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Abstract

Essays on Experimental Evidence of Peer Influence

by

Ruizhi Zhang

This dissertation presents three experimental studies with an emphasis on peer influ-

ence in people’s behavior. The first chapter studies a mechanism that facilitates team

formation and cooperation among peers. The second and third chapters focus on peer

influence in altruistic behavior such as donations to charities and street performers.

The first chapter implements a field experiment in a digital environment with

a matching mechanism that facilitates user-team assortativity. Using machine learning

techniques, our system identifies users with high expected values and provides them the

option to join highly active social groups in terms of engagement and expenditure. We

deploy this mechanism experimentally in a popular online game. We find that assortative

matching significantly increases new user engagement and productivity, and improves

the overall health of the community. New users who join more active communities do

exhibit higher engagement and productivity, but do not spend more money. Revenue,

however, does increase as existing members of high-activity teams react positively to

the influx of new, better-quality users. Teams matched with low-quality new users

are negatively impacted leading to a more segregated team environment. We discuss

implications of these findings both from a profit-maximizing firm’s as well as a broader

societal perspective.
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The second chapter provides laboratory evidence on how different levels of

monetary rewards affect image motivations in the context of charitable donations. We

specifically study the interaction effect of image and material motivations on donation

decisions. We implement a within-subject design with two treatments: monetary incen-

tive and donation visibility. We have three levels of monetary incentives: no incentive

(0% rebate), a low incentive (10% rebate), and a high incentive (50% rebate). We also

have three levels in donation visibility: private donation, public donation without costly

non-disclosure (ND) option, and public donation with costly non-disclosure option. Our

results show that a small reward in terms of a 10% donation rebate does not impose

any significant donation behavior changes, neither in private nor in public. When a

large reward is given (50% donation rebate), people’s perception of the monetary re-

ward determines whether the reward crowds out donations. For those who believe the

reward makes their donations appear ‘less generous’, a 50% rebate significantly crowds

out charitable donations in public. For those who do not associate monetary rewards

with a negative image, a high rebate significantly increases their donations in public.

We also find that males, in general, are more sensitive to their public images and signif-

icantly reduce their donations in public when offered a high reward, while the effects on

females are non-significant.

The third chapter evaluates the impact of peers’ giving behavior on people’s

willingness to donate. We implement a field experiment studying donations to street

performers at stoplights on the streets of Lima, Perú. The treatment condition is defined

as observing another vehicle making a donation. We use natural variation in donations

ix



made by passing-by drivers, as well as experimentally-manipulated variation in donations

made by hired drivers. We study how observing a donation from another vehicle affects

the probability and magnitude of donations of treated vehicles. Our experiment results

indicate a strong substitution effect of peer influence. When drivers observe another

vehicle donate, they are significantly less likely to make a donation to the same performer

and overall average donations are lower as well. Our study contributes to the literature

by bringing evidence of peer influence in donations in a developing world context.
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Chapter 1

The Impact of Assortative Matching in a

Digital Environment 1

1.1 Introduction

Humans are increasingly interacting and operating their daily lives through

structured digital environments. It is estimated that they spend 20% of awake time

on mobile devices. In 2018 alone, there were almost 200 billion mobile app downloads

worldwide and spending in app stores amounted to $101 billion (AppAnnie, 2018).

The freemium pricing model is an important driver of this growth. Under such

pricing, apps can be downloaded free of charge, and app providers generate revenue

from in-app purchases or in-app advertisement. Ghose and Han (2014) point out that

apps with in-app purchases result in significantly higher app downloads than those with

in-app advertisement, providing more ex-ante utility to consumers. In a freemium app,
1The first chapter is a joint work with Kristian López Vargas and Julian Runge
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upon download, the user needs to decide to continue using the app based on her first

experiences in the environment. Most people use the app only for a few minutes and

only for a couple of days. Indeed, 1-day and 30-day user retention rates tend to be below

40% and 10%, respectively (Sifa et al., 2018; GameAnalytics, 2019).

Socialization is crucial in many of the digital ecosystems created by these

applications (e.g. in social media, messaging, dating and gaming apps (Alsen et al.,

2016)), and together such applications account for most of the revenue and time spent

on apps (AppAnnie, 2018). Speaking to this observation, existing literature has es-

tablished that social experiences are crucial to revenue generation in online freemium

settings (Oestreicher-Singer and Zalmanson, 2013; Bapna and Umyarov, 2015; Bapna

et al., 2018). Important features of the mechanisms that shape social interaction in

these environments, e.g. in regards to the formation of digital communities, are not yet

fully understood however.

On this background, this paper studies the impact of implementing an assorta-

tive matching mechanism (Becker, 1973; Kremer, 1993) on behavioral responses at the

individual level as well as the digital community level (henceforth teams).2 In particular,

we study a mechanism that facilitates positive assortative matching between new joiners

and existing teams, where players of an online Role-Playing Game (RPG) are matched

to teams of similar behavior to promote a stable and fun-maximizing social environment

for users. We test whether this matching mechanism impacts early app experiences of
2A matching mechanism is said to be positive assortative if individuals are sorted by characteristics

and those with similar features are matched with one another more frequently (Becker, 1973; Kremer,
1993).

2



new app downloaders, changing users’ behavior, longer term engagement and revenue.

We do so by devising a machine learning-based matching system that classifies

entities on the demand (new app downloaders) and supply (existing teams of users in the

app) side into high and low types and matches them accordingly. On the demand side,

we separate premium users from free users by predicting their future purchase behaviors

with demographic and behavioral traces using a machine learning algorithm that has

been suggested as well suited in previous literature (Sifa et al., 2015). On the supply

side, we classify existing groups of users into highly active and premium user-based

teams and separate them from less active, free user-based teams.

We evaluate and test our system in a large mobile gaming app through a quasi-

field experiment, turning the system on and off in three day intervals over a six week

period to evaluate the overall impact of our system and identify the causal impact of

assortative matching on users’ behavior and that of teams.

We find that assortative matching increases overall user engagement and pro-

ductivity, leading to net positive impact on engagement and productivity metrics. In

particular, we find that new users that join more active communities exhibit higher will-

ingness to play and spend time with longer retention rates, but do not spend more money.

Revenue, however, does increase due to existing members of high activity-teams reacting

positively to the influx of new users with better quality. However, teams matched with

low quality new users experience negative effects on engagement and productivity, lead-

ing to more separating paths between teams of different qualities than in the absence of

3



positive assortative matching.3

The presented findings establish the merits of such an approach to generate

engagement and revenue in freemium settings, and help understand features that shape

social interaction and community formation in these environments. They also indicate

that the use of assortative matching can have detrimental effects on marginal parts of the

user population. We discuss implications of these findings both from a profit-maximizing

firm’s and a wider societal perspective.

The paper is organized as follows: Section 2 provides a review of related lit-

erature on social experiences and premium conversion in freemium environments and

of literature on assortative matching theory and applications in economics. Section 3

introduces the online game environment where our matching mechanism is deployed.

Section 4 describes the matching mechanism, specifically the machine learning-based

separation of premium and free users and high and low activity-teams, as well as results

from offline evaluation of the matching mechanism using observational data. Section 5

lays out study design and results of a six week deployment of the system in the game

environment. Section 6 concludes with a concise discussion of broader implications of

our findings.
3The authors are aware that the manipulation is on the timing of "on" and "off" periods and not

directly in the assignment of new users to teams. However, arrival times of users can be assumed to
be random as the timing of system "on" and "off" periods is unknown to users. Therefore, whether
someone was matched using the assortative system or not is independent of user characteristics. We
sometimes omit the word "quasi" when describing the experimental intervention.
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1.2 Related Literature

Two branches of literature are relevant for our paper: (i) literature on assorta-

tive matching, and (ii) literature on social interactions and premium demand in freemium

environments.

The first body of literature that is relevant to our paper is research on as-

sortative matching, where agents of similar characteristics are matched together. The

assortative matching theory has been popular in the marriage and labor market since

the 1970s. Becker (1973) first introduced the concept of assortative matching in the

marriage market, and shows that this matching method is efficient under a two-person

partnering environment with fully transferable utility and complementarity within the

groups. Later, researchers have studied theoretically sufficient conditions for assortative

matching to happen in a broader range of settings (Shimer and Smith, 2000; Durlauf

and Seshadri, 2003; Legros and Newman, 2007; Chai et al., 2016; Ahlin, 2017). For

example, Besley and Ghatak (2005) provides theoretical evidence that principal-agent

matching based on mission preferences increases organizational efficiency. In an envi-

ronment where there exist profit-oriented and mission-oriented risk-neutral agents and

principals, agents in profit-oriented sector must always be paid to exert effort, but agents

in the mission-oriented sector are affected by both payment and the mission preference

of their principal. Thus, given the same wage, well-matched principals and agents in the

mission-oriented sector will have higher productivity than in profit-oriented sector.

Besides the theoretical foundation of assortative matching, Kremer (1993) uti-

5



lizes it to study labor market conditions. He proposes a production function that de-

rives a state of assortativity of skills between workers and firms: high-skilled workers

will be matched together in equilibrium, and wages and outputs will rise steeply in

skill. This production function is consistent with the large income difference between

rich and poor countries, and the positive correlation between wages and occupations

within industries. There is empirical evidence supporting this theory using observa-

tional employer-employee matching data, where higher productivity workers tend to

match with higher productivity firms (Mendes et al., 2010; Torres et al., 2018). More-

over, assortative matching and production complementarity between firms and labor

quality also contribute to thicker urban labor markets (Andersson et al., 2007). 4

Experimentally, introducing assortative matching of players in laboratory ex-

periments (public goods game and prisoner’s dilemma) significantly improves average

contribution in later rounds of the games (Page et al., 2005; Gunnthorsdottir et al.,

2007; Rud and Rabanal, 2015). In a public goods game setting, subjects sorted into

pairs of two by pre-committed investment levels are significantly more cooperative in

later rounds of investment decisions than randomly paired subjects (Rud and Rabanal,

2015). Gunnthorsdottir et al. (2007) find similar higher contributions when matching

subjects based on their current round of contribution decisions in a 10 round public

goods game with 4 subjects matched into one group each time. When allowing subjects
4For a few empirical studies that observe no evidence of assortative matching between worker and

firm effects (Goux and Maurin, 1999; Woodcock, 2007; Abowd et al., 2009; Gruetter and Lalive, 2009),
those results are likely due to limited mobility bias (Andrews et al., 2012), not the lack of assortativ-
ity. Correlation between worker and firm contributions to wages is negative when fewer workers move
between firms, but the correlation becomes significantly positive for larger samples of employer and
employee matching data with higher inter-firm mobility.

6



to voluntarily form associations in a repeated public goods game, Page et al. (2005) find

that this process generates sorting by contribution levels over a series of re-groupings.

In this paper, we apply the concept of assortative matching to a digital envi-

ronment, where players of an online Role-Playing Game (RPG) are matched to teams of

similar behavior to promote a stable and fun-maximizing social environment for users,

to in turn increase in-app engagement and revenue for the firm producing the game. In

a previous study, Choi et al. (2008) report that a matching between players and teams

based on task-orientation or social-orientation improves players’ retention. However,

their study is based on observational data collected post-voluntary-matching between

players and teams, so the effect cannot be considered causal. In our paper, we will

provide causal estimates of the impact of assortative matching on user retention, en-

gagement and revenue by means of a quasi-experiment and appropriate econometric

analysis.

The second body of literature that is relevant to this paper covers the nexus of

social experiences and revenue generation in freemium settings. Oestreicher-Singer and

Zalmanson (2013) and Bapna and Umyarov (2015) show that social engagement and peer

influence are major drivers of the conversion of users from free to premium. Extending

these findings, Bapna et al. (2018) present evidence in the opposite direction, i.e., that

conversion from free to premium on a music platform encourages users to generate more

content for community sharing and engagement. It hence appears that social interaction

and premium conversion are reinforcing each other to generate more individual-level and

community-level engagement and revenue.

7



Particularly, high-value premium users are essential for the profitability of

freemium apps (Sifa et al., 2018). In freemium online games in particular, up to 50% of

revenues can be contributed by less than 2% of premium users (Pei Chen et al., 2018).

The identification of (high-value) premium users to provide them with personalized and

good social experiences hence suggests itself as promising to produce lift in revenues from

premium upgrades (Chica and Rand, 2016). We address this by proposing an assortative

matching system that classifies users and teams into groups of similar characteristics.

On the user-side, high-value prospects can be identified based on their future

demand which can be captures through customer lifetime value (CLV) 5 (Berger and

Nasr, 1998; Reinartz and Kumar, 2003; Gupta et al., 2004). The prediction of CLV

in existing literature is typically based on historic purchase behavior. Two seminal ap-

proaches are to group users based on the recency, frequency and monetary value (RFM)

of their historic purchases (Verhoef et al., 2003; Fader et al., 2005), and stochastic mod-

els of consumer purchasing which e.g. use the Pareto distribution to determine retention

and the negative binomial distribution to determine purchase frequencies (Fader and

Hardie, 2005).

With the increased availability of data and computing power, more recent data

science approaches have emerged where the prediction of CLV relies on supervised learn-

ing with Random Forest (RF) algorithms (Vanderveld et al., 2016; Chamberlain et al.,

2017).6 RFs have been successfully applied to the prediction of purchase decisions in
5Customer lifetime value (CLV) or lifetime value (LTV) is a prediction of the net profit attributed

to the entire future lifetime of the customer. We use CLV and LTV interchangeably in our text.
6The Random Forest algorithm is an ensemble prediction method that builds a forest of random

uncorrelated decision trees to solve classification and regression prediction problems.

8



freemium mobile apps (Sifa et al., 2015), and have been shown to perform well in the

prediction of consumer behavior (Lemmens and Croux, 2006; Coussement et al., 2016).

In our paper, we adopt a data-driven approach that allows to flexibly combine

purchase behavior information with other data such as demographic and usage behavior

information to help predict future demand (Sifa et al., 2015, 2018). One key advantage of

this approach is that CLV predictions can be obtained with no or limited past purchase

behavior. In our freemium setting, the share of overall premium users is small, and many

future premium users have not made a purchase at the time when we need predictions of

future demand (when the matching decision is made as described in more detail below).

User-level predictions for our matching system are obtained with a decision-tree-based

XGBoost predictor 7 that is trained using synthetically oversampled data (Chawla et al.,

2002). Team-level classification is derived from a geometric mean-based approach that

combines crucial behavioral elements into one "activity score" that can be used for

classification. We will provide more detail on the exact methods in a section dedicated

to the description of our matching system.

1.3 Environment

The context of our study is an online role-playing game (RPG). This game is

played using an application for mobile devices that is available in the iOS (Apple) and

Android (Google) app stores. The main channel of user acquisition is through digital
7XGBoost stands for eXtreme Gradient Boosting. Similar to Random Forest, it is a decision-tree-

based ensemble Machine Learning algorithm that uses a gradient boosting framework to solve classifi-
cation and regressio prediction problems.
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advertising. Once in the game, players need to identify possible color patterns and

align objects to form such patterns and make points (similar to Candy Crush). The

environment allows users to play solo campaigns but is designed to encourage players to

form a team with other players to defeat powerful virtual opponents.8

The unit of user activity or participation is a campaign. A typical campaign has

the goal of defeating an opponent and can comprise varying numbers of pattern finding

puzzles. Upon succeeding in a campaign, the entire team that the winning player is a

part of, collects in-game rewards. Typically, one player chooses five characters from a

set of possible characters (up to 40) to participate in each campaign. The choice set of

characters varies according to specific pre-defined settings of campaigns, and the goal

is to achieve maximum damage in each strike against the virtual opponents by being

proficient at pattern finding in puzzles.

