 

bargaining power when deciding whether to enter a bout. After this step, we have 279 bouts in 

147 events. Then we eliminate 12 bouts classified as “catchweight,” which means that one or 

both fighters fail to adhere to the weight limits of the tier. Because there are relatively few female 

fighters and bouts in the women’s division, we could not construct the choice sets for them and 

therefore excluded all 10 bouts in the women’s division from the sample. The final sample 
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includes 257 bouts in men’s division in 143 events. 

We augment these bout-level data with fighter information collected from multiple 

sources, such as Topology. For each fighter, we identify his physical attributes (e.g., age, height, 

reach), weight at the time of weigh-in, tier, professional career record, expertise in MMA 

techniques, country of origin, and training gym. Because it is impossible to assess their weight if 

fighters choose not to fight, we use their previous weigh-in results as a proxy.  

 

3.3.3. Choice Set Construction 

 

We consider each tier in each event a separate market, so that our data set includes a total 

of 243 markets. A challenge for the empirical matching model is constructing the choice set for 

each fighter in a market. To proceed, we must first determine whether a fighter is qualified and 

active because in theory, the choice set should contain all qualified and active fighters. On the 

one hand, not every fighter is qualified to compete in “Main Event” and “Co-Main Event” bouts 

in a certain event (e.g., a rookie fighter or one with a poor record). As such, we define a qualified 

fighter as those who have fought in “Main Event” and “Co-Main Event” bouts before the focal 

event. On the other hand, not every fighter is available or willing to fight in a certain event. 

Whereas we know with certainty that fighters in the bouts are active, those who do not fight might 

be unavailable/unwilling or could be active but ultimately choose not to fight. 

 We define a fighter as inactive for the time window from two months before to one month 

after a bout he is engaged in. In practice, fighters rarely compete in two consecutive events or 

compete twice within a two-month gap, mainly because they need time to prepare for an 

upcoming bout and then recover from injuries sustained during the previous bout. We tried 

alternative time windows, but the results do not appear sensitive to the definition of 
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inactiveness.12 The resulting list of active fighters for each market range in number from 7 to 107, 

with an average of 46. Ideally, we would use all active fighters in a market to create the complete 

combination of potential matches, but this is impractical, because in a market with 𝑛 active 

fighters, the number of potential matches is 
𝑛(𝑛+1)

2
, which is a quadratic function of 𝑛. Following 

Rao, Yu, and Umashankar (2016), we keep all fighters who fought in the market and randomly 

sample five stand-alone active fighters. In markets with fewer than five stand-alone fighters, we 

keep all of them. After these steps, we obtain a total of 6,293 potential bouts. 

 

3.4. Model 

 

We develop a two-stage structural model to examine the incentive alignment or 

misalignment between UFC fighters. The first stage involves fighters deciding whether to fight 

and, if so, with whom. A bout requires mutual agreement between a pair of fighters, so we 

explicitly model the one-sided matching process. The second stage entails an evaluation of PPV 

viewership, based on the matching process. The two stages are connected through correlated error 

terms, which capture common unobserved factors that simultaneously affect both outcomes. Thus, 

we account for the endogeneity bias due to selection issues in the first stage (Sorensen, 2007; Rao, 

Yu, and Umashankar, 2016). We also note that the selection is based on bilateral agreement 

between two fighters, so it is not equivalent to the sample selection issue in Heckman (1979). 

 

 

 

 
12 Other factors, such as suspension, exercise injuries, and personal affairs, may render fighters inactive. However, 

we lack such information. Thus, we rely on alternative time windows to establish robustness. 
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3.4.1. One-Sided Matching Model: The Roommate Problem 

 

A fighter could be matched with any other active fighters in the same tier, so this can be 

formulated as a one-sided matching game with an extension to include a stay-alone option (Rao, 

Yu, and Umashankar, 2016).  This can be seen as a generalized “roommate problem” first proposed 

in Gale and Shapley (1962). 

 

3.4.2. Model Setup 

 

Let 𝑡 be the index of UFC events, 𝑡 =  1, . . . . , 𝑇 and 𝑘 be the index of tiers in event 𝑡, 𝑘 =

 1, . . . . , 𝐾𝑡. We examine matching among fighters in each tier in each event. Thus, a tier-event pair 

represents one separate market, indexed by 𝑘𝑡. Let 𝑃𝑘𝑡 denote the set of active fighters in market 

𝑘𝑡, and let the number of active fighters in market 𝑘𝑡 be 𝑛 (𝑛 ≥ 3). Any two fighters 𝑖 and 𝑗 (𝑖𝑗 ∈

𝑃𝑘𝑡) potentially can be coupled to form a match 𝑖𝑗. In the UFC’s context, such a match between 

two fighters means they fight each other in a bout. However, when 𝑖 =  𝑗, it represents the case 

when a fighter decides not to fight. The set of potential matches is denoted by 𝑀𝑘𝑡  = 𝑃𝑘𝑡  ∗

 𝑃𝑘𝑡 (𝑖𝑗 ∈  𝑀𝑘𝑡). In a market of 𝑛 fighters, the size of 𝑀𝑘𝑡 is 
𝑛(𝑛+1)

2
 , indicating that there are 

𝑛(𝑛+1)

2
 

unique potential matches. A matching, µ𝑘𝑡, is a subset of 𝑀𝑘𝑡 that contains observed matches such 

that 𝑖𝑗 ∈ µ𝑘𝑡 if and only if fighters 𝑖 and 𝑗 are matched with each other in market 𝑘𝑡. The size of 

µ𝑘𝑡 ranges between 
𝑛

2
 and 𝑛, depending on whether fighters choose to fight or not. We let µ𝑘𝑡(𝑖) 

denote the fighter that matches with fighter 𝑖 ∈ 𝑃𝑘𝑡 in market 𝑘𝑡. As such, 𝑖𝑗 ∈ µ𝑘𝑡 is equivalent 

to saying µ𝑘𝑡(𝑖)  = 𝑗 and µ𝑘𝑡(𝑗) = 𝑖. Now let 𝑉𝑖𝑗𝑘𝑡 be the value that fighter 𝑖 expects from the 

match 𝑖𝑗 in market 𝑘𝑡. We assume that the preferences of fighters are aligned, i.e.,  they prefer 
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matches that provide higher matching values.13 We assume a complete information model, so the 

matching value 𝑉𝑖𝑗𝑘𝑡 is known to all fighters. 

 

3.4.3. Matching Equilibrium 

 

The equilibrium concept we use is “pairwise stability” (Gale and Shapley, 1962; Roth and 

Sotomayor, 1992). Thus, a matching µ𝑘𝑡 is pairwise stable if no blocking agent or blocking pair 

exists. A blocking agent is a fighter who prefers the stay-alone option to his current match; a 

blocking pair is a pair of fighters who want to deviate from their current match and form a new 

match together. Pairwise stability has the appealing properties of individual rationality (i.e., no 

fight or a pair of fighters has incentives to deviate) and Pareto efficiency (i.e., the matching cannot 

be improved by a fighter or a pair without hurting other fighters) (Roth and Sotomayor, 1992). 

Gale and Shapley (1962) not that there may not exist a stable matching in the roommate 

model, due to cyclic preferences. Suppose there are three fighters in the market 1, 2, and 3, with 

heterogeneous preferences. Fighter 1 prefers 2 over 3; fighter 2 prefers 3 over 1, and fighter 3 

prefers 1 over 2. Furthermore, each prefers to find a match rather than stay alone. It can be shown 

that no stable matching exists, because there is always a pair of fighters who can be better off by 

deviating to form a new match. In fact, for the roommate problem, even if a stable matching arises, 

it may not be unique and there may be multiple equilibria. Since a well-defined likelihood function 

requires the uniqueness of a stable matching (Bresnahan and Reiss, 1991), we adopt a preference 

restriction approach from Rodrigues-Neto (2007), who cites the “symmetric utility hypothesis” as 

 
13 In this case, preference alignment implies that there is no transferrable utility between fighters. Otherwise, a fighter 

may prefer a match with lower matching value if he can obtain a sizable transfer of payment from his opponent. 

However, no contacts or transfers are permitted before a fight, so the no transferable utility assumption is reasonable. 
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the necessary and sufficient condition for a unique stable matching.14 In our context, the symmetric 

utility hypothesis implies that both fighters obtain the same matching value from their match, such 

that 𝑉𝑖𝑗𝑘𝑡 = 𝑉𝑗𝑖𝑘𝑡. Therefore, we can rule out all preference structures that contain cyclic 

preferences.15 We note that 𝑉𝑖𝑗𝑘𝑡 represents the matching value that fighter 𝑖 expects to get at the 

time he signs the contract to fight against fighter 𝑗. Since the fight outcome is not revealed at that 

time, this assumption is reasonable in our setting.16  

For a matching µ𝑘𝑡 to be pairwise stable, some stability conditions must hold. In particular, 

for an observed match 𝑖𝑗 ∈ µ𝑘𝑡, the following condition holds: 

(1) 

𝑉𝑖𝑗𝑘𝑡 > 𝑉𝑖𝑗𝑘𝑡 = max [max𝑖′∈ 𝑆(𝑗) 𝑉𝑖′𝑗𝑘𝑡 , max𝑗′∈ 𝑆(𝑖) 𝑉𝑖𝑗′𝑘𝑡], 

 

where 𝑆(𝑗) = {𝑖 ∈ 𝑃𝑘𝑡 | 𝑉𝑖𝑗𝑘𝑡 > 𝑉𝑖𝜇(𝑖)𝑘𝑡} and 𝑆(𝑖) = {𝑗 ∈ 𝑃𝑘𝑡 | 𝑉𝑗𝑖𝑘𝑡 > 𝑉𝑗𝜇(𝑗)𝑘𝑡} are the sets of 

feasible deviations for fighter 𝑗 and 𝑖, respectively. Here, 𝑉𝑖𝑗𝑘𝑡 is the opportunity cost that fighters 

𝑖 and 𝑗 incur to stay matched with fighters 𝑗 and 𝑖, respectively. Fighters 𝑖 and 𝑗 give up all other 

feasible fights to match with each other. Therefore, 𝑉𝑖𝑗𝑘𝑡 must be higher than matching values they 

can obtain from all other possible fights. In turn, 𝑉𝑖𝑗𝑘𝑡 represents the highest matching value from 

other feasible fights. For an unobserved match 𝑖𝑗 ∉ μ𝑘𝑡, their matching value satisfies: 

(2) 

𝑉𝑖𝑗𝑘𝑡 < �̅�𝑖𝑗𝑘𝑡 = max [𝑉𝜇(𝑗)𝑗𝑘𝑡, 𝑉𝑖𝜇(𝑖)𝑘𝑡]17 

 
14 The symmetric utility hypothesis is stronger than the “no odd rings" condition in Chung (2000); it is a generalization 

of the “stable partitions" condition in Tan (1991). 
15 See Rodrigues-Neto (2007) and Gudmundsson (2014) for detailed proofs of a unique stable matching assuming the 

symmetric utility hypothesis. 
16 After the fight outcome is realized, this assumption will not hold, because one fighter wins while the other loses. 
17 We suppress the market index 𝑘𝑡 in μ𝑘𝑡 when it shows up in the subscript without any confusion. 
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where, �̅�𝑖𝑗𝑘𝑡 is the opportunity cost of deviating from the current matches of fighters 𝑖 and 𝑗 and 

creating a new match with each other. 

 

3.4.4. Empirical Matching Model 

 

In the first stage, the dependent variable is given by 

(3) 

𝑚𝑖𝑗𝑘𝑡 = 𝐼(𝑖𝑗 ∈ 𝜇𝑘𝑡),  

where 𝐼(∙) is an indicator function. If 𝑖𝑗 is an observed match, i.e., fighter 𝑖 fights with fighter 𝑗 in 

tier 𝑘 in event 𝑡, then 𝑚𝑖𝑗𝑘𝑡 = 1; otherwise, if 𝑖𝑗 is unobserved, then 𝑚𝑖𝑗𝑘𝑡 = 0. Given the stability 

condition identified previously, Equation (3) can be expanded as 

(4) 

𝑚𝑖𝑗 = {
1 𝑖𝑓 𝑉𝑖𝑗𝑘𝑡 > 𝑉𝑖𝑗𝑘𝑡

0 𝑖𝑓 𝑉𝑖𝑗𝑘𝑡 < �̅�𝑖𝑗𝑘𝑡
 

For a potential match 𝑖𝑗 ∈ M𝑘𝑡, the value that fighter 𝑖 obtains from the match, V𝑖𝑗, is: 

(5) 

𝑉𝑖𝑗𝑘𝑡 = {
𝑄𝑖𝑗𝑘𝑡𝜆 + 𝜂𝑖𝑗𝑘𝑡 , 𝑤ℎ𝑒𝑛 𝑖 = 𝑗

𝑊𝑖𝑗𝑘𝑡𝛼 + 𝜂𝑖𝑗𝑘𝑡 , 𝑤ℎ𝑒𝑛 𝑖 ≠ 𝑗
. 

where 𝑊𝑖𝑗𝑘𝑡 is a vector of observed characteristics specific to fighters 𝑖 and 𝑗; 𝑄𝑖𝑗𝑘𝑡 is a vector of 

observed characteristics for the stay-alone fighter; 𝜆 and 𝛼 are vectors of the model parameters to 

be estimated; and 𝜂𝑖𝑗𝑘𝑡 is the error term that contains all unobserved factors that influence the 

matching value. Table 3.3 presents the variables included in 𝑄𝑖𝑗𝑘𝑡 and 𝑊𝑖𝑗𝑘𝑡. 
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Table 3.3 Variable Definitions 

Variables Definition 

  
Self-Match Model 

Average Relative Weight The weigh-in weight of a fighter divided by the upper limit of their weight tier. 

Winning Percentage 
The number of winning bouts divided by the total number of bouts a fighter competed in 

since the beginning of their UFC career. 

Bout Count The total number of bouts a fighter competed in since the beginning of their UFC career. 

  
One-Sided Matching Model & Platform Making Model 

Average Relative Weight 
The average of the relative weights of two fighter (relative weight is the weigh-in-weight 

of a fighter divided by the upper limit of their weight tier). 

Std. Dev. Relative Weight The standard deviation of relative weight of two fighters. 

Same Continent 
A dummy variable that indicates whether two fighters in the bout come from the same 

continent (e.g., North America, Asia, etc.). 

Fighting Technique Similarity 

The proportion of fighting techniques that are common to two fighters divided by the 

number of unique fighting techniques a pair of fighters specialize in. For instance, if 

fighter 1 is skilled at boxing and fighter 2 is skilled at boxing and wrestling, the measure is 

obtained by 
𝑛(𝑓𝑖𝑔ℎ𝑡𝑒𝑟 1 𝑠𝑘𝑖𝑙𝑙 ∩ 𝑓𝑖𝑔ℎ𝑡𝑒𝑟 2 𝑠𝑘𝑖𝑙𝑙)

𝑛(𝑓𝑖𝑔ℎ𝑡𝑒𝑟 1 𝑠𝑘𝑖𝑙𝑙 ∪ 𝑓𝑖𝑔ℎ𝑡𝑒𝑟 2 𝑠𝑘𝑖𝑙𝑙) 
=

𝑛{𝐵𝑜𝑥𝑖𝑛𝑔}

𝑛{𝐵𝑜𝑥𝑖𝑛𝑔,𝑊𝑟𝑒𝑠𝑡𝑙𝑖𝑛𝑔}
=

1

2
 . 

Average Bout Count The average of total bout count of two fighters in the UFC. 

Std. Dev. Bout Count The standard deviation of bout count of two fighters in the UFC.  

Average Winning Percentage 
The average of the winning percentage of two fighters in the UFC. We obtain the winning 

percentage of each fighter in the UFC and then obtain the average.  

Std. Dev. Winning Percentage 
The standard deviation of winning percentage of two fighters in the UFC. We obtain the 

winning percentage of each fighter in the UFC and then obtain the standard deviation. 

Average Submission Percentage 

The average of winning percentage by submission of two fighters in the UFC. We obtain 

the percentage of bouts won by regular or technical submission (i.e. making their 

opponents submit) by both fighters in the UFC and then obtain the average. 

Std. Dev. Submission Percentage 

The standard deviation of winning percentage by submission of two fighters. We obtain 

the percentage of bouts won by regular or technical submission by both fighters in the 

UFC and then obtain the standard deviation. 

Average Knockout Percentage 

The average of winning percentage by Knockout of two fighters. We obtain the percentage 

of bouts won by regular or technical knockout (i.e. rendering the opponent unable to 

continue fighting) by both fighters in the UFC and then obtain the average. 

Std. Dev. Knockout Percentage 

The standard deviation of winning percentage by Knockout of two fighters. We obtain the 

percentage of bouts won by regular or technical knockout by both fighters in the UFC and 

then obtain the standard deviation. 

Average Winning Streak 
The average of winning streak of two fighters. We obtain the number of number of 

matches won consecutively by each fighter in the UFC and take the average. 

Std. Dev. Winning Streak 
The standard deviation of winning streak of two fighters. We obtain the number of number 

of matches won consecutively by each fighter in the UFC and take the standard deviation. 

 

 In the self-match model, we include Average Relative Weight, which is the weigh-in 

weight of a fighter divided by the upper limit of their weight tier; Winning Percentage, which is 

the number of winning bouts divided by the total number of bouts a fighter competed in since the 
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beginning of their UFC career and Bout Count the total number of bouts a fighter competed in 

since the beginning of their UFC career.  

