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Abstract

This paper examines how gifting spreads among viewers on
Twitch, one of the largest live streaming platforms world-
wide. On Twitch, users can purchase gift subscriptions for
other viewers and often opt for community gifting, in which
subscriptions are distributed to randomly selected viewers.
Leveraging this random distribution as a natural experiment,
we investigate the conditions under which gift recipients pay
it forward to others. Our findings show that receiving a gift
significantly increases the likelihood to pay it forward. This
positive effect is amplified in single-recipient gifting events
(i.e., one subscription is given to one individual per event)
compared to mass distributions involving multiple recipients.
Conversely, receiving a gift from a frequent gifter can atten-
uate the willingness to pay it forward. Finally, anonymous
gifting has no significant influence on the spread of gifting.
This research contributes to the literature on the spread of
online prosocial behavior by providing robust empirical ev-
idence and offers actionable insights for platform designers
seeking to promote and sustain prosocial interactions in on-
line communities.

Introduction
Gifting is a fundamental component of human society, stud-
ied extensively across diverse contexts and disciplines. In
the digital age, this practice has evolved alongside informa-
tion and communication technologies. Modern gifting and
donation systems, which incorporate social media features,
enable users to exchange gifts seamlessly, transcending tem-
poral and geographical constraints. Moreover, these systems
provide a rich data environment for researchers to investi-
gate online gifting and donation patterns at scale. Under-
standing how people exchange gifts and make donations
online is crucial for sustaining large-scale, active gifting
systems, including crowdfunding platforms (Sisco and We-
ber 2019), live streaming services (Chaudhry, Wang, and
Ouyang 2024), and gift exchange systems within social me-
dia (Kizilcec et al. 2018) and online gaming (Bisberg et al.
2022).

This paper investigates the spread of gifting in live
streaming, with a specific focus on Twitch. Live streaming
has become a global phenomenon in online entertainment,
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facilitating novel forms of user engagement through real-
time communication. We selected Twitch as our research site
because its massive global viewership and data accessibility
provide an ideal environment for the systematic observation
of user interactions at scale.

Viewer engagement on Twitch is primarily categorized
into three modalities: commenting, donating, and gifting.
First, viewers can use the integrated chat interface to post
text messages and emotes for real-time communication with
the streamer and other viewers. As a zero-cost activity, com-
menting is the most basic form of user engagement. Sec-
ond, viewers may provide financial support with streamers
in various ways, such as subscribing to channels, purchasing
memberships, or sending virtual currency donations. While
access to live content and chat is generally free, viewers of-
ten provide monetary rewards as a form of appreciation for
the streamer’s content. A prominent method of donation in-
volves “Bits,” the platform’s virtual currency; these are pur-
chased at an approximate rate of 100 Bits per USD. View-
ers can post messages accompanied by a specific quantity of
Bits they wish to donate. Although Bits are intended for do-
nations to streamers, Twitch also enables gift subscriptions,
allowing viewers to purchase channel memberships for oth-
ers. Recipients of these gifts can unlock several premium
affordances, such as access to channel-specific emotes and
an ad-free viewing experience. For the remainder of this pa-
per, we define “gift” specifically as a gift subscription given
by one viewer to another in the chat room, whereas “do-
nation” refers to any monetary transfer from a viewer to a
streamer. Gifters may target specific individuals or autho-
rize the platform to distribute subscriptions randomly among
non-subscribers in the chat room (see Figure 1). Our study
specifically focuses on community gifting where recipients
are randomly selected by the platform. Additionally, the
platform provides an option for anonymous gifting.

Gifting on Twitch represents a unique form of digital al-
truism that generates significant positive externalities: it pro-
vides recipients with premium access at no personal ex-
pense while simultaneously supporting the streamer’s finan-
cial sustainability. While practitioners strive to design fea-
tures that promote such behaviors (Grüning et al. 2024;
Harvey, Golightly, and Smith 2014), they often face sig-
nificant challenges because users frequently perceive a di-
minished obligation to contribute in large-scale, anony-
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Figure 1: The Twitch gifting interface allows users to target
specific individuals or authorize the platform to distribute
gift subscriptions to randomly selected individuals in the
chat room (Left). The system-generated announcement re-
veals the gifter and the recipients, noting that the gifter gave
40 gift subscriptions to the community. Additionally, the
message displays the cumulative number of subscriptions
gifted by the gifter to the channel, which is 960 in this exam-
ple (Right). Images were retrieved from the Twitch website
(Twitch 2024a,b).

