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ABSTRACT OF THE DISSERTATION

Essays on Platform Design Choices for Reward Systems and Tipping

in Online Communities

by

Mahsa Paridar
Doctor of Philosophy in Management
University of California, Los Angeles, 2025
Professor Elisabeth Honka, Co-Chair

Professor Mina Ameri, Co-Chair

Online platforms depend heavily on sustained user engagement and high-quality content
to generate revenue through advertising impressions and by receiving a portion of tips, where
users financially reward content creators directly, providing platforms with an additional rev-
enue stream. To achieve these goals, platform owners implement strategic mechanisms that
incentivize continuous participation and content production. Two crucial mechanisms in
this regard are peer-driven financial support (tipping) and platform-driven incentive sys-
tems, both significantly impacting user behavior, content quality, and platform profitability.
Understanding these mechanisms is essential for platform owners to optimize engagement
strategies, maximize advertising revenue, and effectively leverage direct financial interactions.

In the first essay, I examine tipping behavior and develop a model wherein users determine
tip amounts based on their beliefs about an evolving tipping norm, as well as content quality,
personal characteristics, and contextual factors. These beliefs are derived from two primary

signals: the tips that I receive directly and those I observe others giving to similar content.

i



A novel aspect of my model allows for the correlation of these signals within a type, across
different types, and over time. Through Bayesian updating, users assimilate these signals
into their perception of the prevailing tipping norm. My findings reveal that both signals
significantly influence user behavior, with tips received playing a more decisive role. I further
show that tip amounts are primarily driven by the inferred tipping norm, followed by the
quality of the content and individual user characteristics. Prediction exercises suggest that
strategic information disclosure on the platform can significantly influence tipping behavior
even in later stages.

In the second essay, I quantify the effects of peer and platform rewards on the quantity and
quality of user-generated content. My analysis indicates that monetary rewards from peers,
such as tips, robustly increase the frequency and length of user posts, while monetary rewards
from the platform promote longer submissions at the cost of posting frequency. Moreover,
although individual non-monetary rewards (likes) exert a modest influence, their cumulative
volume markedly enhances content production. I also find that non-monetary platform
rewards (badges) exhibit a nonlinear effect, with content generation declining upon reaching
a milestone and subsequently rising as users approach the next target. These findings offer
valuable guidance for designing effective reward systems that encmy age desired sustainable

user engagement.
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Chapter 1

Online Tipping under an Evolving

Social Norm

1.1 Introduction

Many social platforms have launched tipping features on their websites in recent years. For
instance, YouTube announced the “Super Thanks” feature in July 2021, TikTok launched
“Tip Jar” in October 2021, and Instagram introduced “Gifts” for Reels in November 2022.
The introduction of a tipping feature highlights the growing recognition of the importance
of financial support from peers in sustaining the efforts of content creators. An immediate
question that a platform faces when launching such a new feature is how to design the
tipping environment on the platform. Should the platform publicly display who tipped
which amount to a piece of content? Or should it keep such information private? Or should
the platform reveal some but not all information, e.g., by showing the average tip amount?
In this paper, I examine the effects of different tipping information disclosure strategies on
total tip amounts, the number of tippers, and other tipping-related outcomes and discuss

their implications for platform design.

1Other platforms such as Twitter, Clubhouse, and Twitch have also introduced tipping features, reflecting
a broader trend towards enabling direct financial support for content creators within online communities.



Tipping decisions are generally driven by multiple factors (e.g., gratitude, generosity,
quality, etc.). Ome important driver of tipping decisions are social norms (Akerlofl |1980;
Bernheim| 1994; |Azar|2004)). Social norms are the widespread convergence or the unplanned,
unexpected result of individuals’ interactions that determine what is/is not acceptable in
a group or community (Muldoon et al.|2013)). These norms are important as they provide
order, predictability, and harmony in any social group by creating an expected idea of how
one should behave (Young|[1993)). In the context of online tipping, where there is relatively
little precedence, these norms are emergent properties, arising from individuals’ actions and
decisions. While the effects of quality and (established) social norms on tipping behavior
have been documented (Azar 2007, 2020)), there is a lack of empirical research investigating
how an ewvolving social norm impacts users’ tipping and how individuals’ tipping decisions
influence the development of a social norm. Examining the new practice of online tipping
and the factors impacting it provides insights into how norms form and evolve in digital
communities.

Social norms typically develop through repeated interactions and learning (Young|1993)).
In the context of online tipping, users “interact” by producing and consuming content and
“learn” by observing others’ tipping decisions. Because social platforms govern which infor-
mation users can see about others’ tips, e.g., who tipped what, when, and how much, they
can influence the evolvement of a tipping norm. Using prediction exercises, [ first investigate
how different information provision strategies affect the development of a tipping norm and
users’ tipping decisions. I then examine how “sticky” a tipping norm is, i.e., can social plat-
forms still significantly change a tipping norm and users’ tipping decisions in later stages?
Or is a platform forever “stuck” with the tipping norm that arose based on the platform’s
initial information disclosure decisions?

I use data from an online board game platform called BoardGameGeek.com (BGG). BGG

is a special interest online community where individuals who are interested in board games



can learn about them and interact with other board game fans.? More importantly, because
users provide all the content on this platform, they can act as content creators, generating
valuable information and reviews about board games as well as entertaining content.®> The
platform also has its own currency, and starting May 13th, 2005 allowed users to tip content
creators using this currency. BGG is an ideal environment to study online tipping because
all users’ interactions and tipping behaviors, especially after the tipping feature was first
introduced, are observable. I study users’ decisions for 22 months following the introduction
of tipping. During this time, users who gave tips, on average, gave 5.73 tips and users who
received tips, on average, received 15.60 tips annually. My data show that the standard
deviation of tip amounts decreased over time, suggesting that users tipped more similar
amounts as time progressed.

In my model, social norms are incorporated as users’ perceptions of the tipping norm,
which are continuously updated via Bayesian updating. These perceptions are driven by
signals from two smy ces: users’ self-experience of tips they received (Young |2015) and
observed tipping behavior in the BGG community (Schuster, Kubacki, and Rundle-Thiele
2016)). A new feature of the model is that I allow the signals to be correlated when deriving
the posterior distribution. More specifically, signals can be correlated within a smy ce and a
time period, across smy ces and within a time period, and across time. The perceived norm,
along with characteristics of the focal content and a user’s personal tendency to tip, govern
the user’s tip decision.* The model is estimated using a Tobit framework.

My results show that users learn about the current tipping norm through both their own

self-experience of receiving tips and observed tipping behavior on the platform. On a per-tip

2Consumers increasingly prefer special interest online communities over (general) social media, e.g., there
are over 2.2 million subreddits and more than 10 million Facebook groups (https://www.amity.co/blog/40-
statistics-you-should-know-about-online-communities). The number of members in special interest online
communities has increased by 81% since 2019. Examples of other prominent special interest online commu-
nities are goodreads.com, cyclechat.net or soundcloud.com.

3In terms of the ratio of content consumers create and consume, BGG is similar to other online forums
such as reddit.com, stackoverflow.com or stackexchange.com.

4While reciprocity has been shown to be another driver of tipping decisions, my data does not suggest
that reciprocity plays a role in this empirical context (see Section for a detailed discussion).



basis, users find the tips they receive themselves to be more informative than tips observed
in the community in shaping their perception of the tipping norm. However, because of the
much larger number of tips users observe in the community than receive themselves, the
total effect of tips observed in the community on the perceived norm is larger than the total
effects of tips received. Furthermore, I separate the portions of the utility that come from
content quality, individuals’ beliefs about the norm, and individual characteristics (via user
fixed effects). I show that users’ beliefs about the norm, on average, represents 67% of a tip
given on the platform followed by content quality and individual characteristics with 28%
and 5%, respectively.

Next, I examine how information disclosure affects users’ tipping behavior. I do so by
implementing three prediction scenarios: in the first one, users update their perception
about the tipping norm only based on personal experience, i.e., they cannot see the tips
given in the broader community; in the second one, users update their perceptions about
the tipping norm only based on the tips given in the broader community, i.e., they cannot
see the tips they receive; and in the third one, users update their perception about the
tipping norm based on complete information about tips received personally, but only partial
information about tips in the broader community, i.e., they observe the average tip given by
the broader community. My results show that information disclosure (visibility) of personal
signals has little impact on tipping behavior, but information disclosure of community signals
significantly affects users’ tipping decisions. When tips in the broader community are not
visible, users tip smaller amounts but much more often, increasing the total tip amount by
39%. These findings suggest that platforms can strategically manage tip visibility to increase
overall tipping activity. However, signal invisibility also leads to larger uncertainty about
the tipping norm, highlighting the multifaceted effects of different information disclosure
strategies.

And lastly, I study how sticky the perceived tipping norm and tipping behavior are. I do

so by comparing outcomes between the same three information disclosure scenarios discussed



in the previous paragraph but introduced in the second half of the study period only and the
scenario when users observe all signals throughout the whole study period, my main model.
My predictions show that the perceived tipping norm and tipping behavior are quite sticky
even in the medium-run, i.e., nine months after the change in information disclosure. This
is especially the case for aspects of tipping that speak to the breadth of this behavior: the
number of unique tippers, the number of unique tippees, and the number of unique tipped
content. For example, if a platform removes the visibility of community signals after the
first half of the study period, the number of unique tippers, the number of unique tippees,
and the number of unique tipped content are smaller by —5.12%, —22.01%, and —14.59%,
respectively, even a year after the change compared to a scenario where community signals
were never visible.

The contribution of this paper is two-fold. First, I add to managers’ and academics’
understanding of the impact of different information disclosure strategies on the perceived
tipping norm and users’ tipping decisions. This is particularly relevant since digital platforms
often adopt varied approaches to the visibility of such tip incidences. At one end of the
spectrum, platforms such as Twitch or YouTube make tipping visible and salient on users’
screens. On the other end of the spectrum, platforms such as Patreon or Cameo keep
monetary contributions private between the supporter and the content creator. This study
empirically evaluates the impact of these and other information disclosure strategies on
tipping decisions.

Second, I show how a tipping norm as a collective of individual decisions evolves over time
and how it affects individuals’ tipping behavior. By investigating the impact of perceived
norms along with content quality while controlling for users’ intrinsic motivation, I shed light
on how users decide to tip. I further show that, while users learn from self-experience and
observing others’ actions, these two smy ces of information play different roles in shaping
users’ beliefs about the norm. By examining how these factors interplay in shaping individ-

ual tipping behaviors, I provide more insight into the evolution of tipping norms in online



communities, where norms are emerging and evolving.

The remainder of this paper is organized as follows: In the next section, I review the
relevant literature. In Section 2.3 T describe my data. I present my model in Section
and discuss the results in Section [2.5 In the following section, I perform prediction exercises

and conclude in section 2.8

1.2 Relevant Literature

In this section, I review three streams of literature on tipping, social norms, and special
interest communities and delineate the positioning of my research in relation to the findings

from the extant literature.

1.2.1 Tipping

Previous literature has found three main reasons as to why people tip offline: (i) as an
incentive /reward for higher-quality service (Azar(2007;|Lynn and Sturman(2010)), (ii) because
of psychological reasons, e.g., gratitude, social reputation (Conlin, Lynn, and O’Donoghue
2003; Lynn|2014)), and (iii) to adhere to social norms (Azar|2010). Furthermore, previous
research has also found that default options affect people’s tipping decisions (e.g., Haggag
and Paci|2014; Everett et al.[2015).

Few papers have investigated digital tipping. Using data from a field experiment on Uber,
Chandar et al| (2019) find that tipper characteristics explain much more of the observed
variation in tipping than tippee characteristics. Similarly, in the context of an online freelance
marketplace, Kim, Amir, and Wilbur| (2023)) show that tipping decisions are largely driven
by tipper characteristics, such as geography and satisfaction. The authors demonstrate that
an injunctive norm message significantly increases tipping rates among new buyers, while
reciprocity-related messages have no significant impact. |Lu et al.| (2021) investigate the

relationship between audience size and tip revenue of live streamers. They find that a larger



audience amplifies social image benefits, thereby increasing both the number of viewers and
the revenue from tips for live streamers.

Similar to the before mentioned three papers, I also study digital tipping. However, I
develop a micro-founded model that incorporates the main drivers of online tipping decisions
and quantifies their influence. Further, my model allows for the development of a social norm

related to tipping and for users to be affected by it.

1.2.2 Social Norms

Social norms are the unwritten codes and informal understandings that define what others
expect of us and what I expect of others (Young 2015), as well as the unplanned result of
individuals’ interactions that determine what is/is not acceptable in a group or community
(Bicchieri, Muldoon, and Sontuoso| [2011)). Three aspects are important in the evolution
of social norms: (i) they are the result of repeated interactions, (ii) they evolve through
learning, and (iii) they underpin social order (Young(1993)).

There is a vast amount of literature in different fields, such as marketing, economics,
psychology, health, and the environment, investigating the effects of social norms on be-
havior. In marketing, researchers have examined how social norms influence different types
of consumer behavior, e.g., the reuse of hotel towels (Goldstein, Cialdini, and Griskevicius
2008, |Chen et al[2010)), loyalty (Lee, Murphy, and Neale 2009)), and responses to new prod-
ucts (Homburg, Wieseke, and Kuehnl/|2010).°> One of the few papers studying the effects
of social norms online is [Burtch et al| (2018)). The authors run an experiment to infer the
effects of financial incentives and social norms on online reviews. Burtch et al. (2018) find
that monetary rewards increase the number of reviews, while social norms increase reviews’
length, and combining the two yields the greatest benefit.

While researchers have studied the effects of social norms, few papers have investigated

how social norms evolve. The papers that have studied social norm development mostly

5See Melnyk, Carrillat, and Melnyk| (2022) for a meta-analysis of the effects of social norms on consumer
behavior.



use a game-theoretic or computational approach (e.g., [Young |1993; [Sen and Airiau| 2007}
Epstein [2001). To the best of my knowledge, there are only two papers that have studied
aspects of social norm development empirically. |Garrod and Doherty| (1993) analyze the
effects of interacting with peers as opposed to isolated individuals on the speed of social
norm development. |Schuster, Kubacki, and Rundle-Thiele| (2016) show that increasing the
visibility of a target behavior can change the perceived social norm related to the behavior.

My paper belongs to the small group of papers studying social norm development empir-
ically. In contrast to the two previously mentioned papers, I explicitly model the perceived
social norm at each point in time, how individuals’ actions affect it, and how it affects

individuals’ actions.

1.2.3 Special Interest Communities

Lastly, my paper is also related to the literature on special interest communities. Previous
research has investigated different aspects of online communities. For example, |Hendricks
and Sorensen| (2009) study an online music market and find that releasing a new album causes
a substantial and permanent increase in the sales of the artist’s old albums. Zhang and Godes
(2018a) study Goodreads.com and show that with sufficient experience, having more ties
leads to better decision-making. Nevskaya and Albuquerque| (2019) use data from a massive
online video game platform. They find that improving reward schedules and imposing time
limits leads to shorter usage sessions among players and longer product subscriptions. And
lastly, |Ameri, Honka, and Xie (2023al) study how strangers become friends on an anime
platform. To the best of my knowledge, no empirical study has investigated the board game

industry.