 In the cross-match and outcome models, we include Average and Std. Dev. Relative 

Weight, the average and standard deviation of the relative weights of two fighters where relative 

weight is computed as the ratio of a fighter’s weigh-in-weight and the upper limit of a weight tier; 

Average and Std. Dev. Bout Count, the average and standard deviation of the total number of bouts 

of two fighters; Average and Std. Dev. Winning Percentage, the average and standard deviation of 

the winning percentage of two fighters; Average and Std. Dev. Submission Percentage, the average 

and standard deviation of the winning percentages through submissions (i.e. making their 

opponents submit); Average and Std. Dev. Knockout Percentage, the average and standard 

deviation of the winning percentages through knockout (i.e. rendering the opponent unable to 

continue fighting); Average and Std. Dev. Winning Streak, the average and standard deviation of 

the number of consecutive matches won till date; Same Continent, A dummy variable that indicates 

whether two fighters in the bout come from the same continent; and Fighting Technique Similarity, 

the proportion of fighting techniques that are common to two fighters divided by the number of 

unique fighting techniques a pair of fighters specialize in.  

 

3.4.5. Platform Making Model 

 

In the second part of our model, we model the outcome of the match for each realized pair 

of fighters. For an observed match 𝑖𝑗 ∈ µ𝑘𝑡, we have: 

(6) 

𝑌𝑡 = 𝑋𝑖𝑗𝑘𝑡𝛽 + 휀𝑖𝑗𝑘𝑡 
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where 𝑌𝑡 is the PPV viewership of event 𝑡, and 𝑋𝑖𝑗𝑘𝑡 is a vector of characteristics of the observed 

match 𝑖𝑗; 𝛽 is a vector of model parameters; and 휀𝑖𝑗𝑘𝑡 is the error term. Because PPV viewership 

is only available at the event level, more than one bout would share the same PPV viewership. 

Table 3.4 summarizes the list of variables in 𝑋𝑖𝑗𝑘𝑡. 𝑊𝑖𝑗𝑘𝑡 and 𝑋𝑖𝑗𝑘𝑡 includes similar variables.  

To model the correlation between error terms in both stages, we assume that ɛ𝑖𝑗𝑘𝑡 is a linear 

function of 𝜂𝑖𝑗𝑘𝑡, 

(7) 

ɛ𝑖𝑗𝑘𝑡 = 𝜂𝑖𝑗𝑘𝑡𝛾 + 𝜉𝑖𝑗𝑘𝑡, 

where 𝛾 ( 𝛾 ∈  [−1,1] represents the correlation between ɛ𝑖𝑗𝑘𝑡 and 𝜂𝑖𝑗𝑘𝑡; and 𝜉𝑖𝑗𝑘𝑡 follow the 

i.i.d. normal distribution, with 𝜉𝑖𝑗𝑘𝑡 ~ 𝑁(0, 𝜎𝜉
2). 

Therefore, the joint distribution of 𝜉𝑖𝑗𝑘𝑡 and 𝜂𝑖𝑗𝑘𝑡 is given by: 

(8) 

(
𝜂𝑖𝑗𝑘𝑡

ɛ𝑖𝑗𝑘𝑡
) ~ 𝑁 (0, [

1

𝛾

𝛾

  𝜎𝜉
2 + 𝛾2

]) 

We assume that the error terms are not correlated with 𝑄𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡 and 𝑋𝑖𝑗𝑘𝑡. Please refer to 

Appendix 8 for derivation of the respective posterior distributions. 

 

3.4.6. Identification and Estimation 

 

The empirical matching model in the first stage is a variant of a binary probit model with 

an endogenous threshold value (i.e., observed matches and unobserved matches have different 

threshold values (𝑉𝑖𝑗𝑘𝑡 and 𝑉𝑖𝑗𝑘𝑡) in order to satisfy the stability condition. Yet, the identification 

of our matching model is similar to that in a binary probit model. Differences in the characteristics 

of observed and unobserved matches drive the identification of model estimates, and we assume 
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for this identification that fighter characteristics are exogenously given and independent of the 

error terms. 

Because matching values are endogenously determined in the matching model, the 

likelihood function requires integrating a nonlinear function over thousands of dimensions, a 

numerical challenge when it comes to estimating the one-sided matching model. Thus, we employ 

Bayesian inference with a Gibbs sampling algorithm, which offers advantages in dealing with 

high-dimensional integration. We augment the observed data with latent matching values and 

deploy Bayesian estimation, which uses a Gibbs sampling algorithm to perform Markov chain 

Monte Carlo (MCMC) simulations to obtain the posterior distribution of model parameters. 

 

3.5. Empirical Results 

3.5.1. Summary Statistics and Model-Free Evidence 

 

 The summary statistics of the observed, unobserved, and stay-alone pairs of fighters are 

presented in Table 3.4. A comparison of the three groups indicates that the realized pairs of fighters 

have participated in more UFC events. Furthermore, they realized fighters are closer to each other 

than the potential pairs. The mean of the standard deviation of total bouts, winning percentage and 

average proportion of matches won through submissions is lower for realized fights than potential 

fights. Additionally, realized fighters are more successful. However, the fighters who choose to 

self-match or stay alone are those who have participated in fewer UFC events in the past and have 

a lower success rate than the realized pairs. 



70 

 

 

 

Table 3.4 Summary Statistics 

  Observed Cross Match (257) Unobserved Cross Match (4452) 

Variable Mean Standard Deviation Min Max Mean Standard Deviation Min Max 

Average Relative Weight 0.98 0.03 0.85 1.01 0.98 0.03 0.82 1.06 

Std. Dev. Relative Weight 0.01 0.02 0.00 0.12 0.01 0.02 0.00 0.16 

Same Continent 0.54 0.50 0.00 1.00 0.52 0.50 0.00 1.00 

Fighting Technique Similarity 0.07 0.11 0.00 0.50 0.04 0.09 0.00 0.50 

Average Bout Count 17.26 8.09 0.00 42.00 15.98 7.36 0.00 44.00 

Std. Dev. Bout Count 2.66 2.13 0.00 10.50 2.72 2.22 0.00 11.50 

Average Winning Percentage 0.73 0.23 0.00 1.00 0.65 0.23 0.00 1.00 

Std. Dev. Winning Percentage 0.08 0.07 0.00 0.38 0.11 0.10 0.00 0.50 

Average Submission Percentage 0.13 0.12 0.00 0.67 0.14 0.12 0.00 0.80 

Std. Dev. Submission Percentage 0.08 0.08 0.00 0.50 0.09 0.09 0.00 0.50 

Average Knockout Percentage 0.36 0.19 0.00 1.00 0.31 0.18 0.00 1.00 

Std. Dev. Knockout Percentage 0.13 0.10 0.00 0.43 0.13 0.10 0.00 0.50 

Average Winning Streak 0.27 0.45 0.00 2.00 0.48 0.56 0.00 3.50 

Std. Dev. Winning Streak 0.17 0.28 0.00 1.50 0.36 0.44 0.00 2.50 

  Observed Self Match (1069) Unobserved Self Match (514) 

Variable Mean Standard Deviation Min Max Mean Standard Deviation Min Max 

Weight  0.98 0.04 0.77 1.11 0.98 0.04 0.83 1.02 

Bout Count 15.12 9.87 0.00 48.00 17.25 10.58 0.00 52.00 

Winning Percentage 0.65 0.25 0.00 1.00 0.76 0.22 0.00 1.00 
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3.5.2. Estimation Results of the Structural Model 

 

In this section, we discuss the estimates of the model (see Table 3.5). In the top panel of 

Table 3.5, the first column presents the estimated coefficients of the matching value in the one-

sided matching model, while the second column reports the estimated coefficients of the platform 

making model. The bottom panel of Table 3.5 presents the self-match model estimates. The first 

column shows that Average Relative Weight has a negative effect on the likelihood of matching 

(𝛼 = −0.21, p < .05). Put differently, fighters obtain lower matching value from opponents whose 

weight is higher. Since fighters who have a higher weight tend to possess an undue advantage in 

power, the above result implies that fighters actively avoid such opponents to improve their chance 

of winning the bout. At the same time, the average weight has a positive effect on PPV viewership 

(𝛽 = 4.61, p < .05).  This means that viewers prefer to subscribe to PPV when fighters in the bouts 

are heavier relative to other fighters in the same weight class (perhaps because bouts between 

heavier fighters are considered more entertaining). As a result, from UFC’s perspective, to draw 

in more PPV viewers, it prefers a bout that includes a pair of fighters with high weights. However, 

such bouts are less likely to be realized due to low matching values. These results highlight a 

conflict of interest between the fighters and the UFC platform that arises from weigh-in-weight. 

This is an example of the first type of misaligned incentives that stem from factors which have 

divergent impact on fighter matching versus platform PPV outcome. 

We also identify several factors that affect PPV viewership but have no impact on 

matching. The coefficient on Std. Dev. Relative Weight is positive and significant (𝛽 = 3.75, p < 

.1), indicating that PPV viewership increases when fighters are more dissimilar in relative weight. 

Average Bout Count has a positive and significant effect on PPV viewership (𝛽 = 0.02, p < .05). 

Thus, PPV viewers prefer to watch fighters who are more experienced. Average Submission 
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Percentage has positive impact on PPV viewership (𝛽 = 1.02, p < .1), i.e., fighters who excel in 

submission techniques attract more PPV viewers. Finally, Std. Dev. Submission Percentage 

negatively affects PPV (𝛼 = 1.41, p < .10), implying that viewership is likely to increase when 

fighters have similar (vs. dissimilar) submission techniques. These results illustrate the presence 

of a second type of incentive misalignment i.e. factors that influence the platforms’ outcome do 

not influence the matching decisions of users. 

Table 3.5 Structural Model Estimation Results 

Dependent variable: One-Sided Matching Model Platform Making Model 

  Coefficient SD Coefficient SD 

Average Relative Weight -0.21** 0.10 4.61*** 1.45 

Std. Dev. Relative Weight -0.58 1.01 3.75* 2.18 

Same Continent 0 0.04 -0.07 0.11 

Fighting Technique Similarity 0.21 0.22 -0.25 0.46 

Average Bout Count 0 0.00 0.02** 0.01 

Std. Dev. Bout Count 0 0.01 0.04 0.03 

Average Winning Percentage 0.11 0.12 -0.36 0.29 

Std. Dev. Winning Percentage -0.08 0.23 0.04 0.75 

Average Submission Percentage -0.05 0.25 1.02* 0.58 

Std. Dev. Submission Percentage -0.12 0.32 -1.41* 0.80 

Average Knockout Percentage -0.01 0.15 -0.06 0.35 

Std. Dev. Knockout Percentage 0.01 0.21 0.17 0.53 

Average Winning Streak -0.02 0.06 0.12 0.16 

Std. Dev. Winning Streak -0.06 0.07 -0.33 0.25 

Constant   8.24*** 1.45 

γ  0.01 .02   

𝜎2 .54   
 

Dependent variable: Observed Self Match=1  
 

  Coefficient SD  
 

Average Relative Weight 0.79*** 0.15  
 

Average Bout Count 0 0.00  
 

Average Winning Percentage -0.44*** 0.16  
 

 

Note: *** Significant at 1%; ** Significant at 5%; * Significant at 1%. 
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Although small and only marginally significant (𝛾 = 0.01, p < .10) the positive correlation 

between the two stages speaks to the value of jointly estimating the two-stage model. If the 

correlated error terms were not accounted for, the platform making model coefficients would be 

biased. To understand the substantive impact of this issue, we estimated the model assuming that 

the error terms are uncorrelated. The results in Table 3.6 shows the OLS regression estimates of 

fighter pair characteristics on PPV are similar to those obtained our matching model.  However, 

apart from differences in the sizes and levels of significance, there are a few substantive 

differences. Thus, the OLS estimate suggests that the standard deviation of win streak to be 

negatively related to PPV viewership (i.e., viewers prefer to watch bouts involving fighters with 

lower deviation in win streaks).  Importantly, the matching model allows us to compare the factors 

which influence the PPV to those that influence the matching between fighters. 

Our findings highlight the presence of misaligned incentives through various sources. First, 

we show the presence of conflicting incentives whereby a factor (average weigh-in-weight) may 

positively influence the platforms’ profit but negatively influence the matching decisions between 

users. Second, we also show the presence of competing incentives whereby certain factors (Std. 

Dev. Relative weight, Average Bout Count, Average Submission Percentage and Std. Dev. 

Submission Percentage) influence the platforms’ PPV outcome but not the matching decisions 

between users. Additional empirical analyses are exploring other sources of conflicts that may 

influence fighters’ matching decisions but not the outcome of the platform. These include potential 

interactive effects between selected factors. The estimated models may be further enriched in 

future research that augments the dataset with other variables that were not originally included 

(e.g., factors such as fighter reputations and subjective popularity with viewers).    
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Table 3.6 Estimation Results of PPV Viewership on Fighter Pair Characteristics 

Dependent variable: log(PPV Viewership) 

 Coefficient SE 

Average Relative Weight 4.44** 2.1 

Std. Dev. Relative Weight 5.12* 2.1 

Same Continent -0.06 3.1 

Fighting Technique Similarity -0.08 0.1 

Average Bout Count 0.02*** 0.4 

Std. Dev. Bout Count 0.04 0.01 

Average Winning Percentage -0.24 0.02 

Std. Dev. Winning Percentage -0.05 0.26 

Average Submission Percentage 1.03* 0.72 

Std. Dev. Submission Percentage -1.68** 0.53 

Average Knockout Percentage -0.12 0.75 

Std. Dev. Knockout Percentage 0.15 0.31 

Average Winning Streak 0.11 0.49 

Std. Dev. Winning Streak -0.42* 0.15 

Constant 8.2*** 0.24 

Observations 257  
R2 0.14  
Adjusted R2 0.14   

 

Note: *** Significant at 1%; ** Significant at 5%; * Significant at 1%. 

 

3.6. Counterfactual Analysis 

 

So far, our empirical analysis of our UFC dataset has shown that users’ (fighter) incentives 

to match and the platform’s (UFC) incentives of market making are misaligned. In this section, we 

address the follow-on research question regarding the mechanism design of the platform. In our 

first counterfactual analysis, we propose a matchmaking algorithm based on the parameter 

estimates obtained in the previous section and then test the extent to which it may influence UFC’s 

revenue. In our second counterfactual analysis, we shed light on the optimal design of UFC’s tiered 

structure by combining two existing weight tiers or by decomposing an existing tier into two tiers. 
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3.6.1.  Matchmaking Algorithm Design 

 

In this counterfactual experiment, we examine a scenario in which UFC can centralize the 

assignment of bouts. This requires that UFC have the power to dictate to fighters what matches 

they must make. Thus, UFC can explicitly specify the central allocation policy in its contract with 

fighters or set up rules and guidelines that limit fighters’ ability to turn down a bout, such as 

potential sanctions and penalties. There is evidence for the use of such penalties. For example, 

UFC recommended a bout between Yair Rodriguez and Zabit Magomedsharipov (both 

featherweights) for Event “UFC 227: Dillashaw vs. Garbrandt” scheduled on August 4, 2018. 

However, Yair Rodriguez refused to take the fight with Zabit Magomedsharipov, which directly 

led to his dismissal from UFC. Under the central allocation regime, the maximization of UFC’s 

profit from PPV is equivalent to that of the PPV viewership. Put differently, UFC’s profit-

maximization problem is to find a bout that maximizes the PPV viewership from all possible bouts. 

This can be formulated as the following linear program: 

(9) 

𝑚𝑎𝑥𝑖𝑗 {𝑌𝑖𝑗𝑘𝑡} 

𝑠. 𝑡. 𝑖𝑗 ∈ 𝑀𝑘𝑡 

 

where 𝑌𝑖𝑗𝑘𝑡 is the PPV viewership and 𝑀𝑘𝑡 is the set of potential matches in market 𝑘𝑡, and 

both condition 𝑖𝑗 ∈ 𝑀𝑘𝑡 and 𝑖 ≠ 𝑗 together represents all potential bouts (or equivalently, 

all potential cross matches). From Equations (6) and (7), we have 

(10) 

E[𝑌𝑖𝑗𝑘𝑡] = E[𝑋𝑖𝑗𝑘𝑡𝛽 + 휀𝑖𝑗𝑘𝑡] = E[𝑋𝑖𝑗𝑘𝑡𝛽 + 𝜂𝑖𝑗𝑘𝑡𝛾 + 𝜉𝑖𝑗𝑘𝑡] = 𝑋𝑖𝑗𝑘𝑡𝛽 + 𝛾(𝑉 − 𝑊𝑖𝑗𝑘𝑡𝛼) 
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Note that Equation (10) holds because E[𝜉𝑖𝑗𝑘𝑡] = 0. 