mous online spaces. This challenge is exacerbated by a
paucity of empirical benchmarks regarding how positive in-
teractions scale in digital environments. Unlike antisocial
behaviors, which have been extensively documented, the
mechanisms that drive prosocial contagion remain relatively
under-researched (Dörr et al. 2025), particularly in environ-
ments where prosocial behavior incurs personal economic
costs. By delineating the conditions that catalyze the pay-it-
forward mechanism, we aim to provide a timely and essen-
tial framework for implementing effective interventions that
can foster sustainable prosociality.

To identify the drivers of behavioral contagion in virtual
gifting, we analyze a large-scale dataset of 8,068 Twitch
streams. Leveraging the platform’s algorithmic distribution
of gift subscriptions as a natural experiment, we employ
mixed-effects logistic regression to estimate the causal im-
pact of gift-receiving on subsequent prosocial behavior. Our
results show that gift recipients are significantly more likely
to pay it forward compared to non-recipients. This effect is
amplified when the gifting event has a single recipient (i.e.,
one subscription is given to one individual). Conversely, re-
ceiving a gift from a frequent gifter dampens the impulse to
reciprocate. This study contributes to the literature on on-
line prosociality by providing empirical evidence for gen-
eralized reciprocity in digital environments. We also offer
actionable insights for platform designers seeking to foster
prosocial behavior within online communities. Specifically,
we suggest design strategies such as modulating the level
of individualized attention directed toward beneficiaries and
the social visibility of gifting activities.

Related Work
Gifting and Contagion of Prosocial Behavior
Gifting is a foundational form of prosocial behavior, defined
as “any action that benefits others, often at a personal cost to

the actor” (Thielmann, Spadaro, and Balliet 2020). Because
voluntary gifting entails a material or opportunity cost for
the giver, extensive research has investigated its underlying
psychological and social motivations. These drivers include
relational maintenance and bond formation (Ruth, Otnes,
and Brunel 1999; Sherry Jr 1983); symbolic communica-
tion used to signal social, economic, or educational status
(Camerer 1988; Schwartz 1967); and identity signaling or
self-representation (Batson and Powell 2003). Furthermore,
gifting is often driven by hedonic and eudaimonic values,
where the act of giving generates rewards such as pleasure,
self-fulfillment, and improved well-being (Anik et al. 2009;
Lai et al. 2020; Wolfinbarger and Yale 1993).

While the motivations of givers have been extensively
documented, the reactions of gift recipients have received
relatively less scholarly attention (Lampinen et al. 2013).
However, a deeper understanding of these reactions is es-
sential for elucidating the underlying mechanisms of proso-
cial contagion. Prior research suggests that beneficiaries are
inclined toward either direct reciprocity (repaying the orig-
inal giver) or generalized reciprocity (paying it forward to
others) (Skågeby 2010; Tsvetkova and Macy 2014). These
subsequent prosocial acts are primarily mediated by two dis-
tinct emotional responses: indebtedness and gratitude (Peng,
Nelissen, and Zeelenberg 2018; Schaumberg and Flynn
2009). Specifically, feelings of indebtedness may compel re-
cipients to reciprocate to alleviate the psychological discom-
fort or anxiety associated with an unfulfilled social obliga-
tion (Nahum-Shani, Bamberger, and Bacharach 2011). On
the other hand, gratitude has been shown to broaden proso-
cial tendencies, fostering a desire to pay it forward to the
community (Bartlett and DeSteno 2006; Nowak and Roch
2007).

Generalized Reciprocity in Online Communities
While the theoretical foundations of prosocial behavior were
established within the context of offline communities, re-
cent scholarship has expanded to encompass digital envi-
ronments. Online platforms provide unique sociotechnical
settings that facilitate the solicitation, acquisition, and pub-
lic observation of gift exchanges through integrated interac-
tion features (Bisberg et al. 2022; Kwon et al. 2017). Some
scholars argue that virtual gifting lacks the emotional inti-
macy and physical effort of offline exchanges, which can
lower a gift’s perceived value (Kwon et al. 2017; Shmar-
gad and Watts 2016). However, digital affordances such as
real-time messaging, commenting, and automated distribu-
tion tools enable the seamless solicitation of support and the
rapid spread of prosocial behavior.