1.3 Data

My data come from Boardgamegeek.com, an online community revolving around board
games. It was established in 2000 and has become the largest online database for board
games as well as the largest online community for board game fans with over 3 million users

worldwide in 2024. Figure [B-1| shows the number of users joining BGG over time.

Number of Users Joining
10000 15000 20000
Il 1 1

5000
1

2000 2005 2010 2015 2020
Join Dates

Figure 1.1: Number of Users Joining BGG Over Time

Users create all content on BGG. They provide detailed information about new and
existing games via reviews, upload files and images, create their favorite board game lists
(“Geeklist”), and also engage in a variety of conversations with other users in the discussion
forum.

BGG utilizes a platform-specific virtual currency called GeekGold (GG) for all monetary
transactions. GG cannot be directly bought GG from the platform.® Users can earn 1 - 5

GG as compensation for writing a review or starting a new discussion thread. Users can

5The platform rewards users who donate money to BGG by giving them GG. Some users may also buy
GG from other users privately. However, neither donations nor GG purchases are common.



also earn GG in the form of tips from other users for the content they create. Users can tip
any amount they want. Aside from tipping, users can use their GG to buy virtual cosmetic
items for their profile page or to buy board games from peers. Users can also use their GG
to participate in special events, such as lotteries, to win board games.

As is common in most online communities, users can react to the content produced by
others not only by tipping but also by giving “likes.” Figure shows a post for which the
content creator received both likes and tips from other users. Users can see who tipped and
the amount of each tip by clicking on the cent icon and who liked the content by clicking on

the thumbs-up icon.

Box of Delights %,  Designer @ricky2002 - Nov 28, 2021 (edited)
m If anyone would like to playtest some solo rules, I've been developing them here:
* @A
Hicdy https://www.boxofdelights.net/brianboru
You don't need anything other than a copy of the game (and time to enjoy the game solol)

Ricky.

EDIT: Give it a try and leave questions, feedback and comments, and let us know how you get on with each of Easy, Normal or Hard modes.

Figure 1.2: Example of a Post for Which the Creator Received Tips and Likes

1.3.1 Data Collection, Cleaning, (Re)Construction

BGG introduced tipping on May 13th, 2005. At that point in time, BGG had about 80,000
users. I study tipping behavior on BGG during the next 22 months (“study period”)” and
focus on users who tipped at least once during the study period. This gives us 1,785 users
with 6,672 tipping incidences.® I drop 109 tip incidences with tip amounts of more than 20

GG.

7On March 27th, 2007, BGG added suggested default tip amounts.
8My sample also includes users who joined after March 13th, 2005, as long as they tipped at least once
before March 27th, 2007.

10



For my sample of users, I collected all the content they created, all tips they gave, and
information on other spending activities such as purchasing symbolic badges. Furthermore,
I tracked all user activities that left a digital footprint on the platform, e.g., liking content,
participating in a lottery, adding to board game collections, etc.

Two limitations of my data are that I do not observe user logins and the content users
viewed on the platform. Since this information is not available, the following data patterns
motivate and support assumptions I make: In 100% of the tipping incidences, users also
engaged in at least one other activity on the platform e.g., linking content, buying a badge etc.
Therefore, I focus on days on which users engaged in at least one other activity. Additionally,
in 95% of the tipping incidences, users had a non-monetary reaction (like, comment, or reply)
to the content they tipped. Hence, I focus on content for which users had a non-monetary
reaction.

In my data, I observe that users typically tip on the same day or on days following a
non-monetary reaction. Therefore, I model users’ tipping decisions for content on a daily
basis for up to 30 days following the non-monetary reaction (depending on the UGC type).?

These last two steps result in a sample of 1,785 users who engaged in 6,672 tipping inci-

dences during the study period. My panel contains 3.9 million user-content-day observations.

1.3.2 Data Description

Figure illustrates the number of tip incidences and average tip amount for each UGC
category. Replies receive the highest average tip amount with 2.26 GG, and files receive the

lowest average tip amount with 1.66 GG.

9The following time periods cover 90% of tipping incidences for each type of UGC: 1 day for files,10 days
for threads and Geeklists, 30 days for replies, and 14 days for images.
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Figure 1.3: Number of Tip Incidences and Average Tip Amount by Content Category

Table[I.T]summarizes key statistics of my data. On average, the per-incidence tip amount

a user gives is 1.86 GG, while the per-incidence tip amount a user receives is 2.07 GG,
indicating that users tend to receive slightly higher tips than they give. Furthermore, on
average, a user gives 5.73 tips and receives 15.60 tips annually, with the maximum number
of tips given and received being 260 and 81, respectively. Additionally, a focal user has, on

average, 43.67 GG available on any day. On average, 234.08 pieces of content are created on

BGG every day.

Mean Std. Dev. Min  Median Max N
Tip Amount Per Tip
Avg. tip amount a focal user gives 1.86 1.92 0.01  1.00 20.00 1,785
Avg. tip amount a focal user receives 2.07 2.02 0.01 142 20.00 939
Tip Frequency (Annually)
Avg. tip frequency a focal user gives 5.73 11.73 1.00  2.00 260.00 1,785
Avg. tip frequency a focal user receives 15.60  23.48 0.17  5.55 81.35 939
Daily available GG 52.51  157.82 0.00" 15 3,425.75 1,785
Daily UGC production 234.08 131.89 16.00 218.00 1,330.00 683

Table 1.1: Descriptive Statistics
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Figure depicts the monthly standard deviation of tipping amounts over time. The de-
crease in the standard deviation of tip amounts suggests that users tip more similar amounts

as time progresses.
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Figure 1.4: Standard Deviation of Tips Given in a Month Over Time

Figure shows the within-user standard deviation of tip amounts over time with 95%
confidence intervals for users who tipped at least twice.!® The standard deviation of tip
amounts decreases over each 6-month interval, suggesting that users tip more similar amounts

over time at the individual level, similar to the pattern observed on the aggregate level.

10The pattern is similar for users who tipped at least three or at least fmy times.
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Figure 1.5: Within-User Standard Deviation of Tip Amounts Over Time

Users might have different tendencies to tip because of their nationality or culture. Table

[1.2] shows the number of tip incidences, average tip amount per tip incidence, and the

percentage of users in my data coming from each country.

Table 1.2: Tip Statistics By Country

Country Number of  Average Tip Amount % of Users
Tip Incidences  Per Tip Incidence
1 United States 5,607 2.00 70.85
2 Canada 696 1.89 8.40
3 Australia 367 1.83 4.43
4 United Kingdom 270 1.99 3.26
5 Germany 242 2.22 2.92
6 Other 841 1.92 10.15
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1.4 Model and Estimation

1.4.1 Model

1.4.1.1 Assumptions

I make several assumptions regarding users’ tipping decisions. Users are assumed to be my-
opic, basing their tipping decisions on today’s utility without considering future implications
(Azar| 2004; Lynn|[2016, 2018; |Azar{[2020). In other words, users are not strategic in their
decision of whom and how much to tip and make each tipping decision independently. In
the context of tipping, being strategic might arise for two reasons: budget limitation and
reciprocity. With respect to budget limitations, users may need to strategically decide which
content to tip and how much to tip if they feel constrained by their available budget relative
to the amount of content they consume. In other words, strategic behavior may occur when
the tipping budget is limited compared to the number of consumed content items, necessi-
tating a careful allocation of tips. However, if the budget is sufficiently large, i.e., the tip
amounts are small relative to the available budget, users do not need to be strategic about
their tipping decisions. Given that, in my empirical context, the average ratio of budget to
tip for users is 126, I assume that the budget is not limiting for users when deciding to tip.

Reciprocity, as discussed by [Fehr and Géachter (2000), suggests that individuals may tip
others in return for having been tipped. In my data, only 2% of tips are given by a pair of
users to each other, suggesting that reciprocity is not a major driver in my setting. Therefore,
I do not include it in my model and assume that users make tipping decisions independently
of each other.

Each time a user visits the platform, she can tip content she sees. As discussed in
Section 3.1, because I neither observe logins nor which content users see, I make the following
assumptions based on data patterns. First, my data indicate that on the days on which users

tipped a piece of content, they also always engaged in some other form of activity. Hence,
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I assume that user ¢ can only make tipping decisions on ¢t € T;, where T; contains the days
user ¢ engaged in any activity other than tipping on the platform, i.e., ¢ does not represent
calendar days. Second, my data show that in 95% of tipping incidences, users also had a
non-tipping reaction to the piece of content. Therefore, I consider a user as having seen a
piece of content if the user had a non-monetary reaction to the piece of content. And lastly,
depending on the type of content, tipping happens within 1 - 30 days following the non-
monetary reaction. Thus, I assume that user ¢ makes tipping decisions for content j € Jy,
where J;; contains content that the user has shown a non-monetary reaction to within a
certain number of days prior to t. The number of days is one for files, ten for threads and

Geeklists, 14 for images, and 30 for replies.

1.4.1.2 Utility Function

Formally, user ¢ = 1,..., M decides how much to tip each piece of content j € J; on day

t € T;. User i’s utility U;j; from tipping content j on day ¢ is given by:!!

Uijt = i + B + 7' Qije + 7' Cije + €3t (1.1)

where «; represents the user’s intrinsic tip tendency and captures internal factors such
as generosity, status-seeking, and cultural background, which have been shown to impact
tipping behavior (Akerlofi [1980; Bernheim| [1994; |Azar| 2007). p; is user i’s posterior belief
about the tipping norm on day ¢ (discussed in detail in the next subsection), ();;; captures
content quality, Cj;; contains control variables, and €;;; is a normally distributed error term.

Naturally, users are more likely to give (higher) tips to higher-quality content to show
their gratitude and to encmy age more (high-quality) content creation in the future (Azar
2007; Paridar, Ameri, and Honka| 2023). @);;; contains variables capturing content quality.

For textual content, I use the length of the text, operationalized as number of sentences, that

1 This utility function is equivalent to an indirect utility function with choice of the amount of a product
with price of 1; the available amount of money acts as the budget constraint bounding the solution space.
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has been shown to be a good proxy for content quality (Blumenstock 2008; |Demberg and
Keller 2008; Hasan Dalip et al.|2009; Anderka, Stein, and Lipka 2012). For images, quality
is assessed by multiplying the dimensions (width x height). I do not have quality measures
for files.

Cyjr contains the control variables. The number of likes given to a piece of content
captures its popularity. I include dummy variables for each type of content, control for
user ¢’s membership length, and user i’s available GG. Since newer content might be more
engaging and thus more likely to receive tips, I also control for content age in days. A user
can only receive tips if she made a post in the past. Relatedly, a user who wrote multiple
posts in the past is more likely to receive tips than a user who wrote one post. To account
for this, I include dummy variables which indicates whether a user has ever received any tips
before and control for the number of content pieces a user created in the past 7 days. To
control for the overall activity level on the platform, I also include the number of content

pieces created by all users on the platform on day ¢.

1.4.1.3 Perceived Tipping Norm and Signals

Wir captures user ¢’s belief about the mean of the tipping norm on day ¢. Initially, user ¢
holds an uncertain prior belief about the tipping norm that follows a normal distribution
denoted by p ~ N (o, 02), where py and oq are initial beliefs about the mean and variance
of the norm at time 0, respectively. In each time period ¢, user ¢ updates her belief about
the current tipping norm using a set of received signals, ¥;;, from two smy ces in a Bayesian
fashion.

Users use two types of signals to update their belief about the norm. The first type of
signal is the Personal Signal, which captures user i’s personal experience (Sen and Airiau
2007; |Parrett| 2011). A user may receive several tips in a day with each tip providing
additional information and acting as a separate signal. In addition, since many users do not

visit the platform every day, they would observe all the tips received since their last visit
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once they visit the platform on day ¢. As result, I model the personal signals user i received

on day t as the tips she received in the past seven days. Formally, on each day ¢, user ¢

receives N}, personal signals, where each personal signal st for n = 1,..., N}, is normally
distributed with mean g and variance 012,. 1 represents the mean of the tipping norm and 012,

is the noise associated with the personal signals, i.e.,

plsh, | oo} ~ N (p, 02). (1.2)

The second type of signal is the Community Signal, which captures the tips user ¢ observes
other users to give to others (Schuster, Kubacki, and Rundle-Thiele |2016). I model the
community signal as the tips other users have given to all the content that user ¢ is looking
at on day ¢t. On each day ¢, user ¢ receives /N community signals, where each community

2 .

signal s, for n =1,..., Nf; is normally distributed with mean ;2 and variance o7, i.e.,

P{S5m | 11,02} ~ N (i, 02). (1.3)

Both personal and community signals point to the same mean tipping norm p. However,
the noise or precision of the two signals are not necessarily the same resulting in different
variances for the two types of signals. Note that although the signals from the two smy
ces and the dependent variable are the same in nature, signals are a sample from the pool
of tipping decisions over different time periods. Thus, I do not need to assume that the
variances of the dependent variable and the signals are the same.

Furthermore, because I not only observe when an individual receives a signal but also the
value of the signal, I can remain agnostic about whether the signals come from a distribution
with constant or time-varying mean. Thus, I use the term p as a generic term, without any
indices, to refer to the tipping norm without taking a stand on whether the tipping norm is
constant or time-varying.

Since I do not observe the exact time of the day when a user makes her tipping decision
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for each post j, I do not incorporate the sequence of user i’s decisions in a single day, but
instead assume that the user makes all her decisions about posts J;; simultaneously. In other
words, the user updates her belief about the tipping norm once per day, using all the received
signals from all posts J;;, and then makes her tipping decisions for posts J;.'? Given the
number of content users interact with, I assume users do not remember the signals they
received after using them to update their belief. In other words, observing the same tip on

two different days results in receiving two signals of the same value.

1.4.1.4 Bayesian Updating with Correlated Signals

In my empirical context, signals are likely not independent draws from their underlying dis-
tributions. For example, in the short run, a user may receive several large tips (personal
signals) due to having written a high-quality post. These correlated signals are less informa-
tive about the tipping norm than independent signals. The same issue applies to community
signals. For example, good posts may receive several large tips, leading to correlated com-
munity signals. In the long-run, correlation between signals is also likely. Higher quality
posts receive higher tips, motivating users to increase the quality of their content (Paridar,
Ameri, and Honka|2023)), which, in turn, leads to higher future tips and creates correlation
between signals over time.