 Given Equation (10), we calculate the expected PPV viewership of all potential matches in 

the market,  

(11) 

�̂�𝑖𝑗𝑘𝑡 = 𝑋𝑖𝑗𝑘𝑡�̂� + 𝛾(𝑉 − 𝑊𝑖𝑗𝑘𝑡�̂�) 

where �̂�, �̂�, and 𝛾 are the parameter estimates of our structural model. We then replace 𝑌𝑖𝑗𝑘𝑡 in 

Equation (9) in Equation (11) and maximize it with respect to 𝑖𝑗 ∈ 𝑀𝑘𝑡. This gives us the optimal 

bouts 𝑖∗𝑗∗. The set of the optimal bouts in market 𝑘𝑡 is denoted by 𝜅𝑘𝑡 where 𝑖∗𝑗∗ ∈ 𝜅𝑘𝑡. Then we 

calculate the expected PPV viewership for each optimal bout �̂�𝑖∗𝑗∗𝑘𝑡. Since PPV viewership is 

associated with events (rather than bouts) we take average of the PPV viewership of all optimal 

bouts in one event, if any. Thus, we obtain the expected PPV viewership at the event level,  

(12) 

�̂�𝑡 =
1

𝑞𝑡
∑ ∑ �̂�𝑖∗𝑗∗𝑘𝑡

𝑖∗𝑗∗∈𝜅𝑘𝑡𝑘

 

Where 𝑞𝑡 is the number of optimal bouts in event 𝑡. Through PPV maximization, we obtain a 

sequence of optimal bouts recommended by the algorithm we proposed. 

 Comparing the optimal bouts with the observed bouts, we find that our algorithm consists 

of different bouts for all but 4 out of 143 events. This indicates that the bouts recommended by our 

matchmaking algorithm do not overlap with the bouts selected by matchmakers at UFC in 97.2% 

of the events. This also implies that UFC can be better off with the matchmaking algorithm in 139 

of 143 events. See Figure 1 for a comparison in PPV viewership of recommend bouts and observed 

bouts. Across all events, the average PPV viewership of the observed bouts amounts to 436,595 
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and that of the optimal bouts is 1,119,278.  In other words, our proposed matchmaking algorithm 

can improve PPV viewership by 156.3%. 

Figure 1 Comparison of PPV Viewership between Optimal Bouts and Observed Bouts in the 

Centralized Allocation Regime 

 

 Our current recommendation algorithm recommends bouts with certain popular fighters 

more frequently as compared to our observed data. For instance, in our set of observed bouts, we 

see that the 26 fighters participate in 50% (approx.) of all observed fights. In contrast, our 

recommended algorithm features only 12 fighters in 50% (approx.) of the observed bouts. This is 

important for readers to keep in mind while interpreting the results obtained from the 
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counterfactual analysis. We are also conducting additional analyses that use other pragmatic and 

institutional constraints to limit the recommendation system from oversampling certain fighters.   

 

3.6.2. Designing Tiered Structures 

 

Next, we examine situations where we change the existing tier structure and forecast the 

expected PPV for an out of sample UFC event. We examine the potential change in PPV for “UFC 

Fight Night 81: Dillashaw vs. Cruz”, when we modify the existing tier structure. Thus, our overall 

objective is to provide the UFC with a tier strategy to optimize PPV buys. First, we construct the 

list of all available fighters across all tiers (281 fighters in all). Next, we modify the existing tier 

systems by: a) combining the two closest tiers to form a single tier containing fighters from both 

tiers b) restructure each tier by breaking each tier into two smaller tiers. 

Table 3.7 shows the expected PPV from the best counterfactual fighter pair when we 

combine two adjacent tiers. The optimal PPV is obtained when we combine the 170-185 

(middleweight) and 185-205 (light heavyweight) tiers to form a single tier. Our analysis shows 

that, compared to the current tier system, UFC can increase PPV buys by combining two tiers into 

a single tier. Additionally, we find that the tier structure with the combined tier as 170-205 is 

optimal. Table 3.7 also shows the maximum expected PPV from counterfactual pairs when we 

break up an existing tier. In this study, we successively break up the tiers from flyweight (115-125 

lbs.) to heavyweight (205-265 lbs.). We see that breaking up the 170-185 (middleweight) tier into 

two different tiers (i.e. 170-177.5 and 177.5-185) increases the expected PPV. Overall, merging 

the 170-185 and 185-205 tiers is more profitable for UFC and increases PPV by 19.2%. 
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Table 3.7 Optimal Tiered Structure 

Tiered Structure Expected PPV Viewership 

Current Tier Structure as the baseline 359,935 

Combine Tiers 

Merge two classes (115-125 lbs. and 125-135 lbs.) into one 359,935 

Merge two classes (125-135 lbs. and 135-145 lbs.) into one 359,935 

Merge two classes (135-145 lbs. and 145-155 lbs.) into one 359,935 

Merge two classes (145-155 lbs. and 155-170 lbs.) into one 359,935 

Merge two classes (155-170 lbs. and 170-185 lbs.) into one 361,700 

Merge two classes (170-185 lbs. and 185-205 lbs.) into one 429,136 

Merge two classes (185-205 lbs. and 205-265 lbs.) into one 359,935 

Decompose an Existing Tier 

Decompose the class 115-125 lbs. into two (115-120 lbs. and 120-125 lbs.) 359,935 

Decompose the class 125-135 lbs. into two (125-130 lbs. and 130-135 lbs.) 359,935 

Decompose the class 135-145 lbs. into two (135-140 lbs. and 140-145 lbs.) 359,935 

Decompose the class 145-155 lbs. into two (145-150 lbs. and 150-155 lbs.) 359,935 

Decompose the class 155-170 lbs. into two (155-162.5 lbs. and 162.5-170 lbs.) 359,935 

Decompose the class 170-185 lbs. into two (170-177.5 lbs. and 177.5-185 lbs.) 427,812 

Decompose the class 185-205 lbs. into two (185-195 lbs. and 195-205 lbs.) 359,935 

Decompose the class 205-265 lbs. into two (205-235 lbs. and 235-265 lbs.) 359,935 
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Overall, our counterfactual study 2 shows that it is most profitable for the matchmaker to 

combine tiers rather than breaking up current tiers into multiple tiers. This makes sense when one 

considers that combining two tiers provides a richer choice set of fighters that leads higher 

expected viewership than by creating better matches among fighters by breaking up existing tiers.  

However, in alternative configuration of viewer preferences (e.g., a distaste for one-sided fights) 

one may find that breaking up an existing tier may improve UFC’s revenue relative to an existing 

system. In summary, the counterfactual analysis suggests that tiering provides an alternative 

approach to improving the configuration of bouts (matches) so as to enhance higher platform 

revenues by catering to subscriber tastes.  

 

3.7. Concluding Remarks 

 

Matchmaking platforms have gained enormous popularity in today’s technology driven, 

interconnected world. They populate a variety of markets such as online social networks (e.g., 

Facebook, LinkedIn), travel and lifestyle (e.g., Airbnb, Uber), online games (e.g., League of 

Legends, Counter-Strike: Global Offensive) and online dating (e.g., Tinder, Grindr). As the core 

value proposition, matchmaking platforms facilitate matching among users by lowering both 

search and evaluation costs for platform users. Since users on the platform have the freedom of 

pairing up with others, it is important for us to understand how the matching process influences 

the platform’s payoff. This motivated our two-stage model that jointly investigate the determinants 

of users’ matching and the platform’s payoff. Two fighters decide to fight with each other in a 

bout and this is captured by a one-sided matching model, which in turn determines UFC’s PPV 

viewership at the event level. 

 



81 

 

 

 

3.7.1. Key Results and Managerial Implications 

 

Our core finding is that, after controlling for the endogenous matching among fighters, 

fighters (users) and UFC (platforms) may have misaligned incentives and conflicting interests in 

“matching” and “making,” respectively.  The nature and the source of misalignment may differ 

and call for different mechanisms to create better alignments.   

First, fighters are less likely to be matched with opponents with higher weigh-in weight 

because they prefer to be matched with other fighters in a similar weight class. This adversely 

affects PPV viewership when fighters in the bouts have low relative weight. This situation reflects 

the first type of incentive misalignment of when the fighters (users) user’s preferences are 

configured in a way that conflicts directly with the interest of UFC (the platform). 

Second, we find that some factors influence PPV viewership but not the fighters’ matching 

decisions. For instance, PPV viewership increases when the deviation of the relative weight of 

fighters is higher, when the fighters have played more bouts and therefore are more experienced 

and when fighters excel in winning matches through submission techniques. PPV viewership 

decreases when the deviation of the wins through submissions is higher between two fighters. 

However, these do not influence the matching decision between the fighters.  This second type of 

misalignment stems from factors that affect the UFC (platform) but not the fighters (users). 

As noted at the outset of this chapter (Table 3.1) such conflicts of interest are common to 

other matchmaking platforms. For example, users in online dating sites tend to leave after they 

find a match, which hurts the profits of these platforms that rely on monthly subscriptions (Wu et 

al., 2018). In another example, Uber drivers may decline rides that are not lucrative enough, 

whereas Uber’s interests may focus on the delivery rate of ride-along services. We believe that our 

model may be extended to these settings. The first stage of the model examines the factors that 
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influence the matching process. Although we consider one-sided matching in this paper, the 

approach may be readily extended to matchmaking platforms are characterized by two-sided 

matching. The second stage examines the factors that influence the profit/revenue that the 

platforms reap either directly from  the users (e.g., membership fees) or indirectly from third party 

consumers willing to pay the platform (e.g., arena tickets and PPV) for the products/services that 

derive  from the match. 

The findings offer several important insights for managers of matchmaking platforms. 

First, misaligned incentives present a dilemma for emerging matchmaking platforms: should they 

focus on providing value to users or on reaping higher platform revenue? To provide more value 

to users, matchmaking platforms should cater to user preferences (e.g., allow fighters to form 

matches freely). This should attract a larger user base. To obtain higher platform revenues, 

matchmaking platforms should cater to payer preferences, limiting user options or providing 

guidance that encourages users to match consistent with third party payer preferences in an effort 

to boost platform  Emerging platforms often fail to balance the potentially conflicting preferences 

of the user base and third-party payers and our  model may support platform managers in this 

challenging task. 

Second, at its core, the conflict of interest between users and the platform may reflect an 

inherent incompatibility between the platform’s business model and revenue model. The business 

model rests on providing matchmaking services to facilitate users in forming matches based on 

mutual agreement. The revenue model specifies how to extract revenues from third-party payers. 

Our model can provide platform managers with insights about how the business model and the 

revenue model may be aligned better. For instance, many matchmaking platforms rely on monthly 

subscriptions (e.g., online dating sites, job social networks) as the major source of revenue. This 
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revenue model tends to be inconsistent with users’ motives. To align the competing incentives, 

these matchmaking platforms can benefit from shifting to the revenue model that charges a flat fee 

for each match or a variable fee based on the expected matching value. 

Our first counterfactual experiment showed that with a centralized allocation regime where 

UFC has all the market power to select fighters into a bout, the matchmaking algorithm alone may 

be sufficient because users’ incentives are ignored. With such an algorithm, our analysis showed 

that UFC can improve PPV viewership by 156.3% on average. Here, asymmetric market power 

renders moot the issue of misaligned incentives. Sanctions, such as the dismissal of fighters who 

decline recommended bouts also consolidates the UFC’s (platform’s) power. 

Future research may explore other methods to mitigate conflicts of interest. One possibility 

is to use a “carrot” or “stick” approach with the users. On the “carrot” side, the platform may 

benefit from making side payments to induce users to form matches desirable from the platform’s 

perspective. For example, Uber recently capped the number of drivers and created a minimum 

wage in order to remedy the misaligned incentives.18 Alternately, other platforms may adopt a 

“stick” strategy. Thus, UFC dismisses or institutes temporary bans on fighters who reject bouts. 

Uber penalizes drivers who cancel rides with a cancellation fee and dismisses drivers with low 

ratings.19 Similar punishments have been seen in Airbnb. Other strategies to align the competing 

incentives include withholding information that may create misaligned incentives. For instance, 

Uber does not disclose the destination of passengers until drivers accept the ride.  

 
18 Source: https://www.marketwatch.com/story/new-york-citys-new-uber-rules-could-make-those-5-cancellation-

fees-go-away-2018-08-16 
19 Source: https://www.npr.org/2019/05/29/728005817/uber-to-start-banning-passengers-with-low-ratings. 
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In another counterfactual experiment, we explore the optimal design of UFC’s tiered 

structure for the upcoming event under different scenarios. With a centralized allocation regime, 

we find that the optimal tiered structure involves merging the tiers middleweight (170-185) and 

light heavyweight (185-205) to form a single tier. This changes the mix of fighters available in the 

new merged tier and improves PPV viewership by 19.2%. Here, we find that by combining two 

existing tiers, the UFC can increase the variety of fighters available in each tier and can therefore 

balance out the competing incentives of users and the platform. However, in other situations, 

splitting up a tier may encourage matches that are more attractive to third-party payers. Thus, 

strategically tweaking existing tier systems may be beneficial for platforms.  Since tiering is very 

common for matchmaking platforms, this result has important implications. 

  

3.7.2. Directions for Future Research 

 

This paper provides a starting point for understanding the challenges of managing 

matchmaking platforms and suggests directions for future research. First, our model is a complete 

information model (both the UFC and the fighters have perfect knowledge of all relevant 

characteristics). Other matchmaking platforms may feature asymmetric information. Second, the 

process of matching users’ needs more study focusing on subjective reputational aspects that may 

influence fighters’ matching decisions and platform revenues. Third, the dynamics of matching 

processes where fighters may form repeated matches are also of interest. Fourth, the algorithm’s 

efficiency gain and profitability may be overestimated if not all “active” fighters are indeed active 

(e.g., due to injuries, suspension, or personal reasons). Lack of formal data may make it difficult 

to address such issues empirically but a decision aid using subjective judgments may allow 

consideration of such factors. The next chapter addresses the design of such decision aids. 
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Chapter 4 : Matching and Making in Matching Markets: A Managerial 

Decision Calculus 
 

4.1. Introduction  

 

 Rapid technological advances over the past two decades has produced a paradigm shift in 

how businesses operate. The Internet has spawned many online platforms: “digital services that 

facilitate interactions between two or more distinct, but interdependent sets of users (whether firms 

or individuals) who interact through the service via the Internet” (OECD, 2019). The interactions 

benefit both the users and the platform. The platform plays an intermediary role that facilitates 

transactions between the user groups that are connected through it. Examples of online platforms 

include Q&A sites (e.g., Quora); dating clubs (e.g., match.com); online intermediaries (e.g., eBay), 

and mixed martial arts sites (e.g., UFC – Ultimate Fighting Championship). These are only a few 

examples of online platforms that are creating beneficial, multi-directional exchanges between 

parties at cost-efficient scales. It is predicted that by 2021, about 86 million adults in the United 

States will participate in the sharing economy in one form or another (Manyika et. al. 2016). 

 Online platforms add value in one or more of three ways: (a) lowering search costs for the 

parties connected via the platform, (b) providing a technology infrastructure for transactions at 

scale that lower shared demand and supply side costs; and (c) locating other audiences (consumers) 

for output that result from transaction facilitated by the function. The platform manager must create 

strategies that assure the viability of the platform’s business model by extracting some of the 

surplus that accrues from lowered search and shared costs, or by participating in revenue streams 

flow from the consumers (audiences) it creates. Thus, a Q&A platform such as Quora connects a 

community of information users who may play both information seeker and contributor roles. 
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 Whereas Quora plays only a facilitator role for information users, other online platforms 

go beyond providing connectivity and help create markets in which they create matches across 

distinct groups of users that they connect (e.g., Rochet and Tirole 2003). Such markets are termed 

“one-sided” when the match involves members of a single user group (e.g., fighter pairings on the 

UFC platform). Multi-sided matching involves matching across two or more distinct user groups 

or entities (e.g., an online dating platform that matches heterosexual men and women). A multi-

sided platform such as eBay reduces search costs by connecting buyers and sellers, saves shared 

transaction costs by offering credit card payments, and creates audiences (customers) for 

advertisers (sellers). With the emergence of the sharing economy, matchmaking platforms are 

playing increasingly prominent roles. As matchmakers, the platform not only provides an 

interaction forum, but also facilitates matches by providing recommendations for pairings (that 

users are free to accept or reject).  

 Playing a matchmaker role creates new and unique challenges for online platform 

managers. The matching mechanism must benefit the users while maximizing platform profits. 

Marketplace experience suggests that these goals are not necessarily collinear. Thus, users in 

dating platforms (e.g., Tinder, Grindr etc.) may leave after finding a prospective partner. Similarly, 

job seekers may leave an employment platform once they are employed. Such situations may 

adversely affect a platform’s ongoing revenues creating incentives for proposing suboptimal 

matches to garner repeat business. In other cases, conflicts may arise if user interests conflict with 

the platform’s interests (e.g., by sub-optimizing revenues garnered from other members of a multi-

sided platform. For example, fighters on the UFC platform may prefer matching with weaker 

opponents to preserve win rates. However, this may sub-optimize UFC platform profits as pay-

per-view audiences may find the bouts unattractive. Such situations may be difficult for the 
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platform manager to assess without significant empirical analysis of operational data. Moreover, 

resolving such problems may involve using such analyses to consider counterfactual scenarios that 

help identify managerial actions that improve on current performance. 

 Additionally, contemporary matchmaking platform managers must anticipate their 

operating environments (e.g., competitive platforms; entry/exit of influential users) and lead 

changes in platform structure and policies. For instance, many online gaming platforms such as 

Epic Games, which are one-sided networks, frequently need to modify their matchmaking systems 

based on user feedback (Taormina 2018). Balancing user priorities with that of the platform is a 

complex and challenging task where decisions must be informed by prior marketplace data, as well 

as subjective managerial judgment where such empirical data are either unavailable or unusable 

(inapplicable) due to structural environmental change. Thus, the platform manager needs model-

based decision support tools for processing data and judgments to support decisions.  

