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Gamified online platforms use game design elements in non-game contexts to increase users’

engagement and improve their performance outcomes. In this dissertation, using data from

two gamified online platforms, I study the effect of disclosing individual’s performance rank-

ing and popularity rating on different outcomes. First, I focus on an online weight-loss com-

munity which uses gamified challenges to enable users to set short-term weight-loss goals,

and incentivize them to pursue their goals by sharing individuals’ progress and rankings with

other challenge members via leaderboards. I study the effect of participation in gamified chal-

lenges on weight-loss progress. I utilize the system GMM and Inverse Probability Weighting

(IPW) approach to address endogeneity issues. The results indicate that participation in

gamified challenges has a positive and significant but short-term effect on weight-loss. More-

over, participation in gamified challenges are less effective when users focus only on dietary

or physical activity instructions, and more effective when users add a numeric weight-loss

target to their dietary or physical activity instructions. Second, I focus on a gamified dating

platform where users play a game and rank-order members of the opposite sex and are then

matched based on a Stable Matching Algorithm. A key piece of information shown to users

during the game is a popularity rating, ranging from one to three stars. I examine the effect

of a user’s popularity on her demand i.e. I quantify the causal effect of a user’s star-rating

on the rankings that s/he receives during the game and the likelihood of receiving messages



after the game. Popularity can increase one’s appeal. However, popular people are less likely

to reciprocate, and hence users may strategically shade their revealed preferences for them

to avoid rejection. To overcome the endogeneity between a user’s star-rating and her un-

observed attractiveness, I employ non-linear fixed-effects models. The results indicate that

three-star users receive worse rankings during the game but receive more messages after. I

link the heterogeneity across outcomes and user-level observables to the perceived severity

of rejection concerns and establish strategic shading as the mechanism. Further, I show that

users’ rejection concerns are consistent with Step-1 bounded rationality.
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Chapter 1

INTRODUCTION

Gamified online platforms use game design elements in non-game contexts to increase

users’ engagement and improve their performance outcomes. In §1.1, I focus on an on-

line weight-loss community which uses gamified challenges to enable users to set short-term

weight-loss goals, and incentivize them to pursue their goals by sharing individuals’ progress

and rankings with other challenge members via leaderboards. In §1.2, I focus on a gami-

fied dating platform where users play a game and rank-order members of the opposite sex

and are then matched based on a Stable Matching Algorithm. A key piece of information

shown to users during the game is a popularity rating, ranging from one to three stars. In

this dissertation, using data from these two gamified online platforms, I study the effect of

disclosing individual’s performance ranking and popularity rating on different outcomes.

1.1 Introduction: A Gamified Online Weight-loss Community

Obesity has been associated with many adverse physical and psychological health conditions

[33]. It has also become highly prevalent and a significant economic crisis costing healthcare

systems billions of dollars per year [14, 32]. With the rise of health 2.0 movement, online

weight-loss communities have emerged as a new tool with a mission to support individuals

to lose weight. These communities connect users with similar weight-loss goals, and give

them access to many features including 1) self-monitoring tools, enabling users to report and

track their weight, food intake and exercise, 2) forums and groups, where users with common

interests can share their weight-loss questions and experiences, 3) challenges, which let users

set short-term goals, and incentivize them to pursue their goals with gamification elements

such as cash prize, badges, and leaderboards.
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Weight-loss challenges are one of the most popular features of online weight-loss com-

munities. This feature became popular after the hit TV reality show “The Biggest Loser”,

where contestants compete to lose weight and win a cash prize. Online weight-loss challenges

provide a tool for users to set short-term weight-loss goals, and share them with other users.

These weight-loss goals usually focus on a numeric weight-loss target e.g. “to lose 10 kg”,

and/or a set of physical activity or dietary instructions such as “walking 10,000 steps a day”

or “restricting daily caloric intake by 1,250 calories”. Beyond providing a goal-setting tool,

weight-loss challenges can enhance users’ motivation via gamification tools, based on their

weight-loss progress. For example, a leaderboard ranks challenge participants based on their

weight-loss progress, enabling users to compare their progress with others and keep them

motivated during the challenge period.

Despite the popularity of online weight-loss challenges, there is no research that examines

or quantifies the effect of participation in gamified challenges on user’s weight-loss progress.

A few papers in the literature have shown the positive effect of participation in gamified

walking contests on users’ physical activity [17, 72]. However, there is a main difference

between physical activity contests and weight-loss challenges. In physical activity contests,

participants get incentivized based on the physical activity measure (e.g. get ranked via

leaderboards based on number of steps). However, in weight-loss challenges, participants get

incentivized based on their weight-loss outcome, i.e. how many kilograms they have lost.

Individuals may have a higher control on their number of steps; however, they may not be

able to directly control their weight-loss outcome. Unlike physical activity, weight-loss is a

complicated process. Weight-loss is determined not only by individuals’ motivation, but also

by a variety of other factors such as genetic predisposition, stress, and environmental factors

such as family and friends [33]. Therefore, based on prior literature, it is not clear whether

participation in gamified weight-loss challenges can affect users’ weight-loss progress.

In chapter 3, I am interested to answer three key questions. First, I seek to estimate the

causal effect of users’ participation in online gamified challenges on their weight-loss progress.

Second, I am interested to quantify the long-term effect of participation in online weight-loss
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challenges, if I find any positive short-term effect. It has been shown that most people, who

succeed in losing weight in a short period, regained a substantial amount of their lost weight

after participation in the weight-loss competitions [34]. Thus, it is important to quantify the

long-term effect of participation in online gamified challenges. Finally, I am interested to

measure the heterogeneous effect of challenges across different goal types. Many weight-loss

challenges focus on healthy lifestyle changes, i.e. the challenge goal includes a set of dietary

or physical activity instructions. However, some other challenges include a numeric weight-

loss target. Incorporating a numeric weight-loss target in a challenge can have both positive

and negative effects on weight-loss progress. On the one hand, since gamified challenges

incentivize users based on the magnitude of their weight-loss outcome, a numeric weight-loss

target can motivate users to stick to their goals. On the other hand, a numeric weight-loss

target may draw users’ attention to the final outcome and impair their focus on healthy

lifestyle changes, and discourage them at times of slow weight-loss progress.

I empirically examine these questions using the data from a leading online weight-loss

community in the Unites States. With an emphasis on user-generated content, this online

weight-loss community lets users track their weight, nutrition, and physical activity and

engage with a supportive community via general forums and specific groups. In mid-2008,

weight-loss challenges were introduced as a new feature on the platform. This feature enables

users to create/join challenges, where they can set and pursue short-term goals. These

challenges are gamified via leaderboards, which rank users based on their weight-loss progress.

For the empirical analysis, I randomly chose users and tracked them for eight months from

April to November 2008. In the panel data, for each user at each month, I can observe

whether s/he participates in a particular challenge. Further, I have access to the average

weight that each user reports during a month, and I can calculate their monthly weight-loss

progress. I can also observe users’ engagement with other platform’s features, their tenure

on the platform, and their personal weight-loss goals.

There are three estimation challenges regarding the estimation of the causal effect of

users’ participation in challenges on their weight-loss progress. First, an individual’s weight
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at each point in time is highly dependent on its previous value. Second, weight-loss/gain

is determined by a variety of unobserved elements such as individuals’ motivation, or ge-

netic predisposition, gender, etc. These unobserved fixed or time-varying factors could be

correlated with users’ decision to participate in a challenge. To overcome these concerns,

I employ a dynamic model using a system GMM estimator (Blundell-Bond). The system

GMM estimation utilizes instruments within the model, and the validity of these instru-

ments is verified using Hansen and Arellano-Bond tests. Moreover, the system GMM model

is useful to accurately estimate the inertial effects of the lagged dependent variable in the

dynamic model and is used to calculate the long-term effect of users’ participation in chal-

lenges on their weight-loss progress. The third estimation challenge stems from the fact that

some individuals never participate in any challenge during the panel time frame. These chal-

lenge non-adopters do not appear in the system GMM analysis. This can result in a biased

estimation, called incidental sample truncation, when non-adopters’ decision to participate

is non-random. To address the incidental sample truncation, I combine the system GMM

estimation with the inverse probability weighting (IPW) approach. The validity of the IPW

approach relies on the ignorability assumption. Although, it is not possible to directly test

this assumption, I provide an indirect verification test.

the main findings indicate that participation in gamified challenges has a positive and

significant effect on weight-loss. Users can achieve a weight-loss of 0.945 kg by participating

in at least one challenge a month. Further, based on the results from the system GMM

estimation, I calculate the long-term effect of participation in challenges, and find that

a challenge participant will gain the lost weight back in a few months, if s/he does not

participate in a new challenge in future. Finally, I show heterogeneous effects of challenges

across different goal types controlling for other challenge attributes. The results suggest

that challenges with a numeric weight-loss target (e.g. to lose 5 Kg) are more effective than

challenges without a target.

The main contributions of this study are as follows. First, I quantify and isolate the

effect of users’ participation in gamified challenges on weight-loss from their engagement
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with other platform’s features such as self-monitoring tools and weight-loss forums/groups.

A large stream of research studies the effect of eHealth interventions on weight-loss using

randomized trials [41]. However, in those studies, a combination of different online features is

used and it is not possible to determine which features of eHealth weight-loss interventions are

driving the effect on the weight-loss progress. Second, this study is the first study to examine

the effect of both performance and process goals in gamified weight-loss interventions. A

performance goal refers to a numeric weight-loss target (e.g. to lose 10 Kg), and a process

goal refers to a set of dietary or physical activity instructions, which can help in achieving

the performance goal (e.g. walk 10,000 steps a day). I showed that a gamified weight-loss

challenge with a numeric performance goal and detailed process goals is most effective. This

finding can serve as a guideline for designing gamified information systems in goal-setting

environments. Finally, I discuss and clarify the methodological strategies required to analyze

the dynamic nature of the weight-loss outcome and overcome endogeneity problems in non-

experimental settings. I compare the system GMM results with a difference-in-difference

model with time-varying treatment, coupled with propensity score matching. Although the

effect of challenges on weight-loss remains positive and significant in a difference-in-difference

model, the magnitude of the effect is smaller and close to the magnitude of a biased fixed-

effect model. Moreover, I show that a difference GMM dynamic approach performs poorly

in the setting due to the high inertial effects of the lagged dependent variable.

The results have implications for the design of online weight-loss communities. I show

that gamified challenges are an effective feature of online weight-loss communities in im-

proving weight-loss outcome; however, users will regain their lost weight when they cease

participating in challenges. Thus, it is important for online weight-loss communities to have

strategies to help users achieve and maintain higher weight-loss goals over time. Further,

I show that effective gamified weight-loss challenges should incorporate a numeric weight-

loss target, as well as detailed instructions for healthy lifestyle change. Although, gamified

challenges are user generated, online weight-loss communities can suggest users to set more

effective goals.
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The details of this essay is organized as follows. In §2.1 I review the related literature. I

introduce the setting and data in §3.1 and §3.2. In §3.3, I discuss the empirical model. In

§3.4, I present the results. In §3.5, I provide the robustness checks. In §5.1, I review the

main findings of this essay, and the limitations, and suggestions for future research.

1.2 Introduction: A Gamified Online Dating Platform

Throughout human history, people have relied on their extended families, social networks,

and religious organizations to help them find romantic partners. However, they are now

increasingly turning to online dating for this purpose. The most recent Singles in America

Survey found that the number one meeting place for singles is now online [70]. According to

a study from Pew Research Center, 15% of U.S. adults (≈ 40 million adults) reported that

they have used online dating services [73]. Indeed, industry revenues for online dating now

exceed three billion dollars a year in the United States [43].

Early businesses in this industry were mostly websites that allowed users to create de-

tailed profiles, browse/search other users’ profiles, and then establish contact through email

exchanges. However, over the years, mobile dating apps have replaced dating websites as

the dominant form of online dating because they offer a much simpler way for users to find

matches [54]. First, users are shown a set of potential partners and asked to state their

preference for them on some scale (e.g., rank-order them, vote up or down, or swipe right

or left) within a fixed period of time. These stated-preferences are then fed into a matching

schema/algorithm, which matches users who have expressed some preference for each other.

The first step eliminates the need for users to browse and search profiles, and the second

step ensures that users are not spending effort in crafting and sending emails to potential

partners who have no interest in them.

The way information is presented in mobile dating apps has also evolved to reflect the

simpler search process. Because users are only given a short (and fixed) amount of time to

decide how much they like someone, most dating apps have moved away from showing long

detailed profiles. Instead, they show a small set of salient pieces of information that a user
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can process easily (e.g., photo and age of the potential partner). Many of them also display

a summary measure of the popularity of a potential partner (e.g., star-rating, likes) next

to her/his profile. The benefits of showing users’ popularity information are that – (a) it

is easier to process one cumulative popularity measure instead of parsing through detailed

profile data, and (b) popularity measures can provide information on a potential partner’s

appeal in the dating market, and thereby help users calibrate the likelihood of achieving a

match with that person.

However, there is no research that examines or quantifies the effect of such popularity mea-

sures on users’ demand in dating platforms. A large stream of literature on e-commerce and

online marketplaces has shown that displaying popularity information about products/sellers

can have a positive impact on their demand [74, 81]. But those settings did not involve inter-

personal interactions. Moreover, the mechanisms at play in e-commerce markets are likely

to be quite different from those in dating contexts. Hence, the extent to which these results

will translate to an online dating context is not clear.

In this essay, I am interested in two key questions related to popularity information and

demand in online dating.

• First, I seek to quantify the causal effect of a user’s popularity information on her/his

demand measures in the dating market.

• Second, I am interested in identifying the source of these effects (if any), i.e., pin down

the mechanism behind them.

In dating contexts, popularity information can have both positive and negative impact on

demand. On the one hand, revealing that a potential partner is popular can increase her/his

appeal, which in turn can increase a user’s revealed preference for that potential partner [37].

On the other hand, a very popular potential partner is also more likely to have other options

(or interest from other users) and is therefore less likely to reciprocate any interest. Thus,

a user who wants to avoid the psychological costs of rejection may reveal lower preference

(or strategically shade down her/his preference) for a popular user. A priori, it is not clear

which of these effects will dominate, and what would be the overall impact of popularity
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information on demand.

I empirically examine these questions using data from a popular mobile dating app in the

United States during the 2014-15 time-frame. Users in the app are matched based on games

where they rank members of the opposite sex. Each game starts with the random assignment

of four men and four women to a virtual room. Then, each player has ninety seconds to rank-

order members of the opposite sex from one to four, with one indicating the most preferred

partner and four the least. (Throughout this essay, I use the term preference-ranking, which

is reverse of ranking, to indicate users’ ordered preferences to simplify exposition.1)

The platform then uses these preference-rankings as inputs into a Stable Match Algorithm

and matches each player in the room with a member of the opposite sex. After the game

ends, users can initiate contact with their matched players and chat with them (if their

matched partner reciprocates).

A key piece of information shown to users during and after the game is a star-rating

for each member of the opposite sex (ranging from one to three stars). A user’s star-rating

is a cumulative measure of all the preference-rankings that s/he received in the past. So

users with higher past preference-rankings are shown with higher stars. Stars are thus a

salient and visible indicator of a user’s popularity on the platform. At the same time, they

do not contain any extra information on the unobserved quality of the user since they are

not based on contact/engagement between previous raters and the ratee. They are, thus,

pure popularity measures and do not help resolve asymmetric information about the user’s

quality as a date (unlike star-ratings based on purchase/experience in e-commerce settings).

This study consists of two major components, which mirror the two broad research

questions. To answer the first research question, I quantify the causal impact of a user’s

star-rating on three demand measures: (1) preference-rankings received during a game, (2)

likelihood of receiving a first message from the matched partner after the game, (3) likeli-

hood of receiving a reply to a message sent after the game. There are two main challenges in

1Rank of one denotes a preference-ranking of four, rank of two indicates a preference-ranking of three,
and so on.
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this task. First, a user’s star-ratings and her/his unobserved attractiveness are confounded:

attractive users who received high preference-rankings in the past (and hence have higher

stars now) are also likely to receive higher preference-rankings now – not necessarily because

of their star-rating, but due to their inherent attractiveness, which may be unobservable to

the researcher (e.g., great bio descriptions, fun-loving pictures). This can give rise to an

upward bias in the estimates of the effect of star-ratings if I use naive estimation strategies.

To overcome this challenge, I leverage the fact that a user’s star-rating is not static; rather

it changes over the course of the observation period as a function of her/his rankings in the

previous games. Thus, I can use the within-person variation in star-ratings to causally infer

the effect of a user’s star-rating on her demand in the marketplace.

The second estimation challenge stems from the non-linearity of the three demand mea-

sures: the first measure (preference-ranking) is an ordered discrete outcome, and the other

two measures (first and reply messages) are binary outcomes. I model the first measure using

a fixed-effects ordered logit model, and the latter two are modeled using fixed-effects binary

logit models. In all these models, I allow user-specific unobservables (i.e., the fixed-effects)

to be arbitrarily correlated with star-ratings. While fixed effects are needed to control for

the endogeneity issues discussed earlier, estimation of ordered and binary logit models with

fixed-effects is tricky since there is no easy way to subtract out the unobserved user fixed-

effect in a non-linear setting. To address this issue, Chamberlain proposed a general class

of Conditional Maximum Likelihood (CML) estimators for non-linear models that condition

on a subset of outcomes, which in turn allows them to condition-out all the fixed-effects (or

nuisance parameters) and estimate only the main parameters of interest [15]. Usually, in a K

outcome ordered logit model, we can derive K−1 consistent CML estimates. However, these

K − 1 estimates are inefficient because each of them only uses only part of the variation in

the data for identification. A Minimum Distance (MD) estimator is developed that combines

all the CML estimators and generates both consistent and efficient estimates [21]. I use this

estimator to derive the effect of star-ratings on preference-rankings in this setting. For the

two message-related binary outcome models, the CML and MD estimators are equivalent,
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so I simply use Chamberlain’s CML for them. Note that all these estimators rely on the

within-user variation in star-ratings to identify the effect of stars on outcomes, and thereby

address the endogeneity issues discussed earlier.

I now discuss the main findings from the first part of this essay. Everything else being

constant, three-star users receive lower preference-rankings compared to two-star users during

the game, i.e., popularity has a negative effect on preference-rankings. I also find that ignoring

endogeneity problems would lead to draw the exact opposite conclusion. Interestingly, the

effect of star-rating is different in after-game outcomes. In particular, three-star users are

more likely to receive both first messages and replies after the game. These results suggest

that users in the platform respond differently to popularity information at different stages

of the matching process.

Next, I focus on the second research question, regarding the source of the popularity effect.

Here, I leverage the differences in the risk of rejection across the observed demand measures

and show that the negative effect of star-ratings during the game can be attributed to

strategic shading. When a user is ranking someone during a game, s/he has no information on

the other person’s preferences, thus the potential for being rejected (i.e., not being matched)

is high. In contrast, in the reply message case, the user has already received a message from

her/his match and is considering whether to reply or not. Here, rejection is not a concern

at all since the other party has already expressed interest. Using the fact that the effect

of star-rating in the reply case is strictly positive, I can show that the negative effect of

star-rating during the game is due to strategic shading.

I also provide additional evidence for strategic shading based on the heterogeneity in

the effect of star ratings across user-level attributes. In particular, I show that the negative

effect of star-ratings on preference-rankings is mainly driven by less-attractive users when

they are ranking attractive potential partners. Since less-attractive users are more likely

to have rejection concerns (especially when they are ranking attractive users), this finding

corroborates the strategic shading hypothesis.

Finally, while users behave strategically given their beliefs, I find that their beliefs re-



11

garding rejection concerns during the game are not fully rational. The results can be ex-

plained by cognitive hierarchy model of games, which argues that users reason in steps [12].

Specifically, the findings are consistent with Step 1 bounded-rationality. Step-1 users be-

lieve that others are Step-0 users, who will naively reveal their preferences without taking

rejection concerns into account. Thus, the best response for Step-1 users is to reduce their

own preference-ranking for popular users. These findings are in line with the literature in

behavioral economics and bounded rationality [56, 75].