Correlation between signals means that the i.i.d assumption for signals no longer holds,
i.e., I can no longer assume that signals come from univariate normal distributions. Instead,

I assume that the signals come from a multivariate normal distribution given by

1, S} ~ MVYN (1, %) (1.4)

P P D ¢ ¢ ¢
p{Sil’l, Si1,27 ceey S’L't,Mﬁ’ 82‘1’1; 82‘2’2; P 7S,L*t7Mict

where X is a (M5 + M§) x (M}, + M§,) covariance matrix capturing the uncertainty or noise

12T assume that a day starts at 6 AM instead of 12 AM to account for users’ activities in late hmy s as well
as potential time differences. Based on the patterns in the data, the majority of activities on the platform
occurs around 12 PM. As a result, I model a user’s tipping decisions happening at 12 PM.
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of the signals, with M}, = i NP and M§ = i NE representing the number of personal
and community signals, res;)_elctively, user 1 ha;_rleceived until day t. Let Q = X! be the
precision matrix with its diagonal elements capturing the reciprocal variances of the signals
and the off-diagonal elements correspond to partial correlations between each pair of signals.
This structure can account for correlations between signals originating from the same smy
ce as well as between signals from different smy ces. The first M}, rows and columns contain
the precision of personal signals, and the next M, rows and columns contain the precision

of community signals. Given that all signals point to the same mean, the posterior mean

and precision are given by'?

MP,+ME,
1 ' Wee(Sik + Sitz)
pie = — | wopto + E : (1.5a)
Wit 2
k,z=1,1
MP+ M,
Wit = Wo + E Wz, (1.5b)
k,z=1,1
_ 1 p p c c
where wy = p and Sk, Sit € {Sip15- - - Sip a2 Sit 1o Sii,0e, ) -

Equations and utilize the most general version of the precision matrix € in
which all off-diagonal elements can take on different values. In the estimation, I impose more
structure on the precision matrix that results in the estimation of three partial correlations
and three decay factors. More specifically, I estimate a partial correlation among all personal
signals a user receives within a day, a partial correlation among all community signals a user
observes within a day, a partial correlation between the personal and community signals
a user sees in a day, and three decay factors (one for each correlation) that capture the
relationship between correlations on two consecutive days. In the following, I first describe
the structure of the precision matrix that results in the desired correlation structure. I then

present the formulas for the posterior mean and precision. All derivations are shown in detail

13T provide a detailed derivation of the Bayesian updating process used to compute these posterior distri-
butions in Web Appendix A.2.
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in Web Appendix A.3.

The precision matrix €2 can be decomposed into several blocks, each representing the
interactions between signals of the same type within the same day, different types within the
same day, and signals across different days. The diagonal elements represent the precision of
personal and community signals and are denoted by w,, and w,, respectively. The off-diagonal
elements, that will be used to calculate the partial correlations between signals of the same
type within the same day, are given by A, for personal signals and by A. for community
signals. The element that will be used to calculate the correlation across signal types within
the same day is denoted as \,.'* The off-diagonal elements across different days decay
according to the decay rates d,, d., and ds.. The decay is applied exponentially based on
the time difference, i.e., for two personal signals between different days ¢ and #’, the element
corresponding to the partial correlation between signals is given by 5;,‘,t _t")\p.

More specifically, at each time period, the precision matrix {2; can be written as

Q, Q

Qpc Qc

where 2, and €2, correspond to the precision of signals and the within-smy ce correlations
among signals and €2,. corresponds to the correlations between signals from different smy

ces. {1, and €2, have a t x ¢ structure of smaller blocks with rows and columns corresponding

to time periods 1,...,t:
| Qi Qe - 01y ]
Qox € {Dpluy 2 Qefirer S = 51(:221 9:22 6t_1:92t (1.7)
_5tQt1 810, - Qu |
14The formulas to calculate the partial correlations p are given by p, = %’ Pe = “/(—j, and pp. = \/T
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The diagonal Q; blocks capture the precision and correlation of the Ny, € {N},, N5}
signals received from a smy ce in each time period. Thus, each Qg is a N X N matrix
with diagonal elements w and off-diagonal elements A\. The off-diagonal 2., matrix blocks

are A\Jp,, xn, matrices, J being an all-ones matrix:

w A A
A A
A w N
Qe = | _ yo Q= e (1.8)
>\ )\ w NizXNik
- = NigkXNip

I now turn to the matrix capturing the correlations between signals from different smy
ces, (.. This matrix also consists of ¢ x ¢t blocks, with blocks representing the partial
correlation between signals of different types within and across time periods. The correlation
between two signals is proportional to A,., decreasing at an exponential rate of J,. as the
time difference between the two signals increases. Formally, the matrix consists of block
matrices of size N}, x Nf. for personal signals of time period z and community signals of

time period k with all elements equal to 51|fc_k‘)\pcz

1 t
Inmxng  OpedNmxng  t OpedNBxng
1 t—1
0 \ OpeI N2 X NE, InE N, Ope INE xNe 19
pe = Ape (1.9)
t t—1 ,
| Ope I Ope I v, Iz g
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Given this structure for €2, the posterior precision w; can be derived as

w =wp + (w Z NE +
+Ap Z SIF#INE x NB
k,z=1

t
+ A Y FTEINE x N

k,z=1

t
+20, > OETINT x NG,

t
=) ) N
k=1

(1.10)
k,z=1,1
and the posterior mean is given by
1 t
Pt = — <WOM0 + ( ZS = Ac) ngk+
t k=1
)\ Z |k z|Np SP
k,z=1
A Z okFINESE) +
k,z=1
Ao Ape
c k—=z c k—z c
7” > (FINGSE) + 2 : © (o 'NZPZSM)> (1.11)
k,Z::l )
N
where St = >~ s, | the sum of the personal signal values on day k, and S, is defined
r=1

similarly.

1.4.2 Estimation

The log likelihood function for the Tobit model is given by:
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-
log L(0ly, ¥,Q,C) =) >

J
i=1 7=1 j=

{](yiﬁ > 0) log {%fﬁ (yijt — (i + B + ' Quje + 77’0@'1&))}

o
1

+ I(yse = 0) log [@ ( (1.12)

g

a; + Brie + 7' Qije + U/Cijt):| }

¢ is the standard normal probability density function, ® is the standard normal cumu-
lative distribution function, and I(-) is an indicator function. I set o7 =1 for identification.
0 = (au, By v, m, Hos, Wpy Wey Opy Ocy Opey Apy Aey Ape, 0) Is the vector of parameters to be
estimated.

In Web Appendix A.3, I show how I rewrite the formulas for the posterior mean and
posterior precision to avoid calculating permutations and speed up their computations dur-
ing the estimation. My data contain about 4.2 million observations and I estimate about
1,800 individual fixed effects.'> Even though I estimate a non-linear model with normally
distributed errors, I do not face the incidental parameter problem in my empirical setting
because of the large T, i.e., I have a large number of observations per user (average of 2,350
observations per user) (Neyman and Scott |1948; |Arellano and Hahn 2007). Because of the
size of the data and the estimation of a large number of fixed effects, the model estimation
takes about 14 days. To calculate standard errors of the parameter estimates, I use the
BHHH estimator, i.e., the outer product of the gradient, instead of the numerical Hessian

(Berndt et al.[|[1974). All standard errors are clustered at the individual level.

1.5 Results

I present the estimation results in Table [1.3] Column (i) presents the results for a model in
which users do not use the two signals to continuously update their belief about the current
norm, but instead use their current values independently from the past to decide to how

much to tip. Columns (ii) and (iii) depict the results for models in which users utilize both

15Tn a Tobit model, the estimation of fixed effects cannot be avoided by de-meaning the data.
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signals to update their beliefs about the tipping norm in a Bayesian fashion as a function
of all the signals received so far. For the model whose results are shown in column (ii), I
assume that signals are independent. Column (iii) depicts the results for my main model in
which signals are correlated with the desired structure described in equations (8) - (12).

In the model without learning (column (i)), the coefficients for personal (Tips User Re-
ceived in Past Week) and community signals (Prior Tips Given to Focal Content) are both
positive and significant. The effect of a community signal is about 3.5 times larger than the
effect of a personal signal. The loglikelihood, AIC, and BIC all improve when I move to a
model in which users learn the tipping norm via Bayesian updating with independent signals
(see column (ii)). This improvement underscores the importance of accounting for learning
from past and current signals instead of simply controlling for current signals. These three
model fit measures again improve considerably when I transition to my main model depicted
in column (iii) in which users learn the tipping norm via Bayesian updating with corre-
lated signals. These improvements underline the importance of accounting for correlations

between signals. In discussing the results, I focus on my main model shown in column (iii).
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Table 1.3: Empirical Results

() (ii) (iii)
Without Learning Learning With Learning With
Variable Independent Signals Correlated Signals
Learning
Posterior Belief of Tipping Norm 1.3272% 1.8470™*
(0.0000) (0.0614)
Prior Belief of Mean of Tipping Norm 2.1652%** 2.1049***
(0.0000) (0.0662)
Precision of Personal Signals 1.3064** 1.5930"**
(0.0001) (0.2335)
Precision of Community Signals 0.6657** 0.2746***
(0.0004) (0.0212)
Off-Diagonal Elements between Personal Signals 7.6370%*
(0.3180)
Off-Diagonal Elements between Community Signals 1.8157*
(0.0180)
Off-Diagonal Elements between 4.1867*
Personal and Community Signals (0.0280)
Decay Factor of Partial Correlation between 0.6580***
Personal Signals (0.0908)
Decay Factor of Partial Correlation between 0.5967**
Community Signals (0.0324)
Decay Factor of Partial Correlation between 0.7338**
Personal and Community Signals (0.1877)
Controlling for Tipping
Tips User Received in Past Week 0.0406***
(0.0018)
Prior Tips Given to Focal Content 0.1540%
(0.0099)
Content Quality
Image Quality 0.0600 0.053*** 0.0600***
(0.0423) (0.0001) (0.0166)
Thread Quality 0.3640*** 0.4067* 0.4640***
(0.0267) (0.0235) (0.0227)
Reply Quality 0.5080*** 0.5225"* 0.5175*
(0.0350) (0.0137) (0.0128)
Geeklist Quality 0.3790*** 0.4580%** 0.3789***
(0.0322) (0.0253) (0.0156)
Other Variables
Constant -5.6700%** -7.6337* -7.1216%
(0.5342) (0.0064) (0.1802)
Variance of Dependent Variable 5.5690"* 7.9946 7.2595%
(0.2620) (0.0506) (0.1560)
Control Variables Yes Yes Yes
Individual Fixed Effects Yes Yes Yes
Calendar Month FEs Yes Yes Yes
Number of observations 3,937,582 3,937,582 3,937,582
AIC 98,144.00 97,006.52 94,038.16
BIC 122,144.04 121,085.31 118,010.45
LogLikelihood -47,030.18 -46,624.32 -45,201.08

Clustered standard errors in parentheses.
The dependent and independent variables are in logarithmic form.
*p <0.05,"* p<0.01,"* p <0.001
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The coefficient capturing the effect of the posterior belief of the tipping norm is positive,
significant, and large, highlighting the important role that social norms play in shaping
tipping behavior. The estimate for the mean of the prior is 2.1049, translating into an initial
belief about the mean tipping norm of about 7.20 GG. The estimate of the precision of
personal signals is 1.5930 and statistically significant. This parameter value implies that it
takes receiving about 2 tips for a user’s uncertainty to reduce by 90%. Similarly, the estimate
for the precision of community signals is 0.2592, implying that 4 community signals (within
a day) or 3 community signals (one per day on fmy consecutive days) are needed to reduce
the uncertainty by 90%. In other words, receiving a tip is more informative to users than
observing tips given to others, as it requires fewer tips to reduce the user’s uncertainty about
the current tipping norm. This means that users place more weight on personal experiences
compared to community feedback when updating their beliefs and making tipping decisions.

All three off-diagonal elements of the precision matrix are statistically significant and
range from 1.49 to 7.46. Using the formulas from footnote[T4] the partial correlation estimates
range from 0.08 to 0.11. These partial correlations are of moderate size and support the
notion that signals are not independent in my empirical context, but also show that users
do not always tip what the previous tipper has given. The three decay factors are also all
statistically significant and range from 0.60 to 0.75. These estimates imply that the three
correlations between signals decay quite fast: they are about 10% of their original magnitudes
after five to eight time periods.

The estimates for the content quality variables are all significant and positive, indicating
that higher quality posts generally receive higher tips. This suggests that users recognize
and reward the effort put into creating high-quality content.

Figure [I.6] shows the average predicted tip amount over time as well as users’ posterior
belief about the norm at each point in time. The decreasing standard deviation of the pre-
dicted tip amounts in Figure indicates less variation and more convergence in tipping

behavior. Additionally, the average posterior norm change slows down after a sharp decrease
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in the first six months, with its standard deviation also decreasing, further supporting a con-
vergence of beliefs about the norm (Figure |1.6(b)|). I show the average predicted number of

tipping incidences in a day and the predicted total tip amount given by all users in a day in
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Figure 1.6: Predicted Tips and Posterior Norm Belief with 95% Confidence Intervals

1.5.1 Model Fit

I further examine the predictive performance of the model through a simulation where I
predict users’ decisions and use the predicted tip amounts as the signals other users receive

in following days. My model predicts 1,697 users giving 7,136 tips with an average tip amount
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of 2.33 GG. In the actual data, I observe 1,785 users giving 6,672 tips with an average tip

amount of 1.93 GG. Thus, I conclude that the model fits the data patterns well.

1.6 Prediction Exercises

In this section, I first quantify the relative contributions of drivers of tip decisions. I then
investigate how different information disclosure strategies affect the perceived tipping norm
development and users’ tipping decisions. And lastly, I examine how “sticky” the tipping
norm and tipping decisions are and whether social platforms can significantly affect them at

later stages.

1.6.1 Tip Decomposition

Here, I examine the contributions of different utility components to the tip amounts users
give. I organize utility components into fmy groups: quality, perceived norm, user character-
istics (via individual fixed effects) and others, which contains the remaining variables in the
utility function. I measure the relative importance of each group by predicting the portion
of utility driven by it.

Table reports descriptive statistics for the portion of tip amount due to quality, norm,
individual characteristics and other factors. On average, the perceived norm represents 67%
of the tip amounts given on the platform, while the quality of content contributes 28%. In
contrast to previous literature (Chandar et al.[2019; Kim, Amir, and Wilbur|2023)), which has
found that tipping decisions are largely driven by tipper characteristics, my results indicate

that tipper characteristics only play a minor role in individuals’ tipping decisions.
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Table 1.4: Description of Tip Amount Decomposition

Utility Components Mean Median Min Max SD N

Quality 0.28 0.23 0 1 017 7,136
Norm 0.67 0.71 0 1 018 7,136
User 0.05 0.00 0 1 0.07 7,136
Other 0.00 0.00 0 1 0.04 7,136

In Figure [I.7] T examine how the contributions of the fmy groups of utility components
to tip amounts change over time. Initially, the perceived norm drives nearly 90% of the tip
amounts, followed by quality and individual characteristics. Within the first three months,
the portion driven by the perceived norm declines rapidly and the portion driven by quality
increases rapidly. The portions remain largely stable after the first six months with the ex-
ception of individual characteristics whose portion declines somewhat starting in the second
half of 2006. To summarize, while the relative contribution of the social norm has decreased

compared to the early weeks, it always makes by far the largest contribution.
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Figure 1.7: Tip Amount Decomposition over Time with 95% Confidence Intervals

1.6.2 Information Disclosure

Users receive two types of signals about the tipping norm on BGG: personal signals (tips

received by the focal user) and community signals (tips given to focal content by other
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users). However, this is not the case on all digital platforms. For example, while platforms
such as Twitch or YouTube make tips visible and salient on users’ screens, platforms such
as Patreon or Cameo keep monetary contributions private between the supporter and the
content creator. Here, I empirically evaluate how different information disclosure strategies,
i.e., tip visibility, impact users’ tipping behavior.