 This essay provides a conceptual framework for developing a decision calculus tool (Little 

1970) for platform mangers. Building on the work reported in Chapter 3, we create such a tool to 

support decision making in one-sided matching markets (e.g., the UFC) which shares many 

common features with other platforms that provide one-sided matching (e.g., combat sports and 

online games). Data and judgments may be used to parameterize the underlying matching model 

that can provide insights into potentially misaligned incentives and conflicts of interest. These 

insights can then be used to examine managerial strategies for better alignment of such incentives. 

Moreover, such a decision calculus tool may help managers explore the profitability of adaptive 

changes to platform structure and policies as well as the matching algorithms in light of 

environmental changes. We utilize the Bayesian modeling framework outlined in the previous 
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essay and allow decision makers to express judgmental inputs based on subjective knowledge of 

the field to aid in decision making.  

  In summary, this essay provides the conceptual framework for a decision calculus for one-

sided match-making platform to (a) incorporate judgmental inputs based on tacit substantive 

knowledge; (b) provide the parameter estimation algorithms within a Bayesian framework and (c) 

explore revenue and profitability implications of adaptive changes to the matching algorithm and 

tier structures. For example, a UFC platform manager may utilize this framework to support 

decision making in situations when new fighters are recruited, when existing fighters retire and 

quit the platform. The framework can help platform managers to explore the platform profitability 

impact of other structural and policy changes (e.g., incentivizing profitable bouts through side 

payments) on the basis of available empirical data and subjective managerial judgment. Finally, in 

some circumstances, the framework may be used as a shared decision-making tool, supporting 

fighters in changing their tier category by examining the impacts on the matching process and 

platform outcomes. 

 

 4.2. Literature Review 

 

 Little (1970) first coined the term decision calculus and proposed a pragmatic approach to 

building models that managers could readily use in making decisions. He presented the ADBUDG 

model (designed to help managers in making advertising decisions) as an exemplar of the decision 

calculus approach. At its core, the model specifies a market share response function to advertising 

expenditures. The response function is parameterized using subjective managerial judgments 

elicited from the manager and is validated by tracking past history of market response to 

advertising decisions. Following this seminal work, other researchers proposed several marketing 



89 

 

 

 

decision support systems to aid managers and salesmen. For instance, Lodish (1971) developed 

the CALLPLAN model to aid salesmen to optimize their allocation of sales call time. Burke et. al. 

(1990) proposed a model to aid managers select advertising message features targeted to audiences 

with different characteristics. The range of models and their successful implementation history is 

cataloged in Lilien, Kotler and Moorthy (1992, 2004). 

 Marketing models are designed to aid managers in understanding their environments and 

support decision making. Models parameterized using empirical data are the norm in the marketing 

decision models literature. However, in many situations, data are sparse or poor in quality, but 

managers have tacit knowledge that allows them to provide inputs helpful in parameterizing the 

models. A model based solely on judgmental inputs may fail to capture complex underlying 

processes, and may be susceptible to biases (Chakravarti, Mitchell and Staelin 1979). Thus, a 

combination of empirical and judgmental data can provide models that are simple, complete on 

key phenomena, robust, adaptable, and easy to control. Building and using such models in 

evolutionary phases can help managers understand and unpack the complexities of their decision 

environments and also explore counterfactual scenarios that help anticipate the impact of structural 

and contextual changes in their decision environment.  

  Notwithstanding potential biases, the use of decision support system may lead to improved 

decisions, e.g., better customer targeting (Lilien et. al. 2004) even when the user cannot perceive 

a difference. A decision support system may enable managers to evaluate previously unexplored 

options (Lilien 2011) creating room for incremental performance improvements, without incurring 

the high cost of market experiments or the risks associated with purely intuitive or heuristic 

decisions. Moreover, advances in statistical estimation procedures, computing power that enables 

use of Bayesian methods, allows the development of decision support tools that can help platform 
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managers evaluate a wide range of decision options in more complete fashion. However, this is 

not unaccompanied by new challenges (Lilien 2011) that have stemmed from the proliferation of 

complex models that managers find less than accessible for day-to-day decision making. 

 

4.3. The Proposed Framework  

 

 In this paper, we propose a framework based on the Bayesian modeling framework outlined 

in essay 3 to provide a decision support tool to platform managers in one-sided matching markets. 

The challenges faced by platform managers in such contexts are significant. First, matchmaking 

platforms present a complex setting that involves the joint decisions of multiple agents. For 

instance, in the Ultimate Fighting Championship (UFC), fighters’ matching decisions are 

influenced by the decisions of other fighters on the platform. Second, given the number of fighters 

involved, a matchmaker proposing bouts may fail to consider the complete set of available fighters. 

Third, the platform manager may have a biased assessment of fighters’ economic, psychological, 

or socio-cultural motivations and fail to detect potential for misaligned incentives. between the 

fighters and the platform. Finally, the model may help platform managers assess the impact of 

disruptive change (e.g., fighter entry/exit or structural changes in tiering systems). We provide 

three examples of situations when such a model may aid managers. 

 

4.3.1. Description of Model 

 

 In the UFC context, the platform managers are the matchmakers who recommend bouts 

between two fighters. The platform users are the fighters who can accept or reject a proposed bout. 

In the case of rejection, the matchmaker proposes new matches to the fighters. When a pair of 

fighters accept a proposed bout, they are assigned to a UFC event. 
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The core model has been described in Essay 2. In a first stage, the matching decisions of a pair of 

fighters is given by:  

(1) 

𝑉𝑖𝑗𝑘𝑡 = {
𝑄𝑖𝑗𝑘𝑡𝜆 + 𝜂𝑖𝑗𝑘𝑡 , 𝑤ℎ𝑒𝑛 𝑖 = 𝑗

𝑊𝑖𝑗𝑘𝑡𝛼 + 𝜂𝑖𝑗𝑘𝑡 , 𝑤ℎ𝑒𝑛 𝑖 ≠ 𝑗
  

and the outcome equation as: 

(2) 

𝑌𝑖𝑗𝑘𝑡 = 𝑋𝑖𝑗𝑘𝑡𝛽 + ɛ𝑖𝑗𝑘𝑡 

Finally, the error term in the outcome equation may be written as: 

(3) 

ɛ𝑖𝑗𝑘𝑡 = 𝜂𝑖𝑗𝑘𝑡𝛾 + 𝜉𝑖𝑗𝑘𝑡 

where 𝑊𝑖𝑗𝑘𝑡, 𝑄𝑖𝑗𝑘𝑡, and 𝑋𝑖𝑗𝑘𝑡 are vectors of observed characteristics; 𝛼, 𝜆, and 𝛽 are vectors of 

coefficients. The error terms for the equations 𝑌𝑖𝑗𝑘𝑡 and 𝑉𝑖𝑗𝑘𝑡 are linked through a set of parameters 

𝛾, where 𝛾 is assumed to follow a normal distribution with 0 <  𝛾 < 1. After obtaining the 

coefficients 𝛼, 𝜆, and 𝛽 a manager may suitably examine the of a change in a variable of interest 

in either the matching or outcome stage or both. 

 The UFC’s profit maximization problem may be formulated as a linear program: 

(4) 

𝑚𝑎𝑥𝑖𝑗 {𝑌𝑖𝑗𝑘𝑡} 

𝑠𝑡 𝑖𝑗 ∈ 𝑀𝑘𝑡 

where 𝑌𝑖𝑗𝑘𝑡 is the PPV viewership and 𝑀𝑘𝑡 is the set of potential matches in market kt, and 

both condition 𝑖𝑗 ∈ 𝑀𝑘𝑡 and 𝑖 ≠ 𝑗 together represents all potential bouts (or equivalently, 

all potential cross matches). From Equations (1) and (3), we have 
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(5) 

E[𝑌𝑖𝑗𝑘𝑡] = E[𝑋𝑖𝑗𝑘𝑡𝛽 + 휀𝑖𝑗𝑘𝑡] = E[𝑋𝑖𝑗𝑘𝑡𝛽 + 𝜂𝑖𝑗𝑘𝑡𝛾 + 𝜉𝑖𝑗𝑘𝑡] = 𝑋𝑖𝑗𝑘𝑡𝛽 + 𝛾(𝑉 − 𝑊𝑖𝑗𝑘𝑡𝛼) 

Note that Equation (5) holds because E[𝜉𝑖𝑗𝑘𝑡] = 0. Given Equation (5), we calculate the 

expected PPV viewership of all potential matches in the market, 

(6)  

�̂�𝑖𝑗𝑘𝑡 = 𝑋𝑖𝑗𝑘𝑡�̂� + 𝛾(𝑉 − 𝑊𝑖𝑗𝑘𝑡�̂�) 

where �̂�, �̂�, and 𝛾 are the parameter estimates for our structural model.  

 Next, we replace 𝑌𝑖𝑗𝑘𝑡 in Equation (4) in Equation (6) and maximize it with respect to 𝑖𝑗 ∈

𝑀𝑘𝑡. This gives us the optimal bouts 𝑖∗𝑗∗ in the presence of a change in a variable of interest. The 

set of the optimal bouts in market kt is denoted by 𝜅𝑘𝑡 where 𝑖∗𝑗∗ ∈ 𝜅𝑘𝑡. Then we calculate the 

expected PPV viewership for each optimal bout �̂�𝑖∗𝑗∗𝑘𝑡. Since PPV viewership is associated with 

events rather than bouts, we take the average of the PPV viewership of all optimal bouts in one 

event, if any. Thus, the expected PPV viewership at the event level is:  

(7) 

�̂�𝑡 =
1

𝑞𝑡
∑ ∑ �̂�𝑖∗𝑗∗𝑘𝑡

𝑖∗𝑗∗∈𝜅𝑘𝑡𝑘

 

where 𝑞𝑡 is the number of optimal bouts in event t. We use Pay-per view (PPV) revenues as the 

dependent variable of interest, but our model can accommodate a change in the dependent variable 

of interest (e.g., profitability or viewership). The independent variables of interest 𝑊𝑖𝑗𝑘𝑡, 𝑄𝑖𝑗𝑘𝑡, 

and Xijkt may be empirical data observed from the field or judgmental data input by the platform 

manager. 
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4.4. Application Context 

 

 We illustrate the application of this decision support model to aid the platform manager in 

making three critical decisions in a one-sided matchmaking context. The decisions include 

recommendations for matches and associated profitability outcomes when (1) there is an entry (of 

a new fighter) or the exit of a fighter in the current user base; (2) when fighters move across tier; 

and (3) there is a structural change in the tiering system. Each of these situations reflects an 

environmental change and the decision support model provides a platform manager an assessment 

tool.  

 

4.4.1. Entry or Exit of a Fighter 

 

 Suppose the platform is recruiting new fighters to the platform. In the absence of prior 

knowledge regarding the fighter’s matching preference, the firm can examine the joint match value 

that the new fighter may obtain with all existing fighters in the platform. Given a list of such 

valuations, the matchmaker could propose bouts between the new fighter and existing fighters by 

selecting the pair of fighters with the highest valuation. A match forms if the pair accepts the bout 

– otherwise, the matchmaker selects the next best pair and proposes a new bout. The process 

continues until a pair of fighters (that includes the new entrant) accepts a bout and forms a match. 

Finally, the manager can examine the impact of this newly formed bout on firm performance by 

simply substituting the respective values in equation 2.  

 If observable characteristics are unavailable for new entrant (e.g., a rookie fighter with no 

prior fight experience) the manager may use tacit knowledge, subjective judgments or the 

performance of prior new entrants to compute the match values as well as the impact on platform 

performance. Thus, by examining the impact of the new fighter’s entry, the platform may estimate 
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its future revenue streams and decide whether or not to recruit the fighter. A similar process may 

be utilized to examine the impact of a fighter retiring from the platform. 

 The steps in calculating the impact of the entry of a new fighter in the platform are:  

i) Obtain the model parameter estimates �̂�, �̂�, and 𝛾. 

ii) Given these estimates, compute the match values of fighter pairs including the new fighter  

iii) From the set of all potential matches that includes the new fighter, select the pair of fighters 

for whom there is no blocking pair 

iv) From the above list, compute the expected PPV outlined in the section above. 

 

4.4.2. Movement of Fighters Across Tiers 

 

 Tiering systems are commonplace in matchmaking platforms. The UFC tiering system is 

based on the weights of participating fighters. Fighters are free to select and participate in the 

weight tier of their choice and can move freely from one tier to another. However, experience 

suggests that such cross-tier movements are typically unsuccessful (Hutchinson 2015). One may 

attribute this to such moves being unilaterally determined by the fighters themselves as opposed 

to after consultation with the platform. One may consider a new system whereby the platform 

manager can proactively advise fighters on moving across tiers by examining the impact of such a 

move on both the matching process and the platform’s outcomes. The four-step process outlined 

in the previous example may be used to compute the expected revenue from a fighter moving to a 

new tier versus the status quo. 

 As before the judgment data or tacit knowledge may be used to assign performance 

characteristics for the focal fighter. For instance, a fighter moving from a higher to a lower weight 

tier may be disadvantaged on speed and athleticism, but enjoy power and strength advantages. The 
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reverse may be true for a fighter moving from a lower to a higher tier. The platform manager may 

incorporate these subjective variables into the modeling framework to assess the expected revenue 

impact for a fighter moving across tiers and compare to the opportunity cost of such a move. 

 

4.4.3. Changes to the Tiering System 

 

 The platform manager may be interested in examining the impact of a change in the tier 

system. Such changes are common, e.g., UFC’s 2011 acquisition and eventual merging of World 

Extreme Cagefighting (WEC) led to the absorption of the bantamweight (125-135 lbs.) and 

featherweight (135-145 lbs.) divisions present in WEC but absent in UFC.20 This required adding 

two new tiers in the UFC. Similarly, online gaming platforms frequently observe the creation or 

modification of skill-based tiering systems. Thus, the popular online game PlayersUnknown’s 

Battlegrounds (PUBG) introduced a system with 8 tiers ranging from bronze to grandmaster in 

2018. This later increased to about 32 tiers in 2020. In the absence of a decision tool, platform 

managers may implement changes simply based on subjective judgments or hunches. For instance, 

the ranked mode feature in PUBG was introduced without any product testing (PUBG 2020). Our 

decision support framework would enable platform managers to readily ascertain the impact of 

such disruptive changes in the extant tier system. The four-step procedure described earlier would 

produce parameter estimates of the matching and outcome stages. Next, by creating a list of 

potential matches between users and computing the expected revenue, the decision model would 

allow examination of such tiering system changes. 

 

 
20 UFC acquired WEC in 2006 but both continued to operate as independent organizations. The decision to merge 

the two was taken in 2010 with the final WEC event held on December 16, 2010. 
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4.4.4. Software Development 

 

 The creation of the software for the formal decision support model is outside the scope of 

this dissertation. We note however that the code needed for the model estimation and outcome 

computation was completed while developing the empirical analysis and the counterfactual 

experiments reported in Chapter 3. These can be readily adapted to form the analytical core of the 

decision support system. However, we note the important system development tasks that remain. 

These include the development of user friendly and adaptive processes for creating the initial 

database for the platform, the concatenated computation processes analogous to those used for the 

previous counterfactual experiments. Importantly, where judgmental inputs are required, one 

would need to identify the cognitive principles that would make the estimation task easier for the 

platform manager (perhaps using AI algorithms to facilitate such inputs). Moreover, as is common 

in any form of subjective measurement, there is a need to assess the reliability, convergent validity 

and discriminant validity of such inputs, keeping in mind the role of maximally different and 

maximally similar elicitation techniques, and input providers in the platform management team. A 

final desired feature would be the development of a user-friendly sensitivity analysis process that 

allows the manger to examine the influence of different assumptions that may drive the subjective 

inputs. 

  

4.5. Conclusion 

 

 The development of sophisticated statistical methods and phenomenal increases in 

computing power for data analysis, managerial use of analytical models has not attained its 

potential. As Little (1970) noted fifty years ago, this can be attributed to a model complexity, gaps 

in the technical capability of managers, data difficulties (big data notwithstanding) and often a lack 
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of user friendly access to pertinent decision support tools. We note that the value of the analysis 

and the platform management insights obtained for one-sided market in Chapter 3, will not be fully 

realized unless these are made accessible to business practitioners via a decision support tool. We 

believe that a decision support tool developed in a decision calculus framework can aid online 

matchmaking platform managers to a) model the complex matching process b) efficiently process 

data on a large number potential matches in such markets and c) examine the impact of such 

matching on the platform outcome.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



98 

 

 

 

Chapter 5 : General Discussion 
 

 The 21st century has witnessed the rise of the platform economy. An average consumer 

interacts with online platforms many times and in different ways in their day to day activities. For 

instance, they interact with platforms such as Quora, StackOverflow, Uber, and Airbnb to name 

only a few. Such platforms address a variety of needs starting from providing users with answers 

to their day to day queries to, matching them with travel and dining services. However, the rise of 

the platform economy has created a dearth of knowledge in these areas for both the consumer and 

the platforms. My research attempts to shed light on these areas through the three essays that 

comprise this dissertation 

 The first essay examines how crowdsourcing contests influence the quantity and quality of 

user-generated content (UGC). Utilizing a data from the popular question & answer website Quora, 

we observe that monetary incentives raise both the level and the quality of contributions. However, 

higher monetary incentives have little incremental effect. Interestingly, peers are less likely to 

endorse answers written in the presence (vs. absence) of monetary incentives. The data shows that 

mid-range incentives were appreciated more (equivalent to no incentive) whereas low and high 

levels of incentives were appreciated less. This shows the presence of an inverted U-shaped curve 

of monetary incentive on peer appreciation. Furthermore, we conducted a controlled experiment 

in which we manipulated the levels of monetary incentives and the quality of contributions. We 

replicate the findings from the field and confirm the presence of an inverted U-shaped effect of 

monetary incentives on peer appreciation. Answers in response to mid-range incentives drew the 

highest level of peer approval, but no more so than uncompensated answers. The findings from 
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this essay suggest a need for caution in utilizing monetary incentives to generate UGC as peers are 

less likely to provide positive feedback to answers written in expectation of monetary incentive.  