After a user has installed the application, they are first allowed to play solo

campaigns only to learn how the game works, but within a short period of time of

playing, they rank up and reach eligibility to join a team. The corresponding 25th,

50th, and 75th percentiles of time taken to reach eligibility are 22, 33 and 217 minutes.

The average time to eligibility is 474 minutes since the distribution is highly skewed to

the right.

Once eligible, users see a list of teams that are available to join. All teams have

names and some of them also have descriptions.9 The set of teams that are offered in
8The industry collaborator chose to remain anonymous. For confidentiality reasons, we use general

terms such as teams, characters, opponents, and campaigns/missions instead of game-specific terms
throughout and do not identify the game.

9Here are some typical team names (description): Midnight Elementals (...ready to bring the power of
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these lists is randomly chosen from all active teams 10. There are a total of 9000 teams

in the game environment, and around 6000 of them are actively involved in accepting

new users with a typical size of 21 / 25 (average and median) members. The upper limit

of team size is set to be 30 members by the game provider. A summary of the process

in a timeline is the following:

• New install

• Play solo campaigns and rank up

• Reach rank 4 (eligible to join a team)

– Typical time (50th percentile) to rank 4 is 33 minutes

– Users see a list of teams they can join

∗ Team 1: name, country, member counts

∗ ...

∗ Team 30: name, country, member counts

• After joining a team

– Play event campaigns with team members

– Exchange messages and gifts within team

Once users join a team, they are still able to play solo campaigns, but now they can also

start team campaigns with team mates and share rewards (see below) if the campaign

the elements to destroy the competition...); nflesh (no description); Bald dwarfs (... a team determined
to be one of the greatest...)

10If all members of a team have not logged into the game for consecutive 14 days, the team will be
considered inactive and removed from the team pool
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succeeds. In terms of in-game rewards, for a typical player, it is substantially more

efficient to work in a team than alone.

There are several important resources and reward mechanisms in this environ-

ment.

In-game currency (IGC): These are objects that can be purchased with USD

in the store of the game at a fixed price or be earned as rewards after campaign

successes. Examples of IGC include gems and gold.11 In the game, IGC can be

used to purchase other resources and can be exchanged with other players as gifts

as well. Around 6% of users become payers (purchase IGC in an in-app purchase)

within 37 days after joining the game.

IGC-purchased capital goods: Once the player acquires IGC in in-app pur-

chases, she is able to make in-game purchases. The in-game store includes capital

goods (character cards and synergists) that make users’ characters more powerful

and give them higher chances to complete difficult solo campaigns and achieve

higher contributions to team campaigns. These goods have different levels of

durability. Some are targeted for specific campaigns, others can be used across

campaigns and do not expire.

Within the team, users can write messages with and make gifts of IGCs and

other in-game objects (character cards, synergists, keys) to other team members or

to the team as a whole. Message space is not restricted, i.e., any written message in
11In the actual environment, IGCs have different names.
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natural language is allowed. Messaging typically involves explaining game concepts and

strategies to the new users (learning) and exchanging capital goods (trading) to equip

characters before campaigns.

The environment is built to encourage participation in teams. The main type

of player activity, called the weekly event, is designed so that players’ strengths are highly

complementary within the team. These weekly events are themed campaigns that run on

a weekly basis and designed so that users can experience new tasks and challenges every

week. These events also require a team to equip players in complementary characteristics

and skill advantages to maximize striking power against virtual enemies. Consequently,

these events can vary in quality and popularity, as well as in generating engagement,

but consistently generate the majority of user engagement and revenue.

With a variety of solo and team campaigns, the environment can serve a rich

variety of players with different skills and different levels of willingness to spend real

money. In-app purchases, overall, provide a more advanced experience to premium

users compared to that of free users. Similarly, teams that spend more tend to exhibit

more engagement, perform better in their campaigns, and receive higher rewards when

completing campaigns.

Despite the strong complementarity of skills and willingness to spend inher-

ent in this setup, the environment does not facilitate or actively promote that players

of higher skill or willingness to purchase form teams among themselves (seek positive

assortative matching). Although players can move to other teams that fit them better,

information on team characteristics is limited and scattered. Teams can only be searched
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by team name, thus for a new user who needs to make a team choice for the first time,

search is uninformed. For existing users who have participated in joint campaigns and

have access to the team rankings (displayed on a leaderboard visible to all players that

joined a team), it is also hard to find a specific team name from thousands of teams on

the leaderboard. The majority of users hence relies on the team recommendation page

provided by the game provider when joining a new team instead of performing an active

search for a team that matches their preferences. Essentially, new users’ selection of

teams of different quality, e.g. high or low activity, occurs at random.

On this background, this paper studies the effects of a positive assortative

matching of new users and teams by surfacing high (low) quality teams – in terms of

activity and future premium demand – on high (low) quality users’ – in terms of future

premium demand – team recommendation page.

1.4 Matching Mechanism

Given the skill complementarity in the environment, players with higher en-

gagement potential benefit from joining a more skilled team. However, as mentioned

before, at the moment of the design of this study, the game environment did not have

relevant channels and mechanisms to facilitate users to seek a better matching. In that

context, we designed a matching mechanism and implemented an experimental study to

evaluate its effect on participants’ behavior.

Since engagement and revenue are highly correlated, our matching mechanism
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is based on targeting potential high-value users and introducing them into high-value

teams. Individuals with higher potential are given a list of high-activity teams (in terms

of engagement and revenue) to choose, as opposed to the random set they are given

normally. The user is ultimately the one that decides which team to join.

The model that sustains the mechanism can be decomposed into two classifi-

cation problems: one for the users and one for the teams. Users are classified between

likely payers and likely non-payers.12 Teams are classified as high-activity or low-activity.

With these two components (predicting the probability of new users to become "payers"

in the future, and classifying teams by their engagement), the system is able to promote

those with high paying probabilities to enter more engaged teams.

1.4.1 Team Classification

For implementing team classification, we leveraged institutional expertise from

experienced product managers to determined what constitutes a highly active user com-

munity. Jointly with these experts, we devised an activity score at the team level. As

inputs to this score, we use the number of active players per day, number of campaigns

played together, the volume of gifts and messages exchanged between team members,

and revenue generated. We calculated a 14-day moving average for each input feature,

and then aggregated those into the "activity score" using a geometric mean.

We implemented a simple test of our team classification. We sorted all teams
12We use the term "likely" (as opposed to "actual" on the user side) for the following reasons. First,

team matching happens at a very early stage of players’ lifetime, usually 30 minutes after install. At this
point in time, players usually have made zero in-game purchases. Second, users that actually convert
to payers 30 days after install are still a small percentage of all users.
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Figure 1.1: Team Activity Score and Future 30-day Revenue Captured.
The vertical axis represents the percentage of future 30-day revenue captured, and the

horizontal axis indicates the percentile of teams (from high to low) sorted by team activity
score

in an arbitrary day 0, and measured what share of revenues of the next 30 days came

from the high-activity teams. We found that the top 30% of teams in terms of the score

captured at least 80% of revenue (Figure 1.1). Therefore, we use the 30th percentile to

set our "activity" threshold for the team classification model.

This method to calculate the activity score is more preferable to using only

team revenue, because it not only ensures that the high-activity teams capture majority

of game revenue, but also incorporates other metrics of engagement and experience that

provide a more complete picture of highly engaged and successful teams.

1.4.2 User Classification

For user classification, we use supervised learning techniques, which use be-

havioral traces commonly collected by mobile application developers as input features

to predict user lifetime values. There are several technical challenges associated with
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this exercise. First, since team recommendation typically occurs relatively early in a

user’s in-app experience, the behavioral traces collected are limited and there is almost

no purchase history. Also, there is a strong class imbalance problem by which only a

small share of users actually become payers in the future (this class imbalance problem

has been documented in several previous studies (Weiss, 2004; Nieborg, 2015, e.g.)).

In this context, we use purchases in dollars (CLV or LTV) as the target vari-

able to be predicted by our classification model. Specifically, we add all purchases in

the next 30 days after the user becomes eligible to join a team. Input features of the

user classification model includes both demographic variables (user’s language, type of

device and country) as well as data characterizing early behavior in the game, collected

by the game provider from app install up to the moment of team eligibility. Behavioral

data includes the time (in minutes) users take to reach each rank before team eligibility,

number of sessions and solo campaigns played and succeeded, highest rank achieved and

revenue generated before eligibility. Table 1.1 summarizes the user behavioral charac-

teristics. The training data set for our user prediction model includes one month of

new installs who reached team eligibility within 7 days after joining the game, which is

around 52,000 individuals.

In order to solve the class imbalance problem, we apply a synthetic oversam-

pling technique (SMOTE) to generate synthetic samples from the class of actual payers

(Chawla et al., 2002). During training, we perform a five-fold cross-validation (CV)

to avoid model over-fitting. On each training set during the CV process, we conduct

SMOTE oversampling of the minority class and generate 2 times the number of actual
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Table 1.1: User Behavioral Statistics Before Team Eligibility

Count Mean std Min 25% 50% 75% Max

Rank2 Mins 51672.0 130.69 669.21 0.0 6.0 7.0 11.0 9995.0
Rank3 Mins 51675.0 220.28 843.46 3.0 10.0 14.0 25.0 10043.0
Rank4 Mins 51675.0 474.09 1239.28 4.0 22.0 33.0 217.0 10076.0
Sessions 51675.0 1.86 1.26 1.0 1.0 1.0 2.0 31.0

Campaign Start 51675.0 4.11 0.56 2.0 4.0 4.0 4.0 38.0
Campaign Win 51675.0 3.96 0.25 0.0 4.0 4.0 4.0 6.0

Max Rank 51675.0 3.81 0.48 0.0 4.0 4.0 4.0 17.0
Revenue 51675.0 0.11 1.78 0.0 0.0 0.0 0.0 173.62

Basic behavioral statistics used as input features for predicting user LTV: minutes taken
to reach each rank, number of sessions played, number of campaigns played and succeeded,
maximum rank achieved, and revenue generated.

payers, and perform feature selection and hyper-parameter tuning to minimize root mean

squared errors (RMSE) to achieve best model performances.

1.4.2.1 Model Evaluation and Implementation

Final performance of the model is then evaluated on a 1-month time-independent

hold-out set.13 We focus on assessing the hit rates of our algorithm, where we sort users

by their predicted 30-day revenue and evaluate how many actual payers we correctly

capture for different ratios of this ranking. XGBoost stands out to have the best hit rate

performance compared to Linear Regression, RF (Random Forest), and GBM (Gradient

Boosting Machine). Figure 1.2 reports the hit rate performance of our XGBoost model,

where we are able to capture about 80% of total actual payers with our top 50 percentile

sorted prediction rankings.
13Using a time-independent hold-out set provides an unbiased evaluation of our user classification

model’s prediction power. Similar to the training data set, the test data set uses 1-month of new
installs, independent of the 1-month of data used in the training set, and contains around 100,000
individuals.

18



Figure 1.2: Hit Rate Performance of XGBoost Model.
The hit rate performance of the XGBoost Model is evaluated on the time-independent test set.
The vertical axis represents the percentage of actual payers captured in our prediction model,
and the horizontal axis indicates the different rankings (from high to low) after sorting all

users by their predicted LTV.
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The XGBoost model deployed to production continuously makes 30-day rev-

enue predictions for new users when the user arrives at the team recommendation page.

It re-trains itself daily on the newest training data available, and automatically performs

feature selection and parameter tuning.

After obtaining a prediction for each new user entering the game, we classify

users into two categories: likely payers and likely non-payer. Consistently on the team

side, we have high-activity and low-activity teams. The number of available team spots

in each category (i.e supply of the matching market) are fixed because we determine the

number of high-activity teams up to the point that they capture at least 80% of future

30-day revenues. In order to equilibrate supply and demand in the matching market,

the threshold that separates a likely payer vs. non-payer depends on the following rule:

• We sort all new users based on their predicted 30-day revenue in descending order.

• We direct as many users on the top of the ranked list to high-activity teams by

pulling their recommended team lists from the high-activity team category only.

Users will then have freedom to choose which specific team they join.

• We move the rest of the new users to be matched to the low-activity team category,

and the threshold of separating likely payers and likely non-payers is determined

by the lowest revenue projection of the "paying" group.

Thus the matching market will always be in equilibrium where demand (number

of players looking for a team spot) is equal to supply (number of available team spots)14.
14The number of available team spots in general is higher than the number of players looking for a

team, so each player is guaranteed a team spot
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The system that determines the threshold that separates high-activity teams and likely

payers refreshes every night based on the most updated supply and demand information

collected at the end of the day.

Since the implementation of the system, roughly 70% of new users are catego-

rized as likely payers and the rest are classified as likely non-payers. For existing users

who are looking to switch teams, the system will only recommend high-activity team en-

vironments for them, under the assumption that existing users actively switching teams

are looking for a more engaged and active social environment. Figure 1.3 shows a time

series of user predictions since the implementation of the system. Note that the system

only makes a user prediction for new users obtaining team eligibility and existing users

looking for a new team, and the majority of users are mapped to high-activity team

environments.

1.4.3 Offline Evaluation of the Mechanism

Before deploying the system for experimentation, we performed offline evalua-

tions to study the potential impact of our assortative matching system. We use historical

observations of voluntary user-team matches, with a propensity score matching regres-

sion for causal analysis.

Propensity score is a technique that assigns treatment probability based on

observed characteristics of the user: what is the probability for the user to join a high-

activity team if the user possesses certain characteristics. The matching estimation then

compares treatment effects between paired observations that share similar propensity
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Figure 1.3: Time Series of System User Prediction Decisions.
This figure shows a time series of user predictions since the beginning of the experiment. The
vertical axis represents total number of users classified as likely payers and likely non-payers,

and the horizontal axis represents dates during the experiment
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scores, which eliminates the confounding factors that predict probability of treatment

(join high-activity teams) rather than treatment itself, and derives treatment effects on

observational data that are more similar to randomized control experiments.

We first apply our team and user classification models on one month of historic

users who joined between 60 to 90 days before we introduced our new matching system.

Those users joined their first team based on a random list of teams that consists of both

high- and low-activity teams. We then run propensity score matching regressions for

both likely payers and likely non-payers, and report impact of joining a high-activity

team on post-joining engagement and retention.

Figure 1.4 reports the coefficients of impact, as well as their 95% confidence

intervals, of joining a high-activity team on likely payers and non-payers 14 days after

joining. The figure illustrates that for likely payers, joining a high-activity team makes

them significantly more engaged in sending messages and participating in weekly events.

For likely non-payers, joining a high-activity team imposes non-significant impacts on

them.

1.5 Experiment

1.5.1 Design

After obtaining positive results from our offline evaluations, we started our

experimentation. However, due to engineering constraints, we were not able to conduct

a fully randomized AB test for our matching system. Instead, we performed a time-split
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Figure 1.4: Propensity Score Analysis Coefficients.
The vertical axis represents percentage increases in target metrics due to joining a

high-activity team compared to joining a low-activity team, and the horizontal axis is grouped
by analysis metrics of interest

quasi-experiment, where the system was turned on and off on a 3-day interval over a 6-

week period. During the "on" period, users and teams are matched based on assortative

matching, and during the "off" period, users and teams are matched randomly.

The game environment where the system is implemented relies heavily on evolv-

ing weekly events for game performances. Weekly events can vary greatly in quality and

popularity, as well as overall performance in terms of engagement and revenue. Running

the experiment on a 3-day interval makes sure that each weekly event is split equally

between treatment and control groups. The 6-week period ensures that the day of the

week effect is equalized in both groups. Moreover, alternating between system "on" and

"off" equally captures any potential time-series seasonality effects in the two groups over

the 6-week period.