To investigate the effects of information disclosure, I predict tipping behavior when either
the personal or community signals are invisible (“No Disclosure”) and when users can only
see the average community signal (“Partial Disclosure”).!6 For each scenario, I predict users’
tipping behavior based on their perceptions of the tipping norm derived from the available
signals and under the assumption that the quality of the content remains constant. For each
scenario, I repeat the prediction calculations 100 times (with different error draws) and then
compute the average predictions. I then compare the average predictions from these three
scenarios to the average predictions from my main model.

I report the average percentage changes for each scenario compared to my baseline main
model in Table . When community signals are partially or completely invisible (columns
(i) and (ii)), users tip more frequently but give smaller amounts when they tip. In both these
scenarios, the increases in tip frequency more compensate for the decreases in tip amounts,
resulting in increases of total tip amounts by 39%. When personal signals are undisclosed,
users also tip more frequently and smaller amounts. However, in this scenario, the increase
in tip incidences just offsets the decrease in tip amounts resulting in a slightly larger total

tip amount.

16T conduct the scenario of personal signals being invisible mainly for comparability reasons. In practice,
this scenario could occur when users can only see the tips they received with a time delay, e.g., only see the
sum of all tips received at the end of a week or a month.
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Table 1.5: Tipping Behavior Under Different Information Disclosure Scenarios

(i) (ii) (iii)

Community Signal Personal Signal

Partial Disclosure No Disclosure No Disclosure
Number of Tip Incidences 69.44% 100.02% 11.38%
Amount per Tip -17.99% -30.82% -8.81%
Sum of All Tips 38.97% 38.37% 1.58%
Number of Unique Tippers 48.58% 8.24% -8.98%
Number of Unique Tippees 69.06% 62.49% 1.48%
Number of Unique Tipped Content 61.71% 73.09% 0.66%

Making community signals partially or completely invisible also significantly increases the
number of unique tippers, number of unique tippees, and number of unique tipped content
when community signals are not or only partially disclosed (columns (i) and (ii) in Table
1.5). The picture is different when personal signals are undisclosed. Then, the number of
unique tippers declines by 9%, and the numbers of unique tippees and unique tipped content
slightly increase. However, reducing the amount of information users have also results in a
delay in norm formation and/or more uncertainty in the norm even in later stages. In Figure
[1.8] I plot users’ average posterior norm beliefs for all fmy scenarios over time. The variation
in average posterior norm beliefs is larger when users do not observe or only partially observe

community signals.
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Figure 1.8: Posterior Norm Over Time

32



Comparing the magnitudes of the changes in outcomes in the three scenarios, the changes
are larger when community signals are partially or completely invisible compared to personal
signals being undisclosed. These differences in magnitudes arise because the number of
signals from each smy ce varies significantly in my data; on average, a user receives 30
community signals for every personal signal received. Thus, while each personal signal is
5 times more informative (see Table , in practice, community signals result in an effect

that is 6 times greater than that of personal signals.'”

1.6.3 Tipping and Norm Stickiness

In this section, I examine how “sticky” social norms and tipping behavior are. More specifi-
cally, I want to understand whether and how quickly platforms can change social norms and
tipping behavior after a norm has been established by making changes to the information
they disclose. Recall from Section [2.5|that the tipping norm is largely constant after the first
six months of the study period. To investigate whether platforms can influence the norm
and tipping behavior in later stages, I implement the same three scenarios as in the previous
section but only in the second half of the study period, i.e., after the first 11 months of
the study period.'® In these three scenarios, tipping information is fully disclosed (as in my
main model) in the first 11 months of the study period. I then compare the predictions from
these three scenarios to those from my main model, where the platform discloses tipping
information.

Figure displays the tipping norm development for the fmy scenarios over time. As
expected, it takes longer until tipping norms diverge compared to introducing different infor-
mation disclosures at the introduction of tipping (see Figure because users have already

accumulated information about tipping amounts and formed a perceived tipping norm in

1"The average value of personal signals is 0.94 and the average value of community signals is 0.92. Since
these values are very close, it is less likely that the observed differences are due to the values of the signals.

18For each scenario, I repeat the prediction calculations 100 times (with different error draws) and then
compute the average predictions. I then compare the average predictions from these three scenarios to the
average predictions from my main model.
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the first 11 months. Compared to the main model, the tipping norms under two of the three
information disclosure scenarios, namely, no community signal disclosure and no personal
signal disclosure, are higher at the end of the study period. Partial community signal dis-
closure results in a tipping norm that is very similar to the tipping norm from my main
model with full information disclosure. Generally, the differences in tipping norms between
the different scenarios and my main model are smaller compared with the end of the study
period in Figure [1.§ indicating a degree of stickiness that persists even 11 months after a
change in platform information disclosure.

Scenarios

— Main Model
— No Community Signal Disclosure
No Personal Signal Disclosure
— Partial Community Signal Disclosure

Posterior Norm Belief
N

Figure 1.9: Posterior Norm Over Time

The results for tipping decisions are shown in Table The percentage changes in Table
were calculated based on behavior in the last two months of the study period to describe
tipping after a transition period. When community signals are only partially or not at all
disclosed in the second half of the study period, the resulting changes in tipping behavior are
directionally the same as those shown in Table However, the magnitudes of the effects
are different. Not surprisingly and in line with the results for the tipping norms, the effects
are mostly smaller since the changes were only implemented for half of the study period. The
results for no disclosure of personal signals are also directionally the same as those shown in

Table with the exception of a small increase in the number of unique tippers instead of
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a decrease.

Table 1.6: Tipping Behavior Under Changes in Information Disclosure in Second Half of
Study Period (Based on Last 2 Months)

0 @ (i)
Community Signal Personal Signal
Partial Disclosure No Disclosure  No Disclosure

Number of Tip Incidences 24.47% 51.32% 11.91%
Amount per Tip -14.61% -21.53% -7.45%
Sum of All Tips 6.28% 18.74% 3.5T%
Number of Unique Tippers 22.23% 7.90% 1.85%
Number of Unique Tippees 34.32% 31.15% 8.42%
Number of Unique Tipped Content 33.19% 48.32% 6.16%

So far, I have shown that there is some stickiness in users’ norm belief and tipping
behavior. Next, I want to quantify the amount of stickiness in terms of its medium-run
effects on tipping behavior. 1 do so as follows: for each of the three scenarios, I compare
users’ tipping behavior for the last two months of the study period for the case when a
scenario was introduced in the middle of the study period versus at the beginning of the
study period. For example, I compare users’ tipping behavior when no community signal
was shown in the second half of the study period (but shown in the first half of the study
period) to the scenario when no community signal was shown during the whole study period.
This comparison measures the (medium-run) stickiness of users having had full information
disclosure in the first half of the study period. The results are presented in Table [1.7]

Table 1.7: Measures of Medium-Run Stickiness (Based on Last 2 Months)

(i) (if) (iii)
Community Signal Personal Signal
Partial Disclosure No Disclosure  No Disclosure

Number of Tip Incidences 21.08% -3.56% 6.31%
Amount per Tip -11.31% 2.27% -3.64%
Sum of All Tips 7.29% -1.64% 2.56%
Number of Unique Tippers 4.23% -5.12% 15.52%
Number of Unique Tippees 5.85% -22.01% 14.65%
Number of Unique Tipped Content 14.49% -14.59% 7.14%

Let us consider a delayed introduction of no community signal disclosure, i.e., what are
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the medium-run consequences of having had community signal disclosure in the first half of
the study period (see column (ii) in Table[L.7). Here, it is important to keep in mind that the
results in Table were calculated for the last two months of the study period, i.e., after no
community signal disclosure has been in place for 9 months (if it was introduced for 2nd half
of study period) or for 20 months (if it was introduced at the beginning of the study period).
While the consequences of full community signal disclosure in first half of the study period
are of moderate magnitudes for the number of tip incidences, the amount per tip, and the
sum of all tips, the picture looks different when I consider the number of unique tippers, the
number of unique tippees, and the number of unique tipped content. The stickiness of fewer
unique tippers, fewer unique tippees, and fewer unique tipped content, that is characteristic
of tipping behavior under full community signal disclosure, persists even 9 months after it
was dropped. Similar observations of sticky tipping behavior can also be observed for the

other two scenarios shown in columns (i) and (iii) in Table [L.7]

1.7 Discussion and Conclusion

Understanding how to influence users’ tipping behavior is crucial for online platforms looking
to incentivize content creators and to build an engaged community. It can provide firms with
valuable insights into strategies that can motivate their community’s stakeholders and boost
overall engagement. This paper examines the evolution of tipping norms within an online
community, focusing on how users form and update their beliefs about the tipping norm
through Bayesian updating with correlated signals. 1 study how these beliefs about the
current tipping norm, combined with content quality and other factors, influence tipping
behavior.

My findings reveal that users’ tipping decisions are significantly shaped by their cur-
rent perception of the tipping norm, which is continually updated based on their personal

experiences of receiving tips and observing others’ tip on the platform. Specifically, I show
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that that personal experiences with tips received are more informative than observed tipping
behavior in the community, impacting users’ perceptions of the tipping norm significantly.
This dynamic updating process underscores the adaptive nature of user behavior in response
to the evolving tipping environment on digital platforms.

I then analyze the impact of different information provision strategies by partially or fully
removing the visibility of personal and community signals. My findings indicate that the
visibility of these signals significantly affects tipping behavior. Specifically, when community
tips are not visible, users tend to tip more frequently but smaller amounts, resulting in a
higher total tip amount. These findings suggest that platforms can use tip visibility as a
strategic tool to influence tipping behavior. Further, I also examine how sticky the perceived
tipping norm and tipping behavior is after a change in the platform’s information disclosure.
I find evidence for stickiness even in the medium-run, especially as it related to the breadth
of tipping.

These findings have practical implications for platform managers and content creators,
offering strategies to enhance user engagement and tipping behaviors. For platforms that
receive a portion of the tips as revenue, optimizing tipping behavior can directly impact their
financial sustainability. Using my findings, platforms can ensure a steady stream of income
from tipping activities. Furthermore, my findings suggest that while making tipping signals
not visible can increase the number of tips and total tip amount, it might decrease the average
amount per tip. This has several implications. Platforms need to balance the visibility of
tipping signals to optimize overall tipping behavior while considering the potential impact
on individual content creators’ income. While increasing the frequency of smaller tips might
be financially beneficial for platforms receiving a portion of the tips, it could lead to less
desirable outcomes for content creators if their overall income decreases due to lower amounts
per tip. Platforms should consider their specific circumstances and design their strategies

accordingly.
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1.A Derivation of Bayesian Updating Formulas

1.A.1 Bayesian Updating with Independent Signals

In this section of the appendix, I present the derivation of the Bayesian updating process
utilized to compute posterior beliefs about the tipping norm, assuming known and deter-
ministic variances for signals. Here, I model the evolution of beliefs as users receive personal
and community signals, each assumed to be normally distributed.

The initial prior belief about the tipping norm for each user i is represented as a normal

distribution with mean i and variance o3, expressed as p ~ N (g, o2).

The personal signals s}, for n = 1,..., N, where each signal sj,, | p is normally
distributed with mean p and variance 012), are represented by:

Siin | 10~ N (1, 0) (A1)

Similarly, community signals s, ,,, for n = 1,..., Njj, where each signal s, ,, | 11 follows a

normal distribution with the same mean p but different variance o2, are given by:
Sipn | 10~ N, 02). (A2)

The Bayesian updating rule, combining the prior and the likelihoods of all personal and

community signals, is formulated as:

c

pu | s, 85, ... 80,) =p(sy | )p(sh | w) ... p(sh, | w)p(p). (A3)

This equation reflects the multiplication of the likelihoods of observing each signal given the
tipping norm g, with each signal treated as conditionally independent given pu.

Using the normal distribution for p(u | po, o3), the prior probability density function of
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u, I express it as:

1 1
2y _ (1 — g)? Ad
p(p | pos 03) Tno? exp[ 20—3<“ m)] (A4)

Substituting this into the equation for Bayesian updating, and considering the normal dis-

tributions of s¥ and s¢, the combined density function becomes:

b oxp [ =5k ST (57 — )] exp | =k SO (5 = )2 exp |~ 5k (1 — po)?|
2 g'o 2 b} 2 1 2 0

(A5)

(27)

1 1 & 1
X exp | =55 Z(sf —)? = 5 D (55— 1) = 5 (1 — o) (AG)
- ;

ni ni n2 n2

p2 2 D c2 2 c
> St —2u ) st >SS+ napt —2u > S
=1 ! i=1 i=1 ? =1 12 4 g — 2440 (A7)

=exp |— —
P 202 202 202

Simplifying the exponential and combining terms involving p, I derive the expression:

nq ng oo, ng
) 57 57 S > 872 >
Y ni > i=1 i=1 Ko i=1 i=1 Ho
exp 2 (O'(Q) + a% + a%) + H a% + a% + crg + O‘% + a% + ag
(A8)

Completing the square allows us to equate the above expression to the standard form of

a normal distribution in terms of p. By matching the coefficients, I can directly derive the
corresponding mean and variance:

p c 1

p(/j, | 81177827‘ : '78n2) X exp {_@(M_ ,U't)2:| X exp |:
t

2 2
W= 2p e +
— A9
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then:

2 2
7 prf 1l g g
S e e A10
207 2 (08 a2 05) (A10)
oo (L B (A11)
o, =|—=5+—+—5
Y \og ot a3

and

2207 = p | S+ El 4 ED (A12)

— =0l [Py (A13)

1.A.2 Bayesian Updating with Correlated Signals

If the signals are not independent from each other, the probability p(s}, sh, ..., s | u) does

’ Zng

not break into separate probabilities anymore. Instead, I have to use the joint probability

of the signals, i.e., the multivariate normal distribution:

potestoeeesst 1) = (o) (et e (—5(X == 00— ) (A1)

where X is the covariance matrix. Its diagonal elements are the variances of the signals
and the off-diagonal elements are the covariances between the signals. In the case of a
multivariate normally distributed posterior, it is more convenient to write the equations

using precision notation. Let @ = X1, with w;; representing the precision between signals i

40



and j. This structure can account for the correlations between signals originating from the
same type of smy ce as well as between signals from different smy ces. I assume that the first
M = 2221 N} rows and columns contain the precision of personal signals, and the next
M; = 22:1 N, rows and columns contain the precision of community signals, forming an
(MFE+ M§) x (M5 + M§,) precision matrix. Note that the diagonal elements corresponding to
the first M}, signals are equal since all personal signals have the same variance, and similarly,
the diagonal elements for the next M} signals are equal.