 The second essay examines matchmaking platforms which are ubiquitous in the platform 

economy and help users to reach bilateral agreements and engage in mutually beneficial 

interactions. We collect a novel dataset from Ultimate Fighting Championship (UFC) which is the 

biggest mixed-martial arts organization in the world. We utilize a structural model to examine the 

fighters’ matching decisions and its impact on the outcome of the firm (pay-per-view). We show 

empirically the presence of misaligned incentives between the fighters and the platform. 

Additionally, we propose several methods of mitigating these conflicts of interest by changing the 

matchmaking algorithm and the tier structure. Using several counterfactual experiments, we show 

that the platform may increase its profit by changing the matchmaking algorithm, by taking away 

the freedom of choice from the fighters and by reducing the number of tiers in the platform.  

Finally, my third essay extends the finding from the previous essay and proposes the use 

of a decision calculus framework to generalize our model to a class of commonly encountered 

matching market problems. Our framework allows managers to incorporate both empirical data, 

when available, with judgmental data arising from substantive knowledge of the platform and its 

users. We provide three examples when a platform manager may utilize this framework to aid in 

decision making. First, when new fighters are recruited or when existing fighters retire and quit 

the platform, the manager may examine the effect the entry or exit of the fighter on the matching 

process and the outcome for the firm. Second, a platform may aid fighters in changing their tier 

category by examining its impact on the matching process and the outcome of the firm. Third, a 

platform may wish to examine the impact of a change in the tiering system. While such systems 

are frequently observed in the marketplace, in the absence of a decision tool, a platform manager 
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may rely on simple heuristics to drive decision making. Our decision-making framework enables 

managers to utilize empirical data and allows them to integrate it with subjective information to 

examine if the impact of such changes in the expected revenue of the firm. 
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Appendix 1 

In this section, we provide the summary statistics for each variable and the respective correlation matrices. 

 
 VARIABLE RELATED QUESTION KNOWLEDGE PRIZE QUESTION ALL QUESTIONS 

  MEAN STD DEV MIN MAX MEAN STD DEV MIN MAX MEAN STD DEV MIN MAX 

QUESTION-LEVEL VARIABLES (OBS = 1,127) 

Q_ANS_CT 4.72 12.92 1.00 212.00 44.85 58.75 4.00 504.00 10.38 28.73 1.00 504.00 

Q_COMMENT_CT 0.12 0.45 0.00 5.00 0.67 1.10 0.00 6.00 0.20 0.62 0.00 6.00 

Q_SHARE_CT 0.89 11.21 0.00 274.00 17.36 45.40 0.00 358.00 3.21 20.77 0.00 358.00 

Q_TAG_CT 5.00 2.65 1.00 20.00 6.97 2.25 3.00 14.00 5.28 2.69 1.00 20.00 

Q_VIEW_CT 19921.06 168968.47 47.00 3122069.00 97049.44 121951.48 1060.00 763836.00 30802.53 165352.52 47.00 3122069.00 

Q_AFTER_DUM 0.56 0.50 0.00 1.00 0.00 0.00 0.00 0.00 0.48 0.50 0.00 1.00 

Q_DATE_DIFF_CT 265.63 122.74 27.00 550.00 296.26 60.29 104.00 370.00 269.95 116.47 27.00 550.00 

Q_INTEREST 5.10 0.97 2.00 7.00 5.09 0.91 2.67 7.00 5.10 0.96 2.00 7.00 

Q_BREADTH 4.72 1.04 1.50 7.00 4.93 0.87 2.33 6.75 4.75 1.02 1.50 7.00 

Q_EASE 4.62 1.05 1.40 7.00 4.45 1.03 2.00 7.00 4.60 1.05 1.40 7.00 

Q_CONCRETE 5.00 0.87 1.40 7.00 4.97 0.83 2.50 6.67 4.99 0.86 1.40 7.00 

Q_EXPERTISE 5.03 0.95 1.33 7.00 5.30 0.79 3.00 7.00 5.06 0.94 1.33 7.00 

Q_SELF_CONTRIBUTE 4.36 1.28 1.20 7.00 4.55 1.20 2.00 7.00 4.39 1.27 1.20 7.00 

Q_SELF_EXPERTISE 4.41 1.36 1.00 7.00 4.39 1.41 1.40 7.00 4.41 1.36 1.00 7.00 

ANSWER-LEVEL VARIABLES (OBS = 11,684) 

A_UPVOTE_CT 13.92 158.81 0.00 7500.00 13.75 122.42 0.00 6100.00 13.82 137.78 0.00 7500.00 

A_VIEW_CT 1749.28 17287.30 1.00 550300.00 1850.77 9320.83 2.00 256800.00 1811.14 13024.78 1.00 550300.00 

A_LINK_DUM 0.27 0.44 0.00 1.00 0.30 0.46 0.00 1.00 0.29 0.45 0.00 1.00 

A_VIDEO_DUM 0.02 0.14 0.00 1.00 0.02 0.13 0.00 1.00 0.02 0.14 0.00 1.00 

A_IMAGE_DUM 0.08 0.27 0.00 1.00 0.16 0.36 0.00 1.00 0.13 0.33 0.00 1.00 

A_SENT_CT 9.55 21.54 1.00 729.00 18.15 25.87 1.00 813.00 14.79 24.63 1.00 813.00 

A_WORD_CT 192.82 430.89 0.00 14191.00 392.47 574.88 0.00 21456.00 314.52 532.38 0.00 21456.00 

A_CHAR_CT 811.85 1813.99 2.00 60741.00 1686.14 2446.30 2.00 90754.00 1344.78 2261.53 2.00 90754.00 

A_UPDATE_DUM 0.05 0.21 0.00 1.00 0.09 0.29 0.00 1.00 0.07 0.26 0.00 1.00 

A_GRAMMAR_SCORE 0.92 0.10 -1.00 0.99 0.94 0.08 -1.00 1.00 0.93 0.08 -1.00 1.00 

USER-LEVEL VARIABLES (OBS = 7,609) 

 U_EXPERT_DUM 0.44 0.50 0.00 1.00 0.49 0.50 0.00 1.00 0.35 0.48 0.00 1.00 

 U_KNOWLEDGE_CT 15.00 19.54 0.00 167.00 21.01 26.06 0.00 171.00 13.50 17.49 0.00 171.00 

 U_POST_CT 26.64 355.61 0.00 12520.00 35.42 265.15 0.00 12520.00 17.47 249.52 0.00 12520.00 

 U_QUESTION_CT 54.86 486.29 0.00 14109.00 67.80 402.96 0.00 14109.00 30.63 223.15 0.00 14109.00 

 U_FOLLOWER_CT 885.75 4115.15 0.00 74617.00 2123.99 10993.14 0.00 260684.00 760.33 5409.70 0.00 260684.00 

 U_FOLLOWEE_CT 162.46 869.78 0.00 21162.00 248.78 976.90 0.00 33194.00 128.69 700.74 0.00 33194.00 

 U_EDIT_CT 2823.54 11586.24 1.00 281689.00 3401.38 11137.86 0.00 380693.00 1669.90 6717.69 0.00 281689.00 

 U_ANSWER_CT 707.71 1886.10 0.00 23022.00 749.06 1784.80 0.00 20742.00 407.90 1222.64 0.00 23022.00 

 U_PIC_DUM 0.84 0.37 0.00 1.00 0.88 0.33 0.00 1.00 0.84 0.37 0.00 1.00 

 U_BIO_WORD_CT 4.61 4.95 1.00 29.00 8.14 5.17 1.00 67.00 6.18 5.22 1.00 67.00 
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Table A1(b). Correlation Matrices 

PANEL A. Question-Level Variables  

 

Variables V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11 V12 V13 V14 

V1. Q_ANS_CT 1.00              

V2. Q_COMMENT_CT 0.62 1.00             

V3. Q_SHARE_CT 0.54 0.41 1.00            

V4. Q_TAG_CT 0.17 0.11 0.10 1.00           

V5. Q_VIEW_CT 0.53 0.45 0.39 0.13 1.00          

V6. Q_AFTER_DUM -0.19 -0.14 -0.13 -0.12 -0.06 1.00         

V7. Q_DATE_DIFF_CT 0.00 0.03 0.04 0.04 -0.02 -0.64 1.00        

V8. Q_INTEREST 0.06 0.00 0.03 0.05 -0.01 0.02 -0.07 1.00       

V9. Q_BREADTH 0.07 0.02 0.03 0.03 0.01 -0.02 -0.03 0.38 1.00      

V10. Q_EASE 0.01 -0.03 -0.03 -0.03 0.01 0.06 -0.04 0.31 0.24 1.00     

V11. Q_CONCRETE -0.02 -0.05 -0.04 0.02 -0.08 0.00 -0.04 0.35 0.02 0.42 1.00    

V12. Q_EXPERTISE 0.00 0.02 0.03 0.06 -0.02 -0.05 -0.01 0.27 0.24 -0.14 0.21 1.00   

V13. Q_SELF_CONTRIBUTE 0.11 0.03 0.01 0.06 0.05 -0.04 0.00 0.43 0.32 0.60 0.34 -0.02 1.00  

V14. Q_SELF_EXPERTISE 0.10 0.02 0.00 0.04 0.05 -0.01 -0.01 0.32 0.30 0.63 0.30 -0.16 0.83 1.00 

 

PANEL B. Answer-Level Variables 

Variables V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 

V1. A_UPVOTE_CT 1                   

V2. A_VIEW_CT 0.64 1.00         

V3. A_LINK_DUM 0.05 0.08 1.00        

V4. A_VIDEO_DUM 0.04 0.02 0.08 1.00       

V5. A_IMAGE_DUM 0.06 0.09 0.31 0.09 1.00      

V6. A_SENT_CT 0.08 0.09 0.23 0.09 0.25 1.00     

V7. A_WORD_CT 0.08 0.10 0.25 0.10 0.27 0.96 1.00    

V8. A_CHAR_CT 0.07 0.09 0.26 0.10 0.27 0.95 1.00 1.00   

V9. A_UPDATE_DUM 0.10 0.12 0.18 0.08 0.17 0.21 0.21 0.21 1.00  

V10. A_GRAMMAR_SCORE 0.02 0.03 0.05 -0.02 0.03 0.12 0.12 0.12 0.04 1.00 
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PANEL C. User-Level Variables 

 

Variables V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 

V1. U_EXPERT_DUM 1          

V2. U_KNOWLEDGE_CT 0.39 1         

V3. U_POST_CT 0.09 0.12 1        

V4. U_QUESTION_CT 0.12 0.14 0.29 1       

V5. U_FOLLOWER_CT 0.16 0.13 0.26 0.22 1      

V6. U_FOLLOWEE_CT 0.14 0.2 0.11 0.24 0.17 1     

V7. U_EDIT_CT 0.23 0.25 0.42 0.66 0.35 0.24 1    

V8. U_ANSWER_CT 0.36 0.34 0.29 0.25 0.26 0.23 0.59 1   

V9. U_PIC_DUM 0.16 0.18 0.03 0.03 0.05 0.07 0.05 0.06 1  

V10. U_BIO_WORD_CT 0.15 0.21 0.03 0.04 0.07 0.05 0.07 0.1 0.17 1 
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Appendix 2 

In this section, we provide the complete estimation table for negative binomial model of answer 

count. 

Table A2. Negative Binomial Regression on Answer Count 

Dependent Variable Q_ANS_CT 

Independent Variable 
Coefficient 

(SE) 

Constant 
-0.64 

(0.56) 

Q_KPQ250_DUM 
0.29*** 

(0.05) 

Q_KPQ500_DUM 
0.26*** 

(0.06) 

Q_KPQ1000_DUM 
0.14** 

(0.07) 

log(Q_COMMENT_CT+1) 
0.38*** 

(0.06) 

log(Q_SHARE_CT+1) 
0.12*** 

(0.02) 

log(Q_TAG_CT+1) 
-0.01 

(0.06) 

log(Q_VIEW_CT+1) 
0.36*** 

(0.02) 

log(Q_DATE_DIFF_CT+1) 
-0.1** 

(0.05) 

Q_AFTER_DUM 
-0.03 

(0.06) 

Q_INTEREST 
0.08*** 

(0.03) 

Q_BREADTH 
-0.03 

(0.02) 

Q_EASE 
0.03 

(0.03) 

Q_CONCRETE 
0.02 

(0.03) 

Q_EXPERTISE 
-0.11*** 

(0.03) 

KPQ FIXED EFFECTS YES 

α 
0.11*** 

(0.01) 

-LL 2,525 

AIC 5,399 

# of OBSERVATION 1,127 

Note: *** Significant at 1%; ** Significant at 5%; * Significant at 10%. 
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Appendix 3 

In this section, we discuss in detail the estimation and findings from the Latent Instrumental 

Variable (LIV) approach. 

Although we control for unobserved question and topic heterogeneity by including KPQ 

fixed effects, the simultaneity issue may still arise when question view count and answer count are 

simultaneously determined (by unobserved question popularity). Without valid instruments, we 

correct for the simultaneity bias using a Latent Instrumental Variable (LIV) approach following 

Ebbes et. al. (2005). It has been applied to address the endogeneity concerns in various marketing 

contexts (e.g., Rutz, Bucklin, and Sonnier 2012; Rutz and Trusov 2011; Wang, Gupta, and Grewal 

2017).  

 Similar to the traditional instrumental variable (IV) method, LIV corrects for endogeneity 

by introducing a set of instruments which are assumed to be correlated with the endogenous 

variable but uncorrelated with the error term. The key difference in the two methods is that while 

the instruments are observed in the traditional IV approach, the instruments are unobserved and 

are generated based on the likelihood function in the LIV approach. Since, our dependent variable 

is a count variable, we implement a control function approach (e.g., Petrin and Train 2010) to 

resolve endogeneity by introducing c categories which partitions the variance of the endogenous 

variable into exogenous and endogenous components. Specifically, we have 

(1) 

𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗 ~ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝜇𝑗, 𝜇𝑗 + 𝛼𝑗𝜇𝑗
2), 

and 

(2) 

𝜇𝑗 = 𝑒𝑥𝑝 (𝑍𝛽), 

where 𝑍 contains covariates included in the model; 𝛽 is a vector of coefficients. 
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We define the LIV equation for question views as a function of the latent categorical instruments, 

𝛿𝑐. This is given by 

(3) 

𝑉𝐶𝑗 = 𝛿𝑐𝜔 + 휀𝑗, 

where 𝑉𝐶𝑗 denotes 𝑄_𝑉𝐼𝐸𝑊_𝐶𝑇𝑗. The latent categorical instrument 𝛿𝑐 follows a c-dimensional 

multinomial distribution with probabilities {𝜋1, 𝜋1, … 𝜋𝑐} where 𝜋𝑐 is the probability that the cth 

latent variable is one; indicating that question j belongs to category c. 휀𝑗 is assumed to be 𝑁(0, 𝑣). 

Our dependent variable is 𝑄_𝐴𝑁𝑆_𝐶𝑇𝑗, which is a count variable. Therefore, we link the two 

equations above using the control function method used by Petrin and Train (2010). Specifically, 

we include the residual from the LIV equation in model (1b). The prior distributions of 𝛽 and 𝜔 

are (𝛽,̅ 𝛴𝛽) 𝑎𝑛𝑑 𝑀𝑉𝑁(�̅�, 𝛴𝜔). The prior means are assumed to be zeroes and variances are 

assumed to be 100𝐼 where 𝐼 is the identity matrix. The prior distribution of 𝛼 is 𝐺𝑎𝑚𝑚𝑎(𝑎, 𝑏) 

while the prior distribution of 𝑣 is assumed to be 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 − 𝐺𝑎𝑚𝑚𝑎(𝑔, ℎ) where 𝑔 = ℎ = 1. The 

joint posterior is given by  

(4) 

𝑝(𝛽, 𝜔, 𝛼, 𝜈|𝑌, 𝑋) ∝ (2𝜋)−
𝑘

2|𝛴𝛽|
−

1

2 exp [−0.5(𝛽 − 𝛽 ̅)𝑇�̅�𝛽
−1

(𝛽 − 𝛽 ̅)] * 

𝑏𝑎

𝛤(𝑎)
𝛼𝑎−1exp (−𝑏𝛼) *(2𝜋)−

𝑐

2|𝛴𝜔|−
1

2 exp [−0.5(𝜔 − 𝜔 ̅̅̅)𝑇𝛴𝜔
−1

(𝜔 − 𝜔 ̅̅̅)] 

ℎ𝑔

𝛤(𝑔)
𝜈−𝑔−1exp (−

ℎ

𝜈
) * ∏

𝛤(𝑦𝑗+𝛼)

𝛤(𝑦𝑗+1)𝛤(
1

𝛼
)
∗  (

1

1+𝛼𝜇𝑗
)

1/𝛼

(
𝛼𝜇𝑗

1+𝛼𝜇𝑗
)

𝑦𝑗
𝑁
𝑗=1  *(2𝜋)−

𝑁

2 |𝜈|−
1

2 exp [−0.5(𝑉𝐶𝑗 −

𝜔𝛿𝑐)
𝑇
𝜈−1(𝑉𝐶𝑗 − 𝜔𝛿𝑐)]. 