While these features lower the barriers to engaging in
prosocial behavior, researchers have noted that individuals
often perceive a diminished obligation to contribute in ex-
pansive online environments compared to smaller, cohesive
offline groups (Tsvetkova and Macy 2015). In digital spaces,
prosociality often diffuses through generalized reciprocity,
which involves paying the benefit forward to the commu-
nity rather than to the original benefactor (Lampinen et al.
2013). However, the structural characteristics of many on-
line platforms, including weak social cohesion, pervasive
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anonymity, and the difficulty of sanctioning free-riders, al-
low recipients to bypass these informal obligations without
cost (Dubreuil 2008). Consequently, significant uncertainty
remains regarding the spread of prosociality in digital con-
texts, underscoring the need to investigate the specific mech-
anisms and environmental conditions that either catalyze or
inhibit the propagation of prosocial behavior.

Gifting in Live Streaming
Live streaming provides a large-scale, dynamic environ-
ment for observing social patterns and behavioral contagion
within interpersonal interactions among users. To date, re-
searchers have primarily focused on viewer-to-streamer do-
nations. One research trajectory examines the conditions
that facilitate donations. For instance, viewers who actively
comment and recommend streams to other users are more
likely to donate to streamers (Yu et al. 2018). Another re-
search indicates that viewers donate to streamers for a vari-
ety of reasons: to reward entertaining or educational content,
to express affinity for a streamer’s personality, to facilitate
direct interaction, or to support streamers dedicated to so-
cial causes (Wohn, Freeman, and McLaughlin 2018). Other
studies emphasize the role of streamer characteristics in
driving greater financial support from viewers. Specifically,
streamer traits such as perceived trustworthiness and attrac-
tiveness foster parasocial emotional attachment, which sig-
nificantly mediates donation decisions (Li and Peng 2021).
Furthermore, recent work suggests that streamer gender and
the presence of active moderation interact to influence en-
gagement and monetization (Wolff and Shen 2024). Notably,
the positive impact of moderation on donation volume ap-
pears significantly stronger for female streamers.

While existing scholarship focuses on viewer-to-streamer
donations, empirical research on viewer-to-viewer gifting
remains sparse. Addressing this gap is critical to understand-
ing the gifting dynamics that underpin community growth
and long-term user retention. Although Chaudhry, Wang,
and Ouyang (2024) observed that viewer-to-viewer gifting
triggers generalized reciprocity, their work does not delin-
eate the conditions or mechanisms that catalyze the diffusion
of gifting.

Research Questions
Based on the literature review, we identified several gaps
warranting further investigation. While prior research has
primarily focused on the conditions facilitating viewer-to-
streamer donations, the dynamics governing the spread of
gifting among viewers remain underexplored. Furthermore,
while the existence of behavioral contagion has been noted
in the context of community gifting on Twitch (Chaudhry,
Wang, and Ouyang 2024), the moderating influence of spe-
cific gift attributes on recipient behavior has yet to be sys-
tematically examined. To address this, our analysis incorpo-
rates a set of gift-related variables. In the following para-
graphs, we elaborate on the theoretical significance of these
factors and present our research questions.

To our knowledge, the only empirical investigation into
peer-to-peer gifting contagion in live streaming focused on
Twitch music streams, which represent a small fraction of

the platform’s overall traffic (Chaudhry, Wang, and Ouyang
2024; Twitch 2025). While Twitch has expanded into var-
ious non-gaming categories, the platform remains histori-
cally gaming-centric. Given that video game streams consti-
tute the vast majority of Twitch content, it is essential to ex-
amine whether generalized reciprocity persists across these
dominant content types. We therefore formulate the follow-
ing research question:

• RQ1: Do gift recipients pay it forward by gifting sub-
scriptions to others?