In sum, this essay makes three key contributions to the literature. First, this study

documents negative returns to popularity information in online platforms. Past empirical

research has mainly documented positive returns to the revelation of popularity information.

Second, this study is the first to provide empirical evidence for strategic shading in dating

markets and directly link it to rejection concerns. While strategic shading has been discussed

in the literature, none of the earlier papers have been able to causally identify it. Third, this

study demonstrates that users exhibit bounded rationality in real-world online settings. The

previous literature on bounded rationality come mainly from lab experiments; the results

suggest that such behavioral effects may indeed play a significant role in platforms that

involve strategic multi-player interactions.

These results have implications for the design of online dating platforms. On the one

hand, displaying popularity information can simplify users’ search process and help them

quickly evaluate potential partners. However, doing so can have unintended consequences on

the demand for popular users. These findings thus suggest that managers of online dating

platforms should take this dampening effect of popularity information into account when

designing their user-interface. More broadly, these findings are relevant to other two-sided

matching markets with inter-personal rejection concerns, e.g., online labor markets.

The details of this essay is organized as follows. In Chapter §2.2, I discuss the related

literature. I introduce the setting and data in §4.1 and §4.2. In §4.3, I present descriptive

analyses on the effect of popularity information on users’ demand. Next, in §refsec:effect-star

and §4.5, I present the empirical specification, estimation and identification approaches, and



12

establish the causal impact of star-ratings on preference-rankings and messages, respectively.

In §4.6, I provide a discussion on the mechanisms driving users’ behavior and examine the

bounds of rationality observed in the data. In §5.2, I review the main findings of this essay

and avenues for future research.
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Chapter 2

LITERATURE REVIEW

2.1 Literature: A Gamified Online Weight-loss Community

2.1.1 eHealth Weight-Loss Interventions

The first essay of my thesis relates to a long-standing literature studying the effect of eHealth

interventions on weight-loss. The eHealth interventions employ technologies such as websites,

apps, emails, text messages, and digital games, using devices such as PC, personal digital

assistants (PDA), tablets, mobile/smartphones, and smart wears [59, 36, 76, 57]. In the past

decade, several studies have explored the effectiveness of eHealth weight-loss interventions

via randomized trials, where the treatment group were given access to goal-setting tools, self-

monitoring tools (e.g. reporting weight, food intake, and exercise), forums for social support,

online educational materials, virtual lifestyle coach providing meal or exercise plans, and

reminder emails or text messages. In these randomized trials, the control groups were given

either no treatment, or paper-based educational material, self-monitoring diaries, telephone-

based feedback, individual or group face-to-face meetings. A systematic review with meta-

analysis evaluates the papers from 1995 to 2014 studying the effectiveness of eHealth weight-

loss interventions, and demonstrate significant greater weight-loss in eHealth interventions

[41]. However, it could not determine which features of eHealth weight-loss interventions

are effective, because a combination of different features was provided concurrently in those

web- and app-based interventions.

In this chapter, I focus on measuring the effectiveness of weight-loss challenges, a popular

but understudied feature of online weight-loss communities. Weight-loss challenges let users

set short-term goals, and incentivize them to pursue their goals with gamification elements

such as cash prize, badges, and leaderboards. The effectiveness of weight-loss challenges
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stems from two main components: goal-setting strategy and gamification mechanism. Next,

I review the literature on each of these components.

2.1.2 Goal-Setting

Weight-loss challenges provide a tool for users to set short-term weight-loss goals. There

are two types of weight-loss goals: 1) performance (or outcome) goal, referring to a numeric

weight-loss target e.g. to lose 10 Kg, 2) process (or learning) goal, referring to a set of

dietary or physical activity instructions one acquires to accomplish the performance goal,

e.g. walk 10,000 steps a day, or restrict daily caloric intake by 1,250 calories. Although, goal-

setting has been a part of many weight-loss interventions, specific strategies for setting goals

rarely have been the focus of the intervention research [77, 62]. In contrast, in educational

and organizational settings, careful analyses and meta-analyses on goal-setting have been

conducted.

In educational settings, some studies have shown that the performance goals have a

deleterious effect on a wide range of educationally relevant outcome measures [27]. However,

some other studies found that for college students, performance goals improved grades but

did not affect interest, whereas process goals enhanced interest in the class but did not affect

grades [38]. In organizational settings, it is shown that when a specific difficult process goal

was set for a complex task, consistent with goal-setting theory, specific difficult goals led

to significantly higher performance than did the general goal of urging people do their best

[86]. Thus when tasks are complex for people, process goals can be superior to performance

goals. However, there have been almost no studies examining the use of both goals together

[53]. The outcomes studied in educational and organizational settings may involve cognitive

and behavioral elements similar to health-related outcomes; however, it is not clear how the

findings can be applied in a weight-loss context.

In the weight-loss setting, one may believe that process weight-loss goals are more ef-

fective than outcome goals, because process goals focus on behavior change and are more

under individuals’ control, but performance goals are physiological outcomes, which are sub-
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ject to many other factors such as genetic predisposition and stress [77, 33]. However, the

effectiveness of these two types of weight-loss goals was never studied together in gamified

weight-loss interventions. Incorporating a performance goal, i.e. a numeric weight-loss target

in a gamified challenge can have both positive and negative effects on weight-loss progress.

On the one hand, since gamified challenges incentivize users based on the magnitude of their

weight-loss outcome, a numeric weight-loss target can motivate users to stick to their goals.

On the other hand, a numeric weight-loss target may draw users’ attention to the outcome

goal and impair their focus on healthy lifestyle changes i.e. process goals, and discourage

users at times of slow weight-loss progress. In this chapter, I investigate the effectiveness of

both outcome and process weight-loss goals, and I provide the evidence that both types of

goals are required in an optimal gamified weight-loss challenge.

2.1.3 Gamification

Beyond providing a goal-setting tool, weight-loss challenges can enhance users’ motivation

via gamification tools, based on their weight-loss progress. Gamification has been defined as

“the use of game design elements in non-game contexts” [24]. Gamification elements such

as leaderboards, points, badges, and cash prize can induce individuals’ extrinsic incentives

and thus foster desired behaviors [52]. For example, using a leaderboard in a weight-loss

challenge, which ranks challenge participants based on their weight-loss progress, enables

users to compare their progress with others and keep them motivated during the challenge

period.

This chapter relates to prior literature studying the effect of gamification in eHealth

interventions. These studies have shown positive effects of gamification on health behavior

change and user engagement. For example, in a mHealth app for the self-management

of adolescent type 1 diabetes, it has been shown that awarding users with points for blood

glucose testing results in an increase of 50% in daily frequency of blood glucose measurement

[10]. In another study, it is shown that incorporation of gamification elements such as

points, badges, medals, and leaderboard in a rheumatoid arthritis website to reward users’
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interaction with different features of the website not only increase their engagement with the

website, but also increase their physical activity, and decreased their medication overuse and

health care utilization [1].

Among the research papers studying the effect of gamification in eHealth interventions,

the online weight-loss challenges are most similar to online physical activity contests. For

example, it is shown that walking competitions using mobile apps increase physical activity

when users earn badges based on their performance, or when they view each other’s step

data and make comparisons via leaderboards [17, 72]. However, there is a main difference

between physical activity contests and weight-loss challenges. In physical activity contests,

participants get incentivized based on the physical activity measure (e.g. get ranked via

leaderboards based on number of steps). However, in weight-loss challenges, participants

get incentivized based on their weight-loss outcome, i.e. how many kilograms they have

lost. As discussed earlier in §2.1.2, number of steps is a process goal, which individuals

may have a higher control on; in contrast, the weight-loss outcome is a performance goal,

and users may not be able to directly control it. Unlike physical activity, weight-loss is a

complicated process. Weight-loss is determined not only by individuals’ motivation, but also

by a variety of other factors such as genetic predisposition, stress, and environmental factors

such as family and friends [33]. Therefore, based on prior literature, it is not clear whether

participation in gamified weight-loss challenges can affect users’ weight-loss progress.

Focusing on the effect of gamification on weight-loss interventions, prior studies have

found that monetary incentives can encourage weight-loss [16, 84]. Moreover, early in the

development of weight-loss programs, competitions were proposed as a mean to motivate

people in work sites [9, 78]. For example, it is shown that the effectiveness of weight-loss

competitions held between employees at two worksites with competition incentives such as a

large board of 4 by 5 feet showing participants’ weekly progress and a cash prize [9]. Beyond

offline settings, surprisingly little is known about the effectiveness of weight-loss competitions

in online settings, where competitors do not know each other. Moreover, note that there are

no financial incentives available in this setting. Thus, one of the goals of this chapter is to
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estimate the effect of participation in online weight-loss challenges on weight-loss progress,

especially in the large online weight-loss communities where users do not know each other,

and when financial incentives are not available.

2.2 Literature: A Gamified Online Dating Platform

This essay contributes to two broad streams of literature in marketing and economics.

First, it contributes to a large stream of literature that seeks to measure the effect of

online popularity information on demand in e-commerce settings and online marketplaces.

This research has consistently established the herding effect, i.e. shown that popularity

information has a positive effect on demand/sales of products and services in a variety of

contexts such as the music industry [71, 25], books [74], restaurants [11], software downloads

[26], kidney transplant market [94], movies [55], digital cameras on Amazon [18], and the

wedding services market [81].1 These studies have identified three underlying mechanisms for

this positive effect: (1) observational learning or quality inference based on others’ actions

(e.g. purchase statistics), (2) salience effect or awareness of alternative choices, and (3)

network effect or increase in value of a product/service as its user base expands. In this

essay, I provide the negative result on the effect of popularity information, and in a previously

unstudied context – dating markets. I also present evidence for a new mechanism that can

moderate the effect of popularity information – strategic shading due to rejection concerns.

Second, this essay relates to the literature on the empirical measurement of mate pref-

erences in marriage and dating markets. Early work in this stream mostly used data on

observed marriages to estimate population-level mate preferences under the assumption of

no search frictions [87, 20]. More recently, researchers have been able to access data from

speed-dating and online dating platforms. In these settings, search frictions are minimal

1A related stream of work examines the effect of WOM or online ratings on demand outcomes [19, 79,
90, 92]. However, in these papers, the ratings are given after the interactions between the buyer and
seller. Hence, they play the role of Word-of-Mouth or reputation effects, i.e., they help resolve asymmetric
information on the quality of the product/seller. In contrast, in this essay, ratings are purely measures of
popularity and do not convey any information on the unobserved quality of the user.
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and researchers have direct visibility into the search process employed by users and their

preferences. This has led to a stream of literature that attempts to directly estimate users’

preferences for mates along a variety of dimensions, e.g., age, income, race, physical attrac-

tiveness [48, 30, 31, 28, 39, 5, 51].

An important concern when measuring user preferences is the possibility of strategic

behavior – users may shade down their revealed preference for appealing users (physically

attractive, popular, etc.) to avoid the psychological cost of rejection [13]. If users shade their

revealed preferences, and researchers do not explicitly account for this in their estimation,

then the estimates of user preferences will be biased. The effect of users’ beliefs on match

probabilities on their revealed preference has been examined by a few papers in the litera-

ture. In one empirical study, it is shown that shading is not a concern in their setting [39].

Nevertheless, their tests rely on aggregate data patterns and exclusion restrictions. As such,

their results may not hold if we had variables that directly affect the perception of match-

probability (e.g., popularity information) without affecting the attractiveness of a user at

the individual-level. More recently, it is shown that individuals become more strategically

selective when they believe they have more potential matches, and less selective when they

believe they have more competition [93]. However, neither of these papers examine how

revelation of popularity information affects users’ demand in a dating platform, and connect

it to strategic shading based on the differences in perceived rejection probabilities.
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Chapter 3

A GAMIFIED ONLINE WEIGHT-LOSS COMMUNITY

3.1 Setting

In this chapter, I focus on one of the largest non-commercial online weight-loss communities

launched in 2006. The platform has over 45 million users, who either want to lose or maintain

their weight. The platform has international websites in more than 30 countries. This data

comes from the platforms website in the Unites States. With an emphasize on user-generated

content, the platform let users track their weight, nutrition, and physical activity and engage

with a supportive community through its free website and mobile app.

To join and use this online weight-loss community, users should create a profile. They

are required to provide the information about their current and goal weight on their profile.

Users’ personal goal weight on their profile is usually a fixed long-term goal. However, it can

be updated anytime. Users in their personal profile can journal about their calorie intake,

report exercise activities, and write a narrative about their daily weight-loss journey and

post pictures. There are “general forums” on this online weight-loss community, where users

can ask/provide answers to general questions such as “how often do you weigh yourself?”.

Further, users with common interests or concerns can create/join “group” forums, share their

experiences with weight-management, and exchange diet or exercise tips. An example of a

group forum is a group for “low carb lovers”.

In mid-2008, weight-loss “challenges” were introduced as a new feature on the platform.

This feature enables users to set a “short-term” weight-loss goal. Any user can create her/his

own challenge, or join the challenges created by the other users on the platform. The creator

of the challenge sets the objective of the challenge by choosing a name and defining a set of

instructions. Table 3.1 shows some examples of the challenge names and instructions on this
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platform. The name and the instructions of a challenge may include a numeric weight-loss

target, such as “losing 5 Kg”, or it can be specified by some weight-loss instructions such

as “exercising 30 minutes a day”, or “quitting soda”. The numeric weight-loss target is a

performance goal, and the weight-loss instructions are the process goals, which can help one

achieve the performance goal. As shown in Table 3.1, there are some challenges without a

weight-loss target. Further, the creator of the challenge sets a fixed start date and duration

for the challenge, and other users can join the challenge only before its starting time. Users

can join any number of challenges.

The weight-loss challenges are integrated with leaderboards. Every time a challenge

participant reports his weight, he will be moved to a higher or lower rank on the leaderboard

in comparison with the weight-loss progress of the other challenge participants. Weight-loss

progress is normalized by users’ initial weight at the beginning of the challenge. Users can

see the ordered name of the challenge participants and their weight-loss progress on the

leaderboard. The platform utilizes leaderboards as a gamification object to incentivize and

engage challenge participants. Other gamification objects such as status points, badges, or

financial prizes are not used on this platform. Further, each challenge is integrated with a

challenge forum, where challenge participants can interact with each other, ask questions and

provide answers, and encourage each other. Finally, users can join any number of challenges

available on the platform.

The platform’s mobile app enables users to log in their weight, count their intake calories,

and upload pictures of their food. The general and group forums and challenges are not

accessible via the mobile app.

3.2 Data

3.2.1 User Level Data

Online weight-loss challenges were introduced on the platform in August 2008. Therefore,

I randomly chose 4,208 users who had joined the platform at least four months before the
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Challenge Name Instructions

Losing 5 Kg 1. Try to go without sugar

2. Zero calorie sweetener only

3. Exercise 30 minutes a day

Avoid the major fast food chains 1. Order a salad instead of a sandwich in a fast food restaurant

2. Substitute the major unhealthy chains with a relatively healthy chain

Walk-walk-walk 1. No elevators, use the stairs

2. Park further away and walk

Table 3.1: Examples of the challenge names and instructions.

introduction of challenges, and tracked their online activity for eight months from April 2008

to the end of November 2008. Users can choose to report their weight any number of times

on the platform. In the data, I have access to the average weight that each user reports

during a month, and I could calculate the monthly weight-loss progress for only 1,045 out

of 4,208 users who have reported their weight in at least two consecutive months during

the study period. I define weightit as the average weight that user i reports during month

t (in kilograms), and I define the main dependent variable as weightLossit, which equals

weightit−1−weightit. As summarized in Table 3.2, there are 4,719 observations for weightit

and 3,159 observations for weightLossit, which shows that panel data set is unbalanced, i.e.

the weight-loss progress is missing for some users at some periods. Further, the statistics

show that the median user is around 80.75 kg and has lost 0.7 kg per month. Figure 3.1

shows the distribution of weightLossit is close to normal, and users report weight-loss as

well as weight-gain.

3.2.2 Challenge Level Data

In this data, users participated in 96 different challenges. I can observe the challenge creator,

start date, duration, number of participants, number of instructions and whether the chal-

lenge has a weight-loss target. However, I do not observe the rankings of the participants
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Variable Mean Std. Dev 50th (Min, Max) Sample size

weightit 84.452 21.296 80.75 (41.1, 199.6) 4719

weightLossit 0.801 1.798 0.700 (-7, 16.425) 3159

challengeit 0.062 0.24 1 0 (0, 1) 8360

numReportit 1.637 2.781 1 (0, 31) 8360

journalit 0.578 2.292 0 (0, 32) 8360

generalForumit 0.357 2.704 0 (0, 75) 8360

groupForumit 0.043 0.631 0 (0, 24) 8360

challengeForumit 0.084 1.309 0 (0, 93) 8360

tenurei1 5.041 4.254 4 (0, 19) 1045

goali 68.587 12.595 66.7 (43, 124.7) 1045

Table 3.2: The summary statistics of the user level data for 1,045 users.

Figure 3.1: The average monthly weight-loss distribution.
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Variable Mean Std. Dev 50th (Min, Max) Sample size

durationc 43.05 23.36 42 (7, 84) 96

memberc 30.51 29.88 24 (1, 169) 96

instructionc 2.50 2.51 2 (0, 13) 96

Table 3.3: The summary statistics of the challenge level data for 96 challenges.

on the challenge leaderboard. I denote the duration of a challenge (days) by durationc. As

summarized in Table 3.3, the duration of a median challenge is 42 days.1

Further, I denote the number of participants in a challenge by memberc. As summarized

in Table 3.3, the number of challenge participants varies between one to 169 members, with a

median challenge having 24 members. Based on the median challenge, I split challenges into

two types: challenges with less than or equal to 24 members (lowMemberc), and challenges

with more than 24 members (highMemberc).
2

Regarding the objective of a challenge, I denote the number of instructions of a challenge

by instructionc. As shown in Table 3.3, the median challenge has two instructions. Based

on the median challenge, I split challenges into two types: challenges with less than or

equal to two instructions (lowInstructionc), and challenges with more than two instructions

(highInstructionc).

I also observe whether a weight target (e.g. losing 5 Kg) is specified in a challenge. There

are 15 challenges with a weight target, which I denote them by targetc, and there are 81

challenges without a target, which I denote them by nonTargetc.

1The challenge duration is indirectly captured by challengeit which shows whether user i is participating
in a challenge at month t, either new challenges started in that month, or ongoing challenges started from
previous months but not finished at month t. If a challenge is finished within the first week of month t,
I do not consider it in challengeit, but I consider it in challengeit−1. Similarly, if a challenge is started
within the last week of month t, I do not consider it in challengeit, but I account for it in challengeit+1.
In this data, that there is no challenge with a starting date on the last week of month t and a finishing
date on the first week of the next month.

2Note that users can participate in both type of low- and high-member challenges simultaneously.
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3.3 Empirical Methodology

3.3.1 System GMM (Blundell-Bond) Estimator

To shed light on the effect of participation in challenges on the user’s weight-loss, I employ a

dynamic model in which the dependent variable, user’s weight at any given time (weightit),

is modeled as a linear function of:

weightit = c+ αweightit−1 + βchallengeit +XitΦ + γzi +mt + ηi + eit t = 2, , 8 (3.1)

where,

• challengeit is the main variable of interest, a binary variable indicating whether user i is

participating in any challenge at month t or not.

• Xit is a vector of time-varying variables capturing the user’s engagement on the platform

during month t, including:

• numReportit - the log of number of times that user i has reported her weight during

month t.

• journalit - the log of number of posts that user i has written in his journal during

month t.

• groupForumit - the log of number of posts that user i has written in group forums

during month t.

• generalForumit -the log of number of posts that user i has written in general forums

during month t.

• challengeForumit - the log of number of times that user i has written in challenge

forums during month t.

• tenureit - the number of months since user i first joined the online weight-loss com-

munity at time t.

• tenure2it - the squared term of tenureit.

• zi is is user i’s fixed weight goal.

• mt is a month dummy.
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• ηi is user-specific fixed effect.

• eit is a mean-zero error term.