The estimation procedure proceeds as follows: 

1. Generate 𝛽|𝛼, 𝜔, 𝜈, 𝑍, 𝛿𝑐 , 휀̂  
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We propose a new vector 𝛽∗ and use Metropolis Hastings algorithm to accept or reject the 

proposal by evaluating the joint posterior at the proposal draw 𝛽∗ against the last accepted draw. 

2. Generate 𝛼|𝜔, 𝜈, 𝑍, 𝛿𝑐 , 휀̂  

Propose a new vector 𝛼∗ use Metropolis Hastings algorithm to accept or reject the proposal by 

evaluating the joint posterior at the proposal draw 𝛼∗ against the last accepted draw. 

3. Generate 𝜈|𝜔, 𝛿𝑐 , 𝛼, 𝑍, 𝛿𝑐 , 휀̂ 

𝜈|𝜔, 𝛿𝑐, 𝛼, 𝑍, 𝛿𝑐, 휀̂~ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 − 𝐺𝑎𝑚𝑚𝑎(𝑔′, ℎ′), where 𝑔′ = 𝑔 +
𝑁

2
 and ℎ′ = ℎ +

 (𝑉𝐶𝑗 − 𝜔𝛿𝑐)
𝑇
(𝑉𝐶𝑗 − 𝜔𝛿𝑐) 

4. Generate 𝛿𝑐 as a categorical variable 

We follow Rutz and Trusov (2011) and Rutz et al. (2012) as a categorical variable with posterior 

probability given by: 𝑃𝑟(𝛿 = 𝑐) =  
ℒ(𝜔,𝛿(𝑐), )∗ 𝜋𝑐

∑ ℒ(𝜔,𝛿(𝑖), )𝑐
𝑖=1 𝜋𝑖

, where ℒ(. ) Represents the likelihood of the 

LIV equation evaluated at 𝛿(𝑖) and 𝜋𝑖 is the prior probability of membership in category c. 

5. Generate 𝜋|𝛿 

𝜋|𝛿~Dirichlet (1 + 𝐾1, 1 + 𝐾2 … ,1 + 𝐾𝑐), where 𝐾𝑐 denotes the sum of 𝛿(𝑖) overall 𝑐, i.e., 𝐾𝑐 =

∑ 𝛿𝑖(𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 = 𝑐)𝑁
𝑖=1  

6. Compute 휀̂  

The residual of the LIV equation 휀̂ is computed as 휀̂ =  𝑉𝐶𝑗 − �̂�𝛿𝑐.  

We use the LIV model to construct c (c = 2, 3, 4 and 5) unobserved categories. We evaluate each 

model using the deviance information criterion (DIC) (the results reported here are based on 1109 

unique questions in our sample). The model with 3 categories yields the lowest DIC and is thus 



115 

 

 

 

our preferred model. Thus, after accounting for endogeneity, our findings remain largely 

unchanged. 

Table A3. Latent Instrumental Variable (LIV) Regression on Answer Count 

Dependent Variable Q_ANS_CT 

Independent Variable Mean 95% Credible Interval 

Q_KPQ250_DUM 0.23 [0.05, 0.36] 

Q_KPQ500_DUM 0.26 [0.12, 0.4] 

Q_KPQ1000_DUM 0.15 [0.02, 0.36] 

log(Q_COMMENT_CT+1) 0.36 [0.24, 0.49] 

log(Q_SHARE_CT+1) 0.13 [0.07, 0.18] 

log(Q_TAG_CT) -0.01 [-0.13, 0.12] 

log(Q_VIEW_CT) 0.37 [0.33, 0.4] 

log(Q_DATE_DIFF_CT) -0.07 [-0.15, 0.01] 

Q_AFTER_DUM -0.01 [-0.12, 0.11] 

α 5.64 [3.32, 6.85] 

CLASS 1 7.33 [4.04, 11.31] 

CLASS 2 8.00 [7.21, 8.71] 

KPQ FIXED EFFECTS YES  

# OF CATEGORIES 3  

DIC 11,799  

# OF OBSERVATIONS 1,109   
Note: *** Significant at 1%; ** Significant at 5%; * Significant at 10%. 
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Appendix 4 

In this section, we provide the complete estimation table of the conditional logit model on KPQ 

winners. 

Table A4. Conditional Logit Model on KPQ Winners 

Dependent Variable KPQ_WINNER = 1 

Independent Variable 
Coefficient 

(SE) 

A_VIDEO_DUM 
-0.25 

(0.56) 

A_IMAGE_DUM 
0.01 

(0.19) 

A_LINK_DUM 
1.23*** 

(0.2) 

log(A_SENT_CT) 
1.23*** 

(0.24) 

A_GRAMMAR_SCORE 
9.34* 

(5.46) 

CONTROL VARIABLES  

U_EXPERT_DUM 
1.56*** 

(0.27) 

log(U_KNOWLEDGE_CT+1) 
0.04 

(0.1) 

log(U_POST_CT+1) 
-0.14** 

(0.06) 

log(U_QUESTION_CT+1) 
-0.07 

(0.07) 

log(U_FOLLOWEE_CT+1) 
0.17*** 

(0.05) 

log(U_EDIT_CT+1) 
0.32*** 

(0.12) 

log(U_ANS_CT+1) 
-0.52*** 

(0.12) 

U_PIC_DUM 
1.9* 

(1.02) 

log(U_BIO_WORD_CT+1) 
0.53* 

(0.17) 

-LL 466 

AIC 959 

# OF OBSERVATIONS 7,122 

 

Note: *** Significant at 1%; ** Significant at 5%; * Significant at 10%. 
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Appendix 5 

In this section, we briefly describe how we adopted the propensity score matching (PSM) approach 

to address users’ self-selection into KPQs or RQs. That is, there may exist systematic difference 

in the users who answer KPQs and RQs. Our PSM approach is used in Section 5.2 and 5.3 and it 

goes as follows. First, we obtain a sample of users who answered only KPQ or RQ. Next, for each 

KPQ, we match a user who answered a KPQ with a user who answered a RQ using the nearest 

neighbor matching with replacement (performed with the R package, MatchIt) where the logit 

function is employed to compute the estimated distance. The variables used in matching were 

𝑈_𝐾𝑁𝑂𝑊𝐿𝐸𝐷𝐺𝐸_𝐶𝑇𝑖: the number of topics user 𝑖 knows about; 𝑈_𝑃𝑂𝑆𝑇_𝐶𝑇𝑖: the number of blog 

posts user 𝑖 has contributed on Quora; 𝑈_𝑄𝑈𝐸𝑆𝑇𝐼𝑂𝑁_𝐶𝑇𝑖: the number of questions user 𝑖 has 

asked on Quora; 𝑈_𝐹𝑂𝐿𝐿𝑂𝑊𝐸𝐸_𝐶𝑇𝑖: the number of other users a user follows; 𝑈_𝐸𝐷𝐼𝑇_𝐶𝑇𝑖: the 

number of edits by a user on Quora; and 𝑈_𝐴𝑁𝑆_𝐶𝑇𝑖: the number of answers written by a user; 

𝑈_𝑃𝐼𝐶_𝐷𝑈𝑀𝑖: A dummy variable set equal to one if a user has a personalized display picture; 

𝑈_𝐵𝐼𝑂_𝑊𝑂𝑅𝐷_𝐶𝑇𝑖: The total number of words displayed in the user profile. Since several count 

variables may take zero values, we add 1 prior to the logarithm transformation. In the end, we 

obtain a list of weights for each user who contributed an answer to a RQ and were matched with a 

user who contributed an answer in a KPQ. Finally, we use these weights in the models examining 

changes in answer quality across KPQ and RQ. 
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Table A5. Impact of KPQ on Answer Quality (Controlling for Self-Selection) 
Dependent Variable A_LINK_DUM A_IMAGE_DUM A_VIDEO_DUM A_SENT_CT A_WORD_CT A_CHAR_CT GRAMMAR_SCORE 

Model Logit Logit Logit Negative Binomial Negative Binomial Negative Binomial OLS 

Q_KPQ250_DUM 
-0.17 

(0.11) 

0.26 

(0.17) 

0.46 

(0.41) 

-0.06* 

(0.04) 

-0.03 

(0.04) 

-0.03 

(0.04) 

0.004 

(0.003) 

Q_KPQ500_DUM 
0.17 

(0.14) 

0.58** 

(0.23) 

-0.03 

(0.44) 

0.13*** 

(0.05) 

0.2*** 

(0.05) 

0.2*** 

(0.05) 

0.003 

(0.004) 

Q_KPQ1000_DUM 
-0.26* 

(0.14) 

-0.11 

(0.2) 

-0.66 

(0.52) 

0.34*** 

(0.05) 

0.33*** 

(0.05) 

0.34*** 

(0.05) 

0.008** 

(0.004) 

CONTROL VARIABLES        

CONSTANT 
-4.28 

(1.1) 

-3.69** 

(1.62) 

-12.61*** 

(4.72) 

0.49 

(0.39) 

3.52*** 

(0.39) 

4.92*** 

(0.39) 

0.908*** 

(0.036) 

U_EXPERT_DUM 
0.33*** 

(0.08) 

0.05 

(0.1) 

0 

(0.26) 

-0.08*** 

(0.03) 

-0.09*** 

(0.03) 

-0.1*** 

(0.03) 

-0.01*** 

(0.002) 

log(A_ANS_VIEW+1) 
0.49*** 

(0.02) 

0.53*** 

(0.03) 

0.16** 

(0.06) 

0.35*** 

(0.01) 

0.41*** 

(0.01) 

0.41*** 

(0.01) 

0.009*** 

(0.001) 

A_UPDATE_DUM 
0.74*** 

(0.1) 

0.4*** 

(0.11) 

0.89*** 

(0.24) 

0.29*** 

(0.04) 

0.28*** 

(0.04) 

0.27*** 

(0.04) 

-0.004 

(0.003) 

log(Q_ANS_CT) 
0.05 

(0.06) 

-0.09 

(0.09) 

0.59** 

(0.26) 

0.07*** 

(0.02) 

0.03 

(0.02) 

0.02 

(0.02) 

-0.006*** 

(0.002) 

Q_AFTER_DUM 
-0.04 

(0.2) 

0.27 

(0.32) 

1.95** 

(0.83) 

0.11 

(0.07) 

0.1 

(0.07) 

0.1 

(0.07) 

0 

(0.005) 

log(DATE_DIFF_CT+1) 
0.2 

(0.17) 

-0.06 

(0.26) 

1.35* 

(0.78) 

-0.06 

(0.06) 

-0.07 

(0.06) 

-0.05 

(0.06) 

-0.002 

(0.004) 

log(U_KNOWLEDGE_CT+1) 
0.24*** 

(0.03) 

0.36*** 

(0.04) 

0.29*** 

(0.11) 

0.07*** 

(0.01) 

0.08*** 

(0.01) 

0.08*** 

(0.01) 

0.001 

(0.001) 

log(U_POST_CT+1) 
0.11*** 

(0.02) 

0.06** 

(0.03) 

0.04 

(0.06) 

0.02** 

(0.01) 

0 

(0.01) 

0 

(0.01) 

-0.002*** 

(0.001) 

log(U_QUESTION_CT+1) 
-0.01 

(0.02) 

-0.04 

(0.03) 

0.1 

(0.07) 

0.01 

(0.01) 

0.02* 

(0.01) 

0.02* 

(0.01) 

0 

(0.001) 

log(U_FOLLOWEE_CT+1) 
0 

(0.02) 

-0.01 

(0.02) 

0.06 

(0.06) 

-0.04*** 

(0.01) 

-0.05*** 

(0.01) 

-0.05*** 

(0.01) 

-0.001*** 

(0) 

log(U_EDIT_CT+1) 
0.09** 

(0.04) 

0.25*** 

(0.05) 

0.28** 

(0.13) 

0.05*** 

(0.01) 

0.06*** 

(0.01) 

0.05*** 

(0.01) 

-0.001 

(0.001) 

log(U_ANS_CT+1) 
-0.32*** 

(0.04) 

-0.48*** 

(0.05) 

-0.41*** 

(0.12) 

-0.07*** 

(0.01) 

-0.07*** 

(0.01) 

-0.07*** 

(0.01) 

0.005*** 

(0.001) 

U_PIC_DUM 
0.26** 

(0.11) 

0.38** 

(0.16) 

0.27 

(0.41) 

-0.13*** 

(0.03) 

-0.12*** 

(0.03) 

-0.12*** 

(0.03) 

-0.002 

(0.002) 

log(U_BIO_WORD_CT+1) 
-0.01 

(0.05) 

-0.09 

(0.06) 

-0.12 

(0.15) 

0.05*** 

(0.02) 

0.03* 

(0.02) 

0.03 

(0.02) 

0.003** 

(0.001) 

KPQ FIXED EFFECTS YES YES YES YES YES YES YES 

α -- -- -- 
0.62*** 

(0.01) 

0.75*** 

(0.01) 

0.75*** 

(0.01) 
-- 

σ -- -- -- -- -- -- -- 

R2 -- -- -- -- -- -- 0.1 

Adjusted R2 -- -- -- -- -- -- 0.09 

-LL 4,024 2,752 548 29,209 53,824 65,713 -- 

AIC 8,403 5,858 1,450 58,774 108,005 131,782 -- 

# OF OBSERVATIONS 8,177 8,177 8,177 8,177 8,177 8,177 8,173 

 

Note: *** Significant at 1%; ** Significant at 5%; * Significant at 10%.



119 

 

 

 

Appendix 6 

In this section, we provide detailed estimation tables for the zero-inflated negative binomial model 

and the tobit model of upvote count and upvote per view count respectively. 

Table A6(a). Zero-Inflated Negative Binomial Model of Upvote Count  

(Controlling for Self-Selection) 

 
Dependent Variable ANS_UPVOTE_CT 

Independent Variables 
Coefficient 

(SE) 

NON-ZERO PART  

Q_KPQ250_DUM 
-0.22*** 

(0.05) 

Q_KPQ500_DUM 
0.13** 
(0.06) 

Q_KPQ1000_DUM 
-0.07 

(0.06) 

CONTROL VARIABLES 

CONSTANT 
-3.07*** 

(0.6) 

U_EXPERT_DUM 
0.12*** 
(0.03) 

log(A_ANS_VIEW+1) 
1.09*** 

(0.01) 

A_UPDATE_DUM 
0.06* 

(0.03) 

log(Q_ANS_CT) 
-0.05* 

(0.03) 

Q_AFTER_DUM 
-0.18** 

(0.08) 

log(DATE_DIFF_CT+1) 
-0.43*** 
(0.07) 

log(U_KNOWLEDGE_CT+1) 
0.01 

(0.01) 

log(U_POST_CT+1) 
0.02*** 
(0.01) 

log(U_QUESTION_CT+1) 
-0.03*** 

(0.01) 

log(U_FOLLOWEE_CT+1) 
0.06*** 

(0.01) 

log(U_EDIT_CT+1) 
0.09*** 
(0.02) 

log(U_ANS_CT+1) 
-0.06*** 

(0.02) 

U_PIC_DUM 
-0.03 

(0.05) 

log(U_BIO_WORD_CT+1) 
0 

(0.02) 

Q_INTEREST 
0.01 

(0.03) 

Q_BREADTH 
-0.07*** 

(0.03) 

Q_EASE 
0 

(0.03) 
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Q_CONCRETE 
0.02 

(0.03) 

Q_EXPERTISE 
-0.15*** 

(0.03) 

A_LINK_DUM 
0.1*** 

(0.03) 

A_IMAGE_DUM 
0.13* 
(0.07) 

A_VIDEO_DUM 
0.1*** 

(0.03) 

A_SENT_CT 
0*** 

(0) 

A_GRAMMAR_SCORE 
-0.02 
(0.33) 

ZERO-INFLATED PART 

Q_KPQ250_DUM 
5.37 

(3698.65) 

Q_KPQ500_DUM 
2.21 

(3698.65) 

Q_KPQ1000_DUM 
-18.01 

(11095.96) 

CONSTANT 
2.66 

(3698.67) 

EXPERT_DUM 
-3.78** 

(1.83) 

log(A_ANS_VIEW+1) 
-0.87** 

(0.35) 

A_UPDATE_DUM 
-22.42 

(1628.95) 

log(Q_ANS_CT) 
4*** 

(1.13) 