Figure 1.5 is an example of the monitoring dashboard we created for tracking

system performance during the experiment. Users are grouped by whether they joined

during experiment "on/off" on the x-axis, and the y-axis represents mean and 95%
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confidence interval of the cumulative activity levels during day 0, 1, 3, and 7. The

figures show that users who joined during the system "on" period are significantly more

active in engagement (especially in sending messages) than users who joined during the

system "off" period.

Figure 1.5: Monitoring Dashboard of Messages Sent and Daily Time (in seconds) Spent
in Game by New Users.
The vertical axis represents total number of messages sent or daily seconds spent by the new
users (averaged across all new users), and the horizontal axis is grouped by the number of days

users have joined the game

1.5.2 Metrics and Hypotheses

We use the following metrics to evaluate the impact of our matching system.

Metrics are used in individual-level analysis and also aggregated for the team-level anal-

ysis. For individual analysis, we consider 14 days of data starting at the moment of app

install. For team-level analysis, we consider data for the last 14 days of the experiment,

after all teams have received a considerable amount of experiment exposure. All metrics

are in log terms. We also performed user-level analysis on metrics from 3 days to 30

days after the user installed the app, and team-level analysis from 14 days to 3 days
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towards the end of the experiment, and received consistent results on all metrics.

• Revenue: The cumulative amount of U.S. dollars the user(s) spent (for individual

analysis), or the average among team members (for team-level).

• Number of Message: Total number of in-team messages sent by the user (for

individual-level analysis) or the average team members (for team-level analysis).

• Weekly Events: Total number of weekly-event campaign starts by the user (for

individual-level analysis) or the average team members (for team-level analysis).

• Retention: Indicator variable of whether the user is still active 14 days after app

install.

• In-Game Time Spent: Time spent in the game in minutes, a measure of user

effort. Total minutes for individual-level analysis or team average for team-level

analysis

• Campaign Success Rate: Total campaign wins/total campaign starts, as mea-

sure of efficiency

We test the following hypotheses:

1. Matching likely payers into highly active teams will have positive impact on players’

engagement and productivity (for both new as well as existing players).

2. Matching likely non-payers into low-activity teams will have negative impact on

players’ engagement and productivity (for both new as well as existing players).
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3. The overall net effect of the assortative matching system will be positive in en-

gagement and productivity.

1.5.3 Results

In the following two sections, we analyze effects of the proposed assortative

matching system at the user- and team-level. Overall, results paint a positive picture of

the system’s impact on user engagement and monetization, suggesting that assortative

matching approaches can contribute significantly to improve user experiences and firm

profits in digital settings, and in freemium settings in particular. 15

1.5.3.1 User-level Analysis

The user-level analysis focuses on users who joined during the experimental

period. Our experimentation approach assumes that the quality of newly arriving users

is randomly distributed across calendar days, and switches the matching system on and

off in three-day intervals. As the treatment is not directly assigned to each individual,

our approach is akin to a quasi-experiment, and we resort to an instrumental variables

(IV) approach for causal inference. The instrumental variables approach enables us to

evaluate the more direct effect of joining a team that matches the user’s classification

(i.e. the impacts of taking up the intervention) on outcomes, rather than the impact

of the intention to treat. A flag indicating if a user joined during an "on" or "off"

period serves as an instrument to predict the activity level of the team that the player
15Results on additional outcome variables are reported in the appendix.
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joined, and we then regress user engagement and productivity metrics on predicted team

activity with multiple user-level and weekly-event-level control variables. Concretely, we

use the following two-stage instrumental variable specification:

Stage 1:

TActivityi = α0 + α1sysONi + α2Useri + α3Eventj + ε (1.1)

Stage 2:

Metrici = β0 + β1TActivitypred + β2Useri + β3Eventj + ε (1.2)

Where TActivityi is a binary variable that equals 1 for high-activity teams and 0 oth-

erwise, sysONi indicates whether the matching system was on (sysONi = 1) when the

user first joined the game, Useri and Eventj are user- and weekly-event level control

variables 16, TActivitypred is the predicted team health score from stage 1, and Metrici

are the users’ various engagement and productivity metrics as measured during a 14-day

window after joining the game.

Table 1.2 reports IV regression results on likely payers and likely non-payers,

respectively. New users who are classified as likely payers (high future premium demand)

by our prediction model join high-activity teams during periods when the system is on,

and are equally likely to join high-activity and low-activity teams during periods when

the matching system is off.

The impact of joining a high-activity team is positive on all 14-day17 game-
16Both user- and weekly-event level control variables are dummies to control for the fixed effects of

differences associated with users and weekly-events.
17We observe user behavior cumulatively over different time windows after users join the game. We call

these x-day metrics with x in [1, 3, 7, 14, 30]. This approach is akin to an intent-to-treat measurement
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specific metrics. The coefficients on engagement metrics (team chat messages and weekly

event participation) are significant and positive: Messages increase by 36% and weekly

event engagement increases by 26%. In addition, 14-day retention increases significantly

by 7.8%.

On the side of users who are classified as non-payers, and hence join low-activity

teams during "on" periods (and a team of either type with equal chance during "off"

periods), we observe no significant impact of the matching system on all 14-day metrics.

The user-level experiment results are also consistent with our propensity score regression

analysis on historical data presented as part of the offline evaluation.

On the user-level productivity measures, we observe significant and positive

impact of joining active teams on time spent in game (+8.1%), and non-significant

impact for joining a low-activity team. However, we do not observe increased individual

efficiency in terms of campaign success rate for either type of user.

User-level net effects of the matching system are summarized in Table 1.3. The

regression model used for analyzing the overall effect of our new system is the following:

Metrici =β0 + β1sysONi + β2NonPayeri + β3sysONi ∗NonPayeri

+ β5Useri + β6Eventj + ε

(1.3)

Where NonPayeri is a binary variable that equals 1 if user is a likely future non-payer

and 0 otherwise.

Based on the Ordinary Least Squares (OLS) regression with the exogenous

to account for endogenous non-compliance.
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Table 1.2: User-Level IV Regression on Game-Specific Metrics and Productivity Met-
rics

Game-Specific Metrics Productivity Metrics
(a) Predicted Payers

Revenue Message Weekly
Events Retention Time

Spent
Success
Rate

Intercept -2.2** -1.3 1.6 -2.3*** 6.3*** 1.0***
(1.1) (1.2) (1.8) (0.62) (0.77) (0.064)

TActivitypred 0.062 0.36*** 0.26*** 0.078*** 0.081** 0.0026
(0.046) (0.053) (0.08) (0.027) (0.038) (0.0052)

Campaign -0.00083***
Startsday14 (2.1e-05)
R-squared 0.04 0.02 0.04 0.02 0.015 0.42

Observations 17965 17965 17965 17972 17965 17965
(b) Predicted Non-Payers

Revenue Message Weekly
Events Retention Time

Spent
Success
Rate

Intercept -2.1*** -2.1*** -1.1* -2.1*** 4.8*** 0.98***
(0.24) (0.42) (0.65) (0.23) (0.44) (0.05)

TActivitypred -0.011 0.12 0.24 0.037 -0.073 -0.003
(0.088) (0.15) (0.24) (0.085) (0.13) (0.019)

Campaign -0.00088***
Startsday14 (2.5e-05)
R-squared 0.02 0.02 0.04 0.01 0.027 0.28

Observations 13645 13645 13645 13646 13645 13645

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
User-level IV regressions include user device group controls, acquisition channel controls,
weekly event controls, and day of week controls.
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Table 1.3: User-Level Net Effects on Game-Specific Metrics and Productivity Metrics

Game-Specific Metrics Productivity Metrics

Revenue Message Weekly
Events Retention Time

Spent
Success
Rate

Intercept -1.9*** -1.7*** -0.024 -2*** 5.2*** 0.98***
(0.33) (0.42) (0.64) (0.22) (0.38) (0.041)

SystemON(1) 0.025 0.25*** 0.18*** 0.046*** 0.044* -0.0005
(0.023) (0.029) (0.044) (0.015) (0.023) (0.0031)

NonPayer(1) -0.24*** -0.2*** -0.35*** -0.056*** -0.16*** -0.012***
(0.023) (0.028) (0.043) (0.015) (0.021) (0.0028)

ON∗ 0.0045 -0.24*** -0.14*** -0.025 -0.038 0.0024
NonPayer (0.028) (0.035) (0.054) (0.019) (0.027) (0.0038)
Campaign -0.00084***
Startsday14 (1.7e-05)
R-squared 0.046 0.028 0.055 0.022 0.024 0.37

Observations 31610 31610 31610 31618 31610 31610
Net Effects
T-Test 0.019 0.1*** 0.086*** 0.025*** 0.019 0.0004

(0.014) (0.017) (0.026) (0.0091) (0.013) (0.839)

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
User-level net effect regressions include user device group controls, acquisition channel
controls, weekly event controls, and day of week controls
T-test hypothesis: 0.7 ∗ SystemOn+ 0.3 ∗ (ON ∗NonPayer) = 0

variable of interest sysONi, we can calculate the overall net effect of the matching

system. Since the share of likely payers is roughly 70% of all new users, the net effect for

each metric can be determined using a t-test with the hypothesis that 0.7∗SystemON+

0.3 ∗ (ON ∗ NonPayer) = 0. The results from the t-tests are shown at the bottom of

Table 1.3 and indicate user-level significant net positive impact of the matching system

on messages, weekly event participation and retention. Additionally, there are non-

significant net positive effects on revenue and productivity measures.
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Figure 1.6: Treatment Intensity Over Experiment Time.
The vertical axis represents the proportion of likely payers joining two types of teams, and the

horizontal axis indicates the number of days into the experiment with "on" and "off"
treatment alternating in three day intervals, starting with the system being on. The orange
lines indicate the proportion of likely payers joining a low-activity team, which is close to 0

during system "on" periods and around 60-70% during system "off" periods.

1.5.3.2 Team-level Analysis

Our experimental approach introduces exogenous variation in the likelihood

of having predicted payers (versus predicted non-payers) join existing social groupings

in the game. As shown in Figure 1.6, when the system is on, almost 100% of the the

new joins to a high-activity team are likely payers. During periods when the matching

system is off, the share of likely payers joining high-activity teams is around 30% which

is consistent with approximately 30% of teams being classified as high-activity by the

team classification mechanism. In essence, the experiment creates a separating path for

high- versus low-activity teams. As the experiment progresses, high-activity teams will

attract likely payers, while low-activity teams add non-payers (See Figure 1.7).
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(a) Total Number of New Users Joined (b) Total Likely Payers Joined

Figure 1.7: Teams taking separating path over experiment period.
The vertical axis represents the total number of new players joining a team, and the horizontal
axis represents number of days into the experiment with "on"/"off" treatments alternating in

three day intervals.

To analyze the effect of the system at the team-level, we run standard OLS

regressions using engagement and productivity metrics from the last 14 days of the

experiment to evaluate the impact of adding more potential payers on the high- and

low-active teams. For engagement metrics, we use revenue, campaign starts in weekly

events, and messaging. For productivity metrics, we use time spent and campaign success

rate. For every dependent variable we test (except for the net effect analysis), we use

team-level averages 18.

As regressors we include ln(NPayersg), which denotes the number of likely

payers that have joined team g during the experiment, TActivityg is a dummy variable

indicating high-activity teams (TActivityg = 1), and the interaction term between the

two. We also control for pre-experiment team-level characteristics, including 14-day

cumulative campaign starts, messaging, gifts, revenue, and team age and size the day
18The average activity per user within a team.
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before the experiment in teamg,pre, and the total number of new users (NewJoinsg)

that joined during the experiment.

ln(Metricg) = β0 + β1ln(NPayersg) + β2TActivityg + β3ln(NPayerg) ∗ TActivityg

+ β4teamg,pre + β5NNewJoinsg + εg

(1.4)

Table 1.4 reports team-level results using the average activity of all team users. A 1% in-

crease in likely payers joining a high-activity team significantly increases average revenue

(+0.19%), weekly event participation (+0.1%) and messages (+0.088%) exchanged in a

team. While the matching system has no significant impact on revenue at the user-level

(Table 1.2 and 1.3), it does have positive impact on revenue for high-activity teams. In

essence, improving the overall quality of the team environment is positively affecting

existing members of the teams, making them willing to spend and engage more.

If we exclude all newly joining users and focus on the existing members of high-

activity teams, the effect (Table 1.5) becomes even stronger: Average revenue increases

by 0.24%, weekly event participation improves by 0.12%, and messages are up 0.15%

for every 1% increase in the number of likely payers joining. The addition of likely

payers into the high-activity teams boosts the overall health of the team environment

and encourages existing members to be more involved in spending and activities overall.

We observe a similar pattern of effects for time spent in the general productivity

metrics for high-activity teams. However, the addition of high quality new users does

34



Table 1.4: Team-Level Analysis on Game-Specific Metrics and Productivity Met-
rics (Average of All Team Users)

Game-Specific Metrics Productivity Metrics

Revenue Weekly
Event Message Time

Spent
Success
Rate

Intercept 0.77*** 4.1*** 0.93*** 5.5*** 0.78***
(0.16) (0.16) (0.12) (0.16) (0.018)

TLowActive -1.7*** -0.59*** -2*** -0.64*** -0.002
(0.12) (0.092) (0.096) (0.087) (0.0094)

ln(NPayer) 0.19*** 0.1*** 0.088*** 0.013 -0.0012
(0.034) (0.029) (0.03) (0.027) (0.0027)

ln(NPayer)∗ -0.089** -0.15*** -0.071** 0.0096 0.0054
TLowActive (0.039) (0.037) (0.032) (0.038) (0.0039)

NNewJoins -0.033*** -0.018*** -0.013*** -0.0028 0.00017
(0.003) (0.0027) (0.0023) (0.0024) (0.00026)

Campaign 4.3e-06***
Startsday14 (8.7e-07)

Team
Controls X X X X X

R-squared 0.52 0.31 0.68 0.23 0.044
Observations 4635 4635 4635 4635 4635

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative campaign starts,
messaging, gifts, revenue, and age and size the day before the experiment.

not improve the efficiency of campaigns, i.e. campaign success rate.

On the other hand, the addition of likely non-payers into low-activity teams

leads to significantly negative effect on average team activity (i.e. revenues -0.089%,

weekly events -0.15% and messages -0.071% for every 1% increase in the number of

likely non-payers joining), leading to lower willingness to play and spend by existing

low-activity team members in the game and a weaker environment for those teams.

There are multiple mechanisms through which these effects may realize. A bet-

ter, more homogeneous team environment is a reasonable explanation for the increase in

spending by existing players and the increase in overall team engagement and spending.
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Table 1.5: Team-Level Analysis on Game-Specific Metrics and Productivity
Metrics (Average of Existing Team Users)

Game-Specific Metrics Productivity Metrics

Revenue Weekly
Event Message Time

Spent
Success
Rate

Intercept 0.67*** 4.1*** 0.92*** 5.4*** 0.77***
(0.16) (0.18) (0.13) (0.17) (0.02)

TLowActive -1.7*** -0.56*** -2*** -0.6*** -0.0019
(0.12) (0.098) (0.1) (0.091) (0.0098)

ln(NPayer) 0.24*** 0.12*** 0.15*** 0.058** 0.0029
(0.037) (0.032) (0.032) (0.03) (0.0031)

ln(NPayer)∗ -0.18*** -0.15*** -0.13*** -0.041 0.0017
TLowActive (0.041) (0.04) (0.034) (0.039) (0.0042)

NNewJoins -0.03*** -0.01*** -0.011*** -0.001 -0.00012
(0.0033) (0.0032) (0.0026) (0.0028) (0.00031)

Campaign 4.4e-06***
Startsday14 (8.7e-07)
TeamControls X X X X X
R-squared 0.51 0.27 0.66 0.23 0.046

Observations 4635 4635 4635 4635 4635

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative campaign
starts, messaging, gifts, revenue, and age and size the day before the experi-
ment
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A further mechanism, particularly explaining the increase in spending by existing play-

ers, may present itself in social competitive dynamics: Existing players may perceive and

experience increased within-group competition when spending players and hence play-

ers with stronger card decks enter their team. They may therefore increase their effort

comparatively, to preserve authority and/or to impress newly arriving team members.