In estimation of equation (3.1), several econometric problems may arise:

1. the main variable of interest, challengeit, and other explanatory variables are poten-

tially correlated with individual’s unobserved time-invariant characteristics (ηi), such

as age, gender, height.

2. the lagged dependent variable (weightit−1), although not correlated with the current

error term (eit), is a pre-determined variable and correlated with previous shocks.3

3. the main variable of interest, challengeit, and the explanatory variables capturing the

users’ activity on the platform, Xit, are potentially correlated with time-varying shocks

(eit). For example, a random shock at user’s motivation level may result in user’s self-

selecting herself into participating in a challenge.

Problem (1) results in a biased OLS estimate.4 An initial remedy to problem (1) is to use the

fixed-effects model. However, due to problem (2), and because I have a short panel (T=8)

with many users (N=253), the fixed-effects model will be biased [61].5 To resolve this issue,

I can use a “system GMM” estimation employing valid instrumental variables (IVs) within

the model [7]. The system GMM starts by using transformed regressors as valid instruments

in the level equation (3.1) e.g. ∆weightit−1 (or deeper lags) as an IV for weightit−1, and

3I also consider tenureit to be a predetermined variable, i.e. independent of eit but correlated with ei1.
Note that tenureit can be written as tenureit = tenurei1 + (t− 1); thus, tenureit is a function of tenurei1
and a deterministic time increment t. Since, most users join the platform when they have higher levels of
motivation, tenurei1 can be correlated with ei1. Hence, tenureit can be correlated with ei1.

4In an OLS model, the estimate of α is biased upward (downward) if I assume positive (negative) corre-
lation between weightit−1 and ηi. Other OLS coefficient estimates are also biased [80].

5The within estimator is inconsistent because the mean-differencing makes the yit−1 − ȳi correlated with
the error eit − ēi, because yit−1 is correlated with eit−1 and hence with ēi. Because of the negative
correlation of yit−1 with the error term eit − ēi, the estimation of in fixed effect model will be biased
downward.
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∆challengeit−1 (or deeper lags) as an IV for challengeit.
6 In addition to level equation

3.1, the system GMM uses a difference equation by transforming all regressors, usually by

“first-differences” to eliminate fixed effects (ηi) as follows:7

∆weightit = α∆weightit−1 + β∆challengeit + ∆XitΦ + ∆mt + ∆eit t = 2, , 8 (3.2)

In the differenced equation (3.2), I can use the lags of regressor as valid instrument,

i.e. I can use lag 1 and deeper for predetermined variables (e.g. weightit−2 as an IV for

∆weightit−1), and lag 2 or deeper for endogenous variables (e.g. challengeit−2 as an IV for

∆challengeit). Finally, using equation (3.1) and (3.2), I can apply the Generalized Method

of Moments (GMM) to calculate a consistent and efficient estimator. Thus, using valid IVs,

I can mitigate both endogeneity concerns in problem (2) and (3).

Utilizing instruments within the model for the GMM estimator is useful when exogenous

IVs are not available. However, compared with the traditional instrumental variable ap-

proach, we should proceed with caution when making a causal interpretation. The validity

of the system GMM estimates relies on the validity of its IVs. For example, in the level

equation, ∆challengeit−1 is a valid IV for challengeit, if we assume that it is correlated with

challengeit, but not correlated with ηi and eit; or in the difference equation, challengeit−2

is a valid IV for ∆challengeit, if we assume that it is correlated with ∆challengeit, but not

correlated with ∆eit. I use Hansen test to examine the validity of the group of IVs. More-

over, I assume that eits are iid across i and across t (no serial correlation), i.e. eit ∼ iid(0, 2i )

∀i, t. The validity of assuming no serial correlation is tested and verified by using Arellano-

Bond test [3].8 Also, eits can be heteroskedastic across individuals (σ2
i ). I can ensure the

6I consider time dummies and challenge fixed effects as strictly exogenous variables in this setting, and I
use them as their own IVs in the level equations.

7“First-differences” subtracts the previous observation from the contemporaneous one. Note that in
equation (3.2), “forward orthogonal deviations” is used for month dummies. Forward orthogonal deviation
subtracts the average of all future “available” observations of a variable [4]. In this analysis, in order to
minimize data loss, I employ the orthogonal deviations for all variables.

8This test has a null hypothesis of no autocorrelation and is applied to differenced residuals. AR(1) tests
the autocorrelation between ∆eit and ∆eit−1. Usually the test for AR(1) rejects the null because ∆eit and
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robustness of the results to this heteroscedasticity using a two-step system GMM. The full

set of assumptions of system GMM is summarized in Appendix A.2.

In this analysis, it is easier to interpret the dependent variable weightLossit instead of

weightit, which is defined as:

weightLossit−1 = weightit−1 − weightit. (3.3)

Therefore, I can easily transform Equation (3.1) to:

weightLossit = −c+ (1− α)weightit−1 − βchallengeit −XitΦ− γzi −mt − ηi − eit. (3.4)

This transformation does not affect the use of System GMM approach explained above. To

run the system GMM model, I use xtabond2 a Stata command written by [65]. With this

command, I use a two-step option to make analysis robust to heteroscedasticity. Further, I

use the robust option to apply the Windmeijer finite-sample correction to fix the downward

bias of the system GMM standard errors [85].

3.3.2 Inverse Probability Weighting (IPW)

In this sample, there are 792 (near 76%) of the users who never participated in any chal-

lenge during the data collection period (non-adopters). Note that challengeit equals zero

for all non-adopters at all time periods. Thus, when I estimate the effect of participation

in challenges, the non-adopters data gets dropped from the system GMM analysis. Using

only the adopters’ data can result in a biased estimation; because an important kind of

nonrandom selection, called incidental sample truncation, arises when certain individuals do

not appear in a random sample due to individual choices or behaviors [88]. An approach

to consistent estimation in the presence of incidental sample truncation is based on inverse

probability weighting (IPW).9 In the IPW approach, by considering ignorability assump-

∆eit−1 have eit−1 in common. AR(2) tests the autocorrelation between ∆eit and ∆eit−2. AR(2) p-value
test is more important than AR(1) because rejected H0 in AR(2) reveals serial correlation between errors
and indicates that the validity of IVs is violated.

9Unlike Heckman’s approach, the IPW approach does not require identifying exogenous variables to satisfy
the exclusion restrictions.
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tion, we assume that conditioned on the observed variables, no unobserved variable exists

that can affect both challenge adoption and weight-loss outcome, i.e. adoption is exoge-

nous. Although this assumption is not directly testable, I discuss about a way to assess it

indirectly in §3.5.4. In the IPW approach, I use observed variables that are not affected by

the introduction of challenges (pre-treatment variables), including user’s goal, tenure on the

platform, and the average engagement level with other features of the platform during the

four months before the introduction of challenges, including the average frequency of using

the platform to: report weight (avgNumReoprti), write a journal (avgJournali), or post

a comment or respond to a comment on general forums (avgGeneralForumi), and group

forums (avgGroupForumi).

As illustrated in Table 3.4, I compare adopters and non-adopters’ (pre-treatment) ob-

served variables. Significant differences between adopters and non-adopters in their online

activity and tenure on the platform show that active and high tenured users on the platform

are more likely to adopt challenges. In order to employ IPW, I use a probit model to calcu-

late the probability of adoption based on users’ observed variables prior to the introduction

of challenges. The results of this probit model are summarized in Appendix A.3. Next, I use

the inverse of the probability of adoption to weight the observations. Thus, this approach

gives less (more) weights to adopters who are likely (less likely) to adopt the challenges,

by using the inverse probability of adoption as observation weights. IPW ensures that the

sample of adopters used in the model and non-adopters dropped from the model are similar

(see Table 3.4). Next, I incorporate these weights in the system GMM model utilizing the

Stata xtabond2 command. 10

10These weights are incorporated in the system GMM model by using the equation below, where for N
observations, Y is the outcome matrix, and X is the matrix of regressors, and Z is the matrix of instruments,
and W is the matrix holding the weights [65].

β̂ = (X ′WZAZ ′WX)−1X ′ZAZ ′WY
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Mean Mean (weighted sample)

adopter non-adopter p > |t| adopter non-adopter p > |t|

Variables (n=253) (n=792) (n=253) (n=792)

avgNumReoprti 0.883 0.755 0.001 0.786 0.784 0.954

avgJournali 0.431 0.176 0.000 0.246 0.243 0.948

avgGeneralForumi 0.287 0.099 0.000 0.145 0.143 0.937

avgGroupForumi 0.016 0.001 0.000 0.005 0.003 0.539

tenurei1 5.549 4.879 0.029 5.182 5.101 0.782

goali 68.399 68.648 0.785 68.760 69.683 0.934

Table 3.4: The comparison of adopters and non-adopters before the introduction of chal-
lenges.

3.4 Results

The results from this estimation exercise are presented in Table 3.5. I start with an OLS

model, and then modify it step by step to address all concerns discussed in §3.3.1, ending

with the estimator of interest. The weighted observations are used in all these models.

Applying OLS in model M1, and a fixed effect estimation in model M2, I find a positive and

significant effect of challengeit, suggesting that participation in challenges has a positive and

significant effect on weight-loss. However, as explained in §3.3.1, both OLS and fixed effects

models are biased due to Nickell bias and endogeneity concerns. The popular solution is to

apply difference GMM, which starts by transforming the data by first differencing, and then

instrumenting differenced regressors with their lags [3].11

Applying difference GMM in model M3, I find that the coefficient of challengeit remains

positive and significant. Although, difference GMM is shown to be suitable for “small T, large

N” panels, in dynamic panel models where the autoregressive parameter (α) is moderately

large and the number of time series observations is moderately small, the difference GMM

11Lag 2 or deeper for endogenous variables (e.g. challengeit−2 for ∆challengeit, and lag 1 and deeper for
predetermined variables (e.g. weightit−2 for ∆weightit−1). Here, I use only one lag to limit the number
of instruments.
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IVs (past levels of the regressors) convey little information about the transformed regressors

(future changes) and therefore the weak instruments make the difference GMM estimator

perform poorly [7]. The poor performance of the difference GMM in this setting is reflected in

the estimated coefficient of weightit−1 (1−α), which equals 0.434 in model M3. The correct

estimated coefficient of weightit−1 is expected to fall within the range of OLS and fixed effects

model, i.e. (0.017, 0.339) [65]. It is shown that when α is big and T is small, system GMM

estimator performs better than difference GMM [7]. In system GMM, I use level equations in

addition to difference equations, and use transformed regressors as instruments in the level

equation.

Applying system GMM in model M4, I find that the estimated coefficient of weightit−1

falls within the range of OLS and fixed effects model. This provides an evidence showing the

good performance of the system GMM model. Also, the Hansen test p-value (0.268) confirms

that all the instruments as a group are exogenous and valid.12 Also, the autocorrelation

AR(2) p-value (0.243) supports the assumption of no serial correlation.

In model M4, the estimated effect of challengeit is positive and significant. I can interpret

it as users can achieve a weight-loss of 0.945 kg a month, by participating in at least one

challenge. Note that the estimated coefficient of challengeit shows the short-term effect

of participation in challenges on weightLossit. Since, I include weightit−1 in this dynamic

model, I can calculate the long-term effect of participation in challenges as well. Based on

equation (3.1), while the effect of challengeit on weightit is β (i.e. -0.945), its effect on

weightit+1 will be αβ (i.e. -0.808), and on weightit+2 will be α2β (i.e. -0.691), and so on.13

For example, as shown in Figure 3.2, if I consider a user who is around 75.945 kg, if he

participates in a challenge at time t = 5, his weight will be approximately 75 kg in the next

month. However, as shown in Figure 3.2, if he does not participate in another challenge in

future, he will gain his lost weight back over the next few months. The long-term effect of

12Hansen test is used instead of the Sargan test due to robust standard errors.

13Similarly, based on equation 3.4, while the short-term effect of challengeit on weightLossit is −β (i.e.
0.945 kg), the effect of challengeit on weightLossit+1 is −(1−α)β (i.e. 0.137 kg), and on weightLossit+2

is −α(1− α)β (i.e. 0.117 kg), and on weightLossit+3 is α2(1− α)β (i.e. 0.100 kg), and so on.
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(M1) (M2) (M3) (M4)

OLS FE Diff-GMM System-GMM

challengeit 0.52906∗∗∗ 0.33649∗∗ 0.83332∗∗ 0.94558∗∗

(0.14747) (0.15416) (0.32586) (0.36706)

weightit−1 0.01727∗∗∗ 0.33860∗∗∗ 0.43412∗∗ 0.14544∗∗∗

(0.00312) (0.03185) (0.18282) (0.04317)

Month dummies X X X X

Constant -1.10952∗∗∗ -27.90783∗∗∗ - -11.26733∗∗∗

(0.29719) (2.70741) (3.64033)

Observations 984 984 731 984

Individuals 253 253 197 253

IVs - - 14 24

AR(2) pvalue - - 0.303 0.243

Hansen pvalue - - 0.486 0.268

R-Squared 0.06066 0.30591 - -

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Reported coefficient of weightit−1 is 1− α.

Table 3.5: The estimated effect of participation in challenges on weight-loss.

challenges on weight emphasizes the fact that online weight-loss communities should have

strategies to help users maintain their weight-loss goals over time.

Next, in model M5, Table 3.6, I add individual control variables including user’s weight

goal, different activities on the platform, and tenure on the platform. One of the advantages

of the system GMM is that we can include time-invariant regressors in the model, such as

goali, which would disappear in difference GMM. It is important to note that adding control

variables requires more instruments, and too many instruments in system GMM models

can result in overfitting the endogenous variables [66]. One solution to limit number of
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Figure 3.2: The short-term and long-term effect of participation in challenges.

instruments is to collapse instrument sets by creating one instrument for each variable and

lag distance, rather than one for each time period, variable, and lag distance. This approach

in small samples can avoid the bias due to the rising number of instruments. In model M5,

Table 3.6, I reduce the number of instruments from 94 to 25 by collapsing them. As shown

in model M5, I find that the effect of challengeit remains positive and significant. However,

there is a severe multicollinearity between weightit−1 and goali. Therefore, in model M6, I

exclude goali. Removing this time-invariant variable does not change the results, and it is

not expected to do so, because this model controls for the fixed heterogeneities very well.

In this setting, there are 96 different challenges, with different instructions, weight-targets,

and number of participants. Participation in all challenges may not have the same effect.

Participants in some challenges may benefit from well-designed instructions, weight-targets

or within member dynamics. Further, individuals who participate in similar challenges may

have similar motivation, i.e. the errors could be correlated across individuals. Including

challenge dummies removes any challenge-related shocks from the error and can control

correlations across individuals who chose to participate in a specific challenge. However,

introducing 96 different challenge dummies in the system GMM model results in too many

instruments, and makes the findings less reliable [66]. Therefore, as an alternative, I group
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(M5) (M6)

challengeit 1.28487∗∗ 1.18302∗∗

(0.51923) (0.51670)

weightit−1 0.12157∗∗ 0.09878∗∗∗

(0.05205) (0.03592)

goali -0.12982∗∗ -

(0.05644)

numReportit 2.25104∗∗ 2.29390∗∗

(1.12226) (1.01705)

journalit -1.21830∗ -1.13674∗

(0.69649) (0.60648)

generalForumit 0.43603 0.46655

(0.50370) (0.52444)

groupForumit 0.96474 0.82055

(0.75794) (0.82491)

challengeForumit -0.42528 -0.17194

(0.66155) (0.84921)

tenureit 0.05817 0.02865

(0.04406) (0.03957)

tenure2it -0.00160 -0.00088

(0.00581) (0.00515)

Month dummies X X

Constant -2.80255∗∗ -10.03100∗∗∗

(1.08475) (2.71564)

Observations 984 984

Individuals 253 253

IVs 25 24

AR(2) pvalue 0.390 0.381

Hansen pvalue 0.219 0.543

Standard errors in parentheses ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 3.6: The estimated effect of participation in challenges on weight-loss.
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Variables Definition

dHHT I(highMemberc × highInstructionc × targetc)

dHHN I(highMemberc × highInstructionc × nonTargetc)

dHLT I(highMemberc × lowInstructionc × targetc)

dHLN I(highMemberc × lowInstructionc × nonTargetc)

dLHT I(lowMemberc × highInstructionc × targetc)

dLHN I(lowMemberc × highInstructionc × nonTargetc)

dLLT I(lowMemberc × lowInstructionc × targetc)

dLLN I(lowMemberc × lowInstructionc × nonTargetc)

Table 3.7: Definition of challenge-category dummies.

the challenges with similar attributes into similar categories and add the interaction of these

challenge-category dummies with challengeit to this analysis. As explained earlier in §3.2.2,

I divide challenges based on three main characteristics of challenges: number of the challenge

participants (high vs. low), number of instructions (high vs. low), and the existence of a

weight target (one vs. none). Next, I define eight challenge-category dummies based on

these attributes. The denotation of these challenge-categories is shown in Table 3.7.

In model M7, Table 3.8, adding the challenge-categories, I find the effect of challengeit

to remain positive and significant. In order to interpret the magnitude of the estimated

coefficient of challengeit, we need to consider the interaction terms with respect to the

category of the challenge. The interesting pattern among the interaction effects shows that

keeping the number of participants and instructions the same, participation in challenges

without a target has a smaller effect. For example, the interaction effect of participating in

challenges with high number of participants, and high number of instructions, with a target

(challengeit× dHHT ) has an insignificant interaction effect; however, participating in similar

challenges with high number of participants, and high number of instructions, without a

target (challengeit × dHHN) has a negative and significant interaction effect. I can see the

same pattern among the challenges with high number of participants and low instructions.
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Similarly, I see this pattern among the challenges with low number of participants and high

number of instructions. The only exception is the negative and significant interaction effect

of challenges with low number of participants and low number of instructions, regardless

of the presence of a target. This exception may look intuitive because challenges with low

number of participants and low number of instructions may be poorly defined challenges

overall.

In order to interpret the causal effect of the challenge category on participant’s weight-

loss, we need to proceed with caution. The negative and significant interaction effect of

challenges without a target might be due to lower levels of motivation among participants

who chose these kinds of challenges. However, as explained in §3.2, one important point to

note in this setting is that on average only 25 challenges are created in a month in random

days, and on average only four of them have a numeric target. Therefore, not that many

challenges are available for users to join at each day. Thus, if a user is motivated to participate

in a challenge, s/he does not have a big set of challenges to chose from, and self-selecting

into a specific type of challenge versus another does not play a role. Therefore, although

self-selection into a challenge can be strong, self-selection into a certain type of challenge

versus another type is much weaker.

3.5 Robustness Checks

3.5.1 The Challenge Creators

The challenge creators (or admins) might be more motivated than others to obtain a higher

performance in their own challenge. Thus, the effect of challenge participation for challenge

creators is less likely to be causal. There are 14 users who created all the 96 challenges in

this data. In model M8, Table 3.9, as a robustness check, I removed these challenge creators

from this analysis. As shown in model M8, the results remain qualitatively similar to model

M6.
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(M7)

challengeit 5.71988∗

(3.13685)

weightit−1 0.07954∗∗

(0.03632)

challengeit × dHHT -3.25304

(2.03217)

challengeit × dHHN -3.59215∗

(2.06065)

challengeit × dHLT -1.05491

(1.35435)

challengeit × dHLN -3.14035∗

(1.86277)

challengeit × dLHT -4.42172

(3.07459)

challengeit × dLHN -3.68953∗∗

(1.74144)

challengeit × dLLT -1.14363∗∗

(0.52728)

challengeit × dLLN -2.94407∗

(1.74724)

Controls X

Constant -10.19023∗∗∗

(3.12065)

Observations 984

Individuals 253

IVs 32

AR(2) pvalue 0.433

Hansen pvalue 0.787

Standard errors in parentheses ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 3.8: The estimated effect of participation in challenges on weight-loss.
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Variables (M8) (M9) (M10) (M11) (M12)

System-GMM System-GMM Fixed Effects System-GMM OLS

challengeit 1.348∗∗ 1.033∗∗∗ 0.694∗∗

(0.593) (0.394) (0.273)

adopti -0.614 -0.119

(0.982) (0.108)

Challenge FE - - X - -

Controls X X X X X

Observations 922 535 984 1633 1633

Individuals 239 86 253 841 841

IVs 24 24 - 15 -

AR(2) pvalue 0.264 0.658 - - -

Hansen pvalue 0.476 0.833 - - -

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Controls include weightit−1, numReportit, journalit, generalForumit, groupForumit,

challengeForumit, tenureit, tenure
2
it, the month dummies and the constant term.