Q_AFTER_DUM 
-29.98 

(873.84) 

log(DATE_DIFF_CT+1) 
-4.06* 
(2.33) 

log(U_KNOWLEDGE_CT+1) 
0.33 

(0.5) 

log(U_POST_CT+1) 
-1.15 

(1.03) 

log(U_QUESTION_CT+1) 
0.31 

(0.34) 

log(U_FOLLOWEE_CT+1) 
-1.1** 

(0.53) 

log(U_EDIT_CT+1) 
0.19 

(0.54) 

log(U_ANS_CT+1) 
0.44 
(0.6) 

U_PIC_DUM 
-3.88*** 

(1.4) 

log(U_BIO_WORD_CT+1) 
0.04 

(0.54) 

Q_INTEREST 
1.83* 
(0.94) 

Q_BREADTH 
-3.5*** 
(1.11) 

Q_EASE 
0.27 

(0.62) 

Q_CONCRETE 
1.42* 

(0.8) 

Q_EXPERTISE 
-0.77 
(0.72) 

A_LINK_DUM 
6.02*** 

(1.96) 

A_IMAGE_DUM 
-16.35 

(621.7) 

A_VIDEO_DUM 
-20.76 

(2607.22) 
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A_SENT_CT 
-0.03 

(0.02) 

A_GRAMMAR_SCORE 
-1.5 

(4.66) 

KPQ FIXED EFFECTS YES 

α 
0.42*** 

(0.01) 

-LL 15,977 

AIC 32,385 

# OF OBSERVATIONS 8,551 

 
Note: *** Significant at 1%; ** Significant at 5%; * Significant at 10%. 
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Table A6(b). Tobit Regression on Upvote per View (Controlling for Self-Selection) 

 
Dependent Variable A_UPVOTE_PER_VIEW*100 

Independent Variables 
Coefficient 

(SE) 

Q_KPQ250_DUM 
-0.24*** 
(0.07) 

Q_KPQ500_DUM 
0.12 

(0.1) 

Q_KPQ1000_DUM 
0.09 

(0.1) 

CONTROL VARIABLES  

CONSTANT 
1.25 

(0.88) 

U_EXPERT_DUM 
0.11* 
(0.06) 

log(A_ANS_VIEW+1) 
0.25*** 

(0.02) 

A_UPDATE_DUM 
0.09 

(0.07) 

log(Q_ANS_CT) 
-0.04 
(0.04) 

Q_AFTER_DUM 
0.17 

(0.13) 

log(DATE_DIFF_CT+1) 
-0.4*** 

(0.11) 

log(U_KNOWLEDGE_CT+1) 
-0.03 
(0.02) 

log(U_POST_CT+1) 
0.01 

(0.02) 

log(U_QUESTION_CT+1) 
-0.04** 

(0.02) 

log(U_FOLLOWEE_CT+1) 
0.08*** 
(0.01) 

log(U_EDIT_CT+1) 
0.07** 

(0.03) 

log(U_ANS_CT+1) 
-0.02 

(0.03) 

U_PIC_DUM 
0.11 

(0.07) 

log(U_BIO_WORD_CT+1) 
0.06* 

(0.03) 

Q_INTEREST 
0.1* 

(0.05) 

Q_BREADTH 
-0.08* 
(0.04) 

Q_EASE 
-0.09* 

(0.05) 

Q_CONCRETE 
0.08 

(0.05) 

Q_EXPERTISE 
-0.23*** 
(0.05) 

A_LINK_DUM 
0.07 

(0.05) 

A_IMAGE_DUM 
0.13 

(0.14) 

A_VIDEO_DUM 
0.11* 
(0.06) 

A_SENT_CT 
0.002* 

(0.001) 

A_GRAMMAR_SCORE 
-0.09 

(0.33) 

KPQ FIXED EFFECTS YES 

σ2 

2.62 

(0.05) 
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-LL 11,624 

AIC 23,612 

# OF OBSERVATIONS 8,551 

 
Note: *** Significant at 1%; ** Significant at 5%; * Significant at 10%. 
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Appendix 7 

In this section, we provide the experiment stimuli for a high-quality answer in the technology 

domain. 

Question) Is Snapchat starting to take meaningful share from Instagram among young people? 

Answer) Snapchat and Instagram are two inherently different products with some key differences 

in the demographics of their active users. 

 

  As you can see that in the above images that 53% of Instagram users are in the age bracket 

of 18-29 while 71% of Snapchat users are below 25. Instagram has already overtaken Facebook 

and Twitter as the network with the largest population of younger users. Today 41% of American 

teens are active on Snapchat [Reference 1]. 

  Instagram has close to 300 million daily active users as compared to 100 daily million 

active users for Snapchat. I believe Snapchat is more aggressive in their strategies to attract 

millennials towards their platform. Snapchat is adding new fun features to its app like lenses, 

stickers etc. to attract the younger crowd while Instagram seems to be focusing on a broader 

demographic with features like trending photos and greater length videos. Recently, Snapchat 

unleashed one of the more meaningful software updates its app has seen in recent months. Dubbed 
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Chat 2.0, the new update allows users to jump straight from sending a message to initiating a voice 

or audio chat. If they aren’t around, you can leave an audio message instead. 

There are some amazing articles that explains why teens are obsessed with Snapchat: A 

15-year-old explains why teens are obsessed with Snapchat and Instagram is 'over' [Reference 2]. 

Snapchat offers an informal and fun way to share photos easily with your friends. With the features 

like ephemerality, captions and lenses Snapchat offers certain advantages over Instagram which is 

more formal. Snapchat also sees higher engagement with teens opening the app around 10-12 times 

a day as compared to 2-3 times for Instagram. 

The two networks are perceived differently by teenagers and I believe that there is a market 

for both in this demographic. Snapchat has a great opportunity ahead to become the greatest social 

network among young people. It has begun to take some share away from Instagram but still it is 

way behind in terms of number of active users. If Snapchat remains focused on this demographic 

and keeps on adding relevant features, it can surely dethrone Instagram among the younger 

generation. 

References: 

1. www.pewinternet.org/2015/04/09/teens-social-media-technology-2015/ 

2. www.businessinsider.com/a-15-year-old-explains-why-teens-are-obsessed-with-snapchat-and-

instagram-is-over-2015-5?IR=T 
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Appendix 8 

In this section, we provide the details of the derivation of the matching market model and 

the results of our simulation. 

8 A - Model Framework 

 

Our empirical model is as follows: 

In our data, we observe whether a pair of fighters ij in tier k in market t match i.e. 

(1) 

𝑀𝑎𝑡𝑐ℎ𝑖𝑗𝑘 = {
1 𝑖𝑓𝑓 𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡

0 𝑖𝑓𝑓 𝑉𝑖𝑗𝑘𝑡 < �⃐� 𝑖𝑗𝑘𝑡

 

We model the valuation of each potential match by: 

(2)  

𝑉𝑖𝑗𝑘𝑡 = {
𝑄𝑖𝑗𝑘𝑡𝜆 + 𝜂𝑖𝑗𝑘𝑡, 𝑤ℎ𝑒𝑛 𝑖 = 𝑗

𝑊𝑖𝑗𝑘𝑡𝛼 + 𝜂𝑖𝑗𝑘𝑡 , 𝑤ℎ𝑒𝑛 𝑖 ≠ 𝑗
 

In the second part of our model, we model the outcome of the match (total number of pay-per 

view buys. For each realized match ij ∈ 𝑀𝑘𝑡, we have: 

(3) 

𝑌𝑖𝑗𝑘𝑡 = 𝑋ijkt𝛽 + ɛ𝑖𝑗𝑘𝑡 

The error term in the outcome equation is decomposed into the following orthogonal terms 

(4) 

ɛ𝑖𝑗𝑘𝑡 = 𝜂𝑖𝑗𝑘𝑡𝛾 + 𝜉𝑖𝑗𝑘𝑡 , 

where 𝑋𝑖𝑗𝑘𝑡 is a vector of observed characteristics, 𝛽 is a vector of coefficients. In addition to the 

variables in the match equation, we include match specific characteristics such as whether a match 

was a title match and duration of a fight. We assume that 𝛽 follows a normal distribution. The 

error terms for the equations 𝑌𝑖𝑗𝑘𝑡 and 𝑉𝑖𝑗𝑘𝑡 are linked through a set of parameters 𝛾, where 𝛾 is 
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assumed to follow a normal distribution with 0 <  𝛾 < 1. The means of the prior distributions of 

𝛼, 𝛽 and 𝛾 are assumed to be zeroes with the variance-covariance matrices are 10I where I is the 

identity matrix. The joint distribution of the error terms is given by: 

(5) 

(𝜂𝑖𝑗𝑘𝑡
ɛ𝑖𝑗𝑘𝑡

) ~ 𝑁 (0, [1
𝛾

   𝛾

   𝜎𝜉
2+𝛾2]), 

where 𝜎𝜉
2 ~ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 𝐺𝑎𝑚𝑚𝑎(𝑎, 𝑏) 

Model Estimation 

In this section, we lay out the estimation strategy. We use Gibbs sampling to method to draw the 

conditional posteriors of 𝜆, 𝛼, 𝛽, 𝛾 and 𝜎𝜉
2. 

The likelihood function can take the following forms depending on the match: 

a) When no match takes place and 𝑖 ≠ 𝑗 (i.e. a fighter does not match with a different fighter), 

the conditional posterior distribution of 𝑉𝑖𝑗𝑘𝑡 is a univariate normal distribution composed of the 

valuation equation and is given by: 

(6) 

∏ 1[𝑉𝑖𝑗𝑘𝑡 ≤ �̅�𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 {−0.5(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)
′
(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)}

𝑖𝑗𝑘 ∉ 𝜇𝑘𝑡

 

b) When no match takes place and 𝑖 = 𝑗 (i.e. a fighter does not self match), the conditional 

posterior distribution of 𝑉𝑖𝑗𝑘𝑡 is a univariate normal distribution composed of the valuation 

equation and is given by: 

(7) 

∏ 1[𝑉𝑖𝑗𝑘𝑡 ≤ �̅�𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 {−0.5(𝑉𝑖𝑗𝑘𝑡 − 𝑄𝑖𝑗𝑘𝑡𝜆)
′
(𝑉𝑖𝑗𝑘𝑡 − 𝑄𝑖𝑗𝑘𝑡𝜆)}

𝑖𝑗𝑘 ∉ 𝜇𝑘𝑡
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c) When we observe a match in the market and 𝑖 ≠ 𝑗 (i.e. a fighter matches with another fighter 

excluding himself), the joint likelihood is given by 

∏

[
 
 
 
 

1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 [−
1

2(1−
𝛾2

 𝜎𝜉
2+𝛾2)

{
(𝑉𝑖𝑗𝑘𝑡−𝑊𝑖𝑗𝑘𝑡𝛼)

2

1
+

(𝑌𝑖𝑗𝑘𝑡−𝑋𝑖𝑗𝑘𝑡𝛽)
2

 𝜎𝜉
2+𝛾2 −𝑖𝑗𝑘 ∊ 𝜇𝑘𝑡

2
𝛾

√ 𝜎𝜉
2+𝛾2

(𝑉𝑖𝑗𝑘𝑡−𝑊𝑖𝑗𝑘𝑡𝛼)(𝑌𝑖𝑗𝑘𝑡−𝑋𝑖𝑗𝑘𝑡𝛽)

√ 𝜎𝜉
2+𝛾2

}]

]
 
 
 
 

  

The above expression may be expanded as follows 

∏

[
 
 
 
 

1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 [−
1

2(
 𝜎𝜉

2+𝛾2−𝛾2

 𝜎𝜉
2+𝛾2 )

{
𝑉′

𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡+𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼−2𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡

1
+𝑖𝑗𝑘 ∊ 𝜇𝑘𝑡

𝑌′
𝑖𝑗𝑘𝑡𝑌+𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽−2𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡

 𝜎𝜉
2+𝛾2 −

2𝛾(𝑉′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡−𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑉−𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2+𝛾2 }]

]
 
 
 
 

  

or, 

∏

[
 
 
 
 

1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 [−
1

2(
 𝜎

𝜉
2+𝛾2−𝛾2

 𝜎𝜉
2+𝛾2 )

{
𝑉′

𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡+𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼−2𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡

1
+𝑖𝑗𝑘 ∊ 𝜇𝑘𝑡

𝑌′
𝑖𝑗𝑘𝑡𝑌+𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽−2𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡

 𝜎𝜉
2+𝛾2 −

2𝛾(𝑉′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡−𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑉−𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2+𝛾2 }]

]
 
 
 
 

  

or,  

(8) 
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∏ [1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 [−
1

2
{

(𝑉′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼−2𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡)(𝜎𝜉

2+𝛾2)

 𝜎𝜉
2 +𝑖𝑗𝑘 ∊ 𝜇𝑘𝑡

(𝑌′
𝑖𝑗𝑘𝑡𝑌+𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽−2𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡)

 𝜎𝜉
2 −

2𝛾(𝑉′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡−𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑉−𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2 }]]  

d) Finally, when a match takes place and 𝑖 = 𝑗 (i.e. a fighter matches with himself or self-match), 

the conditional posterior distribution of 𝑉𝑖𝑗𝑘𝑡 is a univariate normal distribution composed of the 

valuation equation and is given by: 

(9) 

∏ 1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 {−0.5(𝑉𝑖𝑗𝑘𝑡 − 𝑄𝑖𝑗𝑘𝑡𝜆)
′
(𝑉𝑖𝑗𝑘𝑡 − 𝑄𝑖𝑗𝑘𝑡𝜆)}

𝑖𝑗𝑘 ∉ 𝜇𝑘𝑡

 

The above (equations 6-9) are truncated normal distributions. The first (eq 6), is 𝑁(𝑊𝑖𝑗𝑘𝑡𝛼, 1), 

truncated above at �̅�𝑖𝑗𝑘𝑡. The second (eq 7), is 𝑁(𝑄𝑖𝑗𝑘𝑡𝜆, 1), truncated above at �̅�𝑖𝑗𝑘𝑡. The third 

(eq 8), is 𝑁 (𝑊𝑖𝑗𝑘𝑡𝛼 + (𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽)
𝛾

𝜎𝜉
2+𝛾2 , 1 −

𝛾2

𝜎𝜉
2+𝛾2

), is truncated below at 𝑉𝑖𝑗𝑘𝑡. Finally, 

the fourth (eq 9) is 𝑁(𝑄𝑖𝑗𝑘𝑡𝜆, 1), truncated below at 𝑉𝑖𝑗𝑘𝑡. 

 

The joint posterior is the likelihood functions multiplied by the priors of , 𝜆, 𝛽, 𝛾 and 𝛴𝑌
−1. This 

is given by: 

(10) 

𝑝(𝜆, 𝛼, 𝛽, 𝛾, 𝜎𝜉
2| 𝑄, 𝑌, 𝑋, 𝑊) ∝ 
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∏

[
 
 
 
 
 
 
 
 
 
 
 ∏ [1[𝑉𝑖𝑗𝑘𝑡 ≤ �̅�𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 {−0.5(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)

′
(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)}](𝑖𝑗 ∉ 𝜇𝑘𝑡)∩(𝑖≠𝑗)

∏ [1[𝑉𝑖𝑗𝑘𝑡 ≤ �̅�𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 {−0.5(𝑉𝑖𝑗𝑘𝑡 − 𝑄𝑖𝑗𝑘𝑡𝜆)
′
(𝑉𝑖𝑗𝑘𝑡 − 𝑄𝑖𝑗𝑘𝑡𝜆)}](𝑖𝑗 ∉ 𝜇𝑘𝑡)∩(𝑖=𝑗)

∏

[
 
 
 
 
 
 

1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗

[
 
 
 
 
 
 

−
1

2

{
  
 

  
 

(𝑉′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼−2𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡)(𝜎𝜉

2+𝛾2)

 𝜎𝜉
2 +

(𝑌′
𝑖𝑗𝑘𝑡𝑌+𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽−2𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡)

 𝜎𝜉
2

−
2𝛾(𝑉′

𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡−𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑉−𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡+𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2 }

  
 

  
 

]
 
 
 
 
 
 

]
 
 
 
 
 
 

(𝑖𝑗 ∊ 𝜇𝑘𝑡)∩(𝑖≠𝑗)

∏ [1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 {−0.5(𝑉𝑖𝑗𝑘𝑡 − Qijkt𝜆)
′
(𝑉𝑖𝑗𝑘𝑡 − Qijkt𝜆)}](𝑖𝑗 ∈ 𝜇𝑘𝑡)∩(𝑖=𝑗) ]

 
 
 
 
 
 
 
 
 
 
 

𝑇
𝑡=1   

∗ 𝑒𝑥𝑝{0.5(𝜆 − 𝜆0)T𝛴𝛼
−1(𝜆 − 𝜆0)}  

∗ 𝑒𝑥𝑝{0.5(𝛼 − 𝛼0)T𝛴𝛼
−1(𝛼 − 𝛼0)}  

∗ 𝑒𝑥𝑝{0.5(𝛽 − 𝛽0)T𝛴𝛽
−1(𝛽 − 𝛽0)} 

∗ 𝑒𝑥𝑝{0.5(𝛾 − 𝛾0)T𝛴𝛾
−1(𝛾 − 𝛾0)} 

∗
𝑏𝑎(𝜎𝜉

2)
−𝑎−1

𝛤(𝑎)
 𝑒𝑥𝑝 (

−𝑏

𝜎𝜉
2 ) 

 

Our estimation procedure proceeds as follows: 

1. Draw 𝑽𝒊𝒋𝒌𝒕 

We augment our joint posterior by drawing 𝑉𝑖𝑗𝑘𝑡’s from truncated normal distributions described 

before. 