I now calculate the posterior distribution. Signals from a multivariate normal distribution
are conjugate with a multivariate normal prior, and, in my context, I can simplify the

posterior distribution even further because the signals all have the same mean u:

MP+M¢

» . 1 'Lt+ it (,UO )
p (M | 10 Sits - - ,3M5+MZ§) X €xp D) Z (Sir — 1) Wz (802 — 1) — ?(M — o)
k,z=1

| MiMs

= &Xp |~ Z Wz (Sz’ksiz — pu(sik + 5i2) + MQ)
k,z=1

| =T

wo(p® — 2ppt0 + M%)}

ME+ME

_%2 wo + Z Wz

k,z=1

= exp

1 N

MEA+M,

2wo o + Z Wi (Sik + Siz)
k,z=1

+
o=

ME+M,

wolg + Z Wz SikSiz (A15)

k,z=1

N | —

After completing the square in the expression for u, I derive the precision w; and the

mean ; of the posterior distribution as

Wit = Wo + Z Wk,z (A16)
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MEAM,
Wollo + Z wk,z(sizk+S¢z)
k,z=1,1
ME+ME,
CU()+ Z Wiz

k,z=1,1

it = (A17)

1.A.3 Bayesian Updating with Desired Correlation Structure

To construct €2 in each time period ¢ for each user i, I need to account for all signals from
the personal and community smy ces across multiple time periods, i.e.,

i = [Sﬁ,p Sf1,2> R S

NP
i1,N;}

P QP P
Sio 1y Sings 5O

o APy -
i2,N;5

P P P
L SE L SE S

y My Py
it,N;,

C C C C C (& (& C C
11,10 ~41,20 = - 9 ML NG 0 Ma2,10 Ma2,20 t s 0 M2, NG 0 s 7Sit,1> it,20 0t z’t,th] (A18)
. . t ¢
where 1y, is a vector of size (D", _; Nj, +> .y N§) x 1.
() is composed of several blocks, each representing the interactions between signals of
the same type within the same day, different types within the same day, and signals across

different days.

e The diagonal elements represent the precision of personal and community signals and

are denoted by w, and w, respectively.

e The off-diagonal elements within the same day correspond to the partial correlations
between signals of the same type within the same day, given by A, for personal signals
and by A, for community signals. The correlation across signal types within the same

day is denoted as A.

e The off-diagonal elements across different days decay according to the decay rates dy,
0., and ds.. The decay is applied exponentially based on the time difference, e.g., for
two personal signals between different days ¢ and ¢’, the element corresponding to the

partial correlation between signals is given by (51‘54‘)\],.
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t t t t
The  matrix is of size (> NL + > N§) x (32 Ni + >0 N§) with rows and columns
k=1 k=1 k=1 k=1

corresponding to signals of ;.

Q, O
Q=" " (A19)
Qpc Qc

2, and Q. correspond to the precision of signals and the within-smy ce correlations among
signals and (2, corresponds to the correlations between signals from different smy ces. €2,
and €2, have a t x t structure of smaller blocks with rows and columns corresponding to time

periods 1,...,t:

Q4 My - 0y
61 Qoo coe 0Oy,
Q|w,>\ € {Qp\wp,kpa Qc|wc,/\c} = ) ) . ) (A20)
6 61 - Qy

The diagonal €, blocks capture the precision and correlation of the Ny, € {N},, N5}
signals received from a smy ce in each time period. Thus, each Qg is a N x N matrix
with diagonal elements w and off-diagonal elements A. The off-diagonal €.k matrix blocks

are A\Jy,, xn,, matrices, J being an all-ones matrix:

w A A
AA A
AN w - A
Qpr, = ;o Q=8 (A21)
A N - )
)\ )\ w NizXNik

L d N Ny,

2, captures the correlation between signals coming from different smy ces. This matrix
also consists of ¢ x t blocks, with blocks representing the partial correlation between signals
of different types within and across time periods. The correlation between two signals is
proportional to A, decreasing at an exponential rate of dpc as the time difference between

the two signals increases. Formally, the matrix consists of blocks matrices of size N? x N§ for
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personal signals of time period z and community signals of time period k£ with all elements

equal to 0 A

1 t
Innxvg  Opedntang  r OpedNmxng
1 t—1
0 | OseInmeng Iy, Ope Iz N, A9
pe = Ape ' ‘ ' (A22)
t t—1
_5pc INesng Ope INmxng, 0 INEung

I now proceed to calculate the posterior mean and precision given the structure for 2,
beginning with w;. First, I calculate the sum of elements in €2, and €2.. I illustrate the
calculations for €2,; the process for €. is analogous. The sum of the diagonal elements €2y

in €2, can be expressed as:

NP X w, + (NP2 — NP ) x A, (A23)

and the sum of the off-diagonal elements 2., as:

NP x NE x A, (A24)

Therefore, the total sum for 2, is given by

t

t t
2 —z
w,,ZNg; + A,,Z(Ng; — NBY+ A, Z SIFFINE x N (A25)
k=1 k=1 k,z=1,k#z

The total sum for ), follows the same structure. For the cross-term €2,., the sum of

elements is straightforward:

tt
A Y ORTANE X N, (A26)

k,z=1,1
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Consequently, the posterior precision w; can be calculated as:

t t
— E P § c
k=1 k=1
t

t
+ )\pZ(Nf}f — NBY+ A, Z SIF#INE x N,
k=1 k,z=1,k#z
t

t
+ AcZ(Nicif = Ni) + Ae Z S FINE X N,
k=1

k,z=1,k#z

t
2 |k—z| nTP c
+ 2)\1’0 5pc sz X ik
k,z=1,1
t

t
:w0+(wp_/\p)ZN5<+(wc_)‘C)Z ik
k=1

k=1

t
+ Ap Z SI#INE x NE,

k,z=1

t
+ A Y FTEINE x N

k,z=1

t
+2Xe Y STFIND X N (A27)

k,z=1,1

Next, I turn to the calculation of the posterior mean ;. First, I calculate the second term
NP

ik
for Q,; the calculations for €, will be similar. Let S}, = 21 Sip.» the sum of the personal
r=

signal values on day k. For the diagonal blocks €}, at each time k in €, I have:
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P
Nik

D D _ D Y4 D D D D D
E Wrq(Sigr T Sikg) =2WpSip 1 + Ap(Sipy T Sig2) T Ap(Sipr + Siks) + 00+ Ap(Sips + Sik,ka)ﬂL
r,qg=1,1

)‘p(sfk,z + ka,1) + QWPka,z + Ap(ssz + ka,g) et )‘p(ska + ka,sz;c)+
)‘p(sfk,]vipk + S?k,l) + )‘P(S?k,ka + ka,Q) +o+ prs?knyk
=2w, S}, + (N, — 2)AS, + NS,

=2, St + 2(N%, — 1)A,S,. (A28)

For the off-diagonal blocks ¥, in €, I have:

P P
Niz N'k:

Z ZWTQ(S?Z,T + ka,q) :)\p(sfz,l + S?k,l) + )\p(szpz,l + ka,Q) +oeeet )\P(sfz,l + Sz?k NP )+
r=1 g=1

Ap(Shoo + 8ip1) T Ap(STon + Siga) + 0+ Ap(Shon + 85 v )+

iz,

)\p(sfzwlg + Sie1) + Ap(s] ne T Siea) o )‘p(sz,Ng'; + ka,ka)

=NEASE, + NPASE, . (A29)

Thus, the sum 5 =li=tsm) for O jg:

2
zk=1,1
t t A t
wp ) SN Y (NL-DS{+ T > 6 (NESL+NIS,)  (A30)
k=1 k=1 k,z=1,k#z

t t
Because of symmetry, . o) 7 (NOSE + NPSP) =2 3 0 *INESP. Breaking
k,z=1k#z k,z=1,k#z

the second sum and combining the. parts with the first and third sums will give:
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t t
o) D ShoH Ay D 0y (NESE, + NLST) (A31)
k=1

k,z=1

The sum related to €2, is given by:

izlw”] zzr + Squ )‘pc Z 6|k “l N Nf;Szck) . (A32)

r=1 gq= k,z=1

Finally, I combine these terms to calculate the posterior mean pu:

t

1 ¢
Mit = o <W0M0 + (wp — Ap) Z Shi + (we — Ac) Z Siit
t k=1

k=1

Ap Z (olF—#INESE)

k,z=1

Ae Z (5¥INgS

k,z=1
APC . |k—z| )\ i |k—z| ATP Qc
7’;1 (0 "INGSE) + k;l (o) NESS,) (A33)

to compute the posterior more efficiently in the optimization process, I construct the

t t

terms with the form > (5]‘[,k_zlAB), using > <61|Dk_Z‘N£€S§’Z> as an example by breaking
k,z=1 k,z=1

it as:

t

t—1
> (SFFINESE) = > (oFINESE) + > (OFHINGSL) + ) (S MINTSE) — NES,
k.z=1

k,z=1

~+
~+

(A34)



This can be simplified as:

t—1 t t

= D> (G INESL) + 680 > (0,"NR) + NG D (6,787,) — NS (A35)

k,z=1 k=1 k=1

t
At each time t, the ) <5I|,k_Z|N5€SfZ> can be written as a function of its value at time
k,z=1

t — 1. For t = 1, it will be NAS¥. Thus the sum can be re-written as
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1.B Supplements for Predictive Exercises

I present the average predicted number of tipping incidences in a day and the predicted total
amount of tips given by all users in a day in Figure [B-1} In Figure [B-1(a)] the number of
tip incidences is largely stable over time. I observe a similar pattern for the total amount of

tips given by all users over time with a moderate increase in the last few months in Figure

B-1(b)
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Figure B-1: Predicted Number of Tip Incidences and Total Tips
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Chapter 2

The Impact of Rewards on

User-Generated Content

2.1 Introduction

User-generated content (UGC) plays a crucial role for social media platforms: it attracts new
users to a platform and keeps existing users engaged. The more and the more engaged users
a platform has, the more ads it can show and increase its revenue. Therefore, platforms are
keenly interested in increasing high-quality UGC production. To this end, many platforms
have implemented a variety of rewards to encmy age users to create content. Table
provides an overview of reward types implemented by a sample of well-known platforms. For
example, YouTube utilizes all fmy types of rewards.! Several other social media platforms

also use multiple types of rewards.

'For example, YouTube awards monetary compensation via the YouTube Short Fund to YouTube
creators whose Shorts received high engagement and many views (https://blog.youtube/news-and-
events/introducing-youtube-shorts-fund/). YouTube awards honorary YouTube Creator Awards plaques
to YouTube channels with a large number of subscribers (https://www.youtube.com/creators/how-things-
work/get-involved /awards/). On YouTube, users can like content and they can purchase access to the
YouTube Super Chat. The proceeds from YouTube Super Chat access purchases go to the content creator
(https://support.google.com/youtube/answer /72887827hl=en).
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Table B-1: Examples of Reward Structures (as of March 21st, 2025)

Provider PLATFORM PEERS
Type Monetary Non-Monetary Monetary Non-Monetary
Examples Compensation Badge Tip Like
YouTube X X X X
Instagram X X X
TikTok X X X X
StackExchange X X
StackOverflow X X
Twitch X X X

Wikipedia X X
Reddit X X X X
Goodreads X X
CycleChat X X
BoardGameGeek X X X X

This variety of rewards used by platforms raises several important questions. First,
rewards can either be given by the platform itself or by other users. Does it matter who
provides the reward? On the one hand, economic theory suggests that the giver of a reward
should not matter, e.g., a $1 reward from the platform has the same monetary value as a
$1 reward from peers. On the other hand, users might value receiving $1 from the platform
differently than receiving $1 from peers, e.g., due to the desire for social recognition. The
answer to this question is important for platforms which face a trade-off: should they spend
monetary resmy ces on directly rewarding content creators or on creating a culture in which
users reward each other?

Second, are monetary and non-monetary incentives equally effective in encmy aging
UGC? On the one hand, non-monetary rewards enhance motivations related to social benefits
of voluntary contributions, such as improved reputation and social status (Hennig-Thurau
et al.[[2004, Roberts, Hann, and Slaughter 2006} [Toubia and Stephen 2013)). On the other

hand, economic theory suggests that rational individuals aim to maximize their utility and
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thus monetary incentives can impact content production by triggering financial motivations
for content generation (Hennig-Thurau et al. 2004). However, monetary incentives may
also weaken the status-enhancing effects of prosocial behaviors and crowd out users’ non-
monetary motivations (e.g., |Qiao et al. 2020} Liu and Feng|2021)). While existing evidence
supports both types of rewards having significant effects on volume and quality of UGC,
most studies have only examined one type of reward, leaving a gap in my understanding of
their relative effectiveness.

Third, only a small fraction of users is typically very active on a platform and responsible
for creating the majority of content. As these high-volume contributors drive much of the
platform’s overall engagement, a key challenge for platforms is ensuring that top contrib-
utors remain engaged, while also finding ways to encmy age casual users to become more
active. It is unclear how different types of rewards influence these two groups of users. Can
rewards transform casual users into top contributors or do they primarily reinforce existing
engagement patterns? To answer these questions, I jointly measure the impact of multiple
rewards, focusing on fmy common types of rewards which differ in their smy ce (awarded by
platform and by other users) and prize (monetary and non-monetary).

My data come from an online board game platform called BoardGameGeek.com (BGG).
For a random sample of users, I observe different types of UGC they created over a time
period of ten years and all rewards they received for their UGC.? The platform rewards users
with badges and monetary compensation in its virtual currency called GeekGold (GG) for
creating UGC.3 Other users can also reward the focal user for UGC with likes and tips. To
summarize, users can receive monetary and non-monetary rewards from both the platform
and other users.

One of the challenges of estimating the effects of rewards lies in their endogeneity: users do

not randomly receive rewards; they receive rewards for previously produced UGC. Therefore,

2T observe five types of UGC: threads, reviews, game session reports, replies/comments, game lists.
3GeekGold is a platform-specific virtual currency. Users can buy GG from other users and sell GG to
other users in private transactions. Users can also buy board games from other users using GG.
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previous literature has mostly relied on experimental variation to measure the effects of
different rewards (Burtch et al|[2018], [2022; Huang, Kaul, and Narayanan 2022). However,
because of cost and complexity concerns, the experimental approach has mostly been used
to study the effects of a single type of reward. This makes a comparison of the effects of
multiple rewards challenging. I take a different approach in this paper: I address endogeneity
concerns taking advantage of my unique data which allow us to include a rich set of controls
and fixed effects, and measure the effects of fmy types of rewards in one empirical setting.

I quantify the effects of rewards a user received during the prior three days on the creation
of UGC on the focal day using log-log linear regressions. I examine two aspects of the created
UGC: its quantity and its quality. UGC quantity refers to the number of posts of a UGC
type. I measure quality of the text in terms of its length, which has been shown to have
a strong correlation with several dimensions of text quality (Blumenstock, [2008; Mudambi
and Schuff, 2010)), and its informativeness, which captures the amount of meaningful content
in the text relative to its length.