Table 3.9: Robustness checks for the estimated effect of participation in challenges on weight-
loss.

3.5.2 Self-Reported Weight Outcomes

One potential source of endogeneity rises with the fact that users self-report their weight,

and each user can make two decisions: 1) choose to report/hide her weight, and 2) choose to

misreport a lower weight. Such decisions if not random and correlated with users’ challenge

participation, can bias the estimated effect of challenge participation; the first decision can

create an unbalanced panel due to non-random selection, and the second decision can create

a non-random measurement error. For example, if those who experience a weight-gain during

participating in a challenge choose to not report their weight or decide to misreport a weight-

loss, the estimated effect of challenge participation will be biased.

To address the first concern about the users’ decision to report/hide weight, I consider
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a conceptual robustness test by analyzing the sensitivity of the results to subsamples of

users who report their weight at least once every month, during the four months after the

introduction of challenges, regardless of participation in a challenge or not. If the results were

largely driven by decisions to report/hide weight during challenge participation, then these

results should disappear if we focus on users who report at a regular frequency. However, as

shown in model M9, Table 3.9, the results are robust to such self-report selection.

To address the second concern about the users’ decision to misreport a lower weight, I

consider two cases: a) If an individual has a motivation to misreport his weight, and his

behavior is consistent throughout the time, this error can be captured by his unobserved

fixed effect ηi in equation (3.1). Since, this estimation method controls for ηi, the estimation

of β will be unbiased; b) If an individual’s motivation to misreport varies over time, I can

model this behavior by breaking the error eit to ∆it and e′it:

weightit = c+αweightit−1 +βchallengeit +XitΦ + γzi +mt + ηi + e′it−∆it t = 2, , 8 (3.5)

where, ∆it captures the amount of weight that the individual reports lower than her true

weight. In this case, if an individual misreports regardless of him participating in a chal-

lenge, i.e. if ∆it is independent of challengeit, then this error does not create a bias in

the estimation of β. However, if an individual systematically misreports higher weight-loss

when he is participating in a challenge, i.e. if ∆it is correlated with challengeit, the effect

of participating in a challenge will be biased and over-estimated. However, for two reasons

I believe this correlation is unlikely. First, individuals who participate in a challenge may

misreport their weight to show that they have achieved the challenge target, and/or to stand

in a better ranking position on the challenge leaderboard. With these two incentives, un-

truthful challenge participants may never report a weight-gain. Although, I cannot directly

measure whether the challenge participants are truthfully reporting their weight-amount, I

can examine how often they report a weight-gain. Among 253 challenge adopters, 76 users

(∼ 30%) have reported a weight-gain at least once, during the challenge participation. The

fact that a high number of challenge participants report weight-gain at least once, increases
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Before Introduction of Challenges After Introduction of Challenges

(Four Months) (During Participation)

Frequency Percentage Frequency Percentage

Reporting a Weight-gain 116 27.75% 264 26.49%

Reporting a Weight-loss 289 69.14% 98 71.35%

No Reporting 13 3.11% 8 2.16%

Total 418 100 370 100

Table 3.10: The adopters’ weight-reporting frequency.

the reliability of their self-reporting behavior.

Second, I compare the frequency with which challenge participants report a weight-gain

before and after the introduction of challenges. Here, by frequency I mean the number of

monthly observations where the average weight is higher than the average in previous month;

thus, I infer that the user reported a weight-gain at least once. As shown in Table 3.10,

during the first four months before introduction of challenges, the adopters have reported a

weight-gain 27.75% of the times (116 out of 418 weight observations). After the introduction

of challenges, I observed that challenge adopters, when participating in a challenge, have

reported a weight-gain 26.49% of the times (98 out of 370 weight observations). This shows

that the rate with which users report a weight-gain before and after the introduction of

challenges has remained the same. Thus, I can infer that users are less likely to misreport

during challenge participation. One potential reason might be the absence of any actual

prize for the winners of these challenges.

3.5.3 Fixed Effects Model

As explained earlier, including challenge dummies can control correlations across individu-

als who chose to participate in a specific challenge. Controlling for 96 different challenge

dummies in a system GMM model results in too many instruments and less reliable results.

However, I can include these many dummies in a fixed effects model. As shown in model



40

M10, Table 3.9, the effect of challengeit remains positive and significant after controlling

for the challenge dummies in a fixed effects model. Thus, I can infer that the correlation

across participants in a challenge is not a concern in previous models. However, as explained

earlier, the fixed effects model in this setting cannot control for the endogenous and pre-

determined variables well enough, and the results in model M10 are biased. Thus, using

challenge-categories in model M7 is a better solution.

3.5.4 Ignorability Assumption

I use the IPW approach to address the incidental sample truncation bias. The main as-

sumption of the IPW approach is the ignorability assumption. By considering ignorability,

I assume that conditioned on the observed variables, no unobserved variable exists that can

affect both challenge adoption (adopti) and weight-loss outcome.14 For example, in this set-

ting, one major unobserved factor that may affect both challenge adoption and weight-loss

outcome is the users’ unobserved motivation level.

The ignorability assumption is not directly testable. However, there are ways to assess

it indirectly. One test relies on estimating the causal effect of the treatment (i.e. adoption)

on a variable known to be unaffected by it, typically because its value is determined prior to

the treatment itself. Lagged (pretreatment) outcome variables are best for this test, because

they are closely related to the outcome of interest [45]. If the estimated effect of treatment on

the lagged outcome variable is close to zero, it is more plausible that the unconfoundedness

assumption holds. Therefore, I estimate the effect of adopti on weightLossit for periods

before the introduction of challenges on the platform (t ≤ 4), using the weighted sample. As

shown in model M11, Table 3.9, adopti does not have a significant effect on the weight-loss

outcome before the introduction of challenges. Thus, I can conclude that the ignorability

assumption is plausible. The intuition behind this test is that if ignorability does not hold, if

being an adopter is positively (or negatively) correlated with having high (or low) motivation

14In other words, adoption is exogenous, and I can write: adopti|Xi ⊥ eit.
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to lose weight, we should see a positive (or negative) effect of on the weight-loss outcomes

before the introduction of challenges. However, model M11 does not show such relationship.

Note that in model M11, due to small number of periods, the Hansen test p-value and the

autocorrelation AR(2) p-value is not calculated. As a robustness check, in model M12, I run

the same analysis using OLS, and I found qualitatively similar results.

3.5.5 Difference-in-Difference

I compare the system GMM results with a difference-in-difference model with time-varying

treatment, coupled with propensity score matching. The difference-in-difference approach

and results are explained in detail in Appendix A.1. The results show that although the

effect of challenges on weight-loss remains positive and significant in a difference-in-difference

model, the magnitude of the effect is smaller and close to the magnitude of a biased fixed-

effect model.
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Chapter 4

A GAMIFIED ONLINE DATING PLATFORM

4.1 Setting

4.1.1 Mobile Dating App

The data in this study come from a popular online dating iOS mobile application in the

United States. The app (or platform) is targeted at a younger demographic, and those using

it are often looking for fun and flirtation rather than long-term dating/marriage partners. To

join and use the app, users need a Facebook ID. When the user first logs in to the app (using

his/her Facebook ID), the user’s name, gender, age, education and employment information,

and Facebook profile picture are automatically imported from his/her Facebook account into

the user’s dating profile in the app. Users cannot change this information in their dating

profile directly. However, they can upload up to five more pictures, and add a short bio to

their profile. Further, the app has access to a user’s real-time geographic location (based on

the GPS in the mobile device) when the user is actively using the app.

The app requires users to participate in a structured matching game, which is described

in detail below. A user, in fact, cannot directly access or browse other users’ profiles through

the app; the only way to use the app is to play the ranking game described next.

4.1.2 Description of the Game: Game Assignment

Initiation and completion of a game requires the live participation of four men and four

women. When a user logs in to the app and decides to play a game, s/he is assigned to

a game-room by the platform. Among the available players, only two criteria are used by

the platform to assign players to games – proximity in geographic location and age. The
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exact algorithm is as follows: the geographic location of the first player assigned to a game-

room is set as the initial center point of that game; the next player is then assigned to that

game if he/she is within 500 miles of this center point. The center point is then updated

as the average location of the first two players. The third player assigned to the game has

to be within 500 miles of the new center point and after s/he is assigned to the game, the

geographic center is again updated. This continues until four men and four women have

been added to the game. Similarly, the platform ensures that the age gap between any two

members in a game is no more than six years (older or younger). In this data, I find that

this constraint is trivially satisfied because a vast majority of players belong to a small age

bandwidth. Therefore, conditional on geography and age, the assignment of users to games

is random.

4.1.3 Description of the Game: Game Activity

When a game starts, participants can see a list of four short profiles of the members of the

opposite sex. As shown in the left panel of Figure 4.1, these short profiles display a thumbnail

version of users’ profile picture, name, age, location and their star-rating (see §4.2.3 for a

detailed description on star-ratings). Tapping on a short profile leads to the full profile of

the user. As shown in the right panel of Figure 4.1, full profiles typically contain a larger

version of the profile picture (and possibly additional photos) and other information, such

as bio, education or employment information.

Each user then indicates his/her rank-ordered preference for the four members of the

opposite sex. All users have exactly 90 seconds from the start of the game to finalize their

rank-orderings.1

Two points are worth noting here. First, players do not know the identities and attributes

of the other members of their own sex in the game, i.e., men (women) do not know which

other men (women) are in the same game. Thus, players do not have any visibility into their

1If one or more users leave the game or do not complete their rank-ordering, the game is deemed incomplete
and no matches are assigned. In this data, I see a very high rate (over 97%) of game completions.
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Figure 4.1: Screen shot of the app during a game (from the perspective of a male user).
Players indicate their rank-ordered preference for the players from the opposite sex by drag-
ging their profile pictures into the circles labeled one through four at the bottom of the app.
In this example, the focal player has picked his first and third choices, and is yet to decide
his second and fourth choices.

competition within each game, though they may have a sense of the general distribution of

players of their own sex. Second, players’ actions are simultaneous and private, i.e., each

user only has visibility into his/her own actions and at no point is the rank-ordering of the

other players revealed to them (though they may be able to make some inferences after the

game based on their match assignments). Hence, while choosing their rank-orderings, they

cannot use information on other players’ preferences to make their own choices.

4.1.4 Description of the Game: Match Allocation

The platform uses the rank-ordered preferences of all players in a game to derive a set of

“stable matches”, where the concept of stability is based on the canonical Stable Marriage

Problem (SMP): “Given n men and n women, where each person has ranked all members of

the opposite sex in order of preference, match the men and women such that there are no
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Figure 4.2: Screen shots of the application before and after a game

two people of opposite sex who would both prefer each other over their current partners,”

[35].

There are a few noteworthy points about the SMP. First, for any combination of prefer-

ences, there always exists at least one stable match, i.e., there is at least one solution to a

SMP. Second, the SMP can have more than one solution even for a relatively small number

of players and the optimality of these solutions can depend on the algorithm used. For in-

stance, it is shown that a “Men-proposing Gale-Shapley Deferred Acceptance algorithm” is

men-optimal, i.e., none of the men can do better under a different algorithm [35].2,3

In this study, the platform first calculates all possible solutions for a game by considering

2Similarly, a women-proposing Gale-Shapley Deferred Acceptance algorithm is women-optimal, i.e., none
of the women can do better using a different algorithm.

3I briefly describe the Men-proposing Gale-Shapley Deferred Acceptance algorithm here: In the first
iteration, each man proposes to the woman he prefers most. Then, each woman accepts the offer she
prefers most. In each subsequent iteration, each unmatched man proposes to the most-preferred woman
to whom he has not yet proposed regardless of whether the woman is already matched or not. Then,
each woman chooses among the set of all the men who propose in this iteration as well as the one whom
she is currently matched. This process is repeated until all men are matched. It can be shown that this
algorithm always reaches a stable solution [35].
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all combinations of matches and checking for stability. If a game has only one unique solution,

then the platform allocates matches based on this solution. If there are two or more solutions,

the solution that offers the highest average match is chosen. The average match of a solution

is calculated as follows: take the ranking that each player gave the person s/he is paired

with in a stable match and sum this number over all players. The intuition here is to pick

the solution that, on average, gives each player her highest preference (or lowest numerical

rank). Thus, the platform does not optimize for either men or women, but instead tries to

pick the best globally optimal solution.

The entire matching process takes less than a second and users can see the match assigned

to them as well as all the other matches allocated in the room (see the right panel of Figure

4.2).

4.1.5 Description of the Game: Post-Game Actions

After they have been assigned a match, users have the option to send a message to their

match. Each matched pair can communicate via text and/or picture and video messages,

as shown in Figure 4.2 on the right panel. Users also have the choice to not initiate a

conversation with their assigned partner and instead play another game, go to the home

page or close the app. However, if they choose any of the latter actions without first sending

a message to their matched partner, they lose the option to communicate with them in the

future (unless the matched person sends them a message, in which case they can respond

to it and continue the conversation). Once users initiate or receive a message, the message

stays in their Inbox, and they can continue to communicate with that person in the future,

if they choose to. Finally, note that users cannot start or receive any communication from

other players in the game with whom they have not been matched.

4.2 Data

The data in this study comprises of 94,386 games played by 24,653 unique users during the

ten month period from September 15th 2014 to July 15th 2015. The data can be categorized
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into three groups: 1) User-level data, 2) User-User level data, and 3) User-Game level data.

I now describe the variables in each of these categories and present some summary statistics

on them.

4.2.1 User-level Data

I start by describing the variables that characterize the time-invariant attributes associated

with a user. These remain fixed for the duration of the observation period.4

For each user i in this data, I have information on:

• genderi: A dummy variable indicating user i’s gender; is 1 for men and 0 for women.

• agei: User i’s age.

• bioi: The length of user i’s bio in his/her profile (i.e., number of words).

• educationi: Categorical variable that denotes the user i’s highest education level (either

earned or working towards), where 1 = High-school, 2 = College, and 3 = Graduate

school.

• employmenti: Number of positions/companies mentioned in user i’s profile.

• initial gamei: Total number of games played by user i before the data collection period.

• total gamei: Total number of games played by user i during the data collection period.

• num pici: Number of uploaded pictures in the dating profile.

In addition, I also have access to the profile picture of user i. To obtain a measure of

the physical attractiveness of a user’s profile picture, I conducted a survey. I asked 384

heterosexual subjects in a research lab to rate the profile pictures of the opposite sex (men

rated women and vice-versa), on a scale of 1 to 7, with 1 being “not at all attractive” and

7 being “very attractive”. The subjects were undergraduate students at the University of

Washington, with an equal fraction of male and female, and their ages ranged between 18-25

(with a median age of 21). This demographic distribution closely mimics the age and gender

4In principle, some of these attributes may change over time. However, I do not observe many such
changes during the period, and therefore treat them as time-invariant attributes.
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Variables Mean Std. Dev 25th 50th 75th (Min, Max) Size

agei 21.53 5.41 19 21 22 (13, 109) 22024

bioi 67.04 275.58 0 0 63 (0, 29519) 22948

employmenti 2.05 1.59 1 2 3 (1, 68) 15579

initial gamei 59.50 64.32 0 48 90 (0, 2146) 24653

total gamei 31.27 37.90 6 18 45 (1,1069) 24653

num pici 4.26 1.01 4 4 4 (0, 6) 22669

pic scorei 0.00 0.68 -0.52 -0.09 0.43 (-2.88, 3.29) 17739

genderi (0) female: 42.45% (1) male: 57.55% 24653

educationi (1) high-school: 19.24% (2) college: 78.12% (3) graduate: 2.64% 21604

Table 4.1: Summary statistics of user-level data.

distribution of the app users.

During the lab study, each subject rated 100 pictures in approximately 20 minutes. In

order to minimize biases due to boredom or fatigue, subjects were shown the profile pictures

in a random order. On average, each profile picture was rated by five subjects to ensure

that the ratings captured average appeal rather than idiosyncratic preferences of a specific

subject. It is possible that some subjects give consistently higher or lower ratings than other

subjects. I therefore standardized each rating by subtracting the mean rating given by the

subject and dividing by the standard deviation of the subjects ratings [6]. I then take the

average of all the standardized ratings that user i’s picture received in the study and denote

it as:

• pic scorei: The average physical attractiveness score of user i’s profile picture.

Finally, because of constraints in subject-pool time, I could only obtain the picture-scores

for a random sub-sample of users instead of the full pool of users; thus I have picture-score

information for 17,753 of the 24,653 unique users.5

5The lack of pic scores for 6,900 users does not affect the main analysis since I use a fixed-effects specifi-
cation, which conditions out all user-specific variables.
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The summary statistics of all the user-level variables are shown in Table 4.1. Of the

24,653 users, 14,189 (57.55%) are male and 10,464 (42.45%) are female. The median user is

21 years old, has no bio written on her/his profile, has/is working towards a college degree,

and two employment-related information listed on her/his profile. In terms of activity, the

median user had played 48 games before the data collection period and plays 18 games during

the observation period. However, there is quite a bit of variation across users in the extent

of activity, with some users playing over 1000 games during the observation period.

4.2.2 User-User level data

Each game consists of eight unique users – four men and four women. For each man-woman

pair in a game, I have data on the preference-ranking that they gave each other, their match

outcome, and their post-game interactions. I describe these variables in detail below.

• prefijt : An integer variable that denotes the preference-ranking that user i receives from

user j in game t; it can take values from one to four, with four indicating the highest

preference and one the lowest.

Users rank members of the opposite sex in a game from one through four (as shown in

Figure 4.1), with a rank of one indicating their highest preference and four indicating the

lowest preference. I convert these rank orderings to preference-rankings, such that rank of

one denotes a preference-ranking of four, rank of two indicates a preference-ranking of three,

and so on. The transformed variable pref is easier to interpret and more intuitive because

higher values of this variable correspond to more preference (unlike rank, where lower rank

indicates higher preference, which complicates exposition).

• matchijt : A dummy variable indicating whether user i is matched with player j in game t.

In each game, all players are uniquely matched with one other player from the opposite

sex. So for woman (man) i in a game, this variable is set to one for only man (woman).

• firstijt : A dummy variable indicating whether user i receives the first message from the

player he/she is matched with (denoted by j here) after game t. Note that users are not
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given the option to communicate with players they have not been matched with, i.e., they

can only communicate with the person they have been matched with by the platform.

So, by default, this variable is zero if matchijt = 0.

• replyijt : A dummy variable indicating whether user i receives a reply message from the

player j after game t, conditioned on user i initiating the first message. By default, this

variable is zero if matchijt = 0 or firstjit = 0.

The summary statistics of these variables are shown in Table 4.2. The sample sizes of

pref and match reflects the fact that there are 32 observations per game.6 The distributions

of pref and match are determined by the game structure, and their summary statistics are

as expected. The sample size of firstijt reflects the fact that there are eight users matched

with each other, and each of them can potentially initiate the first message. It is worth

noting that the mean of firstijt is around 0.05 (of the 713,014 matches, only 39,377 messages

were initiated). The observed number of first messages (39,377) defines the sample size of

replyijt . The mean of replyijt is around 0.08 (among 39,377 initiated message only 3380 of

them receive a reply). Interestingly, 76% of the conversations are initiated by men, which

indicates that women are less likely to approach men after being matched. Further, men

receive a reply to their messages 5% of the times, and women receive a reply 20% of the

times. These statistics are consistent with previous research on online dating, which find

that men are more likely to initiate contact and respond to emails/messages, compared to

women [48, 30, 39].