To analyze the net effect of the system at the team-level, we run OLS regressions

with team-level total activities (including all team members) as dependent variables to

evaluate the impact of additional potential payers and non-payers on the overall perfor-

mance of each type of teams. We then calculate a net effect aggregating the team-level

impacts to address the overall effects of the matching system. As regressors we include

NPayerg and NNonPayerg which denote how many likely payers and non-payers join

during the entire experiment period. TActivityg is a dummy variable indicating high-

activity teams, and the interaction term between the team activity dummy and the

number of payers and non-payers joined. We also control for pre-experiment team-level

characteristics, including 14-day cumulative campaign starts, messaging, gifts, revenue,

and team age and size the day before experiment in teamg,pre.

ln(Metricg) = β0 + β1TActivityg + β2NPayerg ∗ TActivityg

+ β3NNonPayerg ∗ TActivityg + β4teamg,pre + εg

(1.5)

Table 1.6 reports the overall net effect of the matching system using team-

level data. Given that the system classifies roughly 70% of new users as likely payers
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and 30% as likely non-payers, and that high-activity teams capture at least 80% of

all future revenue and engagement in the game while low-activity teams only capture

20%, we perform the following t-tests with null hypothesis 0.7 ∗ 0.7 ∗ (0.8 ∗ NPayer ∗

THighActive − 0.2 ∗NPayer ∗ TLowActive) + ∗0.3 ∗ 0.3 ∗ (0.2 ∗NNonPayer ∗ TLowActive −

0.8 ∗ NNonPayer ∗ THighActive). The results from the t-tests at the bottom of table

1.6 indicate significant net positive impact on revenue, weekly event participation and

messages at the team-level. There further is a positive but non-significant effect on time

spent in the game.

1.6 Conclusion

This paper provides experimental evidence of the impact of assortative match-

ing between teams and players in a digital – specifically freemium – environment. We

combine machine-learning classification of players and teams and test the matching sys-

tem in a time-series quasi-experimental setting. Our premium player prediction model

using behavioral and demographic features collected at an early stage of user lifetime

in the app is 60% more likely to correctly capture actual payers than random guessing.

Our team classification model is able to identify the top 30% of high-activity teams that

contribute 80% of next month’s revenue.

By matching users into teams of similar features and engagement levels we

emphasize the complementarity of in-game experiences and encourage high-value new

users to be more engaged in communication and campaign participation – leading to
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Table 1.6: Team-Level Net Effects Analysis on Game-Specific Metrics and Pro-
ductivity Metrics (All Team Users)

Game-Specific Metrics Productivity Metrics

Revenue Weekly
Event Message Time

Spent
Success
Rate

Intercept 2.3*** 5.8*** 2.4*** 7.2*** 0.78***
(0.2) (0.19) (0.16) (0.18) (0.017)

TLowActive -3.1*** -1.5*** -3.2*** -1.6*** -0.011
(0.15) (0.11) (0.12) (0.11) (0.0086)

NPayer∗ 0.022*** 0.01** 0.018*** 0.011*** 1.2e-05
THighActive (0.0052) (0.0041) (0.0044) (0.0041) (0.00025)

NPayer∗ 0.079*** 0.0045 0.03*** 0.043*** 0.0018*
TLowActive (0.016) (0.013) (0.012) (0.013) (0.001)

NNonPayer∗ -0.095*** -0.028*** -0.04*** -0.013 -0.0016***
THighActive (0.017) (0.01) (0.012) (0.0094) (0.00056)

NNonPayer∗ 0.026 0.022* 0.031** 0.028*** 0.002***
TLowActive (0.018) (0.012) (0.013) (0.011) (0.0007)
Campaign 4.3e-06***
Startsday14 (8.6e-07)

TeamControls X X X X X
R-squared 0.58 0.45 0.68 0.42 0.045

Observations 4635 4635 4635 4635 4635
Net Effect
T-Test 0.0081** 0.0059* 0.0076** 0.0016 -2.437e-05

(0.004) (0.003) (0.003) (0.003) (0.000)

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative campaign starts,
messaging, gifts, revenue, and age and size the day before the experiment
T-test hypothesis: 0.7∗0.7∗(0.8∗NPayer∗THighActive−0.2∗NPayer∗TLowActive)+
∗0.3 ∗ 0.3 ∗ (0.2 ∗NNonPayer ∗ TLowActive − 0.8 ∗NNonPayer ∗ THighActive)
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higher retention rates and higher productivity.

Moreover, introducing new users of similar behavior as the existing team mem-

bers creates a separating path between teams of different qualities. Highly engaged

teams maintain their high-activity environment and existing high-quality team mem-

bers spend and play more. However, the matching of low-quality players and teams

has negative impact on the low-quality teams, further destabilizing the team environ-

ment and discouraging the development of these players and their communities. As, by

definition, high-quality teams and players account for the majority of engagement and

revenue, overall effects of the matching system are positive.

Our approach can be useful to improve firm-side outcomes and retain a larger

number of valuable new users. However, from a wider societal perspective, this type

of matching system can have detrimental effects on poorer, weaker or more marginal

segments of the user population, leading to higher inequality in the digital environment.

Such inequality can possibly adversely impact wider welfare, e.g. when considering

online dating on platforms such as Tinder. Since an increasing, already sizable, portion

of human life is being spent in digital environments, we believe that designers of social

interaction systems (including policy makers) should be aware of the trade-offs between

net private benefits that can be achieved by positive-assortative matching systems, and

its potential costs on the weaker segments of users. We also believe that understanding

these trade-offs of machine learning-powered matching systems should be a priority in

the future research of fairness in machine learning.19

19Current literature is focused on other aspects of fairness in machine learning (e.g., Chouldechova
and Roth (2018))
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Chapter 2

The Effect of Monetary Rewards on Image

Motivations in Charitable Giving 1

2.1 Introduction

Prior literature has identified three motives for giving: intrinsic motivations

from altruism (Andreoni, 1989, 1990), extrinsic motivations from monetary and symbolic

rewards (Goette and Stutzer, 2008; Lacetera et al., 2012; Kosfeld and Neckermann, 2011;

Ashraf et al., 2014), and image motivations from social approval (Gachter and Fehr, 1999;

Rege and Telle, 2004; Andreoni and Petrie, 2004; Ariely et al., 2009; Filiz-Ozbay and

Ozbay, 2014).

Concerns for what others think (image motivation) can drive substantial pro-

social behavior. Many charities today publicize donations or donation brackets on their

websites to encourage donors to give more. Others give out symbolic gifts (ribbons,
1The second chapter is a joint work with Kristian López Vargas
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t-shirts, stickers, etc.) with charity logos that the donors or volunteers could show to

others. Charities also host galas where the fund-raising process is public to all atten-

dees. On the other hand, providing extrinsic motivations is also common in encouraging

pro-social activities. In the U.S., there exist tax deductions to charitable donations

which are equivalent to donation rebates that vary with the income brackets (IRS). Sim-

ilarly, volunteer blood donors are often incentivized with money or small gifts for their

activities.

Interestingly, while many charities provide both types of incentives, image and

material, little is known about how these two motivations interact. For example, for

those who act pro-socially due to image concerns, would offering monetary rewards

affect their image-driven pro-social behavior? Benabou and Tirole (2006) suggest that,

theoretically, monetary incentives may crowd out image motivations as volunteers who

receive monetary rewards may want to avoid being seen as ‘profit-seeking’ by the public.

Previous literature presents mixed evidence on this hypothesis. While some research

supports the crowding-out theory (Ariely et al., 2009, e.g.), other studies document

mixed evidence on the crowding-out effect when they consider other individual factors

such as reputation and past altruistic behavior (Exley, 2018).2

Another question that still remains open is how different levels of material

incentives might have qualitatively different crowding-out effects on image motivations.

Small monetary rewards, even in the form of cash rewards, could be perceived as a
2In Exley (2018), if subjects established public volunteer reputation (i.e. participated in a public

volunteer activity in the first round of the experiment), offering them monetary rewards in public for
their volunteering in the second round does not crowd out as much volunteer willingness as those whose
past volunteer reputation was private.
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symbolic gift and be small enough not to cause any concerns of appearing ‘profit-seeking’,

while large monetary rewards could crowd out image incentives in pro-social behavior.

As illustrated by the comparative statics of the theoretical model we provide in this

paper, people’s perception of the monetary reward determines whether the reward crowds

out donations. When individuals dislike perceived ‘greediness’ more than perceived

‘altruism’,3 offering a higher rebate will crowd out donations in public.

Analyzing the effect of different levels of monetary rewards has important real-

world implications. First, volunteers are usually paid with small cash amounts as an

appreciation gesture to cover small expenses like meals and transportation, instead of

payments for services so that their activities are not perceived as ‘profit-seeking’.

Second, charitable contribution deductions in the United States is basically a

rebate subsidy on donations, where the rebate varies with income brackets. The system

can offer donation rebates up to 50.3% and can deduct up to 50% of the donor’s adjusted

gross income.4

Last, rebate and matching subsidies are commonly used in charitable donation

campaigns. It is important for charities who want to run public donation subsidy cam-

paigns to learn what levels of monetary rewards would cause negative image concerns

and crowd out the willingness to donate.

In this paper, we study the interaction of image and material motivations. We
3As ‘greediness’ and ‘altruism’ perceived by others.
4For example, consider a donation of $300 to the American Red Cross by some donor. The taxable

income of this donor is reduced by $300. If the donor’s income level belongs to the top tax bracket (37%
federal tax rate + 13.3% California state tax rate), the donor’s tax liability (amount of taxes owed to
the government) is reduced by $150, which is equivalent to a 50.3% rebate on his/her donations
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implement a within-subject design with two treatments: monetary incentive and dona-

tion visibility. We have three levels of monetary incentives: no incentive (0% rebate), a

low incentive (10% rebate), and a high incentive (50% rebate). There are also three levels

in donation visibility: private donation, public donation without costly non-disclosure

(ND) option, and public donation with costly non-disclosure option. We will discuss the

details of these treatments later in the experiment design section.

In our experiment, we use rebate subsidies as the monetary incentives. It is im-

portant to note that rebate subsidy and matching subsidy are mathematically equivalent.

For example, a 10% donation rebate is equivalent to approximately an 11% matching

subsidy, while a 50% donation rebate is equivalent to a 100% matching.5

Some previous experiments have compared matching and rebate subsidies and

find considerably higher charity receipts under matching subsidies (Eckel and Grossman,

2003, 2005a,b, 2006; Davis et al., 2005). However, Davis (2006) indicates that such dif-

ferences are less likely due to people’s preference’s for matching subsidies as suggested

by Eckel and Grossman (2003), but to the isolation effect. In this context, this effect

works similarly to mental accounting bias, where people focus on their own donation

rather than on the total charity receipts. Given the same individual donation, a charity

in matching subsidy receives more because the charity, instead of the individual, receives

the third party’s matching fund. When eliminating the isolation effect in the experi-

ment, Davis (2006) finds no difference in donations under matching and rebate subsidies,
5The effective price of a $1 donation to charity in matching funds with matching rate Sm is 1

1+Sm
,

while for rebates with rebate rate Sr is 1 − Sr. Thus Sm and Sr induce the same effective price when
1

1+Sm
= 1− Sr.
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indicating that the two subsidies are equally preferred by subjects.

To bring realism to our image incentives, we use social media (Facebook) as the

channel through which donations become public. This allows public donation decisions

to occur in a more natural and realistic setting. This is an innovation of our paper

with respect to previous studies, where the observability of donations was limited to lab

participants (people sitting in the same room) or donation campaign solicitors.

Our experiment result shows that a small reward in terms of a 10% donation

rebate does not cause any significant change in donation behavior, both in private and

public. When a large reward is given (a 50% donation rebate) in private, it significantly

increases people’s donations with respect to the case without incentive.

When the reward is given in public the impact of the reward is heterogeneous.

People’s perception of the monetary reward determines whether the reward crowds out

donations. For those who perceive the reward makes their donations appear ‘less gen-

erous’, a 50% rebate significantly crowds out charitable donations made in public (the

interaction term of public donation and 50% rebate is negative); for those who do not

associate monetary rewards with a negative image, but as a positive way to advertise,

a high rebate significantly increases their donations made in public. The net effect for

our sample is statistically zero. We also find that males, in general, are more sensitive

to their public images and significantly reduce their donations in public when offered a

high reward, while the effects on females’ behavior are statistically insignificant.

The rest of the paper is organized as follows. Section 2 provides a review of

related literature on monetary incentives and image motivation in pro-social behaviors.
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Section 3 provides a theoretical model with predictions on the effect of offering different

levels of rebate on individual donation decisions in private and public. Section 4 presents

the experimental design that tests predictions from section 3, and section 5 summarizes

the experiment results. Section 6 concludes with a discussion of our findings and their

implications.

2.2 Literature Review

A robust finding in the literature shows that image concerns drive a substantial

portion of pro-social behavior. People tend to be more pro-social when their activities

become more observable to lab or field experiment participants. In traditional economic

games such as the dictator game and public goods game, revealing subjects’ identity or

their decisions substantially increases the splits by dictators (Haley and Fessler, 2005;

Dana et al., 2006; Broberg et al., 2007; Ellingsen and Johannesson, 2007) and the vol-

untary contributions to public goods (Gachter and Fehr, 1999; Masclet et al., 2003;

Rege and Telle, 2004; Andreoni and Petrie, 2004; SavikhinSamek and Sheremeta, 2014;

Filiz-Ozbay and Ozbay, 2014).

Image incentives also lead to more generosity in charitable donations (Soetevent,

2005; Ekstrom, 2012) and fundraisings (Alpizar et al., 2008; DellaVigna et al., 2012),

as well as volunteering activities such as blood donations (Lacetera and Macis, 2010b;

Karlan and McConnell, 2014).

However, Bracha and Vesterlund (2017) report mixed signals of image moti-
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vations when donations are used to infer both generosity and income levels. They find

that public donation might lead to lower contributions when income is invisible because

donors want to be perceived as ‘poor-and-generous’ rather than ‘rich-and-stingy’. When

income is invisible but donations are public, donors will donate less to avoid being cat-

egorized as a high-income earner since higher incomes, relative to lower incomes, would

make their donations appear ‘less generous’.

Providing monetary incentives, on the other hand, may crowd out motivations

for pro-social behavior, both intrinsically and image-driven. Benabou and Tirole (2003)

and Meier and Stutzer (2008) show that when pro-social behavior (such as volunteering)

are driven by intrinsic motivations, monetary rewards could decrease people’s willingness

to behave altruistically. Some empirical and experimental evidence support this theory

(Rustichini and Gneezy, 2000; Mellstrom and Johannesson, 2008; Lacetera and Macis,

2010a) , while others (Goette and Stutzer, 2008; Lacetera and Macis, 2010b; Kosfeld

and Neckermann, 2011; Lacetera et al., 2012; Ashraf et al., 2014; Olken et al., 2014) are

against it, especially when the reward is small or symbolic (does not involve direct cash)

(Goette and Stutzer, 2008; Lacetera and Macis, 2010b; Kosfeld and Neckermann, 2011;

Ashraf et al., 2014).