2. Posterior Distribution of 𝜆 

(11) 

𝑝(𝜆|𝛼, 𝛽, 𝛾, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 
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𝑒𝑥𝑝

[
 
 
 
 

−
1

2

[
 
 
 
 
∑ {∑(−2𝜆′𝑄𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡 + 𝜆′𝑄𝑖𝑗𝑘𝑡
′ 𝑄𝑖𝑗𝑘𝑡𝜆)

𝑖=𝑗

}

𝑇

𝑡=1

+{𝜆′𝛴𝜆
−1𝜆 − 2𝜆′𝛴𝜆

−1𝜆0} ]
 
 
 
 

]
 
 
 
 

 

or, 

𝑝(𝜆|𝛼, 𝛽, 𝛾, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 

𝑒𝑥𝑝 [−
1

2
[
𝜆′{𝛴𝜆

−1 + 𝛴𝑡=1
𝑇 (𝛴𝑖=𝑗𝑄𝑖𝑗𝑘𝑡

′ 𝑄𝑖𝑗𝑘𝑡)}𝜆

−2 𝜆′{𝛴𝜆
−1𝜆0 + 𝑄𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡}
]] 

which is the kernel of a normal distribution with mean �̂� and variance �̂�𝜆 given by: 

(12a) 

�̂� =  �̂�𝜆[𝛴𝜆
−1𝜆0 + 𝑄𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡] 

(12b) 

�̂�𝜆 = [𝛴𝜆
−1 + 𝛴𝑡=1

𝑇 (𝛴𝑖=𝑗𝑄𝑖𝑗𝑘𝑡
′ 𝑄𝑖𝑗𝑘𝑡)]

−1
 

3. Posterior Distribution of 𝜶 

Next, we obtain the posterior distribution of 𝛼 by collecting the terms containing 𝛼 in equation 8.  

(13) 

𝑝(𝛼|𝛽, 𝛾, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 

𝑒𝑥𝑝

[
 
 
 
 
 
 
 

−
1

2

[
 
 
 
 
 
 

∑

{
 
 

 
 

∑ (−2𝛼′𝑊𝑖𝑗𝑘𝑡
′ 𝑉𝑖𝑗𝑘𝑡 + 𝛼′𝑊𝑖𝑗𝑘𝑡

′ 𝑊𝑖𝑗𝑘𝑡𝛼)𝑖𝑗∉𝜇𝑘𝑡

+ ∑

[
 
 
 
(𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼−2𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡)(𝜎𝜉

2+𝛾2)

 𝜎𝜉
2

−
2𝛾(−𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡+𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2 ]

 
 
 

𝑖𝑗∊𝜇𝑘𝑡

}
 
 

 
 

𝑇
𝑡=1

+{𝛼′𝛴𝛼
−1𝛼 − 2𝛼′𝛴𝛼

−1𝛼0} ]
 
 
 
 
 
 

]
 
 
 
 
 
 
 

  

or, 

𝑝(𝛼|𝛽, 𝛾, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 



132 

 

𝑒𝑥𝑝

[
 
 
 
 
 
 

−0.5

[
 
 
 
 
 𝛼′ {𝛴𝛼

−1 + 𝛴𝑡=1
𝑇 (𝛴𝑖𝑗∉𝜇𝑘𝑡

𝑊𝑖𝑗𝑘𝑡
′ 𝑊𝑖𝑗𝑘𝑡 +

𝛴𝑖𝑗∈𝜇𝑘𝑡
𝑊𝑖𝑗𝑘𝑡

′ 𝑊𝑖𝑗𝑘𝑡(𝜎𝜉
2+𝛾2)

𝜎𝜉
2 )} 𝛼

−2𝛼′ {𝛴𝛼
−1𝛼0 + 𝛴𝑡=1

𝑇 (

𝛴𝑖𝑗∉𝜇𝑘𝑡
𝑊𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡 +

𝑊𝑖𝑗𝑘𝑡
′ 𝛴𝑖𝑗∈𝜇𝑘𝑡

(𝑉𝑖𝑗𝑘𝑡

(𝜎𝜉
2+𝛾2)

 𝜎𝜉
2 + (𝑋𝑖𝑗𝑘𝑡𝛽 − 𝑌𝑖𝑗𝑘𝑡)

𝛾

𝜎𝜉
2)

)}

]
 
 
 
 
 

]
 
 
 
 
 
 

  

which is the kernel of a normal distribution with mean �̂� and variance �̂�𝜶 given by 

(14a) 

�̂� =  �̂�𝛼 [𝛴𝛼
−1𝛼0 + 𝛴𝑡=1

𝑇 (

𝛴𝑖𝑗∉𝜇𝑘𝑡
𝑊𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡 +

𝑊𝑖𝑗𝑘𝑡
′ 𝛴𝑖𝑗∈𝜇𝑘𝑡

(𝑉𝑖𝑗𝑘𝑡

(𝜎𝜉
2 + 𝛾2)

 𝜎𝜉
2 + (𝑋𝑖𝑗𝑘𝑡𝛽 − 𝑌𝑖𝑗𝑘𝑡)

𝛾

𝜎𝜉
2)

)] 

  

(14b) 

�̂�𝛼 = [𝛴𝛼
−1 + 𝛴𝑡=1

𝑇 (𝛴𝑖𝑗∉𝜇𝑘𝑡
𝑊𝑖𝑗𝑘𝑡

′ 𝑊𝑖𝑗𝑘𝑡 +
𝛴𝑖𝑗∈𝜇𝑘𝑡

𝑊𝑖𝑗𝑘𝑡
′ 𝑊𝑖𝑗𝑘𝑡(𝜎𝜉

2 + 𝛾2)

𝜎𝜉
2 )]

−1

 

 

4. Posterior Distribution of 𝜷 

To obtain the posterior distribution 𝛽, we collect the terms containing 𝛽 in equation 8. 

(15)  

𝑝(𝛽|𝛼, 𝛾, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 

𝑒𝑥𝑝 [−
1

2
{∑

{∑
(𝛽′𝑋𝑖𝑗𝑘𝑡

′ 𝑋𝑖𝑗𝑘𝑡𝛽−2𝛽′𝑋𝑖𝑗𝑘𝑡
′ 𝑌𝑖𝑗𝑘𝑡+2𝛽′𝑋𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡𝛾−2𝛽′𝑋𝑖𝑗𝑘𝑡
′ 𝛼𝑊𝑖𝑗𝑘𝑡𝛾)

𝜎𝜉
2𝑖𝑗∊𝜇𝑘𝑡

}

+{𝛽′𝛴𝛽
−1𝛽 − 2𝛽′𝛴𝛽

−1𝛽0}

𝑇
𝑡=1 }]  

or, 

𝑝(𝛽|𝛼, 𝛾, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝  
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𝑒𝑥𝑝

[
 
 
 
 

−0.5

{
 
 

 
 𝛽′ (𝛴𝛽

−1 + 𝛴𝑡=1
𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡

𝑋𝑖𝑗𝑘𝑡
′ 𝑋𝑖𝑗𝑘𝑡

𝜎𝜉
2 ) 𝛽

−2𝛽′ {𝛴𝛽
−1𝛽0 + ∑ ∑

(𝑋𝑖𝑗𝑘𝑡
′ 𝑌𝑖𝑗𝑘𝑡−𝑋𝑖𝑗𝑘𝑡

′ 𝑉𝑖𝑗𝑘𝑡𝛾+𝑋𝑖𝑗𝑘𝑡
′ 𝑊𝑖𝑗𝑘𝑡𝛼𝛾)

𝜎𝜉
2𝑖𝑗∊𝜇𝑘𝑡

𝑇
𝑡=1 }

}
 
 

 
 

]
 
 
 
 

  

which is the kernel of a normal distribution with mean �̂� and variance �̂�𝜷 given by 

(16a) 

�̂� =  �̂�𝛽 [𝛴𝛽
−1𝛽0 +

𝑋𝑖𝑗𝑘𝑡
′ (𝑌𝑖𝑗𝑘𝑡 + 𝛾(𝑊𝑖𝑗𝑘𝑡𝛼 − 𝑉𝑖𝑗𝑘𝑡))

𝜎𝜉
2 ] 

(16b) 

�̂�𝛽 = [𝛴𝛽
−1 + 𝛴𝑡=1

𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡

𝑋𝑖𝑗𝑘𝑡
′ 𝑋𝑖𝑗𝑘𝑡

𝜎𝜉
2 ]

−1

 

5. Posterior Distribution of 𝜸 

To obtain the posterior distribution 𝛾, we collect the terms containing 𝛾 in equation 8. 

(17) 

∏ [1[𝑉𝑖𝑗𝑘𝑡 ≥ 𝑉𝑖𝑗𝑘𝑡] ∗ 𝑒𝑥𝑝 [−
1

2
{

(𝑉′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼−2𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡)(𝜎𝜉

2+𝛾2)

 𝜎𝜉
2 +𝑖𝑗𝑘 ∊ 𝜇𝑘𝑡

(𝑌′
𝑖𝑗𝑘𝑡𝑌+𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽−2𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡)

 𝜎𝜉
2 −

2𝛾(𝑉′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡−𝛽′𝑋′

𝑖𝑗𝑘𝑡𝑉−𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡+𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2 }]]  

*𝑒𝑥𝑝 [
−1

2
{𝛾′𝛴𝛾

−1𝛾 − 2𝛾′𝛴𝛾
−1𝛾0}] 

𝑝(𝛾|𝛼, 𝛽, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 
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𝑒𝑥𝑝

[
 
 
 
 
 
 

−0.5

{
  
 

  
 

∑ ∑

(

 
 

𝛾′(𝑉′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡 + 𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑊𝑖𝑗𝑘𝑡𝛼 − 2𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑉𝑖𝑗𝑘𝑡)𝛾

 𝜎𝜉
2

−
2𝛾′(𝑉′

𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡 − 𝛽′𝑋′
𝑖𝑗𝑘𝑡𝑉 − 𝛼′𝑊′

𝑖𝑗𝑘𝑡𝑌𝑖𝑗𝑘𝑡 + 𝛼′𝑊′
𝑖𝑗𝑘𝑡𝑋𝑖𝑗𝑘𝑡𝛽)

 𝜎𝜉
2

)

 
 

𝑖𝑗𝑘 ∊ 𝜇𝑘𝑡

𝑇

𝑡=1

+{𝛾′𝛴𝛾
−1𝛾 − 2𝛾′𝛴𝛾

−1𝛾0} }
  
 

  
 

]
 
 
 
 
 
 

 

or,  

𝑝(𝛾|𝛼, 𝛽, 𝜎𝜉
2 , 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 

𝑒𝑥𝑝

[
 
 
 
 
 

−0.5

[
 
 
 
 𝛾′ {𝛴𝛾

−1 +
1

𝜎𝜉
2

𝛴𝑡=1
𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡

(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)
′
(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)} 𝛾

−2𝛾′ {𝛴𝛾
−1𝛾0 +

1

𝜎𝜉
2

𝛴𝑡=1
𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡

(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)
′
(𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽)}

]
 
 
 
 

]
 
 
 
 
 

 

which is the kernel of a normal distribution with mean 𝛾 and variance �̂�𝜸 given by 

(18a) 

𝛾 = �̂�𝛾 [𝛴𝛾
−1𝛾0 +

1

𝜎𝜉
2

𝛴𝑡=1
𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡

(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)
′
(𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽)] 

(18b) 

�̂�𝛾 = [𝛴𝛾
−1 +

1

𝜎𝜉
2

𝛴𝑡=1
𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡

(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)
′
(𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)]

−1

 

𝜸 is truncated below at 0. 

6. Posterior Distribution of 𝝈𝝃
𝟐 

To obtain the posterior distribution 𝜎𝜉
2 we collect the terms containing 𝜎𝜉

2 in equation 8. 

𝑝(𝜎𝜉
2|𝛼, 𝛽, 𝛾, 𝑌𝑖𝑗𝑘𝑡, 𝑋𝑖𝑗𝑘𝑡, 𝑊𝑖𝑗𝑘𝑡, 𝑉𝑖𝑗𝑘𝑡) ∝ 

(𝜎𝜉
2)

−𝑎−1
(

1

𝜎𝜉
2)

𝐷
2

𝑒𝑥𝑝 (
−𝑏

𝜎𝜉
2 ) ∗ 𝛴𝑡=1

𝑇 𝛴𝑖𝑗∈𝜇𝑘𝑡
𝑒𝑥𝑝 {

−1

2𝜎𝜉
2 (𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽 − (𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)𝛾)

′

(𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽 − (𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)𝛾)

} 
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which is the kernel of an Inverse-gamma distribution with shape �̂� and scale �̂� given by 

𝑎 ̂ = 𝑎 +
𝐷

2
 

𝑏 ̂ = 𝑏 +
1

2
 {

(𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽 − (𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)𝛾)
′

(𝑌𝑖𝑗𝑘𝑡 − 𝑋𝑖𝑗𝑘𝑡𝛽 − (𝑉𝑖𝑗𝑘𝑡 − 𝑊𝑖𝑗𝑘𝑡𝛼)𝛾)
} 
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8 B - Simulation study 

 

In this section, we present the result from two separate simulation study to highlight the ability of 

our matching model to recover the true parameters of the model. 

Data Generation 

 

We first construct fighter pairs and bout formation outcomes with 20 players in each event with 

one tier in each event. We create 20 such events. The matching valuation function is given by  

𝑉𝑖𝑗𝑘𝑡 = 𝛼1  
(𝑄1𝑖𝑘𝑡 + 𝑄1𝑗𝑘𝑡)

2
 + 𝛼2  

(𝑄2𝑖𝑘𝑡 + 𝑄2𝑗𝑘𝑡)

2
 + 𝛼3  

(𝑄3𝑖𝑘𝑡 + 𝑄3𝑗𝑘𝑡)

2
 + 𝜂𝑖𝑗𝑘𝑡 ∀ 𝑖 ≠ 𝑗 

𝑉𝑖𝑖𝑘𝑡 = 𝜆1 𝑊1ikt + 𝜆2 𝑊2ikt + 𝜂𝑖𝑘𝑡 ∀ 𝑖 = 𝑗 

The outcome equation is modelled by  

𝑌𝑖𝑗𝑘𝑡 = 𝛽1  
(𝑋1𝑖𝑘𝑡 + 𝑋1𝑗𝑘𝑡)

2
 + 𝛽2  

(𝑋2𝑖𝑘𝑡 + 𝑋2𝑗𝑘𝑡)

2
 + 𝜂𝑖𝑗𝑘𝑡𝛾 + 𝜉𝑖𝑗𝑘𝑡 

 

We draw 𝑄𝑖𝑗𝑘𝑡, 𝑊𝑖𝑘𝑡 and 𝑋𝑖𝑗𝑘𝑡 from 𝑁(0,2). 𝜂𝑖𝑗𝑘𝑡, 𝜂𝑖𝑘𝑡 and 𝜉𝑖𝑗𝑘𝑡 are drawn from 𝑁(0,1).  

 

The fighters in each event and in the given tier play a matching game and use the matching value 

to determine whether to form a bout with another fighter or to stay alone. This is done using a top-

down sorting algorithm which is described in Appendix C. We construct simulated dataset two 

alternate models to demonstrate the ability of our model in recovering the true parameters. Overall, 

in both markets the total number of all matches was 4,200 while the number of actual bouts in the 

was 275 and 279 for model 1 and model 2, respectively. 

Simulation Results 

 

In Table A8, we present the results of two simulation models. We observe that the 

parameter of the stay alone and the cross-match models are well recovered for both models. Across 

both models, median values of the draws are close to the actual values used and the 90% credible 

intervals contains the true value. We do observe a slight upward bias in the coefficient of 𝛽2 in 
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model 1 and 𝛽1 in model 2 and a slight downward bias in 𝛾 in model 1. This may be due to the 

low number of actual matches in both markets. In both cases, the upper or lower 90% credible 

interval contains values close to the true values. The reader may keep this in mind while 

interpreting our results. 

Table A8. Summary of Simulation Results 

 Model 1 Model 2 

Coefficient True Value Median SD 90% CI True Value Median SD 90% CI 

𝜆1 -0.5 -0.41 0.05 (-0.5,-0.34) 1.2 1.17 0.05 (1.09,1.26) 

𝜆2 1.7 1.63 0.06 (1.54,1.72) -0.6 -0.60 0.06 (-0.69,-0.5) 
         

𝛼1 1.9 1.90 0.02 (1.86,1.93) -1.4 -1.41 0.02 (-1.44,-1.37) 

𝛼2 -0.4 -0.40 0.02 (-0.43,-0.36) 0.8 0.80 0.02 (0.76,0.84) 

𝛼3 -0.6 -0.60 0.02 (-0.64,-0.56) 1.3 1.29 0.02 (1.25,1.33) 
         

𝛽1 -1.5 -1.33 0.11 (-1.51,-1.16) 2.4 2.59 0.09 (2.45,2.74) 

𝛽2 1.8 2.22 0.11 (2.03,2.4) -1.8 -1.74 0.11 (-1.91,-1.56) 
         

𝛾 0.2 0.21 0.06 (0.07,0.27) 0.4 0.23 0.06 (0.15,0.33) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