6Eight users participate in each game and each user receives four preference-rankings from players of the
opposite sex. So I have a total of 8× 4 = 32 preference-rankings per game. Also, since each user can get
matched with only one user among the four potential mates, matchijt becomes one once, and becomes zero
three times. Thus, for each game I have 8 × 1 + 8 × 3 = 32 data points for matchijt . Therefore, the size
of prefijt and matchijt should be the number of games (94,386) × 32 = 3,020,652. However, some of these
data points are related to users whose gender changes in the data set over the data collection period time
(42 users), and I exclude them from our analysis.
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Variables Mean Std. Dev 25th 50th 75th (Min, Max) Size

prefijt 2.5 1.12 2 3 4 (1, 4) 3008560

matchijt 0.25 0.43 0 0 0.5 (0, 1) 3008560

firstijt 0.05 0.23 0 0 0 (0, 1) 713014

replyijt 0.08 0.28 0 0 0 (0, 1) 39377

Table 4.2: Summary statistics of user-user level data.

4.2.3 User-Game level data

I now describe user-game level variables, i.e., user-specific data that varies with each game.

• match levelit : An integer variable that denotes how much user i prefers his match in

game t.

match levelit = prefjit if matchijt = 1 (4.1)

• total gameit : Total number of games that user i has played before game t. This is updated

by one after each game played by user i.

• starit: Indicates the star-rating that the user is shown with in game t; see Figure 4.1 for

an example. It is updated in real time after each game and is calculated as follows:

starit =


1, if 1 ≤ popularityit < 2

2, if 2 ≤ popularityit < 3

3, if 3 ≤ popularityit ≤ 4,

(4.2)

where popularity is defined as the average of the preference-rankings that user i has

received before the tth game, as shown below:

popularityit =

∑total gameit
q=1

∑4
j=1 prefijq

4× total gameit
. (4.3)
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   1            2          3           4 

                popularityit 

Figure 4.3: Pictorial representation of the star-rating rule (as a function of average preference-
ranking in past games).

While users know their own star-rating before each game, and members of the opposite

sex in the game room can observe a user’s star rating, the platform does not reveal a

user’s popularity scores to her/him or to anyone else in the platform.

Figure 4.3 illustrates the relationship defined in Equation (4.2). Intuitively, an individ-

ual’s star-rating captures how popular or sought after s/he was in her/his past games.

Three star users, on average, are those who were among the top two choices of other

players. Two star players are those who, on average, were the second or third choice of

players in the past . Finally, one star players, on average, are those who were the third or

fourth choice of others in the past. Thus, there is a clear monotonic relationship between

past popularity and current star-rating.

The summary statistics of all the user-game level variables are shown in Table 4.3. There

are a few interesting points of note. First, the average match level is 3.19, which implies

most users get matched with their first or second top choices, on average. I also find that

the median of total gameit is 59, which suggests that most users have played a good number

of games before a median game in the observation period. Finally, I also see that users are

shown with a two-star rating on average.

Finally, I examine the extent of variation in star-ratings within an individual. Of the
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Variables Mean Std. Dev 25th 50th 75th (Min, Max) Size

match levelit 3.19 0.95 3 3 4 (1, 4) 752140

total gameit 74.75 74.25 29 59 97 (0, 2194) 752140

starit 2.00 0.10 2 2 2 (1,3) 745037

Table 4.3: Summary statistics of user-game level variables.

24,653 users in this data, 85.83% (21,159 users) are shown with two stars in all their games,

i.e., they never experience a star change. However, 3,494 users experience a star change. Of

these, 1,287 users were shown with a minimum of one star and a maximum of two stars, and

2,185 users were shown with a minimum of two stars and a maximum of three stars. Very

few users (22) experienced a minimum of one star and a maximum of three stars. In sum,

while a majority of users never experience a star change, there is a sufficiently large portion

that goes through at least one star change.

4.3 Descriptive Analysis

I now examine the relationship between a user’s star-rating and three measures of her/his

demand – preference-rankings received during the game, and whether s/he receives a first

messages, or reply message after the game – using simple model-free analyses. In this sec-

tion, I focus on users who experienced at least one change in their star-rating during the

observation period.

The relationship between a user’s star-rating in a given game and the average preference-

ranking that s/he receives in that game is illustrated in Figure 4.4. The solid increasing

line shows the relationship between the average preference-rankings received for all user-

game observations calculated for each star-rating.7 I see that in observations where users

have higher star-ratings, they also receive higher preference-rankings. However, there is an

7For example, the average preference-ranking for the data point at star1 on the solid line is∑
i

∑
t

∑
j(pref ijtstarit=1)

4×
∑

i

∑
t I(starit=1) .



54

  

1

2

3

star1 star2 star3

p
re

f

-0.2

-0.1

0

0.1

0.2

star1 star2 star3

p
ic

_
sc

o
re

Figure 4.4: The relationship between star-ratings and average preference-rankings received.
The solid line is for all user-game data points and the dashed lines are for within-individual
data points.

obvious issue of correlated unobservables here, i.e., users with higher star-ratings are likely

to be more attractive on other unobserved dimensions (e.g., physical attractiveness) as well.

To examine if this conjecture is true, I plot the average of users’ pic score for each star-

rating. As shown in Figure 4.5, users with higher star-ratings also have higher physical

attractiveness score, on average. Thus, the effects shown by the solid line in Figure 4.4

cannot be interpreted as causal.
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Figure 4.5: The relationship between star-ratings and average physical attractiveness score.
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One possible way to cleanly capture the effect of star-ratings is to look at the effect of

star-ratings within an individual, i.e., if preference-rankings received for the same individual

are compared when s/he is shown with different star-ratings, then these comparisons are less

likely to be subject to endogeneity concerns. I will expand on this theme in the next two

sections, but for now, I present some graphical model-free evidence using this intuition.

First, I consider individuals who were shown with a minimum of one star and a maximum

of two stars. For each of these individuals, I calculate two averages: (1) the average of

preference-rankings received in games where s/he is shown with one star, and (2) the average

of preference-rankings received in games where s/he is shown with two stars. I then perform

an analogous exercise for users who were shown with a minimum of two stars and a maximum

of three stars. The results of these comparisons are presented using dashed lines in Figure

4.4. As it is shown, on average, the same set of users receive higher preference-rankings when

they are shown with one star compared to two stars. Moreover, on average, the same set

of users receive higher preference-rankings when they are shown with two stars compared to

three stars. In sum, the dashed lines in Figure 4.4 suggest that higher star-ratings leads to

lower preference-rankings, i.e., users avoid those with higher stars! Note that the direction

of the effect of star-rating on preference-rankings in solid line and dashed lines in Figure 4.4

are exactly opposite. This discrepancy implies that controlling for the endogeneity between

star-ratings and unobserved factors that affect user attractiveness is essential to deriving the

causal impact of star-ratings in this setting.

Similarly, Figures 4.6 and 4.7 show the relationship between a users star-rating and the

likelihood of her receiving the first message and receiving a reply if she initiates a message,

respectively. The solid lines show the relationship between the likelihood of receiving a

message (first or reply) for all user-game observations calculated for each star-rating.8 I see

that observations where users have higher star-ratings are more likely to receive the first

8For example, in Figure 4.6, the data point on the solid line for star1 is given by∑
i

∑
t(firstijtstarit=1,matchijt=1)∑

i

∑
t I(starit=1) , and in Figure 4.7, the data point on the solid line for star1 is given

by
∑

i

∑
t(replyijtstarit=1,matchijt=1,firstjit=1)∑

i

∑
t I(starit=1) .
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Figure 4.6: The relationship between star-ratings and the average likelihood of receiving
the first message. Solid lines are for all user-game observations and dashed lines are for
within-individual observations.

messages and replies.

Next, I perform a within individual analysis on users’ messaging behavior. As shown by

the dashed lines in Figure 4.6, on average, the same set of users are more likely to receive

first messages when they are shown with one star compared to two stars. However, this effect

does not carryover when two and three stars are compared. In the case of reply , the same

set of users are more likely to get a reply when shown with higher star-ratings (see dashed

lines in Figure 4.7).

In sum, the simple correlation between star-ratings and revealed preferences shows a

positive effect. However, the within-individual comparisons shows quite different results.

Interestingly, the effect of star-ratings seems to be negative for preference-rankings during

the game, partially-negative for initiating communication after the game (first message), and

positive when it comes to replying to messages after the game. In the rest of the paper, I

focus on deriving the unbiased causal effects of star-ratings on these three revealed preference

measures using econometric methods, and exploring the mechanisms driving these effects.
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Figure 4.7: The relationship between star-ratings and the average likelihood of receiving
a reply message. Solid lines are for all user-game observations and dashed lines are for
within-individual observations.

4.4 Effect of Star-ratings on Preference-Rankings

In this section, I formalize the causal impact of a user’s star-rating during a game on the

preference-rankings that s/he receives during the game. Since preference-rankings are ordi-

nal, I use an ordered logit model to estimate this effect. In §4.4.1 and §4.4.2, I present the

model specification and estimation. I discuss the findings in §4.4.6. I present some tests and

robustness checks to validate the model and results in §4.4.7.

4.4.1 Model Specification

The outcome variable of interest here is prefijt , which denotes the preference-ranking that

user i receives from j during game t. Note that pref is an ordinal integer value going from

4 to 1, with four indicating the highest preference-ranking and one representing the lowest

preference-ranking. Therefore, I use an ordered logit model relates the observed outcome

variable prefijt to a latent variable pref ∗ijt where:

pref ∗ijt = β1star1it + β2star3it + γzi + ηi + εijt, (4.4)

The latent variable pref ∗ijt is thus modeled as a linear function of:
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• star1it, star3it – indicator variables for the star-rating of user i in game t, where star2

is considered the base.

• zi – set of user-specific observables that can affect j’s ranking of i, e.g., age of i.

• ηi – set of unobservable (to the researcher) characteristics of user i that is visible to j and

affects j’s ranking of i. These could include the aspects of user i’s physical attractiveness

not captured in the lab study (e.g., other photos of the user), details in her/his bio

description, employment details, her geographic location, etc.

• εijt – These are factors uncorrelated to the star-rating of user i that can affect the

preference-ranking s/he receives from j in game t. Three key sets of variables are sub-

sumed here.

• First, it includes j’s attributes (both observable zj and unobservable ηj) since there

is no correlation between j and i’s attributes.

• Second, it also includes all the attributes of the other three players of i’s gender who

i is being compared with, in game t.

The reason neither of the above two sets of variables affect the inference on star-ratings

is because the app adds users into a game randomly. Thus, there is no correlation

between the attributes of users within a game.9

• Third, εijt may include idiosyncratic factors that affect j’s ranking of i within the

game, e.g., j’s mood for going on a date with someone of i’s type etc.

I assume that εijts have a logistic cumulative distribution. Although, the second point

above can create correlation between εijts in one game, in §4.4.7, I show that the results

are robust to such correlations.

The endogeneity concerns in this model mainly stem from the potential correlation between

9In principle, because the app only considers adding new users who are within a 500 mile radius of users
already in a game, the geographic locations of users in a game are correlated. However, conditional on
being in the same room, there is no correlation between the location of two users, and the distance between
the users is random. In other words, if I denote the geographic location of users by g, then I can write
the location of j as: gj , where gj = gi + δ, where gi, gj , δ are two dimensional vectors (latitude, longitude)
such that ||gj − gi||≤ 500. Since I already control for user i’s location (gi) through ηi, the remaining δ is
random noise.
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ηi and starit, i.e., it is expected that E[starit · ηi] 6= 0. I will come back to this issue when

discussing estimation approaches.

I then model the relationship between prefijt and pref ∗ijt as follows:

pref ijt = k if µk < pref ∗ijt 6 µk+1 ∀ k = 1, 2, 3, 4, (4.5)

where the thresholds µk are strictly increasing. Further, I assume that µ1 = −∞ and µ5 =∞.

This specification is simply the ordinal choice analog of a binary logit model. Thus, prefijt

can take four possible values, denoted by k. Because the error terms are drawn from a logistic

distribution, I can write the cumulative probability function of εijt as

F (εijtXit, β1, β2, γ, ηi, µk, µk+1) =
1

1 + exp(−εijt)
≡ Λ(εijt), (4.6)

where Xit = {star1it, star3it, zi}. Therefore, the probability of observing outcome k in game

t for a pair of users (where user i receives a rank k from user j) can be written as:

Pr
(
pref ijt = kXit, β1, β2, γ, ηi, µk, µk+1

)
= Λ (µk+1 − β1star1it − β2star3it − γzi − ηi)

− Λ (µk − β1star1it − β2star3it − γzi − ηi)(4.7)

Using this model formulation, I can then write the log-likelihood of the preference-rankings

observed in the data as:

LL(β1, β2, γ, ηi, µk, µk+1) =
N∑
i=1

Ti∑
t=1

4∑
j=1

4∑
k=1

ln
[
Pr
(
pref ijt = kXit, β1, β2, γ, ηi, µk, µk+1

)I(pref ijt=k)] ,
(4.8)

where N is the total number of users observed and Ti is the total number of games played

by user i. Notice that the unknown parameters in Equation (4.8) are β1, β2, γ, ηis, µ2, µ3, µ4.

I discuss their estimation in the next section.

4.4.2 Estimation

I am interested in estimating the effect of star-ratings (coefficients β1 and β2). There are

two possible estimation strategies for this: (1) A pooled estimation strategy, where the user-

specific unobservables ηi are ignored, and (2) a fixed-effects approach, where the user-specific
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unobservables ηi are allowed to be arbitrarily correlated with the star-ratings. I discuss both

these approaches below.

The first approach is straightforward. It simply involves pooling all the user-game data,

ignoring the user-specific unobservable ηi, and then maximizing the log-likelihood in Equation

(4.8). However, it is important to recognize that the estimates from this approach will be

biased in the presence of correlated unobservables. Therefore, in the rest of this section, I

focus on estimating β1 and β2 after controlling for ηi.

A naive approach to estimation with fixed-effects is to treat the ηi’s as parameters and

maximize the log-likelihood in Equation (4.8) directly. However, such a Maximum Likelihood

Estimator (MLE) is inconsistent with large N and finite T due to the well-known incidental

parameters problem [60]. As a result, the estimates of β1 and β2 from this approach will

be inconsistent too. Chamberlain provides an elegant solution to the incidental parameters

problem for the case of binary variable by dichotomizing the ordered outcome variable [15]. In

§4.4.3, I describe how to apply the Chamberlain estimator to this setting, in §4.4.4 I clarify

the conditions necessary for identification, and in §4.4.5 I describe how the Chamberlain

estimators can be combined to form an efficient Minimum Distance estimator.

4.4.3 Estimation: Chamberlain’s Conditional Maximum Likelihood Estimator

The ordered outcome variable prefijt can take K = 4 possible integer values, {1,2,3,4}.

Therefore, I can transform the random variable prefijt into K−1 = 3 possible binary variables

pref k
ijt where:

pref k
ijt = I(pref ijt ≥ k), where k = 2, 3, 4. (4.9)

For example, the binary variable pref 4
ijt indicates whether user i received a preference-ranking

of 4 from user j in game t, or not. Similarly, the binary variable pref 3
ijt indicates whether

user i receives a preference-ranking of 3 or higher (i.e., 3 or 4) from user j in game t, or not.

I can specify Chamberlain’s Conditional Maximum Likelihood (CML) estimator on each of
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these transformed binary variables. For each k, pref k
ijt is a binary logit variable such that:

Pr(pref k
ijt = 1Xit, β1, β2, γ, ηi, µk) = 1− Λ(µk − β1star1it − β2star3it − γzi − ηi) (4.10)

Next, I denote pref k
i as the entire history of preference-rankings at level k received by user

i over time, i.e. pref k
i = {pref k

i11 , pref k
i21 , pref k

i31 , pref k
i41 , ..., pref k

i1Ti
, pref k

i2Ti
, pref k

i3Ti
, pref k

i4Ti
}.

Further, I denote ski as the sum of all the binary transformed preference-rankings at level k

received by user i over time:

ski =

Ti∑
t=1

4∑
j=1

pref k
ijt

In other words, ski shows the count of ones in the set of pref k
i . Further, I denoted Bk

i as

the set of all possible vectors of length 4 × Ti with ski elements equal to 1, and 4 × Ti − ski
elements equal to 0. That is:

Bk
i = {d ∈ {0, 1}4×Ti

Ti∑
t=1

4∑
j=1

djt = ski } (4.11)

Note that the size of Bk
i =

(
4×Ti
ski

)
.10

Now, I can write the conditional probability of pref k
i given ski as:

Pr
(
pref k

i star1it, star3it, s
k
i , β1, β2

)
=

exp
(
pref k

i · (β1star1it + β2star3it)
)∑

d∈Bk
i
exp (d · (β1star1it + β2star3it))

(4.12)

A key observation is that this conditional probability does not depend on ηi’s or the thresholds

µk’s, i.e., ski is a sufficient statistic for ηi. Thus, I can now specify a Conditional Log-

Likelihood that is independent of ηis and µks as shown below:

CLL(βk1 , β
k
2 ) =

N∑
i=1

Ti∑
t=1

ln
[
Pr(prefki star1it, star3it, s

k
i , β

k
1 , β

k
2 )
]

(4.13)

10For example, consider user i who plays only two games (Ti = 2). For k = 4, I have pref 4
ijt ∈

{0, 1} that denotes whether user i has received a preference-ranking of 4 from user j or not. Now,
let’s consider a scenario where user i receives a preference-ranking of four only in her first game
and from j1, i.e., pref 4

i = {1, 0, 0, 0, 0, 0, 0, 0}. Thus, s4i = 1. Next, I can write B4
i or the set

of all possible ways that user i can get only one preference-ranking of 4 in her games by B4
i =

{(1, 0, 0, 0, 0, 0, 0, 0), (0, 1, 0, 0, 0, 0, 0, 0), ..., (0, 0, 0, 0, 0, 0, 1, 0), (0, 0, 0, 0, 0, 0, 0, 1)}. Note that each element
of B4

i is itself a vector with eight elements, because user i has played two games and in each game s/he
receives four preference-rankings (4× 2 = 8). I denote each element of set B4

i with vector d. Also, notice
that the size of B4

i is eight, because
(
4×2
1

)
= 8.
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Since I can dichotomize prefijt into three binary variables at each of the three cutoffs (pref 4
ijt,

pref 3
ijt, and pref 2

ijt), the above CLL can be specified for each pref kijt, where k ∈ {2, 3, 4}.

Maximizing each of these CLLs gives us three separate but consistent estimates of β1, β2,

which I denote as {βk1 , βk2}, where k ∈ {2, 3, 4}. These are referred to as Chamberlain CML

estimators.

4.4.4 Estimation: Identification

Two necessary conditions need to be satisfied for the identification of {βk1 , βk2}. First, within-

user variation is needed in star1it and star3it. Intuitively, this estimator takes advantage of

the variation in star-ratings “within” a user for identifying the effect of star-ratings. This can

circumvent the problem of user-specific correlated unobservables since they remain constant

for the user across time. If the same user i receives lower preference-rankings when s/he is

shown with three stars as opposed to two stars, that difference can be directly attributed

to the change in star-rating since it is the only variable that has changed across time (as-

suming that the inherent attractiveness of the user remains constant over the duration of

observation).

Second, within-user variation is needed in the outcome variable pref k
ijt because users with

constant pref k
ijt do not contribute to the CLL for cut-off k (and hence identification).11 I

now illustrate this condition using an example. For k = 4, consider a user i who has either

received a preference-ranking of 4 in all her games, or never ever received a preference-

ranking of 4 in any of her games. This user does not contribute to the CLL because her

outcome (pref 4
ijt) is constant over time even if her/his star-rating varies over time. Thus,

only users for whom I have across-time variation in both the outcome variable (pref k
ijt) and

the independent variables (star1it, star3it) contribute to the identification of {βk1 , βk2}.

Intuitively, at any cut-off k, only the variation around k is used for identification because

of dichotomization; for example, the CLL for k = 4 only considers whether prefijt is greater

11Constant pref k
ijt means that all elements of Bk

i are either zero or one.
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than or equal to 4 and ignores the variation in prefijt when it is less than 4. Thus, while

Chamberlain’s CML estimator at each k is consistent, it is not efficient because it does not

exploit all the variation in data.12

4.4.5 Estimation: Minimum Distance Estimator

To address the efficiency issue in Chamberlain’s CML, a Minimum Distance (MD) estimator

is developed that combines all the Chamberlain estimates [21]. I now describe the application

of this method for this study below.