In addition to the crowding-out effect on intrinsic motivations, Benabou and

Tirole (2006) suggest that monetary incentives may crowd out image motivations as

donors could be perceived as ‘profit-seeking’ instead of altruistic by the public. This

theory is supported by Ariely et al. (2009): their experiment finds that introducing

private monetary incentives crowds out efforts made in a public donation event. Without
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monetary incentives, subjects are significantly more motivated to put effort into the

donation task in public than in private. With monetary incentives, where subjects will

receive personal income that equals their donation amount, efforts in private increased

significantly but declined insignificantly in public. This result implies that monetary

incentives might dilute image motivations and crowd out the effort to behave pro-socially.

Moreover, Exley (2018) examines how individual reputation could play a role

in alleviating the crowding-out effect of rewards on image incentives in volunteering

activities. The author finds that the crowding-out effect is significantly lower for those

with publicly known volunteering histories. When subjects’ past volunteer decisions

were made private (in the first round of the experiment), subjects become significantly

less likely to volunteer in the second round of the experiment, where they will receive

public monetary rewards for their volunteer activities. However, when subjects were

able to establish public volunteer reputations in round 1, they are less concerned about

appearing ‘greedy’ and the crowding-out effect in willingness to volunteer while receiving

a monetary reward is less significant.

2.3 Theoretical Model

In this section, we present a simple theoretical model to derive comparative

statics and hypothesis to bring to data, and there may be other models that would deliver

similar comparative statics. We assume individuals maximize the following income-
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constrained utility function:

Ui = Vi[w − (1− r)d] + π × [µaSi(d)− µySi(rd)] +Hi(d) (2.1)

where Vi is the utility of direct consumption of material goods, after deducting the total

out-of-pocket (OOP) donation (1 − r)d from the individual’s income w, where d is the

donation decision and r is the rebate rate. Following the definition of Benabou and

Tirole (2006), Si is the perceived social status image (by others) from the individual’s

total donations and the rebate he/she receives. The sigh in front of µa and µy reflect the

idea that individuals would like to appear as prosocial but not ‘greedy’, with 0 < µa < 1

and 0 < µy < 1 . Individuals only gain social status utility when the probability

of making their donation public, π, is greater than zero. Hi represents individual’s

intrinsic altruistic utility, which is a function of the total donation amount d received by

the recipient.

All utility functions (Vi, Si and Hi) are twice differentiable, increasing and

concave. We further assume that the marginal impact of a $1 OOP donation on personal

consumption utility is greater than the utility gain from social status or altruism at any

level of income or donation. Formally, we assume S′ < V ′, H ′ < V ′, |S′′| < |V ′′|, and

|H ′′| < |V ′′|.

Since in private donations, π = 0, the objective function in 2.1 becomes: Ui =

Vi[w−(1−r)d]+Hi(d). Dropping the subscript i by convenience, the first order condition

becomes:
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∂U

∂d
= H ′(d∗pri)− (1− r)V ′[w − (1− r)d∗pri] = 0 (2.2)

Using implicit function theorem, we can calculate the impact of rebates on

optimal donation.

∂d

∂r private
= −

∂2Ui
∂d∂r
∂2Ui
∂d2

= − V
′ − (1− r)dV ′′

(1− r)2V ′′ +H ′′
> 0 (2.3)

Comparative Static 1: when donating privately, individual’s donation amount increases

with rebate rate.

In public donations, π = 1, the objective function in 2.1 becomes: Ui = Vi[w−

(1− r)d] + µaSi(d)− µySi(rd) +Hi(d). The first order condition becomes:

∂U

∂d
= H ′(d∗pub)− (1− r)V ′[w − (1− r)d∗pub] + µaS

′(d∗pub)− rµyS′(rd∗pub) = 0 (2.4)

Using implicit function theorem, we get:

∂d

∂r public
= −

∂2Ui
∂d∂r
∂2Ui
∂d2

= −(V ′ − µyS′)− d[(1− r)V ′′ + µyrS
′′]

(1− r)2V ′′ +H ′′ + (µa − r2µy)S′′
(2.5)

Equation 2.5 is strictly positive if µa − r2µy > 0.

Comparative Static 2: when donating publicly, if rebate is small and individu-

als value perceived altruism slightly more than perceived ‘greediness’, donation amount
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increases with rebate rate.

To study the interaction effects of rebate and donation visibility, we consider

the differences of how donation amount responds to rebate increases in private vs. public.

We calculate the following equation: ∂d
∂r public

− ∂d
∂r private

, where the comparative statics

are evaluated at the optimal donations d∗pri and d
∗
pub.

In order to arrive at a closed-form solution of the comparative statics, we

assume that the utility functions are in log-forms. That is: Vi = αlog[w − (1 − r)d],

Hi = βlog(d), µaSi = µalog(d), and µySi = µylog(rd), where α, β, µa, and µy are

between 0 and 1, and α+ β + µa − µy > 0.

Solving for the optimal donations and comparative statics in private and public,

we have:

d∗private =
w

1− r
× β

α+ β

d∗public =
w

1− r
× (β + µa − µy)
α+ β + µa − µy

∂d∗

∂r private
=

w

(1− r)2
β

α+ β

∂d∗

∂r public
=

w

(1− r)2
× (β + µa − µy)
α+ β + µa − µy

(2.6)

Then we calculate the difference in changes in donations due to a rebate increase in

public and private:

∂d∗

∂r public
− ∂d∗

∂r private
=

w

(1− r)2
× (β + µa − µy)
α+ β + µa − µy

− w

(1− r)2
β

α+ β

=
w

(1− r)2
α(µa − µy)

(α+ β + µa − µy)(α+ β)

(2.7)
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The comparative static in 2.7 is positive when µa > µy. When individuals value

perceived altruism more than perceived ‘greediness’, individuals will increase donations

more in public than in private in response to a higher rebate, and vice versa.

Comparative Static 3: When the individual’s dislike perceived ‘greediness’ more than

perceived altruism, offering a higher rebate generates less increase in donations in public

than in private.

2.4 Experiment Design

This experiment has a within-subject design with two treatment arms. First, we

use three levels of monetary Incentives. Second, we use three types of donation visibility.

Monetary Incentives:

1. No-incentive (control): no monetary reward on subjects’ donations

2. Low-incentive: a 10% rebate on subjects’ donations

3. High-incentive: a 50% rebate on subjects’ donations

Donation Visibility :

1. Private donation (control): subjects are donating anonymously to the organiza-

tion of their choice. Subjects receive the following thank-you message with their

donation and rebate information on their computer screens (only visible to the sub-

jects): ‘We want to thank subject’s name for donating $X to charity Z ! subject’s
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name received a Y% rebate (rebate in dollars) from the UCSC LEEPS Lab.’

2. Public donation: subjects are donating anonymously to the organization of their

choice. The experimenter will publicize their donation and rebate information

in the following thank-you message on the experimenter’s Facebook wall (visible

to everyone): ‘We want to thank subject’s name for donating $X to charity Z !

subject’s name received a Y% rebate (rebate in dollars) from the UCSC LEEPS

Lab.’

3. Public donation with a costly non-disclosure option: similar to public donation

without non-disclosure, subjects’ donation decisions will be public through a thank-

you message posted on the experimenter’s Facebook wall (visible to everyone).

However, we offer subjects the opportunity to not disclose the rebate they re-

ceive in their donations, for a fee of $0.2. If the subject chooses to exercise this

non-disclosure option, the thank-you message no longer reveals the rebate he/she

receives: ‘We want to thank subject’s name for donating $X to charity Z !’ This

treatment is only interacted with the 10% and 50% rebate levels.

Figure 2.1 presents three sample Facebook posts for public donations with 0%,

10% and 50% rebate. Note that if the subjects choose not to donate in any of the

decision rounds, their actions will not be visible to anyone.

We used block randomization of treatments to avoid order effects within sub-

jects. The two main levels in Donation Visibility are the blocks (i.e. public or private

donations), and within each block, the three levels of rebates are randomized, with a
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Figure 2.1: Example Facebook Post for Public Donations: subjects’ personal information
is hidden
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Table 2.1: A Sample of Treatment Permutations

Donation
Visibility Public Public Public Private Private Private

Rebate 0 0 10 0 0 10
10 10 0 10 10 0
90 90 90 90 90 90

10 (ND) 10 (ND) 10 (ND)
90 (ND) 90 (ND) 90 (ND)

Donation
Visibility Private Private Private Public Public Public

Rebate 0 0 0 0 0 0
10 90 10 10 90 10
90 10 90 90 10 90

10 (ND) 90 (ND) 10 (ND)
90 (ND) 10 (ND) 90 (ND)

This table presents a sample of block randomization on treatment combinations. Two levels
in donation visibility are blocks and rebates are randomized within blocks.

total of 72 permutations (see Table 1 for an illustration).

At the end of the experiment, subjects take a survey that collects demographic

information such as gender, age, major, their passion for the selected charity, past do-

nation frequency, Facebook use frequency etc., and their beliefs about certain levels of

monetary rewards 6.

2.4.1 Experiment Procedure

Prior to the experiment, subjects have to give authorization via email to the

LEEPS lab for a possible post on the LEEPS Lab Facebook page about their decisions
6If subjects donated a positive amount ($X) in public with 50% rebate, they are asked whether they

prefer: 1. Do not donate and have no message posted on the LEEPS Facebook Page; 2. Donate $X
with the following message posted on the LEEPS Facebook Page: ‘We want to thank subject’s name
for donating $X to charity Z ! subject’s name received a Y% rebate (rebate in dollars) from the UCSC
LEEPS Lab.’ Option 2 is consistent with their previous decisions in the experiment, while option 1 is
inconsistent. Subjects who answered inconsistently are excluded from the sample.

55



during the experiment. Only those who have given authorization will attend the ex-

periment. The experiment is conducted online. Upon arrival at the experiment’s Zoom

meeting room, subjects are assigned a random participant ID before they navigate to

the experiment session page.

Subjects start the experiment by reading general instructions.7 Then they par-

ticipate in a square counting task to earn their incomes ($10). After the counting task,

subjects are offered a list of charities that covers Covid-19 response funds, humanity

care, natural preservation research, and animal shelters (see table 2.2 for a short de-

scription and Appendix for a detailed charity list). Subjects will select one charity for

all subsequent donation decisions.

Subjects will make 8 independent donation decisions under different scenarios

(see figure 2.2 for public donation decision pages without (top panel) and with (bottom

panel) costly non-disclosure options. All rebates in the decisions are financed by the

experimenter.

The experiment will conclude with a short survey. In order to incentivize

subjects to respond truthfully during the experiment, the computer randomly chooses

one round of decision for payment realization in the end. Subjects are paid via Venmo

within 48 hours after the experiment.
7Detailed experiment instructions are included in the Appendix of the paper.
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Table 2.2: List of Charities in Experiment

Charity Name Logo Descriptions

WHO Covid-19
Response Fund

The World Health Organization
(WHO) is leading and coordinat-
ing the global effort with a range
of partners, supporting countries to
prevent, detect, and respond to the
pandemic.

UCSC
COVID-19 Slug

Support
Campaign

UCSC has created the COVID-19
Slug Support Campaign. Together,
our community can help support
students who are experiencing fi-
nancial or personal crisis because of
the infection and the drastic mea-
sures our state and country have
had to take.

UCSF
COVID-19

Response Fund

UCSF is among the top health sci-
ences universities in the world. As
the COVID-19 outbreak expands,
teams throughout UCSF’s hospi-
tals, clinics, and research labs are
actively monitoring and responding
to the evolving situation.

Santa Cruz
Homeless Garden

Project

The Homeless Garden Project pro-
vides job training, transitional em-
ployment and support services to
people who are experiencing home-
lessness. HGP’s vibrant educa-
tion and volunteer program for the
broad community blends formal,
experiential and service-learning.

Ano Nuevo
Research at

UCSC

Ano Nuevo Reserve is one of the
University of California’s 39 Nat-
ural Reserves. The close proxim-
ity of the Reserve to UC Santa
Cruz makes it a hot spot for un-
dergraduate experiential learning.
Students obtain hands-on research
experience while working on world-
class scientific research projects.

Santa Cruz
County Animal

Shelter

The Santa Cruz County Animal
Shelter is a non-profit Joint Pow-
ers Authority that provides 24-hour
animal rescue and is Santa Cruz
County’s only full service, open-
admission animal shelter. We res-
cue around 5,000 stray, unwanted,
abandoned and injured animals ev-
ery year.
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Figure 2.2: Donation Decision Page With/without costly non-disclosure option
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Table 2.3: Subject Demographic Characteristics Summary Statistics

Gender
(M=1) Age

Work
Now
(Yes=1)

Donate
Frequent
(Yes=1)

Use FB
(Daily=0)

Charity
Passion
(High=10)

Rebate
Impact
(Negative

=0)

Mean 0.37 21.46 0.4 0.53 1.24 7.76 0.50
SD 0.48 2.176 0.49 0.50 1.27 1.94 0.50

Summary statistics of subjects’ demographic characteristics with a sample size of 140.
Sample contains more females than males, with an average age of 21. 60% of the subjects are
working, and 50% donated at least once in the last year. 41.4% of subjects use Facebook at least
once a day, and 65% use Facebook at least once a week.

2.5 Experiment Results

We conducted 10 online experiment sessions with 140 undergraduate students

from University of California, Santa Cruz. Table 2.3 summarizes subjects’ demographic

characteristics collected from the experiment’s survey. We have slightly more females

than males who participated in the experiment, with an average age of 21. 60% of the

subjects are working part-time or full-time, and 50% donated at least once in the last

year. 41.4% of subjects use Facebook at least once a day, and 65% use Facebook at least

once a week.

Table 2.4 summarizes donation probability and mean donation for each treat-

ment combination. When rebate increases in private, probability of donation increases,

as well as average donation amount. When rebate increases in public, donation prob-

ability and mean also increase, but the magnitude of increase is smaller than that in

private settings. Note that when subjects choose not to donate in the experiment, their

decisions will not be posted anywhere (completely anonymous). We observe that within

the 50% rebate, 13.6% (79.3%-65.7%) more subjects choose to not donate when the re-
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Table 2.4: Summary Statistics of Donation Probability and Mean by Treatments

Donation
Visibility/Rebate 0% 10% 50%

Private 55.0% 60.7% 79.3% % Donated
3.09 3.38 5.41 Mean Donation

Public 46.4% 53.6% 65.7% % Donated
2.94 3.08 4.84 Mean Donation

Public (non-disclosure) 54.3% 70.7% % Donated
3.18 5.27 Mean Donation

Summary statistics of donation probability and mean by treatment combinations.

bate is offered in public without the non-disclosure option. The lost in the willingness to

donate under a public 50% rebate is partially recovered when we offer the non-disclosure

option to hide the rebate information in the Facebook post.

Moreover, comparing donation decisions when the non-disclosure option is of-

fered to those where this option is not available, donation distributions shifted towards

higher donations, especially under the 50% rebate (see figure 2.3).

To conduct a proper analysis of the average treatment effects of rebate and

donation visibility on donation amount, we run the following regression specification

with a Tobit model:

donationi = β0 + β1DonationV isibilityi + β2Rebatei + β3DonationV isibilityi ∗Rebatei

+β4Rebatei ∗NonDisclosurei + εi

(2.8)

where DonationV isibility = 1 if donations are made in public and 0 otherwise, and

NonDisclosure = 1 if the public donation has a costly non-disclosure option. donationi
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Figure 2.3: CDF of donations with/without costly non-disclosure (ND) option.
Subjects donate more when the non-disclosure option is present, especially when rebate is

high.

is censored at 0 and 10. Standard errors are clustered at the subject level to control for

correlations of decisions within the same subject.