Gifting is frequently conceptualized as a strategic activ-
ity designed to cultivate social capital, build reputations,
or signal status (Berman and Silver 2022). Consequently,
most donors prefer public recognition; for example, research
on the GoFundMe platform reports that only approximately
20% of contributions in its dataset were made anonymously
(Sisco and Weber 2019). Because anonymous gifting pre-
cludes the accumulation of social capital or the public adver-
tisement of prosociality, it is often viewed as purely altruis-
tic (Siem and Stürmer 2018; Tsang and Martin 2019). Pre-
vious research suggests that when recipients perceive sup-
port as unconditional and genuinely motivated, they experi-
ence heightened gratitude, which serves as a psychological
catalyst for direct or generalized reciprocity (Ma, Tunney,
and Ferguson 2014). It is therefore plausible that gifts from
anonymous gifters amplify recipient gratitude by removing
the expectation of a social return and strengthen the impulse
to pay it forward. We thus propose the following question:

• RQ2: How does gifter anonymity influence the likeli-
hood to pay it forward?

A critical factor in prosocial exchange is whether a gift
is directed toward a single individual or whether multiple
gifts are distributed across a group. On Twitch, gifters can
authorize the platform to randomly select recipients, in ei-
ther case of gifting a single subscription to one viewer or
triggering a mass distribution to multiple viewers simultane-
ously—an event informally called a “sub bomb.” Individuals
who are the sole beneficiaries are more likely to reciprocate
than beneficiaries who receive support as part of a group
(Kolyesnikova and Dodd 2008). This is because they per-
ceive a higher degree of individualized attention, which am-
plifies gratitude and social obligation to reciprocate. Also,
gifts perceived as exclusive are often assigned a higher sub-
jective value, making the recipients more inclined to recip-
rocate (Tsang 2021). Conversely, in sub bomb scenarios, the
pressure to reciprocate may be subject to diffusion of re-
sponsibility, as recipients can blend into the crowd and feel
less personally accountable for paying the benefit forward
(Tsvetkova and Macy 2015). To explore this dynamic on
Twitch, we ask:

• RQ3: How does the number of recipients in a gifting
event (receiving a gift as the sole recipient versus being
part of a sub bomb event) influence the likelihood to pay
it forward?

Finally, we examine whether a gifter’s prior gifting his-
tory influences the recipient’s likelihood to pay it forward.
As Twitch explicitly signals a user’s standing by displaying
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their cumulative gifting history during gift announcements
(see Figure 1), this community-level social cue serves as
a proxy for status, reflecting a gifter’s long-term financial
commitment to the channel. Through these real-time noti-
fications, viewers can distinguish between frequent gifters
(those with a high volume of prior contributions) and in-
frequent gifters (those with minimal prior gifting activity).
Previous research suggests that individuals often imitate the
prosocial actions of high-status figures to align themselves
with a higher social rank (Kumru and Vesterlund 2010). This
dynamic is also observed in Twitch chat rooms; viewers
often mimic the commenting behavior of influential users
like moderators, adopting similar patterns of spamming,
questioning, and emote usage (Seering, Kraut, and Dabbish
2017). Conversely, average users may refrain from emulat-
ing high-status actors if they feel overshadowed or perceive
an inability to compete within the established hierarchy. In
live streaming contexts, prior research suggests that average
viewers may feel their smaller contributions are insignificant
when compared to high-status whales, leading to a decrease
in donation activity (Luo et al. 2024). Given these competing
predictions, we investigate:

• RQ4: How does a gifter’s gifting history (frequent gifter
versus infrequent gifter) influence the likelihood to pay it
forward?

Data and Methods
Data
We used the Twitch API1 to collect user metadata, stream
metadata, and chat logs. Our initial collection comprised a
random sample of 18,657 English-language streams broad-
cast during the first two weeks of September 2022. Consis-
tent with prior findings that viewership on Twitch follows a
power-law distribution (Deng et al. 2015), our raw dataset
revealed significant skewness: 18% of streams recorded no
chat activity, while only 55% exceeded a threshold of 50
chat messages. As our analysis focuses on interpersonal gift-
ing dynamics, we excluded low-activity streams to ensure
sufficient interaction intensity. The resulting dataset consists
of 8,068 streams, each meeting the inclusion criteria of at
least 10 unique users and a message volume between 50 and
10,000. This resulted in a final dataset of 956,328 unique
users and 11,272,948 messages (see Table 1 for descriptive
statistics). It should be noted that the API does not capture
lurkers (i.e., viewers who watch the stream without partic-
ipating in the chat); thus, our sample is limited to chatters,
which we define as viewers who posted at least one message
in the chat. Within this subset, the mean number of chatters
per stream is 138.91, while the median is 45. Our dataset
does not contain any personally identifiable information, and
results are reported only in aggregate to ensure ethical com-
pliance.