My findings show that monetary peer rewards (tips) are particularly effective in increasing
both the volume and quality of posts, while monetary rewards from the platform (compen-
sation) encmy age longer and informative submissions at the expense of overall posting fre-
quency. Furthermore, non-monetary peer rewards (likes) have a positive, albeit small effect
on the number of posts. Meanwhile, the effect of non-monetary platform rewards (badges)
follows a U-shaped pattern, with users briefly pausing after reaching a milestone and then
becoming more active once they get closer to the next goal. In terms of the relative effects of
monetary and non-monetary rewards, my results indicate that the effect of receiving 1 GG
in tips on UGC quantity is equivalent to the effect of receiving 6 likes.* However, taking into
account that a post receives an average tip of 0.09 GG and 2.8 likes, the effect of a post’s
likes becomes 2.5 times as large as of its tips. This is an interesting result because likes, in

contrast to tips, are “free,” i.e., users do not have to spend GG on them.

4During my study period of 2010 to 2020, the exchange rate between GG and US $ varied between 0.01
to 0.07, i.e., 1 GG was worth ¢1 - ¢7.
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A second important aspect relates to how different groups of users respond to these re-
wards. [ investigate whether top contributors, who produce a large share of platform content
and are of special interest to managers, react differently to rewards than casual participants,
and whether a platform can guide casual users toward becoming top contributors through the
usage of rewards. Interestingly, top contributors and casual users react similarly to rewards
at the beginning of their membership. Over time, when differences emerge, top contributors
either become less sensitive to rewards or respond more negatively to them compared to
casual users. These findings are consistent with platform-based compensation crowding out
intrinsic motivation for highly active individuals, leading to a reduction in the total number
of posts they create, even though the quality of each individual post may rise. At the same
time, likes also lose much of their impact on top contributors, suggesting that non-monetary
peer rewards may need to evolve over a user’s lifecycle if they are to remain effective. Based
on these results, I conclude that extrinsic rewards alone cannot transform a casual user into
a top contributor; more fundamental drivers, such as intrinsic interest, are likely at play.

The contribution of this paper is three-fold. First, I add to managers’ and academics’
understanding of the relative effectiveness of fmy different types of rewards which vary in
their nature (monetary vs. non-monetary) and giving entity (peers vs. platform). Unlike
most prior studies, which examine only one or two types of rewards, this paper provides a
comprehensive comparison, addressing a gap in the literature. By offering a holistic perspec-
tive, my findings provide guidance to managers on how to design reward systems to achieve
desired UGC goals.

Second, I investigate the effects of the fmy types of rewards not only on the quantity but
also on the quality of UGC. By examining different dimensions of text quality, I contribute
to the literature on UGC by highlighting that certain rewards (e.g., compensation) can
elevate content depth at the cost of posting volume, while others (e.g., tips) drive frequent
activity without necessarily undermining the substantive value of each post. These insights

underscore the complexity of UGC creation processes and careful weighing of the trade-
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offs between maintaining a high volume of user submissions and fostering detailed, in-depth
contributions in designing a reward system that is tailored to a platform’s short- and long-
term objectives.

And third, I show that, while rewards can refine or boost existing engagement, they are
not effective tools managers can use to convert casual users into top contributors. More-
over, top contributors tend to be more susceptible to crowding out from platform-based
monetary rewards, underscoring the potential pitfalls of one-size-fits-all incentive schemes.
Furthermore, non-monetary peer rewards such as likes, that can act as social acknowledg-
ment signals, often lose their impact on top contributors, emphasizing the need for more
tailored and effective incentive strategies.

The remainder of this paper is organized as follows: In the next section, I review the
relevant literature. In Section [2.3] T introduce and describe my data. I present my model
in Section and discuss the results in Section In the following section, I study the
heterogenous effects of rewards. In Section [2.7] I review the robustness checks and conclude

in Section 2.8]

2.2 Relevant Literature

In this section, I review the relevant streams of literature on UGC, online rewards, and special
interest communities and delineate my research vis-a-vis findings from previous research.
UGC plays an important role in influencing consumer adoption decisions (Li and Hitt,
2008; |Zhang and Godes, 2018b} |Ameri, Honka, and Xie|, [2019) and driving sales (Chevalier
and Mayzlin, 2006; |Chen, Wang, and Xie, 2011; Moe and Trusov} [2011). It also serves as
a key smy ce of entertainment and engagement for online platform users (Chevalier and
Mayzlin, 2006 [Leung, [2009; [Yang, Ren, and Adomavicious|, [2019). Given its significant
downstream impact, extensive research has explored the external factors that drive UGC

creation, including social norms (Burtch et all [2018]), financial incentives (Cabral and Li|
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2015; Burtch et al., 2018} [Khern-am nuai, Kannan, and Ghasemkhani, 2018)), rewards (Gal-

lus, [2017; Burtch et all,[2022)), performance feedback (Huang et al}, [2019)), community com-

mitment (Bateman, Gray, and Butler, 2011)), social recognition (Wasko and Faraj, 2005;

(Chen et al., 2024)), and audience size (Zhang and Zhu, 2011]).

A growing body of literature examines how platforms use rewards to shape user contri-
butions and engagement. Platforms themselves can directly influence UGC creation through

monetary compensation or symbolic recognitions given by the platform (e.g.,
land Lin| 2016} |Gallus| 2017}, [[Khern-am nuai, Kannan, and Ghasemkhani [2018; [Liu and Feng]

2021} |Qiao and Ruil2023). Findings on the effect of monetary compensation are mixed: some

studies show financial rewards increase content quantity and quality (Gneezy and Rustichini,

2000; Burtch et al., [2018; Kuang et al., 2019; Yu, Khern-am nuai, and Pinsonneault, [2022),

while others suggest that monetary rewards can crowd out intrinsic motivation and status-

seeking behaviors and negatively impact users’ content generation (Khern-am nuai, Kannan,|

and Ghasemkhani, 2018} [Qiao et all, [2020; [Liu and Feng, 2021)). For instance, Kuang et al]

(2019) find that financial rewards in paid knowledge-sharing platforms encmy age volun-

tary contributions and social engagement, and |[Yu, Khern-am nuai, and Pinsonneault, (2022))

show performance-based rewards lead to more and higher-quality reviews. On the other

hand, [Khern-am nuai, Kannan, and Ghasemkhanil (2018)) and |Qiao et al.| (2020) find that fi-

nancial rewards result in shorter and lower-quality reviews. Unlike monetary rewards, which
provide immediate economic benefits, non-monetary rewards encmy age UGC by serving as
status signals, providing role clarity, and motivating of long-term engagement (Gallus|, [2017;
Hanson, Jiang, and Dahl, 2019} [Lu, Xie, and Chenl, [2023)). For instance, and

Lu, Xie, and Chen| (2023) find that symbolic medals enhance contribution, while

Jiang, and Dahl| (2019)) show that labels and badges clarify roles, increasing UGC creation.

Beyond directly providing rewards themselves, platforms can also encmy age peers to

reward UGC creation either monetarily, e.g., through tipping (Cabral and Li, 2015} Burtch|

et all [2022), or non-monetarily, e.g., through likes and symbolic acknowledgments (Zhang
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land Zhu|, 2011} Restivo and van de Rijt|, [2014; [Huang, Hong, and Burtchl 2017} [Gallus,

Jung, and Lakhani, 2020; Mummalaneni, Yoganarasimhan, and Pathak, [2024). Through

field experiments, Burtch et al| (2022) find that monetary peer rewards increase content

length and frequency on Reddit, particularly among newer users, and Restivo and van de|

(2014)) find that receiving peer recognition boosts productivity among already active

contributors on Wikipedia. Zhang and Zhu| (2011) show that contributors reduced their

UGC production on Chinese Wikipedia when the number of users decreased due to an
exogenous shock.

While prior research has mostly examined reward types individually, few studies compare
their effects. Some find that both monetary and non-monetary incentives enhance content
generation, with monetary rewards primarily influencing short-term engagement, while non-

monetary rewards, such as social approval and status signals, play a greater role in sustaining

long-term contributions (Roberts, Hann, and Slaughter|, [2006; [Burtch et al., 2018; Woolleyl|

and Sharif, 2021; [Wang, Qiu, and Xu| 2024). However, other studies suggest that monetary

rewards can negatively impact contributions, though social rewards may help mitigate these

declines (Sun, Dong, and McIntyrel |2017; [He et al. 2023)). Despite these insights, many

questions related to the relative effectiveness of different reward types remain unanswered.
I contribute to addressing this gap by systematically comparing the effects of fmy types of
rewards — monetary vs. non-monetary and platform-based vs. peer-based — on both the
quantity and quality of UGC, offering a more comprehensive understanding of how different
incentives shape user contributions.

Lastly, my paper is related to the literature on special interest communities where in-
teractions are based on shared enthusiasm for a specific consumption activity
. Special interest communities help people feel more connected, and internet users
increasingly prefer special interest online communities over general social media, such as

5

Facebook or Instagram.® Recent studies have examined user behavior in different special

Shttps://blog.gwi.com/chart-of-the-week /online-communities/
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interest communities. For example, [Hendricks and Sorensen (2009) study users’ adoption of
new music online, and show that new album releases on the platform lead to a substantial
and permanent increase in the sales of old albums of the same artist. [Zhang and Godes
(2018b)) study Goodreads, and show that, with sufficient experience, having more ties leads
to better decisions. Nevskaya and Albuquerque (2019) study the role of rewards on users’
consumption of a game in a massive online video game platform. They find that improving
reward schedules and imposing time limits leads to shorter usage sessions and longer game
subscriptions. |Ameri, Honka, and Xie (2023b) study how strangers become friends within
an evolving online social network in an online anime-watching platform, and how this evolv-
ing network impacts users’ content generation and vice versa. I contribute to this stream
of literature by examining how different reward types affect users’ content generation in a

board game related online community.

2.3 Data

My data come from Boardgamegeek.com (BGG). This website is a consumption-related
online community revolving around board games. It was established in 2000 and has become
the largest online database for board games as well as the largest online community for board
game fans with over 4 million users worldwide. Figure|B-1|shows the number of users joining

BGG over time.
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Figure B-1: Number of Users Joining BGG Over Time

Number of Users Joining
10000 15000 20000
L I |

5000
L

2000 2005 2010 2015 2020
Join Dates

An important aspect of BGG is that all of its content is created by users. Users provide
detailed information about new and existing games via reviews and game session reports,’
curate themed lists of games,” and also engage in a variety of conversations with other users
in the discussion forum section of the website.?

BGG utilizes a platform-specific virtual currency called GeekGold (GG) to reward users
for their contributions. Users can receive 1 - 5 GG as compensation for writing a review,
session report, or starting a new discussion thread.” Users can only earn GG through con-
tributions and cannot directly buy GG from the platform.'® Users can also earn GG in form
of tips from other users for the content they create. Users can tip any amount they want.

Aside from tipping, users can spend their GG on virtual cosmetic items for their profile page

6Game session reports on BGG are user-submitted logs with detailed gameplay experiences, strategies,
and outcomes from a single play session of a board game.

"These lists, known as GeekLists on BGG, are user-created collections of games organized around specific
themes, personal rankings, or recommendations.

8Users can also contribute other forms of UGC such as ratings, uploading game files, and images. These
forms of UGC are much less common on BGG and I therefore focus on threads, reviews, session reports,
replies (or comments), and game lists.

9All reviews /reports go through a process in which other volunteer users vote to approve a review /report
and recommend an amount between 1 - 5 GG to award to the content creator. I investigated this process
and found that the approval of a review/report is a formality to prevent inappropriate content and takes
less than one day. The average amount recommended by other users determines the compensation amount
the content creator receives for her contribution.

10The platform rewards users who donate money to BGG by giving them GG. Some users may also buy
GG from other users privately. However, both donations and GG purchases are not common.
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or buy board games from peers.

Users also receive badges for writing a certain number of posts of a type. Reviews, session
reports, and lists have each their own badges and milestones, while there are also broader
badges that encompass any forum post, which includes threads, reviews, session reports, and
replies. The badge system is set up in a way that a user has to produce increasingly more
content to reach the next milestone. For example, a user has to write 5 reviews to earn
the first badge, 45 additional reviews to earn the second badge, etc. A list of the badges
and associated milestones is available in Web Appendix A. Lastly, users can also react to
the content produced by others by giving “likes.” Figure shows a thread in which the

content creator received likes and tips from other users.

Figure B-2: Example of a Post for Which the Creator Received Tips and Likes

Box of Delights % Designer = @ricky2002 - Nov 28, 2021 (edited)
m If anyone would like to playtest some solo rules, I've been developing them here
Biedv

1]

https:/fwww.boxofdelights.net/brianboru
You don't need anything other than a copy of the game (and time to enjoy the game solof)
Ricky.

EDIT: Give it a try and leave questions, feedback and comments, and let us know how you get on with each of Easy, Normal or Hard modes

Table summarizes the available rewards for threads, reviews, game session reports,
replies, and lists. Non-monetary peer rewards (likes), monetary peer rewards (tips), and
non-monetary rewards (badges) from the platform can be given/earned for all UGC types.
Monetary rewards from the platform (compensation) are only awarded for threads, reviews,

and session reports.
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Table B-2: Available Rewards

MONETARY NON-MONETARY
Platform Users  Platform  Users
UGC Types Compensation Tip Badge Like
Threads 0-5 0.001+ 20 Levels 1+
Reviews 1-5 0.001+ 6 Levels 1+
Session Reports 1-5 0.001+ 6 Levels 1+
Replies - 0.001+ 20 Levels 1+
Lists - 0.001+ 3 Levels 1+

2.3.1 Data Collection and Cleaning

I collected data containing all activities of a random sample of 100,000 users from their join
date until August 19th, 2020. The data for each user include details of all the content the
user created and the rewards she received for each piece of content.

I took the following steps to construct my final estimation sample. First, to ensure
a minimum level of activity, I focus on users with more than 50 contributions during their
entire membership. To exclude platform administrators, who create a lot of content, I exclude
users with more than 2,000 contributions per year. Excluding very inactive and very active
users left us with 47,988 users. Second, I drop users who did not create any UGC of any
type after Jan 1st, 2020. I condition on at least one UGC contribution after Jan 1st, 2020,
to only keep users who are still active platform members. Otherwise, if a user did not create
any UGC, I cannot distinguish between the user having left the website and the user still
being an active member but deciding not to create any content.!'* My final sample contains
16,688 users with 42,541,246 daily observations of all their activities and the rewards they
received for the content they created from January 2010 to December 2019, my study period
of 10 years.

My measure of UGC quantity is straightforward: it is the number of posts of each UGC

1T do not observe user log-ins or browsing activity.
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type (i.e., initial threads, replies, reviews, session reports, and lists) a user made on a day.
For UGC quality, I assess both the length and informativeness of the content. The length
of a post, measured by the number of words, serves as a reliable proxy for quality, as prior
research has demonstrated the strong relationship between length and perceived quality
(Blumenstock, 2008; Mudambi and Schuff] 2010). For each day, I calculate the average
number of words a user has written per post of each UGC type. To evaluate informativeness,
I calculate the factual density of each post, defined as the number of factual statements,
standardized by text length, i.e., the ratio of the number of factual statements to the total
number of words in the text (Lex et al.|2012; [Horn et al.[2013). I utilize the ReVerb Open
Information Extraction framework to extract factual content and to identify informational

relationships in the text (Fader, Soderland, and Etzioni/2011).