As we discussed in the theoretical model, we also study whether the impact

of a public rebate is different for people who feel strongly about the negative image

impact of the rebate vs. those who think rebate may bring lots of positive impact. The

classification of the types of subjects is based on a survey question that elicited subjects’

opinions on whether receiving a rebate would make their donations appear ‘less generous’

8, we find that subjects are divided into two types. The first type (50% of subjects)

believes that publicly announcing the rebate they received makes their donations appear
8What do you think is the impact of publicly announcing the rebate you received in the Facebook

post?

1. The rebate makes my donations appear less generous

2. The rebate has an advertising effect that will attract more people to donate
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‘less generous’, while the other subjects do not associate a negative image with receiving

a rebate.

We present the Tobit regression results for all subjects, as well as for different

types of subject in table 2.5. When we investigate the treatment effects on all subjects

(column 1), we do not observe any significant crowding-out effect on donation decisions

from receiving a rebate in public. However, when we analyze the two types of subjects

separately, we find heterogeneous treatment effects of public rebates on donations.

For subjects who believe rebates make their donations appear ‘less generous’

(referred to as Type I subjects in column 2), offering a low (10%) rebate, whether in

private or in public, does not have any significant impact on their donation decisions.

However, when they receive a high rebate (50%) in private, Type I subjects significantly

increase their donations (+7.112***). When the high rebate becomes public, however,

it significantly crowds out donations (-3.712**) among these subjects.

Furthermore, when Type I subjects are offered a costly non-disclosure option

in the 50% rebate scenario, they significantly increase their donations (+2.355**), alle-

viating the crowding-out effect caused by the negative image associated with receiving

a rebate on donations. This is because a higher percentage of Type I subjects choose

to exercise the non-disclosure option instead of not donating when the rebate is high

(figure 2.4).

Column 3 of table 2.5 presents regression results for subjects who do not as-

sociate rebates with negative images (Type II subjects). Similar to Type I subjects, a

small rebate (10%) does not have any significant impacts on their donation decisions,
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Figure 2.4: Share of subjects that chose the costly non-disclosure option.
More subjects chose the non-disclosure option when the rebate is high.

public or private. When offered a high rebate in private, Type II subjects significantly

increase their donation amounts (+4.260***), and they are even willing to donate more

when the donation and rebate becomes public (+1.619**). Since Type II subjects do not

associate a negative image with rebate announcement, offering the costly non-disclosure

option does not affect their donation decisions.

We also present the same Tobit regressions using Out-of-Pocket (OOP) dona-

tion (OOP = Donation − Rebate) as the outcome variable in table 2.6. We observe

similar but smaller treatment effects (at the same significance level) from a public 50%

rebate for type I and II subjects, indicating that the crowding-out/advertising effect

of public rebate impacts not only donation amounts, but also donation net spending.

However, the increase due to a private 50% rebate is no longer significant in the OOP

donations. Without public image incentives, subjects are more inclined to keep their

net spending constant, so larger donations under higher rebates are mostly financed by
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Table 2.5: Tobit Regressions Across Subject Types on Donation Amount

All Types
Included

Type I:
Rebate
Negative
Image

Type II:
Rebate

Non-Negative
Image

Public Donation -0.836 0.0803 -1.679**
(0.593) (0.942) (0.751)

10% Rebate 0.828 1.053 0.616
(0.522) (0.990) (0.442)

50% Rebate 5.650*** 7.112*** 4.260***
(0.812) (1.458) (0.818)

Public*10% Rebate -0.0828 -1.307 1.007
(0.792) (1.430) (0.801)

Public*50% Rebate -0.980 -3.712** 1.619**
(0.912) (1.717) (0.759)

Public*10% Rebate* 0.269 0.288 0.264
Non-Disclosure Available (0.483) (0.842) (0.538)

Public*50% Rebate* 1.197** 2.355** 0.0817
Non-Disclosure Available (0.569) (0.920) (0.683)

Constant 0.684 -0.413 1.716
(0.840) (1.309) (1.107)

Observations 1,120 560 560

* p<.1, ** p<.05, ***p<.01 (robust standard errors clustered at the subject level,
displayed in parentheses)

3rd parties, not by subjects’ own pocket. This finding of constant net spending under

different rebates with private donations is consistent with the results from Davis (2006).

Thus, it is important to identify subject types when analyzing the heteroge-

neous crowding-out effect of rebates on image incentives. With ex-ante information

about subjects’ perceptions of the public rebate, we further analyze the correlation of

different observable characteristics with subjects’ types (see table ?? in Appendix for
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Table 2.6: Tobit Regressions Across Subject Types on Out-of-Pocket Donations

All Types
Included

Type I:
Rebate
Negative
Image

Type II:
Rebate

Non-Negative
Image

Public Donation -0.477 0.145 -1.054**
(0.395) (0.644) (0.468)

10% Rebate -0.204 0.0611 -0.452
(0.342) (0.617) (0.345)

50% Rebate 0.109 0.954 -0.681
(0.457) (0.725) (0.575)

Public*10% Rebate -0.119 -0.998 0.673
(0.492) (0.865) (0.510)

Public*50% Rebate -0.338 -1.675* 0.902**
(0.473) (0.871) (0.395)

Public*10% Rebate* 0.135 0.194 0.0868
Non-Disclosure Available (0.272) (0.473) (0.309)

Public*50% Rebate* 0.429** 0.909** -0.00779
Non-Disclosure Available (0.207) (0.353) (0.228)

Constant 1.917*** 1.188 2.596***
(0.571) (0.847) (0.780)

Observations 1,120 560 560

* p<.1, ** p<.05, ***p<.01 (robust standard errors clustered at the subject level,
displayed in parentheses)

correlation regression). We find that males are more correlated with the negative im-

age type, while subjects who are more passionate about the charity they chose tend to

report more advertising effect of the public rebate. When the frequency of Facebook

usage (announcement channel) decreases, subjects associate the public rebate less with

the advertising effect.

We further run Tobit regressions for males and females separately, presented
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in table 2.7. In private donations, males react more to donation rebates, especially

when rebate is high (+7.983*** vs. +4.645***). Moreover, offering a 50% rebate in

public significantly crowds out donations among males (-3.955*), but nor for females

(+0.305). However, the analysis using gender breakdown is only exploratory because

our experiment is not designed to identify gender differences in the crowding-out effect,

and we have gender imbalance (fewer males than females) in our experiment sample.

Table 2.7: Tobit Regressions Across Gender on Donation Amount

Males Females

Public Donation 0.142 -1.359**
(1.303) (0.677)

10% Rebate 1.311 0.532
(1.134) (0.590)

50% Rebate 7.983*** 4.645***
(1.870) (0.884)

Public*10% Rebate -2.304 1.012
(2.126) (0.728)

Public*50% Rebate -3.955* 0.305
(2.297) (0.925)

Public*10% Rebate* 0.972 0.0152
Non-Disclosure Available (0.950) (0.590)

Public*50% Rebate* 1.500 1.160*
Non-Disclosure Available (1.204) (0.666)

Constant -0.621 1.216
(1.831) (0.951)

Observations 416 672

* p<.1, ** p<.05, ***p<.01 (robust standard errors clustered at the
subject level, displayed in parentheses)
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2.6 Conclusion

This paper provides experimental evidence of the impact of different levels of

monetary rewards on image incentives in charitable donations. Our experiment results

show that a small reward does not impose any significant changes in donation behavior,

both in private and public. When a large reward is given in private, it significantly

increases people’s donations. When the large reward is given in public, we observe het-

erogeneous treatment effects depending on people’s perception of the monetary reward.

For those who believe the reward makes their donations appear ‘less generous’ (negative

image association), a 50% rebate significantly crowds out charitable donations made in

public. When these people are offered a costly non-disclosure option to hide the rebate

information in the announcement, the crowding-out effect is alleviated. For people who

do not associate monetary rewards with a negative image, a high rebate significantly

increases their donations made in public, and offering the non-disclosure option does not

have any impact on their donation behavior. We also find that males are more sensitive

to their public images and significantly reduce their donations when offered a high re-

ward in public, while the effects on females are non-significant. Overall, the net effect

from our sample is statistically zero.

Fundraising in public with rebate subsidies should be careful with the popula-

tion group that are sensitive to image incentives. For those groups who associate receiv-

ing rebates with negative public images, offering rebates in private can better stimulate

donations while not introducing concerns of negativity or crowding out willingness to
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donate. For future research, we should investigate which observable demographic char-

acteristics are associated with the two types of subjects we identify in our experiment,

so that charities can better target certain groups when running fundraising campaigns

with subsidies.
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Chapter 3

The Impact of Observing Peers’ Giving

Behavior: A Field Study 1

3.1 Introduction

Is people’s altruistic behavior in donations affected by peers’ giving? In the lit-

erature, there are competing theories that predict opposite effects about peer’s influence

on people’s pro-social behavior.

Many theories predict a complementary, positive effect, where individuals will

become more generous if their peers are altruistic. This hypothesis argues that peers con-

stitute ‘socially appropriate’ behavior in a given context, so if others behave in a certain

way, say donate, one will want to conform with that behavior and donate as well. That

is, this theory states that pro-social behavior is largely affected by pressure to comply

with social norms (Bernheim, 1994). On the other hand, more standard theories predict
1The third chapter is a joint work with Kristian López Vargas and Angelo Rossi
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a negative, substitution effect. In this theory, the individual utility depends mostly on

the efficient allocation of resources among the recipients (Warr, 1982; Roberts, 1984).

Therefore, people substitute away their willingness to behave pro-socially towards the

same recipient that others have already helped. Put differently, seeing more donations

from peers will crowd out an individual’s donations to the same recipient. In this the-

ory, a person can be purely or impurely ‘altruistic’, and that will determine whether the

crowding out is close to be dollar-by-dollar or less than dollar-by-dollar, respectively.

In this paper, we will shed light on the overall direction of peer influence on people’s

donation behavior, but not on the mechanism.

We study the effects of peer donations on people’s giving behavior in a field

context. We choose a donation setting that is common in the developing world: street

performers at stoplights. In many cities of the developing world, it is common to see

artists perform during the red light and then collect money from drivers before the light

turns green. In this setting, we specifically study whether observing another vehicle

donate would increase or decrease driver’s willingness to donate to the same performer.

Our field setting also contributes to the literature by bringing evidence of peer influence

in giving from the developing world.

In this context, it is viable to study peer influence in a completely observational

manner. In a large city like Lima, Perú, the set of vehicles that queue up at a red light is

mostly random and anonymous amongst themselves. Thus, this donations environment

already gives us a natural experiment. However, the natural rate of donation is rather

low (roughly 5%). For this reason, we exogenously manipulate this rate upward. We
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deploy an experiment using hired drivers to increase the frequency of donations so that

more people can be exposed to the treatment condition.

The unit of analysis in our experiment is the vehicle, and we are interested

in studying the behavior of passing-by drivers and passengers in terms of how often

and how much they donate to a street performer. The treatment variable is a binary

identifying whether each vehicle has observed a donation from another one. We do not

measure the attention points of drivers, but we construct a proxy based on whether a

donation happened within their range of sight. A vehicle X is in the range of sight of the

driver if vehicle X is positioned on the left, right, in front, or diagonally in front of the

driver. We discuss the details and present graphics of how we construct our treatment

variable in the experiment design section.

We conducted the experiment at three locations and dates on the streets of

Lima, Perú in October 2019. We collected a total of 1,041 observations (excluding drivers

we hire) and performed regression analysis to evaluate the effect of peer influence on

probability and amount of giving. Results from our study indicate a strong substitution

effect in the probability of donation and amount of donation. When drivers see other

drivers donate to the street performer, they are significantly less likely (reduced by 4%)

to donate and overall average donations are lower (reduced by 0.9 PEN) as well.

The rest of the paper is organized as follows: section 2 provides a discussion of

the related literature on peer influence in pro-social behavior. Section 3 introduces the

experiment design, treatment definition and outcomes. Section 4 presents our empirical

results. Section 5 concludes and presents a brief discussion about future research.
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3.2 Related Literature

The extent of people’s pro-social behavior is sensitive to whether they observe

their peers doing so. There are two competing theories that predict opposite effects of

peer influence on pro-social behavior. One suggests complementary peer influence where

people behave more pro-socially if their peers are altruistic. The other theory, however,

predicts an opposite substitution effect, where people substitute away their willingness

to act pro-socially towards the same recipient that others have already helped.

Most experimental evidence supports the positive peer influence prediction.

In a dictator game, Cason and Mui (1998) show that if a dictator is informed about

another dictator’s allocation they tend to behave more pro-socially over time, relative

to the control group where subjects become more self-regarding as rounds progress.

Similarly, Krupka and Weber (2009) find that subjects tend to select more equitable

allocation choices when they observe more peers behaving pro-socially in the game.

Conditional cooperation in public goods game is another example of positive

peer impacts in the lab (Falk et al. (2013), Fischbacher et al. (2001) and Fischbacher

and Gachter (2010)) and in the field where the setting resembles public goods provisions

(Chen et al. (2010) and Shang and Croson (2009)).

Evidences of positive peer influence are also shown in people’s donation de-

cisions in the field. Frey and Meier (2004) show that charitable contribution increases

when people know others donate, and the effect is strongest on people who are indifferent

about donations.
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Smith et al. (2015) suggest that online donation decisions respond to both very

large and very small historic amounts and to changes in the mode. In their study, Smith

et al. (2015) rely on the exogenous arrival time of donors to the same online fund-raising

page, which creates different observed history of past donations. They find that very

large (small) donations, twice (half) the size of the average donation, trigger similar-sized

donations. Donors use past donation distribution as a benchmark to decide appropriate

donation amounts.

One underlying mechanism behind positive peer influences is the theory of

conformity as proposed by Bernheim (1994), where individual’s utility not only depends

on consumption, but also on conforming with social norm status. In this setting, peers

constitute ‘socially appropriate’ behavior in a given context, and pro-social behavior are

largely affected by pressure to comply with social norms. Krupka and Weber (2013),

Smith et al. (2015), Krupka et al. (2017), and Reuben and Riedl (2013) show that

enforcing contribution norms (either maximum contribution or equitable contribution)

in public goods game among agents can overcome free-riding problems.

Other than conformity with social norms, equitable social distribution (Fehr

and Schmidt (1999)) might better explain the positive peer influence, especially in set-

tings where agents choose effort levels in response to wages given by a principal. In a

three-person gift exchange setting,2 the second agent observes the wage and effort level

made by the first agent before making her choices. Gachter et al. (2013) find that the

second agent’s effort choice is consistent with payoff equality. When the second agent’s
2the principal pays a wage to each agent, and agents make effort choices sequentially
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effort choice does not affect payoff equality, positive peer effects disappear.3

In the substitution peer influence theory, most arguments come from ‘pure’

and ‘impure altruism’ models. The ‘pure altruism’ model predicts complete crowding-

out when observing others’ contributions (Warr (1982) and Roberts (1984)): the indi-

vidual’s utility depends on their own consumption and the consumption of others. As

contribution of peers (mostly in the form of government transfers) to the same recipient

increases, the agents’ own contribution (in the form of private charities) would decrease

dollar by dollar.

‘Pure altruism’ and dollar-by-dollar crowding out is rare in daily observations.

Later Andreoni (1990) introduces ‘impure altruism’, which predicts a partial crowding-

out effect. Other than the altruistic characteristic as proposed by Warr (1982) and

Roberts (1984), ‘impurely altruistic’ individuals also generate utility from ‘warm-glow’

giving, thus the crowding-out from public transfer to private donations is less than 1-

by-1.