Recall that there are K−1 = 3 estimates for each of {β1, β2}: {β1
1 , β

1
2}, {β2

1 , β
2
2}, {β3

1 , β
3
2}.

Since each of these three estimates are consistent, any weighted average of these estimates

will be consistent too. The main idea in the MD estimator is to use the variance and co-

variances of K−1 estimators as weights and generate one efficient estimate. It thus involves

solving the minimization problem:

β̂MD = argmin
b

(β̃ −Mb)′var(β̃)−1(β̃ −Mb), (4.14)

where β̃ is the 6 × 1 matrix of Chamberlain estimators, M is the matrix of 3 stacked 2-

dimensional identity matrices, and var(β̃) is the variance-covariance matrix of the stacked

12For individuals who have played a large number of games (large Ti) and have a large number of positive
values of pref k

ijt (large ski ), calculating all combinations of outcomes can lead to numerical overflow and
computational issues. For example, if user i plays 100 games (Ti = 100) and receives one preference-
ranking of four in each game, then s4i = 100 and

(
4×100
100

)
= 2.24e + 96. Therefore, I limit the empirical

analysis to users’ first 100 games. Of the 3,494 users who experience a star change, only 352 (10%) users
play more than 100 games. The consistency of the estimates is not affected if I choose a subset of games
for players who have played a large number of games.
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Chamberlain estimates. In other words, b1 and b2 should be such that:

argmin
b1,b2



β̃2
1 − b1
β̃2
2 − b2
β̃3
1 − b1
β̃3
2 − b2
β̃4
1 − b1
β̃4
2 − b2



′

var(β̃2
1)

cov(β̃2
2 , β̃

2
1) var(β̃2

2)

. . var(β̃3
1)

. . . var(β̃3
2)

. . . . var(β̃4
1)

cov(β̃4
2 , β̃

2
1) . . . cov(β̃4

2 , β̃
4
1) var(β̃4

2)



−1

β̃2
1 − b1
β̃2
2 − b2
β̃3
1 − b1
β̃3
2 − b2
β̃4
1 − b1
β̃4
2 − b2


The solution to the above minimization problem (b1 and b2) is a weighted average of the

Chamberlain estimators and is equal to:

β̂MD = {M ′var(β̃)−1M}−1M ′var(β̃)−1β̃ (4.15)

and its variance is given by var(β̂MD) = {M ′var(β̃)−1M}−1. I implement this MD estimator

using Stata [40].

4.4.6 Results

The results from the estimation exercise are presented in Table 4.4. I start by considering

two pooled ordered logit models: (1) model M1 – a simple model that only includes star-

ratings as the independent variable, and (2) model M2 – a slightly more elaborate model

that includes all the user-specific observables (zi) as controls.

In the basic pooled ordered logit model (model M1), I see a positive and significant effect

for higher star-ratings. That is, one-star users receive lower preference-rankings compared to

two-star users, and two-star users receive lower preference-rankings compared to three-star

users. Thus, it seems like higher star-ratings lead to higher preference-rankings. This result

is consistent with Figure 4.4 (solid line). Since a user’s current star-rating is likely to be pos-

itively correlated with her/his appeal in the dating market (through physical attractiveness,

age, education, etc.), in model M2 I control for all the user-specific observables. However,

the direction of the results remain unchanged. Nevertheless, without explicitly controlling
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for the endogeneity concerns discussed earlier (E[starit.ηi] 6= 0), the estimates are likely to

be biased.

Therefore, now I focus on the results from the fixed-effects MD estimator (model M3).

Interestingly, here I find that the effect of star-rating is negative – a user gets worse preference-

ranking when s/he is shown with three stars as opposed to two stars. I do not find any

significant effect of one star compared to two stars. In §4.4.7, I present a battery of robustness

checks to confirm the validity of these empirical findings.

(M1) (M2) (M3)

(Ordered Logit) (Ordered Logit) (FE Ordered Logit)

star1it -0.14452∗∗∗ -0.11431∗∗∗ 0.02852

(0.02315) (0.03021) (0.01804)

star3it 0.06063∗∗∗ 0.05578∗∗ -0.05101∗∗∗

(0.01560) (0.02328) (0.01464)

Controls X

µ2 -1.09924∗∗∗ -1.11220∗∗∗

(0.00203) (0.01533)

µ3 -0.00053 -0.00841

(0.00188) (0.01527)

µ4 1.09828∗∗∗ 1.09372∗∗∗

(0.00205) (0.01529)

Individuals 24393 11639 3494

Observations 2980148 1580848 630160

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Controls in Model M2 include: agei, collegei, graduatei, pic scorei,

num pici, employmenti, and bioi.

Table 4.4: Ordered logit estimates of the effect of star-rating on preference-rankings received.



66

The main takeaway from these findings is that popularity information has a negative effect

on users’ demand during the game. There results document negative returns to popularity

in online platforms. As discussed in §2.2, past empirical research has mainly documented

positive gains to popularity information or herding effects. In this setting, there could be

multiple reasons for the deviation from the standard positive results. It could be because

users may dislike the popular users. Or, they may like popular users but avoid them due

to rejection concerns: raters (rank-givers) may be concerned that popular users are harder

to achieve matches with, and therefore shade their preferences for them in order to avoid

rejection costs. In §4.6, I formalize the discussion of the mechanism behind the negative effect

of popularity information, tease out these two explanations, and rule out other alternative

mechanisms.

In sum, these findings suggest that researchers and managers need to understand the

behavioral underpinnings of the mechanism through which popularity information operates

within a given market instead of assuming positive effects based on prior work.

4.4.7 Robustness Checks

First, I examine whether the substantive results from §4.4.6 hold if I directly model the

outcome as a linear function of star-ratings and other relevant variables. Therefore, I consider

three linear specifications – (1) a simple model that only includes star-rating variables as the

independent variable, (2) a slightly more elaborate model that includes all the user-specific

observables (zi), and (3) a linear fixed-effects model. These are the linear analogs of models

M1, M2, and M3 in Table 4.4. The estimates from these models are substantively similar to

those from the ordered logit models. Please see Appendix §B.1.1 for model details and the

full table of results.

Next, I examine if the results are driven by the estimation sample used. Recall that

the Minimum Distance estimator for the fixed-effects ordered logit model utilizes only a

subset of the data for inference – data on users who went through at least one star change

during the observation period. In principle, this sub-population can be different from the full
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population, and the fixed-effects estimates could simply reflect that difference. In that case,

the findings would only apply to local sub-population that saw at least one star change.

I consider two validation checks to confirm that the results are not driven by the sample.

First, the results from a pooled ordered logit model on the estimation sample used in the

Minimum Distance estimates are similar to those obtained from the full sample. Second,

I find no systematic user-level differences between users who go through at least one star

change in the data compared to those who do not go through any star change. Please see

Appendix §B.1.2 for details.

Second, recall that the effect of star-ratings on preference-ranking and replies were quite

different. One explanation of this difference was based on the differences in perceived proba-

bilities of rejection. However, this might be due to the differences in the estimation samples

used in models M3 and M6. In model M3, it includes all users who experienced a star-change,

and in model M6, it includes users who experienced a star-change and those who initiated a

message. As a robustness check, I therefore re-estimate model M3 with the sample used in

model M6. I find that the results from this exercise are the same as those presented in M3

(see Table B.4 in Appendix §B.1.2).

Recall that εijts can include all the attributes of the other three players of i’s gender

who i is being compared with in game t. Technically, this can create a correlation between

the error εijts in one game, if the observation of all competitors in one game are included

in the model. As discussed in §4.4.1, this correlation does not affect the consistency of the

results, i.e., the estimates are unbiased. However, it can affect the efficiency of the results.

To examine if this is an issue, I conduct another robustness check.

Note that a majority of users in the sample never experienced a star change, and recall

that the observations of those competitors who never experienced a star change are dropped

from the analysis. Therefore, to confirm that the results are not affected by the within game

correlation between the errors, I re-estimate the fixed-effects ordered logit model with the

games in which only one of the four competitors experienced a star change in the observation

period. I find that the results remain similar to those presented in model M3. (See Table
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B.5 in Appendix §B.1.3.)

It is possible that users self-select their entry time when they expect certain types of

competitors and this may affect the star configuration of the games. So I examine the star

configuration of competitors in the games in the data (see Table B.6 in Appendix B.1.4).

I find that in 95.92% of the rooms (or games) all four competitors are shown with two

stars. This reflects the fact that the majority of users on the platform never experience a

star change. For those who do experience a star-change and are shown with three stars, all

their three competitors have two stars in 4,735 games. Similarly, for those who experience a

star-change and are shown with one stars, all their three competitors have two stars in 2,606

games. Other star configurations are pretty rare in the data. Therefore, regardless of when

a three-star or one-star user decides to play a game, they are almost always being compared

to other two star users. This ensures that the effect of star-ratings is not driven by users’

self-selection into games at certain points in time etc.

4.5 Effect of Star-ratings on Messaging Behavior

In this section, I examine the causal impact of a user’s star-rating on her likelihood of receiv-

ing messages. I focus on two variables: (1) firstijt : a dummy variable indicating whether user

i receives a first message from her match j after game t, and (2) replyijt : a dummy variable

indicating whether user i receives a reply message from player j after game t, conditional on

user i initiating the first message. I present the model and estimation in §4.5.1 and discuss

the results in §4.5.2.

4.5.1 Model and Estimation

The outcome variables first and reply are binary. Hence, I consider logit formulations that

relate them to latent variables first∗ijt and reply∗ijt as follows:

first ijt =

1, if first∗ijt > 0

0, else

(4.16)
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reply ijt =

1, if reply∗ijt > 0

0, else

(4.17)

These latent variables are defined as:

first∗ijt = βf1 star1it + βf2 star3it + γfzi + ηfi + εfijt, (4.18)

reply∗ijt = βr1star1it + βr2star3it + γrzi + ηri + εrijt, (4.19)

where the interpretations of {βf1 , β
f
2 , γ

f , ηfi , ε
f
ijt} and {βr1 , βr2 , γr, ηri , εrijt} are similar to that

in §4.4.1. Further, following the same arguments, I allow for ηfi and ηri to be arbitarily

correlated to star1it and star3it. Assuming that εijts are IID and drawn from a logistic

distribution, the probability that user i receives a first message from user j (conditional on

i and j being matched in game t) is:

Pr(first ijt = 1matchijt = 1, Xit, η
f
i ) =

exp(βf1 star1it + βf2 star3it + γfzi + ηfi )

1 + exp(βf1 star1it + βf2 star3it + γfzi + ηfi )

Similarly, the probability that user i receives a reply from user j (conditional on them being

matched in game t and user i having initiated the first message) can be written as:

Pr(reply ijt = 1match ijt = 1, first jit = 1, Xit, η
r
i ) =

exp(βr1star1it + βr2star3it + γrzi + ηri )

1 + exp(βr1star1it + βr2star3it + γrzi + ηri )

As in the case of the ordered logit model, I can use these probabilities to specify Con-

ditional Log-Likelihoods that are independent of ηs and then maximize the two CLLs to

derive consistent estimates of {βf1 , β
f
2 } and {βr1 , βr2}. Since these steps are very similar to

that described in §4.4.2, I relegate the details to Appendix §B.2.

4.5.2 Results

The results for both message outcomes are shown in Table 4.5. I start with a discussion

of first messages (shown in models M4 and M5). Model M4 is a pooled logit model that

controls only for the observable attributes of the (potential) receiver and M5 is a fixed-effects

logit model estimated using CLL that accounts for the endogeneity between star-ratings and
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First Message Reply Message

(M4) (M5) (M6) (M7)

(Logit) (Logit FE) (Logit) (Logit FE)

star1it 0.06327 0.43077∗∗∗ -0.19146 -0.42609∗

(0.14248) (0.09954) (0.23242) (0.25744)

star3it 0.57401∗∗∗ 0.64912∗∗∗ 0.27474 0.28316∗

(0.08990) (0.06280) (0.17387) (0.15125)

Controls X X

Constant -2.00281∗∗∗ -1.01352∗∗∗

(0.07918) (0.22234)

Individuals 11634 1972 3115 536

Observations 374727 118627 20485 8573

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Controls in Model M13 and M15 include: genderi, agei, collegei, graduatei

pic scorei, num pici, employmenti, and bioi.

Table 4.5: Effect of star-rating on messages received.

user-specific unobservables. In model M4, I find that three-star users are more likely to

receive first messages compared to two-star users. I do not find any significant effect of one

star compared to two stars. However, after controlling for the endogeneity issues in model

M5, I find both three- and one-star users are more likely to receive first messages compared

to two-star users. This is consistent with dashed-lines in Figure 4.6.13

In this case, the results are somewhat different from those in model M3 (that characterizes

the effect of star-ratings on preference-rankings). On the one hand, the positive effect for

13Note that I have only 1,972 users in model (M5). Although, there are 3,494 users who experienced a
star-change, some of them are dropped from a fixed-effects logit model because of no variation in their
outcome first ijt.
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one-star users suggests that rejection concerns may be at play since players may expect one-

star users to be more responsive to their message. On the other hand, the positive effect of

three-star users suggests the possibility that players may value higher-star users more. Thus,

these results can be explained by a combination of both higher utility for higher star users

as well as lower rejection concerns, and it is hard to tease out the exact mechanism based

on them.

So next, I present the results for reply behavior in models M6 and M7, which are analogous

to M4 and M5. Interestingly, I find that compared to two-star users, one-star users are less

likely and three-star users are more likely to receive a reply when they initiate contact. That

is, the effect of star-ratings on preference-ranking and replies are quite different (compare

models M3 and M7).14

The main takeaway here is that, in the case of replies, the effect of popularity information

is positive and consistent with the earlier literature on herding. Intuitively, users in the reply

condition are unlikely to be concerned about rejection and therefore rejection concerns may

not play any role in their reply behavior. In the next section, I formalize and discuss the

mechanism that can explain the difference in the effect of star-ratings on preference-ranking

and reply behavior in greater detail.

4.6 Discussion of Mechanism

I now examine the mechanism behind the effects established in §4.4 and §4.5. First, I

formalize the ranking strategy of players during the game and their messaging behavior after

the game. Next, I define strategic shading and discuss how the empirical results can be

explained by strategic shading. Finally, I examine the rationality of strategic shading in this

setting.

14One possible reason for the difference in the results in models M3 and M7 could be the difference in the
estimation samples used. M3 includes all users who experienced a star-change, whereas model M7 only
includes users who experienced a star-change and those who initiated a message. As a robustness check,
I therefore re-estimate model M3 with the sample used in model M7. I find that the results from this
exercise are the same as those presented in M3 (see Table B.4 in Appendix §B.1.2). Thus, these differences
are not driven by the estimation sample used.



72

4.6.1 Ranking Strategy During the Game

I assume that the preference-ranking that user j gives to user i is induced by j’s underlying

expected utilities. Let EU(pref ijt) denote the expected utility that user j gets from giving

user i preference-ranking pref ijt, such that:

EU(pref ijt) = U(starit)× P − C × (1− P). (4.20)

Here, U(starit) denotes the utility that user j expects to receive from a potential conversa-

tion/date with i. U(·) can also be a function of other observed i and j specific variables.

However, I suppress them in the notation to keep the expressions simple. If j does not get

matched with i, s/he incurs a psychological rejection cost of C. I assume this cost is incurred

because j can infer that i did not rank him/her high enough. The cost of rejection can also

be a function of i’s attributes, i.e., C can be written as C(starit, zi). For instance, j may

suffer higher rejection costs if i is popular (three-star) or attractive. However, this does not

affect any of the arguments used to demonstrate strategic shading in §4.6.4 and therefore I

simply denote it as C to keep the notation simple.15 Finally, P denotes j’s perceived ex-

pected probability of being matched with i conditional on giving i a preference-ranking of

pref ijt. In §4.6.7, I present the full expansion of P , and show that it is a function of pref ijt;

for now it is sufficient to simply define it.

4.6.2 Messaging Strategy after the Game

After the game, each user makes a decision on whether to initiate a message with her/his

match and whether to reply to a message (if s/he receives one from her match). The decision

to send a first message is not central to the discussion in this chapter, so I do not define it

in the text.16 However, the decision to reply to a received (first) message is important. So I

15In this context, C only refers to the psychological cost of knowing that other player did not rank you
sufficiently high, and not opportunity costs. This is because of the following reason: in the stable matching
algorithm that is used to match users, if a user does not get matched with her first choice, then it does
not affect her chance of getting matched with her second choice, and so on.

16User j’s decision to send the first message to user i is based on j’s underlying expected utility, and is
analogous to Equation (4.20). Let EU(first ijt) denote the expected utility that user j gets from sending
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now formally define it.

I assume that user j replies to the message sent by user i based on her underlying expected

utility. Since i initiated the first message, j is unlikely to have any rejection concerns when

replying to i. Thus, unlike Equation (4.20), there is no rejection probability or cost in the

expected utility that user j gets from replying to i. Thus I can write:

EU(reply ijt) = U(starit). (4.21)

4.6.3 Strategic Shading

I now formally define strategic shading.

Definition1. Strategic shading: User j’s revealed preference for a potential partner i is

not just based on the expected utility from being matched with her/him (U(·)). Instead,

user j’s revealed preference also takes into account the perceived probability of rejection

and rejection costs. This distortion of revealed preference away from U(·) is referred to as

strategic shading.

Strategic shading can be easily understood in this setting as follows: suppose that users

value more popular users, i.e., expect higher utility (U) from dating a popular partner.

However, if there is a non-zero probability of rejection and rejection costs are positive, they

may reveal lower preferences for popular users. That is, users would strategically shade down

their preferences for popular users in order to avoid rejection.

a first message to user i:

EU(first ijt) = U(starit)× Pf − Cf × (1− Pf ).

The definition of U(starit) is the same as before. If j does not receive a reply form i, conditional on
initiating a conversation with her/him, s/he incurs a rejection cost of Cf , and Pf denotes j’s perceived
expected probability of receiving a reply from i conditional on initiating a conversation with her/him.
Although, users may perceive a lower probability of rejection once they have been matched with a partner,
the probability of rejection is unlikely to be zero.
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4.6.4 Evidence for Strategic Shading

I can identify the presence of strategic shading in this setting based on the differences in the

effect of popularity information (star-ratings) on two revealed preference measures that vary

only in the severity of rejection concerns: preference-rankings during the game and reply

choice after the game.

I start by invoking the empirical findings on the reply message from §4.5, which suggests

that user j is more likely to send a reply message to a three-star match (who has initiated a

first message) compared to two-star match. This implies that

EU(reply ijtstarit = 3, first jit = 1) > EU(reply ijtstarit = 2, first jit = 1). (4.22)

Then, based on Inequality (4.22) and Equation (4.21), I can infer that:

U(starit = 3) > U(starit = 2). (4.23)

This implies that users receive higher utility from a potential conversation/date with a three-

star partner compared to a two-star partner.

Next, I characterize the empirical findings from §4.4 (on pref ) in Inequality (4.24). Recall

that user j is more likely to give a lower preference-ranking to i, when i is presented with

three stars compared to two stars. Thus, I have:

EU(pref ijtstarit = 3) < EU(pref ijtstarit = 2). (4.24)

The above inequality is based on the assumption that users’ ranking behavior during the game

reflects their true preferences, i.e., preference-rankings reflect users’ underlying expected

utilities. I refer readers to Appendix §B.3 for a formal statement and validation of this

assumption.

Since I know from Inequality (4.23) that U(starit = 3) > U(starit = 2), Inequality

(4.24) can only be explained by rejection concerns, i.e., due to positive perceived expected

probability of rejection P and non-zero rejection cost C. Thus, the negative effect of star-

ratings during the game can be directly attributed to rejection concerns.
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4.6.5 Additional Evidence for Strategic Shading based on Heterogeneous Effects

In the previous section, I showed that the negative effect of three-star ratings on preference-

rankings can be explained by rejection concerns. I now provide some additional evidence

in support of this idea based on the heterogeneity in the effect of star-ratings on users’

ranking behavior during the game. In particular, I examine the heterogeneity in the effect

of star-ratings based on physical attractiveness.