2.3.2 Data Description

By the end of my study period, on average, users had been BGG members for 8.7 years.
Users, on average, write about 74 posts annually (see Table [B-3). However, there is consid-

erable variation in activity levels across users.

Table B-3: Annual UGC Creation Activity

Mean SD Min 1% Quart. Median 3" Quart. Max N
Threads 3.65  8.08 0.00 0.35 1.21 3.65 322 16,688
Reviews 0.22 220 0.00 0.00 0.00 0.00 146 16,688
Session Reports ~ 0.10  0.61 0.00 0.00 0.00 0.00 26 16,688
Replies 63.72 157.53 0.00 3.69  12.62 48.53 1,961 16,688
Lists 6.13  28.69 0.00 0.00 0.00 1.50 1,128 16,688
UGC 73.82 173.23 0.00 508  16.36 59.77 1,968 16,688

Table shows summary statistics for the fmy types of rewards. Note that users only
earn a badge for a certain number of contributions (and not for each contribution). Therefore,

users do not receive badges frequently as opposed to the other types of rewards and the mean

62



number of earned badges is small.!?

Table B-4: Annual Earned Rewards

Mean SD Min 1% Quart. Median 3" Quart. Max N
Tips 8.66  45.41 0.00 0.00 0.61 4.49 2,052.58 16,688
Likes 168.50 622.14 0.00 5.27 20.80 87.63 22,110 16,688
Compensation 0.30 2.35 0.00 0.00 0.00 0.10 146.00 16,688
Badge 0.23 0.44 0.00 0.00 0.00 8.00 32.00 16,688

Table shows descriptive statistics for the UGC quantity and quality measures. The
average number of posts of a UGC type a user writes in a day is 0.04. To put it differently,
an average user writes 1.5 posts in a week across all five UGC types. Posts are, on average,
82 words long, with a median of 40 words. Finally, an average post has an informativeness

score of 0.09, which means that it contains 9 factual pieces of information in every 100 words.

Table B-5: Descriptive Statistics for Quantity and Quality Measures

Mean Median SD Min Max N
Quantity 0.04 0.00 0.58 0.00 804.00 212,706,230
Length 82.49 40.0 219.92 0.01 112.70 4,023,673

Informativeness  0.09 0.10 0.07 0.00 1.00 4,023,673

2.4 Model

My goal is to measure the causal effects of the fmy types of rewards on the quantity and
quality, i.e., length and informativeness, of UGC. In interpreting the estimated effects as
causal, I will rely on the conditional independence assumption, i.e., the assumption that,
conditional on a large number of observed variables and fixed effects, the error term and the
focal variables are independent (Angrist and Pischke|2009).

I use the following set-up: For UGC quantity, let Y;;; denote the number of posts of type
j € {thread posts, reviews, session reports, replies, lists} user i« = 1,..., N created on day

t=1,...,T. For UGC quality let Y;;; reflect one of the two quality dimensions of UGC posts

12T also report the summary statistics for rewards received per post in Web Appendix A.
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of type 7 user ¢ wrote on day t. 1 separately estimate the models for the three dependent

variables using log-log linear regressions with the following specification:

Yijt = B1Tipsiji+ BoLikes;j+FsCompensation, i+ BaBadge;ji+ B5;Ciji+ i +viji+€i0 (B1)

I operationalize the fmy reward types as follows: T'ips;;; is the amount of tips (in GG)
user ¢ received from other users for UGC type j in the three days prior to day t, i.e., days
t —3 tot— 1. I exclude the tips user ¢ received on day ¢ because I cannot determine
whether the reward was received before new content was produced that day and, as a result,
whether receiving the reward impacted user ¢’s behavior. I include tips received up to three
days prior to day t to account for potential lingering effects of receiving rewards as well as
for the possibility that user ¢ may not have seen the reward immediately.!> The variables
Likes;;jt, Compensation;j;, and Badge;;; are defined similarly: Likes;;; is the number of
likes, Compensation;j; is the compensation amount (in GG), and Badge;;; is the number of
badges user 7 received for UGC type j in the three days prior to day t.

There are several concerns related to the endogeneity of rewards. I address them by
including a set of control variables denoted by Cjj¢, user-day fixed effects a;;, and user-UGC-
year fixed effects ~,; in equation (1). In the following, I discuss the endogeneity concerns
and how the control variables and fixed effects address them. First, a user does not randomly
receive peer rewards, i.e., tips and likes from other users. A user can only receive a peer
reward if she made a post in the past. Relatedly, a user who wrote multiple posts in the
past is more likely to receive a peer reward than a user who wrote one post. I address these
concerns by including five control variables that contain the cumulative number of posts a
user has ever written and has written in the past 365/30/7/3 days.

Additionally, some posts might generate many peer rewards, while others do not. To

account for this, I include control variables related to the quality and timeliness of posts

13T test the robustness of my results regarding the three-day time window by re-estimating my models
using one-day and seven-day time windows. The results are robust and presented in Web Appendix D
available at https://minaameri.com/incentives-appendixl
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users have written in the prior three days. Following the literature on content quality, the
five quality control variables capture the following aspects of past posts: length, complexity,
politeness, linked content, and informativeness (details on the construction of these variables
are provided in Web Appendix A). The two control variables related to the timeliness of posts
consist of the cumulative number of posts ever written and the number of posts written during
the past 30 days by all users on topics the focal individual has posted within the past three
days. These control variables capture the existing volume of information and the level of
interest in a topic at that time.

A second concern is the non-random timing of peer rewards: on this platform, users
commonly receive peer rewards within the first few days after publishing a post. Older posts
rarely receive peer rewards. I address this concern by including individual-day fixed effects
ay;. These fixed effects control for differences in received peer rewards across days for each
user. Thus, the identifying variation for the effects of peer rewards is the within-day variation
for each user.'4

Third, a user does also not randomly receive platform rewards, i.e., compensation and
badges. When writing a game review or session report, the user knows that she will receive

15 However, depending on how the review or report is

compensation from the platform.
evaluated by a few random users, the amount of the awarded compensation varies. Although
users receive compensation for all their reviews and session reports, receiving compensation

for a thread post requires additional steps: The user has to nominate her thread post and

the thread post has to pass an evaluation by a few other users. Thus, receiving a reward

14T have more than 3.5 million individual-days in which a user wrote a post in one of the five UGC cate-
gories, allowing us to identify the effects of rewards despite using granular individual-day fixed effects. I test
the robustness of my results by including less granular individual-week instead of individual-day fixed effects.
The results are presented in Web Appendix D available at https://minaameri.com/incentives-appendix.
T also estimated my model with neither the individual-day nor individual-UGC-year fixed effects. The results
are also shown in Web Appendix D and are directionally robust.

15Formally, reviews have to go through GeekModding, a process in which other users read the posts,
approve them, and suggest a compensation reward amount, to receive compensation. However, in practice, all
reviews following basic platform guidelines get approved and compensated. The user receives a compensation
reward within the allowable range that equals the average compensation amount suggested by users who
read her post in GeekModding. GeekModding is fast: reviews get approved and published within a day.
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for a thread post is not guaranteed. Furthermore, for all three UGC types, I control for the
quality of the post that received the reward, allowing the additional variation in awarded
compensation to help identify its effect.

And lastly, a user knows when she has written enough posts to earn the next badge.'® I
follow |(Goes, Guo, and Lin| (2016) in addressing this concern: I include variables that capture
the progress towards the next badge in terms of the remaining number of posts needed to
reach the next milestone. Since previous literature suggests non-linear effort exertion to reach
hierarchical milestones (Lal and Srinivasan, |1993; |Goes, Guo, and Lin| 2016)), I also include
the square of the progress variables. As described in Section [2.3] the badge system is set up
in a way that reaching the next badge gets increasingly difficult, i.e., a user has to produce
more and more content to earn the next badge. This implies that the number of remaining
posts needed to reach the next milestone is not comparable across badges since the same
number can imply different completion levels. Therefore, I estimate separate coefficients for
each badge.

In addition to the aforementioned variables, C;;; also contains the following controls. To
account for unobserved factors that may prevent a user from contributing to a specific type
of UGC until day t, e.g., inexperience, I include a dummy variable that indicates if user ¢
has ever produced any content of type j before day ¢. I also control for the rewards user 7
received for UGC types other than type 7 in the three days prior to t. Further, if a user has
produced UGC of type j in the past, I control for the number of days since their last post of
type j and its quadratic term to account for users engaging in conversations lasting several
days.

Recall that I include user-day and user-UGC-year fixed effects, a;; and 7;5. They serve
several purposes: they address the endogeneity concern related to the timing of rewards
discussed in the previous section, and they capture the inherently heterogeneous tendency of

users to create UGC as well as any unobserved, day-specific shocks that may influence user

16The number of posts for each UGC type is displayed on each user’s personal page.
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behavior. Incorporating user-day fixed effects also allows us to control for incidences when a
user did not visit the platform and, as a result, did not post anything. User-UGC-year fixed
effects control for unobserved tendencies of users for posting in each UGC type of content
at different time periods. And lastly, €;;; is the error term and is assumed to follow a normal

distribution.

2.5 Results

Next, I present and discuss my results displayed in Table 17 Recall that I use log-log

linear regression models. Thus, the estimated coefficients can be interpreted as elasticities.

Table B-6: Effects of Rewards on UGC Quantity and Quality

0 () (i)

Quantity Quality
Length Informativeness

Tips 0.0572%** 0.022717%%* 0.0003

(0.0086) (0.0050) (0.0002)
Likes 0.0088*** -0.0020%* 0.0000

(0.0011) (0.0010) (0.0000)
Compensation -0.0841%** 0.0751* -0.0001

(0.0147) (0.0326) (0.0005)
Badge 0.0914 -0.1029 -0.0030

(0.1234) (0.1809) (0.0036)
Controls Yes Yes Yes
Individual-Day Fixed Effects Yes Yes Yes
Individual-UGC-Year Fixed Effects Yes Yes Yes
Number of Observations 212,706,230 212,706,230 212,706,230
R? 0.29 0.88 0.65

Clustered standard errors in parentheses.
The dependent and independent variables are in logarithmic form.
* p < 0.05,** p < 0.01,*** p < 0.001

Starting with peer rewards, both tips and likes have significant positive effects on UGC

quantity. However, their effects on UGC length are directionally opposite with a significant

"The full set of coefficient estimates are available in Web Appendix B.
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positive effect for tips and a negative effect for likes. In other words, monetary peer rewards
result in more and longer posts, while non-monetary peer rewards lead to more but shorter
posts. Interestingly, neither reward exhibits a significant effect on the informativeness of
posts. Recall that the informativeness measure is standardized based on text length to
account for varying post lengths, ensuring that longer posts do not artificially appear more
informative. As a result, an insignificant effect indicates that, even when the length of a post
increases or decreases, the amount of informativeness scales proportionally. Comparing the
effect sizes of tips and likes on post quantity, my results indicate that the effect of receiving
a 1 GG tip is equivalent to the effect of receiving 6 likes. However, although individual likes
appear to have a smaller effect, their sheer volume can have a substantial impact: with a
post receiving an average tip of 0.09 GG and 2.82 likes, the impact of likes is effectively 2.5
times the impact of tips.

Next, I examine my findings for platform rewards. I find that receiving monetary rewards
from the platform exerts a negative effect on UGC quantity. This result is consistent with
the literature on monetary incentives and crowding-out theory (Kreps,|1997; Khern-am nuai,
Kannan, and Ghasemkhani, 2018; |Qiao et al., 2020; Liu and Feng), 2021)), Monetary rewards
can undermine intrinsic motivation (Deci, Koestner, and Ryan| 1999)) and erode the status-
enhancing benefits of prosocial behaviors (Bénabou and Tirole, 2006), thereby crowding out
non-monetary motivations. This crowding-out effect is especially pronounced when users
routinely receive less than the maximum performance-based reward (Deci, Koestner, and
Ryan, |1999), or when monetary incentives are not sufficiently large to be salient (Gneezy
and Rustichini, 2000; |Sun, Dong, and Mclntyre|, 2017)), as is the case in my setting.

An alternative explanation for this finding could potentially be that external events, such
as users acquiring a new game, lead to a user writing a review rather than compensation it-
self. However, by incorporating individual-time fixed effects, my model robustly accounts for
such temporal shocks, ensuring that the observed compensation effects are not confounded

with coinciding external events. Additionally, one might argue that, incentivized by the com-
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pensation, users simply take longer to accumulate or process information, thereby producing
longer posts as they recover from the cognitive effort of previous contributions. Yet, my con-
trols for the number of days since the last post and its quadratic form along with measures
of cumulative posting activity over varying time windows (365, 30, 7, and 3 days) and prior
post quality measures control for these recovery or information-gathering dynamics, ruling
them out as alternative explanations.

Furthermore, note that crowding out is often related to a perceived loss of autonomy,
i.e., when an activity once freely chosen starts feeling externally mandated (Frey and Jegen),
2001; Deci and Ryan| 2013). As such, formal monetary compensation from the platform
may inadvertently make the user feel as though they are now “working for the platform,”
reducing the intrinsic joy of participating. Tips, on the other hand, are often perceived as
gestures of genuine appreciation rather than formal, extrinsic control. Because tips typically
directly come from appreciative community members, users tend to view them as voluntary
acknowledgments that validate their intrinsic desires to share content (Burtch et al., [2022)
rather than as impersonal payments from the platform. Therefore, tips rarely disrupt a
contributor’s sense of autonomy and do not undermine the enjoyment they derive from
posting, but instead reinforce users’ intrinsic motives.

Compensation has a positive effect on UGC length, but shows no impact on the infor-
mativeness of posts. To put it differently, when users receive monetary rewards from the
platform, they tend to write less frequently, but the content they produce is of higher qual-
ity. Specifically, it is longer and contains more detailed information. This indicates that the
platform is achieving its goal of encmy aging users to write higher-quality content, although
in fewer numbers.'® 1 conclude that monetary platform rewards are not a suitable tool to
increase the quantity of produced UGC in the short-run. However, these findings do not

imply that platforms should not use monetary rewards: these types of rewards incentivize

18T also estimated a model with UGC length operationalized as the number of words written in a day
and find compensation to also have a negative effect on UGC length in that model. To put it differently,
although the number of words in each post increases, the increase is not large enough to make up for the
decrease in the number of words due to a decrease in UGC quantity.
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different aspects of user behavior that might be desired by a platform as discussed in the
next section.

Comparing the effects of tips and compensation shows that receiving 1 GG as compen-
sation is 3.4 times more effective at encmy aging longer posts than receiving 1 GG in tips.
This difference becomes even more pronounced for contents like reviews, where users, on
average, receive higher compensation than tips. For example, given that reviews receive an
average of 2.4 GG in compensation and 1.23 GG in tips, the overall impact of compensation
on review length is more than five times that of tips.