Empirical evidence that supports the crowding-out effect mostly analyzes the

substitution between government grants and private donations. Steinberg (1991) reviews

13 previous studies and concludes that the estimated crowding out effect in private

donations ranges from 0.5% to 35% per unit of government funding. Payne (1998) finds

that government grants offered to non-profit firms crowd out roughly 50% of private

donations. Payne (2001) reports evidence that federal research grants significantly crowd
3When the game provider randomly selects one agent’s choice to be realized, making the agent’s

personal choice not affecting the payoff equality in the realized state (the other agent’s pay and effort
are 0 if not selected, thus no payoff inequality exists), there exist no peer effects as predicted by the
social norm model.
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out private donations to non-research universities.

In lab experiments, Bolton and Katok (1998) find extensive but incomplete

crowding-out in dictator allocations, while Eckel et al. (2005) find that the crowding out

of private donations due to public spending is significant if public spending is framed as

taxes from individual incomes.

3.3 Experiment Design

As we have seen in the literature review, there are theoretical reasons that

predict both positive impact of others’ giving behavior (e.g., social norms), as well as

negative impact (e.g., substitution or crowding out). Most of the field experiments find

evidence of positive impact. That is, due to norms or related motivations, people regard

others’ giving and their own as complements. To our knowledge, however, there has not

been evidence of negative impact or crowding-out effects on giving in the field. With that

consideration, we choose to study the effects of peers’ donations in a field context that is

common in the developing world: street performers at stoplights. We specifically study

whether a person who observes another driver or vehicle donate before them, increases

or decreases their probability and magnitude of giving.

This is an interesting and viable context for several reasons. In a large city,

such as Lima, Perú, the set of vehicles that queue up at a red light is mostly random

and anonymous amongst themselves. This means we could study the impact of peers’

behavior in a purely observational manner. However, the rate of donation is very low in
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this natural setting (donation probability without our drivers is around 5.6%) and there-

fore very few drivers are exposed to these stimuli (observing another vehicle’s donation).

With this consideration we implement an experiment that adds artificial donations so

more drivers can be under the condition of observing others giving.

For this purpose, we hire two drivers who go in circles around few blocks and

repeatedly return to the same stoplight positioning themselves in the first row (so they

can be seen). That is, the two hired drivers on our experiment will try to park in the

first row in front of the traffic light, or as close to the traffic light as possible, in order

to facilitate the visibility of their donations. They make donations every other light.

However, it is not guaranteed that these drivers will always arrive in the front rows of

the traffic during every round, thus in rounds when our drivers were not able to arrive

at their designated spots, their were instructed not to make a donation.

We hire one performer whose task is to perform in the first 30 seconds of a one-

minute-per-light stoplight. In the last 30 seconds upon completion of the performance,

the performer will pass through vehicles to receive money with a hat. The performer

memorizes the amount of each donation and the position of the car in the red light. This

is possible due the low number of donations per light. Once the performer has passed

through all the vehicles, he/she will approach one of the hired (data-entry) observers to

report the amount of money collected from each vehicle. All donations from any drivers

including our hired drives were kept by the performer. We also guaranteed a payment

to the performer of approximately 5 USD per hour, which is approximately four times

the hourly amount of the Peruvian minimum wage.
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We also hired three data entry assistants, who positioned themselves on both

sides of the street with clip boards to register data of the characteristics of the vehicles as

well as the people inside during the performance. In order to collect the donation data,

we designed a special data entry paper form. This facilitates the information collection

and minimizes the error rates. On a piece of A4 paper, we have boxes representing the

place of each vehicle relative to the traffic light. Within each box there are relevant fields

to be filled by the observers. After collecting donations, the performer approaches one

of these data entry points and matches donation amounts into the vehicles depicted on

the paper form. A copy of the data entry form can be seen in Appendix figure C.1.

The unit of our analysis is the vehicle since the number of individuals may vary

in each vehicle and precise registration of passengers was not possible. The two outcome

variables of interest are: donation decisions (binary) and donation amount (continuous).

The treatment variable is the binary identifying whether each vehicle has ob-

served a donation from another vehicle. We do not measure the attention points of

drivers, but we construct a proxy based on whether a donation happened within their

range of sight.

For example, vehicle j is in range of sight of the vehicle i if j is positioned on

the left, right, in front or diagonally in front of i. Figure 3.1 is a graphical representation

of the definition of range of sight we use. In this Figure, vehicle i is indicated with a

star, and the vehicles in range of sight are indicated with the red lines. If for vehicle

i, any of the vehicles within these range of sight makes a donation, then the treatment

variable takes the value of one. Otherwise, it is equal to zero.
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Figure 3.1: Range of Sight: Left, Middle, Right

Other covariates include demographic characteristics of the driver: age bracket

(three categories), gender, number of passengers inside the vehicle, and the type of the

vehicle (e.g. sedan, SUV, etc.)4

3.4 Results

We conducted experiments in three days in the month of October, 2019 and

collected a total of 1,041 observations (excluding the drivers we hired). We used three

stoplights in the city of Lima, Peru. The selected streets range from two to four lanes.

Table 3.1 presents: (a) the balance table and the summary statistics of drivers’

and vehicles’ characteristics and (b) raw mean estimates of the main outcome variables

under treatment and control conditions.

As expected, we do not observe statistically significant differences in drivers’

or vehicles’ characteristics between the treatment and control groups. More specifically,

on demographic features, only a small fraction of the drivers we observe are females
4Other types of vehicles include vans, pickups, trucks, and motorcycles.

78



(18.9% in control and 23.4% in treatment). About 64% of the drivers in our sessions are

between 25 to 50 years old (estimated by our data-recorders). Regarding the vehicles,

the average number of passengers per vehicle is around 1.5 for both groups; and most of

the vehicles in the experiment are sedans (66.3% for control and 69.1% for treatment).

Panel (b) of Table 3.1 shows the summary statistics of donation probability and

donation amount (in Peruvian Sol PEN) for both control and treated vehicles (treated

vehicles observed at least one donation from another vehicle). Probability and average

donation are both statistically higher for vehicles in the control condition (did not observe

a peer donations). Probability of donation is 6.7% in the control group and 3.1% in the

treatment group, while average donation is 0.066 PEN in the control and 0.021 PEN in

the treatment.

Not reported in the table, conditional on making a donation, the average do-

nation is 0.988 PEN in the control group. In the treatment group, the average donation

is 0.667 PEN. In figure 3.2, we show the CDFs of the donations by treatment. After

observing a peer donation, the distribution of drivers’ donation decisions shift towards

more zero donations (left panel). If we further zoom in at the positive donations only, we

find that conditional on drivers donating a positive amount, the distribution of donations

shifted towards a smaller donation magnitude after observing a peer donation.

3.4.1 Regression Analysis

To properly analyze the impact of peers’ giving on people’s donation behavior,

we conducted a regression analysis. We use a Probit model to model probability of
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Table 3.1: Balance Table of Characteristics and Main Outcome Variables by Treatment

Observed A Peer Observed A Peer T-test
Donation=0 Donation=1 Difference

Variable N/[Clusters] Mean/SE N/[Clusters] Mean/SE (1)-(2)

Panel A: Characteristics

Driver: Female 750
[139]

0.189
(0.014)

291
[88]

0.234
(0.022)

-0.044

Driver Age
between 25-50 750

[139]
0.640
(0.018)

291
[88]

0.649
(0.027)

-0.009

Total Passengers 739
[139]

1.516
(0.052)

285
[88]

1.456
(0.047)

0.059

Vehicle Type:
Sedan 750

[139]
0.663
(0.017)

291
[88]

0.691
(0.031)

-0.028

Panel B: Main Outcome Variables

Donation
Probability 750

[139]
0.067
(0.010)

291
[88]

0.031
(0.012)

0.036**

Donation 750
[139]

0.066
(0.012)

291
[88]

0.021
(0.008)

0.045***

Notes: The value displayed for t-tests are the differences in the means across the groups.
Standard errors are clustered at each traffic light. ***, **, and * indicate significance at
the 1, 5, and 10 percent critical level.

Figure 3.2: CDF Density of Donations by Treatment
Left Panel (all donation decisions), Right Panel (zoom in at positive donations only)
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donation and a Tobit model to model the donation magnitude. We also include OLS

regressions on donation magnitude in the Appendix.

We use the following specification in the analysis.

donationi =β0 + β1ObservedAPeerDonationi + β2LocationDummyi

+ β3ControlV arsi + εi

(3.1)

where donationi denotes an amount in Peruvian Sol (PEN). ObservedAPeerDonationi

is 1 if another vehicle donated in the driver’s range of sight and 0 otherwise. LocationDummyi

indicate the location of the experiment, and ControlV arsi include covariates such as

the row the vehicle in the stoplight, the driver’s gender, age, vehicle type, and number

of passengers in the vehicle. Standard errors are clustered at each traffic light.

Table 3.2 shows the regression analysis results. The Probit model indicates

that vehicles whose driver or passengers observe a donation significantly decrease their

probability of donating by around 4%. As expected, we also find that if the vehicle is

positioned in the back rows (less visibility of the performer and less likely the performer

will reach these rows), drivers are significantly less likely to donate and donate less. If

the vehicle is an SUV, it is more likely to donate, arguably due to socioeconomic status.

The results for the donation amount (Tobit model) are consistent: when the

driver or passengers of a vehicle see a donation from another vehicle in their range

of sight, they significantly decreases their donations by around 0.9 PEN. Again, row

position as well as type of vehicle also explain significantly these donation amounts.

We also performed regressions where we separate our treatment variable ‘Ob-
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Table 3.2: Regression Analysis on Donation Magnitude and Probability

Probit
(Probability)

Probit with
Control Vars

Tobit
(Magnitude)

Tobit with
Control Vars

Observed A Peer
Donation -0.0357** -.0399** -0.822* -0.914**

(.0164) (.0160) (0.430) (0.427)
Location: 1 -.0110 -0.247

(.0142) (0.298)
Location: 2 .0417 0.691*

(.0264) (0.394)
Row Position: 2 -.034 -0.610*

(.0214) (0.350)
Row Position: 3 -.0407** -0.613*

(.0199) (0.327)
Row Position: 4 -.0678*** -1.591

(.0260) (1.033)
Driver: Female -.00382 -0.130

(.0177) (0.337)
Age: 25-50 .0104 -0.0564

(.0225) (0.501)
Age: 50+ .00730 -0.0556

(.0265) (0.564)
Total Passenger .00314 0.0564

(.00390) (0.0680)
Vehicle: SUV .0393* 0.737**

(.0209) (0.367)
Vehicle: Van .0227 0.329

(.0392) (0.578)
Vehicle: Pickup -10.33

(0)
Vehicle: Truck .0341 0.512

(.0614) (0.808)
Vehicle:

Motorcycle -8.817

(0)
Constant -1.501*** -1.554*** -3.176*** -2.956***

(0.0739) (0.246) (0.543) (0.515)

Observations 1,041 962 1,041 974

Probit regression coefficients are in marginal effects.
* p<.1, ** p<.05, ***p<.01 (robust standard errors clustered at each traffic light,
displayed in parentheses)
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served A Peer Donation’ into ‘Observed A Hired Driver Donation’, ‘Observed A Sedan

Donation’, ‘Observed An SUV Donation’, and ‘Observed Other Donation’. We find neg-

ative regression coefficients on all treatment variables. However, due to loss of power

(too few observations in each category after the split), we only observe significance in

the ‘Observed A Hired Driver Donation’ treatment, which has the largest number of

observations.

3.5 Conclusion

This paper provides field evidence of peer influence on people’s giving behavior.

Our experiment results show that when drivers see another vehicle donate to the street

performer in their range of sight, they are significantly less likely to donate (reduced

by 4%), and average donation amount is significantly reduced by around 0.9 PEN. The

crowding-out in the amount of donations due to observing a peer donation is rather large

and almost close to 100%.

As we have seen in the previous literature, there are theoretical reasons that

predict both positive impacts of others’ giving behavior (e.g., social norms), as well as

negative impacts (e.g., substitution or crowding-out). The majority of field experiments

find evidence of positive impacts. That is, due to norms or related motivations, people

regard others’ giving and their own as complements. To our knowledge, almost all

evidence of substitution effects come from empirical or lab studies, and there has not

been evidence of negative impacts on giving in the field.
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Our paper fills a gap in the literature by studying peer influence in the field

in a developing country. Also, to our knowledge, ours is the first study documenting

crowding-out effects in the field. There are several reasons why donation behavior in

our context could differ from other studies. First, street performers are common in the

developing world, and donating to them is rather rare in a natural setting (social norm).

Second, unlike charities in the developed world where others’ donations could serve as

signals of the impact of that cause, in our studied context, individuals can determine

the quality of the recipient’s performance and the degree of need more directly. Third,

individuals or drivers sitting in the vehicles are mostly anonymous to other vehicles, so

image motivation is low. These conditions provide a potential setting in the field that

is different from most of the donation contexts studies in previous field experiments.

Last, the time to offer money after the performance may be quite short (30 seconds).

If a vehicle offers money, there is less time for another one to do so, and the other

vehicle may decide not to donate to avoid a car accident. The caveat in the current

time constraint can be resolved in a future study where we utilize a traffic light that has

longer stop time.

In future extensions of this study, we also plan to collect additional survey

data to study more in depth the underlying mechanisms behind the substitution ef-

fects. We also plan to study how performers’ socioeconomic characteristics could affect

donation behavior differently. We plan to vary the performers’ gender, race, and income-

background appearances experimentally.
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Appendix A

Supplement to Chapter One

In this section, we report the impact of the assortative matching system on all

the outcome variables we test. The results are consistent with the ones we report in the

main text.