I start by stratifying users (rank-givers) based on their physical attractiveness. As sum-

marized in Table 4.1, the median user has a standardized pic score of -0.09. Based on this

value, I stratify the data into two groups: (i) Attractive rank-givers: data where the rank-

giver’s pic score is greater than -0.09, and (ii) Unattractive rank-givers: data where the

rank-giver’s pic score is less than or equal to -0.09. Then, I re-run the analysis on these

two strata of data separately and report the results in the first two columns of Table 4.6.

I find that attractive users are not likely to be influenced by the star-ratings of potential

partners (model M8). On the other hand, for unattractive rank-givers, the results show a

negative and significant effect of star3it (model M9).17 This suggests that only unattractive

users avoid popular users. This is consistent with the hypothesis of strategic shading due

to rejection concerns since I expect unattractive users to be more concerned about rejection

17One important thing to keep in mind is that I cannot compare the magnitudes of the effects of star1it
and star3it across models M8 and M9 because the variance of errors is not identified in (εijt) in (ordered)
logit models [2]. For example, suppose that the following models are for attractive and unattractive users:

Attractive: pref ∗ijt = βa
1star1it + βa

2star3it + γazi + ηi + εaijt where εaijt ∼ GEV 1(0, σ2
a)

Unattractive: pref ∗ijt = βu
1 star1it + βu

2 star3it + γuzi + ηi + εuijt where εuijt ∼ GEV 1(0, σ2
u)

Because the latent variable pref ∗ is not observed, the variance of error terms are not identified and the
above models are rescaled such that what is estimated in practice is:

Attractive: pref ∗ijt/σ
2
a = (βa

1/σ
2
a)star1it + (βa

2/σ
2
a)star3it + εaijt/σ

2
a

Unattractive: pref ∗ijt/σ
2
u = (βu

1 /σ
2
u)star1it + (βu

2 /σ
2
u)star3it + εuijt/σ

2
u

The coefficients of star1it in Models M8 and M9 are not βa
1 and βu

1 ; rather they are βa
1/σ

2
a and βu

1 /σ
2
u. I

report coefficients calculated under the assumption that the variance of error is π2/3. However, if residual
variation differs between groups, comparing the magnitude of the coefficients across groups can lead to
incorrect conclusions.
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(M8) (M9) (M10) (M11)

Unattractive Rank-Giver

Attractive Unattractive Attractive Unattractive

Rank-Giver Rank-Giver Rank-Receiver Rank-Receiver

star1it 0.00064 0.02566 -0.02015 0.02220

(0.02938) (0.02792) (0.05177) (0.03998)

star3it -0.03107 -0.07558∗∗∗ -0.07665∗∗ -0.05318

(0.02246) (0.02164) (0.03190) (0.03605)

Individuals 3444 3453 1231 1354

Observations 258527 285554 116350 131440

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 4.6: Heterogeneous effect of star-rating on received preference-rankings using ordered
logit fixed-effects model.

than attractive users.

To further examine the source of the effect for unattractive users, I stratify the data for

unattractive rank-givers based on the physical attractiveness of the rank-receivers. I re-run

the analysis on these two strata separately. The results from this exercise are shown in models

M10 and M11 in Table 4.6. I find that there is a negative and significant effect of star3it, only

when unattractive rank-givers are ranking attractive potential partners (model M10). Again,

these results suggest that the findings are driven by rejection concerns, since unattractive

rank-givers are more likely to expect the probability of being matched to attractive users to

be lower.

In sum, I find that star-rating effects are mainly driven by users who are less-attractive

than average, and especially in cases where they are considering attractive potential part-

ners. These findings provide additional evidence in support of the hypothesis that preference

shading is driven by fear of rejection concerns.
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4.6.6 Alternative Mechanisms

I now consider and rule out a few other alternative explanations for the results in §4.4 and

§4.5.

First, one possible explanation for the negative effect of three-stars during the game is

the salience effect. Since most users are shown with two-stars (see Table B.6 in Appendix

B.1.4 for the distribution of stars in a game), three-star users may appear more salient and

people may therefore pay more attention to them. However, this is unlikely to be the case

because of two reasons. First, salience effect should also come into play for one-star users,

but I see no significant effect for one-star users during the game. Second, usually demand

increases with increased salience; however I see a negative effect for three-star users. Thus,

it is unlikely that these results can be explained by the salience effect.

A second alternative explanation for the negative effect of higher stars during the game

could be that users dislike popular users. However, the results show that three-star users

are more likely to receive a reply to their first messages after the game. This implies that

users receive higher utility from a conversation with a three-star user (i.e., Inequality (4.23)).

Thus, I can rule out the explanation that users give lower preference-rankings to three-star

users during the game because they dislike popular users.

Finally, a third possible mechanism for the negative effect of higher stars during the game

could be the reference-point effect: when a user (rank-giver) see a potential partner with a

higher popularity rating, s/he may set a higher reference-point for the rank-receiver. As

such, that person is held to a higher standard (for attractiveness/appeal) and if they do

not match up to that reference point, a loss component may be added to them. In other

words, the rank-giver may not dislike popular users, but perceive them to be less appealing

conditional on their popularity rating. Similar, to the discussion above, I can rule out this

explanation because such behavioral biases are not supported by the fact that three-star

users receive higher number of replies after the game.

Moreover, none of these alternative explanations are consistent with the heterogeneous
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effects I found in §4.6.5.

4.6.7 Bounded Rationality: Limits of Strategic Thinking

Thus far, I have shown that players act rationally given their beliefs, i.e., conditional on their

beliefs that popular players are hard to get, players respond strategically by shading their

preferences for them. However, their beliefs may be mistaken. So, I now examine whether

users’ rejection concerns are rational.

Intuitively, if all the women (men) in a game lower their preference-ranking for a three-

star man (woman), then the likelihood of being matched with him (her) should not be

adversely affected. In other words, if a user can rationally infer that other players in the

game may also be suffering from rejection concerns (and hence give lower preference-ranking

to popular users), then they should recognize that popularity does not necessarily lead to a

lower likelihood of match.

I can formalize this argument by expanding the expected probability that user j will be

matched with user i, P , from Equation (4.20) as:

P =

∫
P
(
match ijt = 1pref ijt, pref −ijt, pref −jt(starit)

)
g(pref −jt)dg, (4.25)

where P
(
match ijt = 1pref ijt, pref −ijt, pref −jt(starit)

)
denotes the probability that j will

match with i conditional on pref ijt (the preference-ranking that user j gives to i), pref −ijt (the

preference-ranking that user j gives to other players), and pref −jt (the preference-ranking

that other users in the game give to everyone else, including i).18 Although, j does not

observe other players’ preference-rankings, s/he may have beliefs about their distributions,

which I denote by g(pref −jt). Thus, I can integrate over these beliefs to obtain the expected

match probability P .

A key point to note here is that the expected probability of j being matched with i also

depends on how other people in the game (−j) rank i (denoted by pref −jt(starit)). I know

18Note that pref −ijt and pref −jt should be ideally expressed as a function of the other players’ star ratings,
but I suppress them to keep the notation simple.
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from the empirical findings in §4.4 that pref −j′t(starit = 3) < pref −j′t(starit = 2) for all

j′ ∈ −j. Therefore, conditional on the preference-ranking that j gives to i, the rational

expected probabilities of being matched with i when she is shown with three-stars should

be higher than when she is shown with two-stars. However, in a fully rational world, other

players will also recognize this effect, and in turn increase their preference-ranking for i.

Thus, there cannot exist a Bayesian Nash equilibrium of this game where the average effect

of star-rating on match probabilities is negative.

These results thus suggest that users do not fully internalize the idea that other players

in the game may also suffer from rejection concerns, and therefore express lower preference

for popular users. This may be because users’ beliefs about the likelihood of matches with

popular users are based on their observations in the offline world and/or their bounded

rationality.

Indeed, these results are consistent with experimental findings on users’ behavior in

guessing games, where it has been shown that most users can only reason one step ahead.

The classic example here is that of Keynesian beauty contest games, where all participants are

asked to simultaneously pick a number between 0 and 100, and the winner is the player(s)

whose pick is closest to p times the average of all numbers submitted, where p is some

fraction. The Nash equilibrium of this game is (when all players are fully rational) is zero

[46]. However, the guesses are far from zero in nearly all experimental settings [56, 8].

To explain these results, it has been argued that individuals reason in steps as follows

[12]:

• Step 0: These individuals naively state their preferences without considering others’

response.

• Step 1: These individuals think one step ahead, i.e., they believe that others are Step-0

players and best respond to that.

• Step 2: And so on....

The results in this study are consistent with Step 1 bounded-rationality, i.e., users believe that
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others will naively reveal their preferences without taking rejection concerns into account,

i.e., increase their ranking for popular users. Thus, the best response for Step-1 users is

to reduce their own preference-ranking for popular users (given rejection concerns). The

findings in this study are in line with other studies which also find that individuals in most

experimental and real-life settings exhibit Step-1 bounded rationality [56, 75].

Next, I examine the extent of rationality in users’ messaging behavior. I first quantify

users’ beliefs about the likelihood of receiving a response to a first message that she sends as

a function of the star rating of the receiver. Intuitively, if a user is concerned about rejection,

then s/he should be more willing to send first messages to those users who are more likely to

respond. To examine if this is the case, I regress user j’s likelihood of receiving a reply from

i on i’s star-rating (see Table B.8 in Appendix B.4). The results from this regression suggest

that user j is more likely to receive a reply from one and three-star matches in response

to her/his first messages. These response probabilities are consistent with j’s likelihood of

sending a message (model M5 in Table 4.5). Thus, when there is no game involved (i.e.,

users do not need to engage in multiple steps ahead reasoning), they seem to be able to form

rational beliefs. Interestingly, this can also be interpreted as Step-1 thinking, and indeed,

Step-1 thinking is fully-rational when no game is involved.
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Chapter 5

CONCLUSION

5.1 Conclusion: A Gamified Online Weight-loss Community

In the first essay, I examine the causal effect of users’ participation in online gamified chal-

lenges on their weight-loss progress. I empirically examine the effectiveness of gamified

weight-loss challenges, using the data from a leading online weight-loss community in the

Unites States. The findings indicate that participation in gamified challenges has a positive

and significant effect on weight-loss. Users can achieve a weight-loss of 0.945 kg by partic-

ipating in at least one challenge a month. Further, based on the results from the system

GMM estimation, I calculate the long-term effect of participation in challenges, and find

that a challenge participant will gain the lost weight back in a few months, if s/he does

not participate in a new challenge in future. Further, I show that not all gamified weight-

loss challenges are the same; challenges with a numeric weight-loss target are more effective

than challenges without a target, controlling for the number of participants and number of

instructions in the challenge.

The main contributions of this study are as follows. First, I quantify and isolate the

effect of users’ participation in gamified challenges on weight-loss from their engagement

with other platform’s features such as self-monitoring tools and weight-loss forums/groups.

A large stream of research studies the effect of eHealth interventions on weight-loss using

randomized trials [41]. However, in those studies, a combination of different online features

is used and it is not possible to determine which features of eHealth weight-loss interventions

are driving the effect on the weight-loss progress. Second, this is the first study to examine

both performance and process goals in gamified weight-loss interventions. I showed that

in a gamified weight-loss challenge where users get incentivized based on the performance
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goal, a challenge with both performance and process goal is most effective. This finding can

serve as a guideline for designing gamified information systems in goal-setting environments.

Finally, I discuss and clarify the methodological strategies required to analyze the dynamic

nature of the weight-loss outcome and overcome endogeneity problems in non-experimental

settings. I compare the system GMM results with a difference-in-difference model with

time-varying treatment, coupled with propensity score matching. Although the effect of

challenges on weight-loss remains positive and significant in a difference-in-difference model,

the magnitude of the effect is smaller and close to the magnitude of a biased fixed-effect

model. Moreover, I show that a difference GMM dynamic approach performs poorly in the

setting due to the high inertial effects of the lagged dependent variable.

This study raises interesting questions for future research. First, I show a positive short-

term effect of challenges on weight-loss, and I calculate the long-term effect based on the

results from the system GMM estimation. Prior studies have shown that adherence to short-

term goals can breed long-term weight-loss achievement [83]. However, due to my short panel

data set, I could not evaluate the effect of repeated participation in challenges on weight-loss

progress over time. Investigating the effect of continuous engagement in gamified challenges

on long-term weight-loss can be an interesting question for future research. Second, in my

setting, I could not directly shed light on how leaderboards can incentivize challenge partic-

ipants. Prior research shows that the information of best performers can affect individuals’

weight-loss progress differently compared to the information of average or worst performers

[82]. Future research can shed light on how leaderboards in online settings can encourage

users by showing the ranking and progress information of specific users. Finally, in my data

I cannot observe the network connection between users who participate in a challenge. The

presence of online friends and their rankings in a weight-loss challenge might strengthen the

effect of challenges. Further, participating in online challenges can provide an opportunity for

users to get to know successful users, and follow them online even after the challenge. Having

access to such online social network data, future research can provide design implications

regarding recommendations or constraints on who can join a challenge.
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5.2 Conclusion: A Gamified Online Dating Platform

In the second essay, I examine how users respond to the popularity information of potential

partners in a mobile dating app. On the one hand, knowing that a potential partner is

popular can increase her/his appeal. On the other hand, popular people are less likely

to reciprocate, and hence users may strategically shade down their revealed preference for

popular users to avoid the psychological costs of rejection. In this setting, users interact with

each other by playing a ranking game, where they rank-order members of the opposite sex

and are then matched based on a Stable Match Algorithm. A key piece of information shown

to users during this process is a star-rating for each member of the opposite sex, which is

a function of the past preference-rankings received. I quantify the causal impact of a user’s

star-rating on the preference-rankings that s/he receives during a game and her likelihood of

receiving messages after a game. To overcome the endogeneity between a user’s star-rating

and her unobserved attractiveness, I employ non-linear fixed-effects models.

I find that, everything else being constant, compared to two-star users: (1) three-star

users receive lower preference-rankings during the game, however, (2) three-star users are

more likely to receive first and reply messages after the game. This heterogeneity across

outcomes can be linked to the perceived severity of rejection concerns and can be interpreted

as strategic shading. The perceived risk of rejection is highest during the game, since users

have no information on the other person’s preferences. In contrast, after the game, a focal

user knows that the person who s/he has been matched with must have preferred her/him

sufficiently high for them to be matched in the first place. This alleviates rejection concerns.

I also show that the effect of star-ratings is heterogeneous across user-specific observables:

users who are less-attractive than average, specifically when they are ranking attractive

partners, shade their preferences for popular users. These findings are consistent with the

hypothesis that shading is driven by fear of rejection since unattractive users are more likely

to suffer from rejection concerns. Finally, I also find that users’ beliefs regarding rejection

during the game are not fully rational. Instead, the results suggest that users believe that
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they are playing against naive users who reveal their preferences without considering others

response.

This study makes three key contributions to the literature. It documents negative returns

to higher star-ratings in online platforms. Second, it empirically establishes the presence of

strategic shading in dating marketplaces. Third, it establishes that users exhibit bounded

rationality in real-world online settings that involve strategic multi-player games.

These findings raise many interesting questions that can serve as avenues for future

research. I study a platform where users are looking for short-term fun and flirtation rather

than long-term partners or marriage. Moreover, in this setting, users only have a short

amount of time to process information and make their decisions. It is not clear whether the

results stem from the short-term nature of the relationship or from time pressure. Thus, I

cannot comment on whether (and to what extent) these results would change if users were

looking for long-term relationships/marriage and/or had more time to process information.

Further research on these topics can have important implications for the design of dating

and matching platforms.
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Appendix A

A GAMIFIED ONLINE WEIGHT-LOSS COMMUNITY

A.1 The Difference-in-Difference Approach

In a difference-in-difference approach, the estimation equation for user i in month t is:

weightLossit = δ1adopti + δ2aftert + δ3adopti × aftert +XitΦ +mt + eit (A.1)

where, weightLossit is user is average weight-loss (kg) at month t. The covariate adopti

is a binary variable indicating if user i ever participates in at least one challenge, and it

controls for the time-invariant differences between challenge adopters and non-adopters. The

covariate aftert denotes the time period after the introduction of challenges on the platform,

and it controls for the potential temporal factors that may simultaneously affect potential

challenge adoption and weight-loss outcomes. The interaction term, adopti×aftert captures

the difference-in-difference estimator which shows how the adopters weight-loss outcome is

affected after the introduction of challenges on the platform. The variables Xit and mt are

the same variables that I discussed in §3.3.1. As shown in model A1, Table A.1, the estimated

coefficient of the interaction term δ3 is reported as positive but insignificant.

Note that in this analysis, there are 253 adopters and 792 non-adopters. As earlier

illustrated in Table 3.4, the observed characteristics of these adopters and non-adopters

before the introduction of challenges on the platform are statistically different. Next, I

employ propensity score matching (PSM) to reduce the potential differences across adopters

and non-adopters, and I form a sample of adopters and non-adopters who are similar in

terms of the pretreatment observed characteristics. I use a static matching approach in

which the matched pool of non-adopters remains the same for all months within the study

period. Propensity score is defined as the conditional probability of receiving the treatment
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[67]. Thus, propensity score is calculated as:

propensityScorei = Pr(adopti = 1|Xi = x) (A.2)

whereXi is the set of user-specific pretreatment variables. I use the psmatch2 Stata command

to match pairs. This command executes a probit model to estimate the propensity score (see

equation A.4). The results of this probit model are summarized in Table A.3. Using the

propensity scores, and nearest neighbor matching, I match adopters and non-adopters with

common support. Now, as summarized in Table A.2, there are 247 adopters and 247 non-

adopters with similar pretreatment attributes.

Next, I run the difference-in-difference model on the matched sample. As shown in model

A2, the estimated coefficient of the interaction term δ3 is reported as positive but insignif-

icant. It is necessary to emphasize that in this setting, the treatment or participation in

challenges is time varying. In other words, although challenges are introduced at month

t = 5, users can participate in challenges at different points of time. Therefore, instead of

comparing adopters (and non-adopters) before and after the challenge introduction, I imple-

ment a difference-in-difference analysis with time-varying treatment coupled with propensity

score matching, following [89, 64]. In this approach, the estimating equation for user i in

month t is:

weightLossit = δ′1adopti + δ′2participateit + δ′3adopti× participateit +XitΦ +mt + eit (A.3)

where, participateit is a binary variable indicating the user i’s challenge-participation period

for each treated user and the matched untreated user. The interaction term shows how the

weight-loss outcome of the adopters change while participating in a challenge in contrast to

that of control group in the same period.

As shown in model A3, using the difference-in-difference model with time-varying treat-

ment, coupled with propensity score matching, the estimated coefficient of the interaction

term δ′3 is reported as positive and significant. The magnitude of the difference-in-difference

estimation in model A3 is very similar to the fixed effects model reported in Table 3.5. For

a detailed comparison of matching estimators and fixed effects estimators, see [44].
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A.2 The Set of Assumptions in System GMM

The validity of the system GMM estimates relies on satisfying a set of assumptions. The set

of assumptions in a dynamic panel model with the dependent variable yit, and endogenous

variable xit, using a system GMM approach are the followings:

1. |α| < 1 : This assumption points to the stationarity of the dynamic process.

2. eit ∼ iid(0, σ2
i ) ∀i, t : This assumption allows eit to be mean-zero, and uncorrelated

across all i and across all t (no serial correlation). The validity of assuming no serial

correlation is tested and verified using Arellano-Bond test [3]. Also, errors eit can be

heteroskedastic across individuals (σ2
i ). I can ensure the robustness of the results to

this heteroscedasticity using a two-step system GMM.

3. ηi ∼ iid(0, σ2
η) ∀i : This assumption requires the fixed effects ηi to be mean-zero and

uncorrelated across individuals.

4. E(eit.ηi) = 0 ∀i, t : This assumption requires the eit and ηi to be uncorrelated across

all i and t.