Receiving a badge does not show any immediate effect on UGC production, neither in
terms of quantity nor quality. Note that the coefficient estimates in Table measure
short-term effects, capturing the effects of receiving a badge on user behavior during the
three days following a badge award. However, when I examine user behavior between badges
or as users approach the next badge milestone, a distinct pattern emerges: the coefficient
estimates capturing content generation behavior in these in-between stages reveal a U-shaped
pattern. In Figure I illustrate how the distance from the next badge milestone — across
the three most common badge categories: reviews, reports, and overall posts — affects both
the quantity and length of users’ posts. The figure presents predicted effects for the first
six badges in each category. For example, in the case of review badges, content production
initially declines following the receipt of the third badge, but then sharply increases as users
approach the fmy th badge, particularly when they are within 15 posts of the required
250 posts needed to receive the next badge. This pattern aligns with goal-gradient effects
observed in the hierarchical incentives literature: |Goes, Guo, and Lin| (2016) found negative
effects of badges on content generation, while |Lal and Srinivasan| (1993)) and (Oyer| (1998)
found similar declines in effort within salesforce compensation structures. The post-badge
decline is consistent with the idea that users temporarily “take a break” or decrease effort
after reaching a milestone, reinforcing the importance of designing strategies to sustain

engagement within gamified platforms. On the other hand, while the continuous effect of
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distance from the next badge may weaken at times, badges can serve other purposes for the

platform, such as enhancing role clarity and providing structure to the community

Jiang, and Dahl, [2019)).

(a) Effect on Post Quantity (b) Effect on Post Length
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Figure B-3: Effect of Distance from the Next Badge Milestone (Red Vertical Lines Indicate
Milestones)

Similar to the opposing effects of compensation on content quantity and length, I find
that, while quantity follows a U-shaped trend, post length (and informativeness) exhibits
an inverse-U shaped pattern as users get closer to the next badge milestone. To put it
differently, after receiving a badge, users write longer (more informative) posts, but post
length (informativeness) sharply declines when they get very close to the next milestone. This
pattern suggests that users may be more deliberate and reflective in their content creation
when they are further from the next badge but shift towards shorter, less detailed posts as
they rush to complete the remaining contributions needed for the next badge. Overall, the

minimal short-term impact of badges combined with the (inverse) U-shaped pattern suggest
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that platforms may wish to introduce more intermediate milestones or localized recognitions.

In summary, my findings highlight the distinct roles that different reward types play
in driving content generation. Among the fmy reward types, monetary peer rewards (tips)
stand out as the most effective reward type in increasing the number of posts on the platform,
while also promoting higher-quality submissions. Although monetary compensation offered
by the platform tends to decrease overall posting frequency, it emerges as the most powerful
incentive for eliciting deeper, more substantive contributions. Taken together, these findings
illustrate how tips serve as an effective reward for promoting frequent activity, whereas
platform compensation offers stronger support for high-quality contributions. While likes
have a modest impact on a per-like level, their sheer volume can create a substantial aggregate
effect. Lastly, badges, despite having limited short-term effects, can function as a sustained,
albeit fluctuating motivational force or serve other purposes such as providing role clarity

(Hanson, Jiang, and Dahl, 2019).

2.6 Top Contributors vs. Casual Users

A common pattern in social media is that the majority of content on a platform is created
by a small group of users. For example, the 90-9-1 rule suggests that 90% of users are rarely
active, 9% of users are somewhat active, and 1% of users are very active. On social media,
the Pareto Principle often manifests as an 80%-20% split between inactive and active users.’
Although different platforms may exhibit variations in the exact proportions, the underlying
theme remains that a small subset of users generates the majority of content. Because these
high-volume creators shape much of the platform’s engagement and community culture,
understanding how to effectively reward them is pivotal for platform managers. Furthermore,

one might wonder whether the platform can “create” top contributors, i.e., transform casual

users into high-volume contributors, using rewards. I will revisit this possibility when I

9See, e.g., https://en.wikipedia.org/wiki/1%25 rule, https://www.nngroup.com/articles/participation-
inequality/, https://stangarfield.medium.com/90-9-1-rule-of-thumb-fact-or-fiction-2377¢12{3a79.
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analyze how tenure interacts with user type and reward structures.

To capture the differential responses of high-activity and low-activity users, I divide users
into two groups: users who are among the top 20% of individuals in my data in terms of
average daily produced UGC volume over the observation period (or their membership if
they joined during the observation period) are classified as top contributors, and I refer to
all other users as casual users. Although top contributors comprise only one-fifth of the user
base, their posts make up more than 80% of the content, underscoring their importance to
the platform in my study.

I re-estimate my models separately for these two groups and report the results in Ta-
ble .20 A glance at Table immediately reveals that rewards affect casual users and
top contributors differently. Although both tips and likes have positive and statistically
significant effects on posting activity for both groups, top contributors exhibit a larger re-
sponse to tips but a smaller response to likes compared to casual users. In other words,
highly active users are more influenced by monetary than by non-monetary peer rewards.
A potential explanation is that top contributors, who likely have received numerous likes
in the past, have become habituated to them since more exposure diminishes the effects of
rewards (Thompson and Spencer, |1966; Zhang and Gao, 2016). By contrast, tips retain their
effectiveness because they can be used in tangible ways, such as purchasing cosmetic badges
or lottery tickets for board game prizes. Meanwhile, casual users, being less accustomed to
frequent peer acknowledgment, still perceive likes as a meaningful signal of recognition.

Comparing the effect magnitudes, tips are about 3.5 times more effective than likes
for casual users, but nearly 20 times more effective for top contributors. Given that top
contributors, on average, produce far more content per day, the platform-level impact of
increasing tips is even more pronounced among this select group. While top contributors
constitute only 20% of the platform’s users, a 10% increase in their tips produces 6.4 times

more new content than the same percentage increase in tips would elicit from casual users.

20The full set of results is reported in Web Appendix C available at https://minaameri.com/
incentives—appendix.

73


https://minaameri.com/incentives-appendix
https://minaameri.com/incentives-appendix

Table B-7: Effects of Rewards for Top Contributors vs. Casual Users

Quantity Quality
Length Informativeness
Casual Top Casual Top Casual Top
(i) (ii) (iii) (iv) v) (vi)
Tips 0.0371*** 0.0596** | 0.0172** 0.0220*** | 0.0008™** 0.0003
(0.0105) (0.0086) (0.0018) (0.0050) (0.0002) (0.0002)
Likes 0.0106*** 0.0031** 0.0037** -0.0033** | 0.0000 0.0000
(0.0014) (0.0010) (0.0001) (0.0010) (0.0000) (0.0000)
Compensation -0.0326 -0.0908** | 0.1153*** 0.0624 -0.0018** 0.0002
(0.0208) (0.0152) (0.0001) (0.0326) (0.0007) (0.0005)
Badge -0.1786 0.1328 -0.3965* -0.0534 -0.0044 -0.0028
(0.1519) (0.1272) | (0.1328) (0.1809) | (0.0049) (0.0037)
Controls Yes Yes Yes
Individual-Day Fixed Effects Yes Yes Yes
Individual-UGC-Year Fixed Effects Yes Yes Yes
Number of Observations 168,095,525 44,610,705 | 168,095,525 44,610,705 | 168,095,525 44,610,705
R? 0.27 0.33 0.89 0.87 0.68 0.64

Clustered standard errors in parentheses.
The dependent and independent variables are in logarithmic form.
* p <0.05,"* p<0.01,"* p <0.001

Compensation from the platform reveals an interesting pattern. Among casual users,
compensation does not affect how often they post, but encmy ages them to write longer
posts. However, the effort involved in writing longer content does not translate into more
information as compensation has a significantly negative effect on informativeness, suggest-
ing that the lengthier posts casual users produce are more diluted. To put it differently,
the additional word count does not mean that posts contain more valuable information.
By contrast, for top contributors, compensation reduces the quantity of posts, but shows a
marginally significant positive effect on post length with no discernible effect on informa-
tiveness. Put differently, top contributors respond by producing fewer but longer posts with
more information when compensated.

Overall, monetary platform rewards boost either the amount or the length of content.
Yet, they do not unilaterally elevate substantive depth for all users, underscoring the nu-
anced interplay between extrinsic rewards and intrinsic motivation in content creation. The

effect of compensation suggests a crowding-out of intrinsic motivation to post for top users
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— a finding that echoes prior evidence that experienced users may respond less favorably
to paid incentives (Qiao et al) 2020). Crowding out typically occurs when a person has
higher intrinsic motivation, such as top contributors who like producing content or engage
deeply with the community (Bénabou and Tirole, 2006)). For these users, platform monetary
incentives can shift the meaning of their activity from something freely chosen to something
externally driven, undermining the gratification they derived from contributing,

In contrast, casual users often have less intrinsic motivation (Bénabou and Tirole, 2006).
Because they were not strongly driven to post in the first place, platform monetary rewards
are less likely to interfere with their sense of autonomy or personal enjoyment. Instead, they
can function as an extra smy ce of motivation without stripping away an existing internal
drive. Effectively, because there is less intrinsic motivation to “crowd out” to begin with,
casual users are more apt to see financial incentives as a net gain, rather than a threat to
their autonomy or identity as contributors.

Furthermore, while compensation encmy ages longer posts by both groups, only top
contributors, who have more experience in content production, are successful in improving
the content of the posts as well. Hence, compensation has the potential to be effective for
both types of users, but in different ways: some produce less but still high-caliber content,
whereas others post at the same rate but with longer diluted posts.

These findings illuminate the reality that intrinsic and extrinsic motivators do not operate
uniformly across different user segments. Top contributors, driven by a mix of intrinsic
interest and deeper platform engagement, respond to rewards in ways that can differ sharply
from casual users, who are more easily influenced by platform rewards or social signals, such
as likes. In practical terms, when a small subset of users wields substantial influence due
to their high output, platform managers must be mindful that certain rewards may either
discmy age these top contributors (by crowding out intrinsic motivation) or fail to resonate
if they become too common without providing more tangible benefits (as with likes). As

a result, when designing a system that encmy ages a broader range of users to participate
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more regularly, platforms must be careful to avoid crowding out the high-quality content
that top contributors reliably generate.

While these findings illustrate how different reward mechanisms impact user groups in
their current state, they do not yet answer a central question: can casual users evolve into top
contributors over time if given the right incentives? To put it differently, if top contributors
are so pivotal to a platform’s success, is it possible for a platform to strategically use rewards
to “create” mew top contributors from the casual user base? To investigate this question,
I next turn to a temporal analysis of how top contributors and casual users respond to
rewards as their membership tenure increases, illuminating whether — and how — platforms

might effectively nurture tomorrow’s power users.

2.6.1 Effects of Rewards over Top vs. Casual Users’ Tenure

In this section, I investigate whether the duration of a top contributor’s and a casual user’s
platform membership affects their reaction to rewards. Understanding whether the im-
portance of rewards varies between top contributors and casual users in early membership
periods can shed light on the question whether the platform can, in fact, “create” more top
contributors through a strategic use of rewards. Specifically, it raises the possibility that
early interventions might steer casual users toward higher levels of engagement.

To examine how the impact of rewards evolves over time, I interact the reward variables
with the number of years a user has been a platform member (“tenure”) and re-estimate
the models for top and casual users separately. Table presents the estimated effects
and reveals fmy patterns in how the effects of rewards evolve as contributors become more
seasoned.?! First, early in their membership, top contributors and casual users show no
statistically significant differences in their responses to rewards. In terms of post quantity,
both groups respond positively to monetary peer rewards and negatively to monetary plat-

form rewards. Furthermore, while it seems that casual users change the informativeness of

21The full set of results is reported in Web Appendix C available at https://minaameri.com/
incentives-appendix.
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the posts after receiving rewards, the effect differences between top contributors and casual

users are not statistically significant.

Table B-8: Effects of Rewards for Top and Casual Users over Their Tenure

Quantity Quality
Length Informativeness
Casual Top Casual Top Casual Top
(i) (i) (iii) (iv) v) (vi)
Tips 0.0432* 0.0819*** | 0.0271 0.0307* 0.0014* 0.0006
(0.0217) (0.0171) | (0.0153) (0.0147) | (0.0006) (0.0005)
Likes 0.0174***  0.0183*** | 0.0017 -0.0005 0.0002* 0.0001
(0.0033) (0.0022) (0.0027) (0.0024) (0.0001) (0.0001)
Compensation -0.1890***  -0.1561*** | 0.0123 0.0847 -0.0035* -0.0030*
(0.0598) (0.0367) (0.0746) (0.0786) (0.0015) (0.004)
Badge -0.3783 0.4972 -0.4612 -0.5645 -0.0128 0.0048
(0.4686) (0.3589) (0.4514) (0.4307) (0.0097) (0.097)
Tips x Tenure -0.0044 -0.0116 -0.0062 -0.0047 -0.0004 -0.0002
(0.0141) (0.0117) (0.0077) (0.0072) (0.0003) (0.0003)
Likes x Tenure -0.0040%* -0.0081*** | 0.0011 -0.0015 -0.0001* 0.0000
(0.0017) (0.0012) | (0.0014) (0.0012) | (0.0000) (0.0000)
Compensation x Tenure 0.1038** 0.0355 0.0694 -0.0122 0.0011 0.0018**
(0.0366) (0.0213) (0.0466) (0.0438) (0.0008) (0.0007)
Badge x Tenure 0.1196 -0.2825 0.0425 0.3829 0.0050 -0.0056
(0.2489) (0.1904) (0.2798) (0.2540) (0.0063) (0.0056)
Controls Yes Yes Yes
Individual-Day Fixed Effects Yes Yes Yes
Individual-UGC-Year Fixed Effects Yes Yes Yes
Number of Observations 168,095,525 44,610,705 | 168,095,525 44,610,705 | 168,095,525 44,610,705
R? 0.27 0.32 0.89 0.87 0.68 0.64

Clustered standard errors in parentheses.

The dependent and independent variables are in logarithmic form.

* p <005 p< 001" p<0.001

Second, for both top contributors and casual users, likes lose their effectiveness. This

result is similar to Burtch et al| (2022)’s finding that new users are more responsive to
peer rewards. For new users, peer rewards help foster community ties and relational bonds
(Ren, Kraut, and Kiesler, 2007)), but users may become used to them over time, rendering
likes less potent as motivators. In other words, platforms can encmy age frequent likes to
jumpstart top and casual users, but should also recognize that these rewards lose momentum

for long-term members.
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Third, while the impact of compensation on new users is negative, the interaction effect
between compensation and tenure is positive and significant. The baseline coefficients rep-
resenting the effects of compensation for new users from both groups are not statistically
different from each other. However, because the interaction term for casual users is sub-
stantially greater, they experience a diminishing crowding-out over time. In other words,
casual users may initially respond negatively to overt monetary rewards, but as they spend
more time on the platform, they begin to welcome the additional incentive without feeling
coerced. Meanwhile, top contributors maintain a comparatively stronger negative response
to compensation over the long run. Overall, these findings suggest that platforms might
benefit from staging monetary incentives to accommodate how each user segment evolves,
while recognizing that top contributors remain more susceptible to potential crowding-out.

And lastly, not only are both groups’ responses similar early on, but they also change
in similar ways over time. Even when differences emerge (see Figure , top contribu-
tors either lose sensitivity to certain<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>