On the user-level, tables A.7 and A.8 report the IV regression results on game-

specific metrics and productivity metrics using all outcome variables, while tables A.9

and A.10 report the net effects analysis using the same outcome variables from our OLS

regressions.
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Table A.7: User-Level IV Regression on Game Metrics (Full Table)

(a) Predicted Payers

Revenue Gem
Spend Message Gift Weekly

Events Retention Satisfaction

Intercept -2.2** 8.5*** -1.3 -2.1 1.6 -2.3*** 0.11
(1.1) (3.1) (1.2) (1.8) (1.8) (0.62) (0.66)

TActivitypred 0.062 0.17 0.36*** 0.15* 0.26*** 0.078*** 0.033
(0.046) (0.14) (0.053) (0.078) (0.08) (0.027) (0.03)

R-squared 0.04 0.02 0.02 0.02 0.04 0.02 0.04
Observations 17965 17965 17965 17965 17965 17972 5580

(b) Predicted Non-Payers

Revenue Gem
Spend Message Gift Weekly

Events Retention Satisfaction

Intercept -2.1*** 4.6*** -2.1*** -0.97 -1.1* -2.1*** 0.98
(0.24) (1.4) (0.42) (0.66) (0.65) (0.23) (0.61)

TActivitypred -0.011 -0.22 0.12 -0.16 0.24 0.037 -0.26
(0.088) (0.51) (0.15) (0.24) (0.24) (0.085) (0.18)

R-squared 0.02 0.02 0.02 0.01 0.04 0.01 0.06
Observations 13645 13645 13645 13645 13645 13646 2465
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
User-level IV regressions include user device group controls, acquisition channel controls, weekly event controls,
and day of week controls
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Table A.8: User-Level IV Regression on Productivity Metrics (Full
Table)

(a) Predicted Payers
Time
Spent

Campaign
Starts

Campaign
Wins

Success
Rate

Intercept 6.3*** 4.7*** 4.7*** 1***
(0.77) (0.66) (0.65) (0.064)

TActivitypred 0.081** 0.093** 0.073** 0.0026
(0.038) (0.043) (0.037) (0.0052)

Campaign -0.00083***
Startsday14 (2.1e-05)
R-squared 0.015 0.026 0.027 0.42

Observations 17965 17965 17965 17965
(b) Predicted Non-Payers

Time
Spent

Campaign
Starts

Campaign
Wins

Success
Rate

Intercept 4.8*** 3.2*** 3.2*** 0.98***
(0.44) (0.43) (0.41) (0.05)

TActivitypred -0.073 -0.067 -0.089 -0.003
(0.13) (0.14) (0.13) (0.019)

Campaign -0.00088***
Startsday14 (2.5e-05)
R-squared 0.027 0.038 0.042 0.28

Observations 13645 13645 13645 13645
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
User-level IV regressions include user device group controls, acqui-
sition channel controls, weekly event controls, and day of week con-
trols
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Table A.9: User-Level Net Effects on Game-Specific Metrics (Full Table)

Revenue Gem
Spend Message Gift Weekly

Events Retention Satisfaction

Intercept -1.9*** 5.3*** -1.7*** -0.87 -0.024 -2*** 0.84**
(0.33) (1.2) (0.42) (0.63) (0.64) (0.22) (0.41)

SystemON(1) 0.025 0.067 0.25*** 0.086** 0.18*** 0.046*** 0.0059
(0.023) (0.082) (0.029) (0.043) (0.044) (0.015) (0.021)

NonPayer(1) -0.24*** -0.62*** -0.2*** -0.38*** -0.35*** -0.056*** -0.13***
(0.023) (0.08) (0.028) (0.043) (0.043) (0.015) (0.027)

ON∗ 0.0045 -0.032 -0.24*** -0.091* -0.14*** -0.025 -0.0061
NonPayer (0.028) (0.1) (0.035) (0.053) (0.054) (0.019) (0.035)
R-squared 0.046 0.023 0.028 0.033 0.055 0.022 0.038

Observations 31610 31610 31610 31610 31610 31618 8045
Net Effects
T-Test 0.019 0.038 0.1*** 0.033 0.086*** 0.025*** 0.0023

(0.014) (0.049) (0.017) (0.026) (0.026) (0.0091) (0.013)
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
User-level net effect regressions include user device group controls, acquisition channel controls, weekly event
controls, and day of week controls
T-test hypothesis: 0.7 ∗ SystemOn+ 0.3 ∗ (ON ∗NonPayer) = 0
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Table A.10: User-Level Net Effects on Productivity Metrics (Full
Table)

Time
Spent

Campaign
Starts

Campaign
Wins

Success
Rate

Intercept 5.2*** 3.6*** 3.5*** 0.98***
(0.38) (0.37) (0.36) (0.041)

SystemON 0.044* 0.057** 0.041* -0.0005
(0.023) (0.025) (0.022) (0.0031)

NonPayer -0.16*** -0.19*** -0.18*** -0.012***
(0.021) (0.023) (0.021) (0.0028)

ON ∗
NonPayer

-0.038 -0.058** -0.045* 0.0024

(0.027) (0.029) (0.026) (0.0038)
Campaign -0.00084***
Startsday14 (1.7e-05)
R-squared 0.024 0.045 0.048 0.37

Observations 31610 31610 31610 31610
Net Effects
T-Test 0.019 0.022 0.015*** 0.0004

(0.013) (0.015) (0.013) (0.839)
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
User-level net effect regressions include user device group controls,
acquisition channel controls, weekly event controls, and day of week
controls
T-test hypothesis: 0.7 ∗ SystemOn+ 0.3 ∗ (ON ∗NonPayer) = 0

On the team-level, tables A.11 and A.12 report the impact of the assortative

matching system on the team average engagement and productivity of all team mem-

bers, while tables A.13 and A.14 record those effects using existing team members only.

Finally, tables A.15 and A.16 contain the overall net effects of the matching system on

the team-level.
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Table A.11: Team-Level Analysis on Game-Specific Metrics (Av-
erage of All Team Members: Full Table)

Revenue Weekly
Event Message Gift

Intercept 0.77*** 4.1*** 0.93*** 1.3***
(0.16) (0.16) (0.12) (0.13)

TLowActive -1.7*** -0.59*** -2*** -0.9***
(0.12) (0.092) (0.096) (0.082)

ln(NPayer) 0.19*** 0.1*** 0.088*** 0.073***
(0.034) (0.029) (0.03) (0.025)

ln(NPayer)∗ -0.089** -0.15*** -0.071** -0.038
TLowActive (0.039) (0.037) (0.032) (0.031)

NNewJoins -0.033*** -0.018*** -0.013*** -0.013***
(0.003) (0.0027) (0.0023) (0.0025)

Team
Controls X X X X

R-squared 0.52 0.31 0.68 0.4
Observations 4635 4635 4635 4635
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative
campaign starts, messaging, gifts, revenue, and age and size the day
before the experiment
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Table A.12: Team-Level Analysis on Productivity Metrics (Aver-
age of All Team Members: Full Table)

Time
Spent

Campaign
Starts

Campaign
Wins

Success
Rate

Intercept 5.5*** 4.4*** 4.3*** 0.78***
(0.16) (0.15) (0.15) (0.018)

TLowActive -0.64*** -0.63*** -0.63*** -0.002
(0.087) (0.085) (0.084) (0.0094)

ln(NPayer) 0.013 0.044* 0.04 -0.0012
(0.027) (0.026) (0.026) (0.0027)

ln(NPayer)∗ 0.0096 -0.045 -0.046 0.0054
TLowActive (0.038) (0.035) (0.035) (0.0039)

NNewJoins -0.0028 -0.01*** -0.01*** 0.00017
(0.0024) (0.0023) (0.0023) (0.00026)

Team
Controls X X X X

R-squared 0.23 0.29 0.29 0.044
Observations 4635 4635 4635 4635
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative
campaign starts, messaging, gifts, revenue, and age and size the day
before the experiment
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Table A.13: Team-Level Analysis on Game-Specific Metrics (Av-
erage of Existing Team Members: Full Table)

Revenue Weekly
Event Message Gift

Intercept 0.67*** 4.1*** 0.92*** 1.3***
(0.16) (0.18) (0.13) (0.15)

TLowActive -1.7*** -0.56*** -2*** -0.83***
(0.12) (0.098) (0.1) (0.091)

ln(NPayer) 0.24*** 0.12*** 0.15*** 0.15***
(0.037) (0.032) (0.032) (0.03)

ln(NPayer)∗ -0.18*** -0.15*** -0.13*** -0.13***
TLowActive (0.041) (0.04) (0.034) (0.035)

NNewJoins -0.03*** -0.01*** -0.011*** -0.014***
(0.0033) (0.0032) (0.0026) (0.0031)

TeamControls X X X X
R-squared 0.51 0.27 0.66 0.37

Observations 4635 4635 4635 4635
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative
campaign starts, messaging, gifts, revenue, and age and size the day
before the experiment
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Table A.14: Team-Level Analysis on Productivity Metrics (Aver-
age of Existing Team Members: Full Table)

Time
Spent

Campaign
Starts

Campaign
Wins

Success
Rate

Intercept 5.4*** 4.3*** 4.2*** 0.77***
(0.17) (0.17) (0.17) (0.02)

TLowActive -0.6*** -0.58*** -0.58*** -0.0019
(0.091) (0.092) (0.091) (0.0098)

ln(NPayer) 0.058** 0.082*** 0.082*** 0.0029
(0.03) (0.029) (0.029) (0.0031)

ln(NPayer)∗ -0.041 -0.087** -0.091** 0.0017
TLowActive (0.039) (0.038) (0.038) (0.0042)

NNewJoins -0.001 -0.0059** -0.0063** -0.00012
(0.0028) (0.0028) (0.0028) (0.00031)

Team
Controls X X X X

R-squared 0.23 0.26 0.27 0.046
Observations 4635 4635 4635 4635
* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative
campaign starts, messaging, gifts, revenue, and age and size the day
before the experiment
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Table A.15: Team-Level Net Effects Analysis on Game-Specific Metrics
(All Team Members: Full Table)

Revenue Weekly
Event Message Gift

Intercept 2.3*** 5.8*** 2.4*** 2.9***
(0.2) (0.19) (0.16) (0.17)

TLowActive -3.1*** -1.5*** -3.2*** -1.9***
(0.15) (0.11) (0.12) (0.11)

NPayer∗ 0.022*** 0.01** 0.018*** 0.015***
THighActive (0.0052) (0.0041) (0.0044) (0.0039)
NPayer∗ 0.079*** 0.0045 0.03*** 0.055***
TLowActive (0.016) (0.013) (0.012) (0.012)

NNonPayer∗ -0.095*** -0.028*** -0.04*** -0.046***
THighActive (0.017) (0.01) (0.012) (0.01)

NNonPayer∗ 0.026 0.022* 0.031** 0.041***
TLowActive (0.018) (0.012) (0.013) (0.012)

TeamControls X X X X
R-squared 0.58 0.45 0.68 0.52

Observations 4635 4635 4635 4635
Net Effect T-Test 0.0081** 0.0059* 0.0076** 0.0045

(0.004) (0.003) (0.003) (0.003)

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative cam-
paign starts, messaging, gifts, revenue, and age and size the day before
the experiment
T-test hypothesis: 0.7 ∗ 0.7 ∗ (0.8 ∗NPayer ∗ THighActive − 0.2 ∗NPayer ∗
TLowActive)+∗0.3∗0.3∗(0.2∗NNonPayer∗TLowActive−0.8∗NNonPayer∗
THighActive)
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Table A.16: Team-Level Net Effects Analysis on Productivity Metrics (All
Team Members: Full Table)

Time
Spent

Campaign
Starts

Campaign
Wins

Success
Rate

Intercept 7.2*** 6.1*** 6*** 0.78***
(0.18) (0.17) (0.17) (0.017)

TLowActive -1.6*** -1.5*** -1.5*** -0.011
(0.11) (0.11) (0.1) (0.0086)

NPayer∗ 0.011*** 0.01** 0.0096** 1.2e-05
THighActive (0.0041) (0.0039) (0.0039) (0.00025)
NPayer∗ 0.043*** 0.029** 0.028** 0.0018*
TLowActive (0.013) (0.012) (0.012) (0.001)

NNonPayer∗ -0.013 -0.023** -0.023** -0.0016 ***
THighActive (0.0094) (0.0096) (0.0096) (0.00056)

NNonPayer∗ 0.028*** 0.029*** 0.029*** 0.002***
TLowActive (0.011) (0.011) (0.011) (0.0007)
Campaign 4.3e-06***
Startsday14 (8.6e-07)

TeamControls X X X X
R-squared 0.42 0.45 0.45 0.045

Observations 4635 4635 4635 4635
Net Effect T-Test 0.0016 0.0033 0.0032 -2.437e-05

(0.003) (0.003) (0.003) (0.000)

* p<.1, ** p<.05, ***p<.01 (standard errors in parentheses)
Team control variables include pre-experiment 14-day cumulative campaign
starts, messaging, gifts, revenue, and age and size the day before the exper-
iment
T-test hypothesis: 0.7 ∗ 0.7 ∗ (0.8 ∗ NPayer ∗ THighActive − 0.2 ∗ NPayer ∗
TLowActive)+∗0.3∗0.3∗(0.2∗NNonPayer∗TLowActive−0.8∗NNonPayer∗
THighActive)
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Appendix B

Supplement to Chapter Two

Table B.1 presents the probit regression of correlations between demographic

characteristics and subjects’ perception of public rebate.

B.1 Experiment Instructions

You are now taking part in an economics experiment, funded by the UCSC

LEEPS Lab. This is a short experiment, please take your time to carefully read the

instructions before making your decisions. By participating in this session, you will earn

a $4 participation fee. During the experiment, depending on your decisions, you might

receive additional payoffs. Immediately after the experiment, your total earnings will be

paid to you via Venmo.

During the experiment, communication between participants will not be al-

lowed. If you have questions, please send the experimenter a private Zoom message.
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Table B.1: Correlations of demographic characteristics to
subject types

0 (Negative Image);
1 (Non-Negative Image)

Gender: Male -0.334***
(0.0844)

Gender: Other -0.287
(0.233)

Age -0.0299
(0.0194)

Charity Passion 0.0819***
(0.0199)

Donate in Last Year -0.0305
(0.0794)

Work: Part-time 0.341***
(0.0874)

Work: Full-time 0.209
(0.150)

FB use: once a week -0.528***
(0.105)

FB use: once a month -0.130
(0.184)

FB use: rarely -0.0978
(0.0969)

Constant 0.188
(0.477)

Observations 1,120

* p<.1, ** p<.05, ***p<.01 (robust standard errors in paren-
theses)

B.1.1 Specific Instructions

1. You will participate in a square counting task to earn your income.

2. You will choose a charity of your preference from a list of six charities.

3. You will make eight (8) consecutive donation decisions.
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• In each decision, you will have the opportunity to donate part of your income

to the charity of your choice. That is, your task is to decide how to allocate

your income between the charity and your personal account.

• Each of the eight decisions will occur under different rules. Before each deci-

sion, you will be informed of the rules that apply to that particular decision.

• Some donations will be public (your name and donation will be posted on the

LEEPS Facebook Page and will be visible to everyone). Some donations will

be private (your name and donation will not be posted/shared anywhere, not

even the charity).

• Some donations will receive a rebate (you get money back) from the LEEPS

Lab.

• Some donations will not receive any rebate. The rebate information may be

public or private, depending on your donation visibility.

• At the beginning of each decision, you will always have your original balance

of participation fee + task income in your cash account. All eight decisions

are independent, so your money and donation from one decision will NOT

impact or transfer to the next.

After all your 8 decisions, the computer will randomly choose one decision and implement

it. That is, the donation amount you indicated in the chosen decision will be placed,

and you will receive the remaining amount.

Donations are real. The LEEPS Lab will add up all participants’ donations and
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make one donation to each charity. We will not mention individual names to charities

when making the donations, but we will email you a receipt afterwards.

Please note that the rebate offered by LEEPS will NOT apply to donations

outside of this experiment.

B.1.2 List of Charities with Detailed Descriptions

Figures B.1 and B.2 show the list of charities presented to subjects during the

experiment.
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Figure B.1: List of Charities1
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Figure B.2: List of Charities2
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Appendix C

Supplement to Chapter Three

Table C.1 presents OLS regression results of the model specified in equation

3.1.

Figure C.1 displays the data-recording booklet we used during the experiment

for a three-lane street. Each vehicle is represented by a box, where the data-recorder

fills in the demographic characteristics as well as donations received according to the

position of each vehicle.
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Table C.1: OLS Regression on Donation Magnitude

OLS (Donation
Magnitude)

OLS with Control
Vars

Observed A Peer
Donation -0.0452*** -0.0413***

(0.0156) (0.0147)
Location: 1 -0.0165

(0.0152)
Location: 2 0.0579

(0.0434)
Row Position: 2 -0.0453**

(0.0179)
Row Position: 3 -0.0255

(0.0265)
Row Position: 4 -0.104*

(0.0534)
Driver: Female -0.0189

(0.0231)
Age: 25-50 -0.0488

(0.0627)
Age: 50+ -0.0408

(0.0657)
Total Passenger 0.00508

(0.00679)
Vehicle: SUV 0.0644*

(0.0355)
Vehicle: Van 0.00954

(0.0326)
Vehicle: Pickup -0.0721***

(0.0231)
Vehicle: Truck 0.0248

(0.0456)
Vehicle: Motorcycle -0.0111

(0.0203)
Constant 0.0659*** 0.106**

(0.0121) (0.0528)
Observations 1,041 974
R-squared 0.005 0.028

* p<.1, ** p<.05, ***p<.01 (robust standard errors clustered at each
traffic light, displayed in parentheses)
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Figure C.1: The data recording booklet we used in our experiment
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