5. E(eit.xis) 6= 0 if t ≤ s ∀i, t, s : This assumption shows that current shocks eit can

influence current and future xis.

6. E(eit.xis) = 0 if t > s ∀i, t, s : This assumption shows that current shocks eit are

uncorrelated with previous xis.

7. E(xit.ηi) 6= 0 ∀i, t : This assumption allows user time-varying characteristics to be

correlated with user unobserved fixed effects ηi.

8. E(zi.ηi) 6= 0 ∀i, t : This assumption shows that user observed time-invariant charac-

teristics zi can be correlated with user unobserved fixed effects ηi.
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9. yi1 = ηi
1−α + ui1 whereE(ui1.ηi) = 0 ∀i

Assumption (9) is a form of stationarity assumption on the initial conditions yi1. This initial

condition requires the deviation ui1 of the initial observation to be uncorrelated with the

fixed effects ηi. This assumption implies that in the initial period, users with larger fixed

effects are not systematically further or closer to their steady states than those with smaller

fixed effects [91]. All these assumptions are required to have valid IVs. I examine and show

the validity of the group of IVs by using Hansen test.

A.3 The Estimation of the Probability of Adoption

In order to employ IPW, I define adopti indicating whether user i is a challenge adopter,

and I use a probit model to calculate the probability of adoption based on users’ observed

variables prior to the introduction of challenges, using the following model:

adopti = c0+c1avgNumReoprti + c2avgJournali + c3avgGeneralForumi

+c4avgGroupForumi + c5tenurei1 + c6goali + εit.
(A.4)

As shown in Table A.3, Ifind that users with high engagement in the platform (those who

report their weight frequently and post in journals and group forums) are more likely to

adopt challenges.
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(A1) (A2) (A3)

Diff-in-Diff Diff-in-Diff + PSM Diff-in-Diff + PSM

Variable (time-varying treatment)

adopti -0.139 -0.135 -0.164

(0.131) (0.154) (0.134)

aftert 0.008 -0.305 -

(0.136) (0.199)

adopti × aftert 0.026 0.157 -

(0.152) (0.180)

participateit - - 0.170

(0.165)

adopti × participateit - - 0.314*

(0.189)

Controls X X X

Constant 0.611*** 0.767*** 0.315*

(0.104) (0.155) (0.190)

Observations 3159 1656 1656

Individuals 1045 494 494

Adopters 253 247 247

Nonadopters 792 247 247

* p < 0.1, ** p < 0.05, *** p < 0.01

Table A.1: Difference-in-Difference estimates.
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Mean Mean (matched sample)

adopter non-adopter p > |t| adopter non-adopter p > |t|

Variables (n=253) (n=792) (n=247) (n=247)

avgNumReoprti 0.883 0.755 0.001 0.861 0.829 0.553

avgJournali 0.431 0.176 0.000 0.390 0.337 0.342

avgGeneralForumi 0.287 0.099 0.000 0.248 0.210 0.417

avgGroupForumi 0.016 0.001 0.000 0.006 0.003 0.241

tenurei1 5.549 4.879 0.029 5.551 6.182 0.106

goali 68.399 68.648 0.785 68.436 69.128 0.572

Table A.2: The comparison of adopters and non-adopters before introduction of challenges.

Variables Coef. Std. Err.

avgNumReoprti -0.038 0.092

avgJournali 0.417*** 0.119

avgGeneralForumi 0.164 0.140

avgGroupForumi 4.715*** 1.727

tenurei1 0.028*** 0.010

goali -0.001 0.003

constant -0.888*** 0.251

observations 1045

R2 0.056

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table A.3: The estimation of the probability of adoption using a probit model.
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Appendix B

A GAMIFIED ONLINE DATING PLATFORM

B.1 Robustness Checks

B.1.1 Effect of Stars on Preference-Rankings - Linear Model

I consider the following linear model:

pref ijt = β1star1it + β2star3it + γzi + ηi + εijt (B.1)

The main difference of these coefficients and variables to what I discussed in §4.4.1 is that

here they relate directly to the observed outcome instead of the latent variable pref ∗. Hence,

even though I use the same variable names for expositional convenience, the interpretation

of the coefficients in the two models is different. In short, the magnitude of the coefficients

from the two models cannot be directly compared.

There are two possible estimation strategies here: (1) pooled OLS, which ignores the

problem of correlated unobservables, and (2) fixed-effects model, which addressed the omitted

variable bias due to ηi by employing a “within” transformation to subtract out the time-

invariant user-specific variables.

A pooled OLS estimation strategy consists of pooling all the data across games and users,

and simply running a multiple regression on this data. I consider two pooled OLS models –

(1) a simple model that only includes star-rating variables as the independent variables, and

(2) a slightly more elaborate model that includes all the user-specific observables (zi). The

results from both these models are shown in models A1 and A2 in Table B.1.

Next, I discuss the fixed-effects estimation approach. Here, I start with the following

averaging equation for each user i:

pref i = β1star1i + β2star3i + γzi + ηi + εi, (B.2)
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where pref i =
∑Ti

t=1

∑
j pref ijt

4×Ti , star1i =
∑Ti

t=1 star1it
Ti

, star3i =
∑Ti

t=1 star3it
Ti

, and εi =
∑Ti

t=1

∑
j εijt

4×Ti .

zi, ηi are constant across time periods, and hence their averages are the same as the variables

themselves. Next, I subtract Equation (B.2) from Equation (B.1) as follows:

pref ijt − pref i = β1
(
star1it − star1i

)
+ β2

(
star3it − star3i

)
+ (εijt − εi) (B.3)

Note that all the time-invariant user-specific variables are now subtracted out and the new

error term, εijt − εi, is no longer correlated with the star-rating variables. The fixed-effects

estimator is essentially a pooled OLS estimator for Equation (B.3) and it gives us consistent

estimates of β1 and β2 under the linearity assumption. The results from this model are shown

in model A3 in Table B.1. Note that to keep the comparisons consistent, I only use the first

100 games of users who saw at least one star change during the observation period. Hence,

model A3 in analogous to model M3 in Table 4.4.

B.1.2 Estimation Sample

I present two validation checks to confirm that the substantive results in model M3, Table

4.4 are not driven by the estimation sample (which consists of users who saw at least one

star change during the observation period).

First, I run the pooled ordered logit model on the subset of users who go through at least

one star change and present the results in Table B.2. I find that the magnitude and the

direction of the estimates in model A4 are similar to those for the full population model M1.

Second, I compare the distribution of user-specific observables for two groups of users –

(1) users who saw no star change during the observation period, and (2) users who saw at

least one star change in the observation period. I find that users who go through at least one

star change are more likely to be new users who joined the app recently and a vast majority

of them had not played any games at the start of the observation period. In contrast, users

who do not see a star change are experienced users who had played a large number of games

in the past. It is important to note that this difference in past experience does not reflect

inherent differences in users, i.e., differences on user characteristics. Rather, it captures the
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(A1) (A2) (A3)

(OLS) (OLS) (FE)

star1it -0.08946∗∗∗ -0.07038∗∗∗ 0.01776

(0.01422) (0.01838) (0.01126)

star3it 0.03779∗∗∗ 0.03446∗∗ -0.03100∗∗∗

(0.00971) (0.01443) (0.00913)

Controls X

Constant 2.50031∗∗∗ 2.50513∗∗∗ 2.50006∗∗∗

(0.00113) (0.00948) (0.00034)

Individuals 24393 11639 3494

Observations 2980148 1580848 630160

R-Squared 0.00003 0.00260 0.00002

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Controls in Model A2 include: agei, collegei, graduatei,

pic scorei, num pici, employmenti, and bioi.

Table B.1: Pooled OLS and fixed-effects estimates of the effect of user’s star-rating on
preference-rankings received. All standard errors are clustered at the user-level.

dynamics of star-ratings. As users play more games, the marginal impact of a new game on

their average popularity score is small. Thus, users who have played more games are less

likely to experience a star change than new users.

I illustrate the point using Figure B.1, which shows how the change in users’ popu-

larity (popularityit − popularityit−1) varies as a function of the number of games played

(total gameit). Recall that popularityit is simply the average of preference-rankings received

by i in all her/his prior t− 1 games. For the average user, after fifteen games, the expected

change in popularity reduces to 0.03. This is simply due to the Law of Large Numbers –
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(A4)

star1it -0.13888***

(0.02369)

star3it 0.05136***

(0.01590)

µ2 -1.09054***

(0.00456)

µ3 -0.00036

(0.00420)

µ4 1.09067***

(0.00446)

Individuals 3494

Observations 630160

Table B.2: Ordered logit estimates of the effect of star-rating on preference-rankings received
(without fixed-effects), for a subset of users who experienced a star-change.
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Figure B.1: Change in popularity as a function of number of games played.

for any user i with a set of characteristics zi, ηi, the popularity measure (popularityit) starts

converging to a constant value after a few games. Thus, the variation in the number of

star-changes a user experiences in the observation period is simply a function of whether
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s/he is new to the app or not (and is not driven by her/his attributes).

Next, for users who are new in the app, I find that the two sets of users who go through at

least one star change and those who do not experience any star-rating change are very similar

on their user-specific variable. The results from this comparison are presented in Table B.3.

Overall, there is sufficient empirical evidence to suggest that users who experience at least

one star change and those who experience no star changes are similar on many important

dimensions. Moreover, the pooled ordered logit estimates for the two subgroups are also

similar. Thus, I expect the findings from the fixed-effects model can be interpreted as being

largely applicable to the full population of users in the app.

Variables Star Change Mean Std. Dev Size Pr(|T | > |t|)

agei No 21.950 7.393 2300 0.4487

Yes 22.113 7.563 2538

bioi No 56.909 168.424 2715 0.368

Yes 53.045 152.914 2920

educationi No 1.737 0.512 2420 0.083

Yes 1.712 0.510 2595

employmenti No 1.777 1.295 1614 0.758

Yes 1.791 1.333 1727

num pici No 5.355 1.393 2629 0.665

Yes 5.338 1.426 2828

pic scorei (Male) No -0.092 0.635 1246 0.296

Yes -0.066 0.643 1296

pic scorei (Female) No -0.021 0.682 1066 0.077

Yes 0.031 0.737 1246

Table B.3: Comparison of attributes between new users who experienced no star change and
groups who experienced at least one star change.
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(A5)

star1it 0.13535**

(0.05499)

star3it -0.25426***

(0.04068)

Individuals 1684

Observations 50668

Table B.4: Ordered logit fixed-effects estimates of the effect of star-rating on preference-
rankings received, for a subset of users who initiated a message at least once.

B.1.3 Within Game Correlation

(A6)

star1it -0.01546

(0.02713)

star3it -0.07380***

(0.02135)

Individuals 3430

Observations 248,944

Table B.5: Ordered logit fixed-effects estimates of the effect of star-rating on preference-
rankings received, for a subset of games with one competitor who experienced a star change.
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B.1.4 Table of Game-level Star Configurations

star2 star1 star3 Games

4 - - 174,818

3 - 1 4,273

3 1 - 2,606

2 1 1 113

2 - 2 73

2 2 - 24

1 - 3 3

1 1 2 3

1 2 1 1

Table B.6: The star configuration of four competitors in a game.

B.2 Conditional Log Likelihood for the Fixed-effects Logit Model

To study the relationship between the users’ messaging behavior with their star-ratings, I

consider the following fixed-effects logit formulations:

yijt =

1, y∗ijt > 0

0, else

where yijt is a binary variable and it can refer to firstijt or replyijt , and y∗ijt is the corresponding

latent variable as follows:

y∗ijt = β1star1it + β2star3it + γzi + ηi + εijt, (B.4)

I allow for ηi to be arbitarily correlated to star1it and star3it. Further, I assume that star1it,

star3it and ηi are independent of εijt since users are randomly assigned to games. Assuming

that εijts are IID and drawn from an Extreme Value Type I distribution, I can write:

Pr(yijt = 1star1it, star3it, zi, ηi, β1, β2) =
exp(β1star1it + β2star3it + γzi + ηi)

1 + exp(β1star1it + β2star3it + γzi + ηi)
(B.5)
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I can now write the log-likelihoods of yijt (the first messages or replies) observed in the data

as:

LL(β1, β2, γ) =
N∑
i=1

Ti∑
t=1

1∑
k=0

ln
[
Pr(yijt = kstar1it, star3it, zi, ηi, β1, β2)

I(yijt=k)
]

(B.6)

where N is the total number of users and Ti is the total number of games played by user i.

Treating the ηi’s as parameters and maximizing this log-likelihood via Maximum Likelihood

Estimator (MLE) is inconsistent with large N and finite T due to the well-known incidental

parameters problem [60]. As a result, the estimate of β1, β2 from this approach will be

inconsistent. However, Chamberlain proposes a method to maximize a Conditional Log-

Likelihood which gives consistent estimates [15]. Following Chamberlain, I denote si as the

sum of all received messages (first messages or reply messages) by user i from his/her matches

over time, that is:

si =

Ti∑
t=1

(yijtmatchijt = 1) (B.7)

and, I denote Bi as the set of all possible vectors of length Ti with si elements equal to 1,

and Ti− si elements equal to 0, i.e. all possible ways that user i could receive si messages in

total over Ti games, that is:

Bi = {d ∈ {0, 1}Ti
Ti∑
t=1

(djt = simatchijt = 1)} (B.8)

For example, if user i plays three games (Ti = 3), and receives only one message in total

(si = 1), Bi will be equal to {(1, 0, 0), (0, 1, 0), (0, 0, 1)}. Now, I can write the conditional

probability of yi given si as:

Pr (yistar1it, star3it, si, β1, β2) =
exp (yi. (β1star1it + β2star3it))∑
d∈Bi

exp (d. (β1star1it + β2star3it))
(B.9)

Note that this conditional probability does not depend on ηi’s, i.e. si is a sufficient statistic

for ηi. Thus, I can now specify a Conditional Log-Likelihood that is independent of ηis as

shown below:

CLL(β1, β2) =
N∑
i=1

Ti∑
t=1

ln [Pr(yistar1it, star3it, si, β1, β2)] (B.10)
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B.3 Validation Check: Truthfulness Assumption

In §4.6.3, I assume that users state their preference-rankings truthfully during the game. I

now formally define this assumption and establish its validity in this setting.

Assumption 1. Truthfulness: I assume that the preference-ranking that user j gives

to user i is higher than that she gives to i′ during game t, if and only if EU(pref ijt) >

EU(pref i′jt).

This assumption ensures that the relationship between users’ latent expected utilities for

any pair of potential partners is consistent with their stated preference-ordering over them.

Thus, it allows me to take the empirical patterns observed in the data (from §4.4) and map

them to the underlying expected utilities in §4.6.3. In particular, it allows me to take the

empirical results established in §4.4 to and express the relative ordering of the underlying

expected utilities in Inequality (4.22).

Truth-telling is not always guaranteed in SMPs, and it has been shown that some parties

may have an incentive to misrepresent their true preferences depending on the game settings

and the matching algorithm used [69].1 For example, women may have incentive to mis-

represent their true preferences if the platform uses a men-optimal stable matching algorithm;

recall the discussion from §4.1.4.

In this setting, the ranking game resembles a one-to-one marriage SMP, where: (1) agents

have to state their strict preference-rankings (i.e., no indifference rankings), (2) agents cannot

truncate their list of preference-rankings (i.e., they cannot strategically choose to only rank

their top few choices and refuse to rank their bottom choices), (3) agents cannot collude with

each other, (4) agents’ preferences are private (i.e,. users know their own preferences but not

those of others’). Under such circumstances, it has been shown that, when a men-optimal

stable matching mechanism is used, it is the dominant strategy for each man to state his

true preferences, and any strategy for a woman is dominated if her stated first choice is not

1It has been shown that the incentive to manipulate true preferences is negligible in large markets [23, 63,
50, 49]. However, in this study, there are only four players in a game. So the results from the large-market
literature may not generalize.
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State true 1st and 2nd 2nd and 3rd

Match with preferences preference misrepresentation preference misrepresentation

Assuming stated preferences are true preferences

true 1st choice 49.24 28.23 49.27

true 2nd choice 28.25 49.28 14.90

true 3rd choice 15.00 14.99 28.33

true 4th choice 7.51 7.50 7.50

Assuming true preferences are random

true 1st choice 49.48 28.15 49.47

true 2nd choice 28.17 49.54 14.86

true 3rd choice 14.90 14.89 28.21

true 4th choice 7.45 7.42 7.46

Table B.7: Match results if users misrepresent their preferences.

her true first choice [68].2 (And vice-versa for women-optimal stable matching mechanism.)

However, this platform does not use either a men-optimal or a women-optimal matching

mechanism. Instead, as discussed in §4.1.4, it calculates the set of all possible stable matches

and picks the matching with the highest average match-level. Under these conditions, there

are no theoretical guarantees on truth-telling for any side of the market. Nonetheless, there

are no obvious reasons for users to deviate from truth-telling. While I cannot theoretically

prove this, I now empirically establish that, on average, users cannot gain by mis-representing

their preferences in this setting.

To do so, I consider two types of deviation checks. In the top panel of Table B.7, I start

with the assumption that a player’s stated preferences are her/his true preferences. The

second column represents the average probability of a player being matched with her/his

true first, second, third, and fourth choices if the player ranks truthfully (based on the

preference-rankings and match levels observed in the data). I find that truthful revelation

2The kind of stability studied in the case of incomplete information is ex post stability, i.e. a stable
matching would remain stable even if all the preferences were to become common knowledge [68].
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leads to being paired with the first choice 49.24% of the times, the second choice 28.25%

of the times, the third choice 15.00% of the times, and the last choice 7.51% of the times.

Next, I consider the following deviation: suppose that in game t, everyone except a focal

player j plays the same strategy as that observed in the data, and j swaps her/his first and

second choices. I then calculate which of her/his true preferences j will be matched with.

Then, I aggregate the match outcomes over all players and all games to obtain the average

probability of being matched with one’s true first choice under this deviation as:

Pr(true first choice) =

∑T
t=1

∑
j∈t I(match leveljt = true first choice|pref 12

jt , pref −jt)

8T
,

(B.11)

where pref 12
jt denotes a strategy where player j swaps her true first and second choices,

and pref −jt denotes the preference-rankings observed in the data (i.e., others’ strategies).

Similarly, I also calculate the average probabilities of being matched with one’s true second,

third, and fourth choices.

The results from this simulation exercise are shown in the third column. Notice that

misrepresenting preferences makes players strictly worse off. When a player ranks her true

first choice as second, the probability of being matched with the true first choice drops to

28.23%. In the fourth column, I show the results from an analogous exercise, when a player

misrepresents by swapping her second and third choices, i.e., plays pref 23
jt . Again, note that

misrepresenting the preferences makes a player strictly worse off compared to truth-telling.

Using similar simulations, it is possible to show that all other deviations also make players

strictly worse off, compared to truthful revelation.

One possible critique of the above exercise could be that I started with the assumption

that players stated preferences are their true preferences. Therefore, I also present results

from a general case, where the deviating player’s true preferences are drawn randomly (see

the bottom panel of Table B.7). Again, I find that deviating from truth-telling makes users

strictly worse off. In sum, all these tests confirm the validity of the truth-telling assumption

in this setting.



111

Finally, note that there is no need to make any additional assumption on truth-telling

for both first and reply messages since they are both single-agent decisions, and there is

no game involved. Therefore, each player only has to follow her/his expected utilities and

doesn’t have to worry about the strategic behavior of other players. So, by definition, a

player’s revealed preferences reflect her/his expected utility.

B.4 Bounded Rationality

I now quantify the likelihood of that user j will receive a reply to her/his first message to a

user i as a function of i’s star-rating as follows:

reply jit = λ1star1it + λ2star3it + ηi + εijt (B.12)

The results from this regression are presented in Table B.8.

(A6)

star1it 0.12923∗∗∗

(0.02933)

star3it 0.09427∗∗∗

(0.01662)

Constant 0.11961∗∗∗

(0.00272)

Individuals 1972

Observations 9259

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table B.8: The effect of matched partner’s star-rating on probability of receiving a reply.