Bot Detection. Most Twitch streamers employ a combina-
tion of human moderators and bots to manage chat interac-
tions. While the Twitch API flags all moderator accounts, it

1https://dev.twitch.tv/docs/api/

User type Number of users Number of messages

Chatter 916,139 (95.80%) 9,020,657 (80.02%)
Moderator 33,591 (3.51%) 1,498,147 (13.29%)
Streamer 5,881 (0.61%) 116,091 (1.03%)
Bot 717 (0.07%) 638,053 (5.66%)

Total 956,328 (100%) 11,272,948 (100%)

Table 1: Dataset overview.

does not distinguish between human moderators and bots.
These two groups exhibit divergent behavioral patterns:
human moderators engage discursively at their discretion,
whereas bots typically broadcast predefined, periodic mes-
sages (e.g., scheduled event reminders). Additionally, bots
generate event-driven responses, such as automated grati-
tude for donations. They can post multiple automated mes-
sages rapidly, often with better grammar. To ensure data in-
tegrity, we implemented a multi-stage bot identification pro-
cess. First, we cross-referenced usernames against a crowd-
sourced repository of known Twitch bots2, identifying an
initial set of 201 bots. We then manually audited these re-
sults to define a heuristic profile based on bot-specific char-
acteristics (e.g., the “bot” substring in usernames, presence
across multiple concurrent streams). Applying these crite-
ria to the remaining moderator accounts, we identified addi-
tional bots, resulting in a final count of 717 unique bots.

Descriptive Statistics. Of the 8,068 streams analyzed,
47.15% (3,804) contained at least one gifting event. As illus-
trated in Figure 1, an automated announcement is broadcast
in the chat interface immediately following a gift transac-
tion. This notification details the gifter’s cumulative number
of gifts given to the channel and the number of gift subscrip-
tions provided in the current event. Our dataset identifies
65,732 total gift subscriptions distributed across 15,653 dis-
crete gifting events. While 10.44% (6,863) were directed to
specific recipients, the vast majority (87.17%; 57,301) were
distributed randomly to non-subscribing viewers; the re-
maining 2.39% (1,568) originated from anonymous gifters.
We distinguish between single-recipient gifting (one sub-
scription given to one person) and multiple-recipient gifting
(multiple subscriptions distributed among multiple recipi-
ents simultaneously in a single event), accounting for 9.29%
(6,106) and 90.71% (59,626) of the total number of gift sub-
scriptions, respectively. The dataset includes 11,898 unique
gifters and 64,691 unique recipients. Among streams fea-
turing gifting activity, the median number of subscriptions
provided is 7.

Natural Experiment Design
The Twitch gifting interface provides a unique opportunity
to study behavioral contagion through a natural experiment.
On Twitch, gifters may either target specific individuals or
allow the platform to distribute gift subscriptions to view-
ers chosen at random. In the latter case, an algorithmic pro-

2https://twitchbots.info/
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Figure 2: Identification of treatment and control groups. Blue and green nodes represent messages from non-subscribing and
subscribing viewers, respectively; letters within nodes indicate specific chatters. The red node denotes a platform-generated
system message regarding the focal gifting event. In this example, user E is the treated subject (recipient), while users A,D,
and F serve as the control group. The control group consists of non-subscribers active in the chat within a ±15-minute temporal
window around the gifting event. This design facilitates a within-stream, within-event comparison, controlling for stream-
specific context. These localized pairs were aggregated across 1,808 streams to form the final analytical dataset.

Variable Treatment Control t-statistic p-value Cohen’s d
Mean (SD) Mean (SD)

Number of comments 3.840 (10.55) 3.617 (10.03) 1.640 0.101 0.022
Mean comment length 2.812 (4.12) 3.085 (4.12) −5.139 < .001 −0.066
User tenure (in years) 4.732 (3.10) 3.772 (3.05) 23.955 < .001 0.312
Proportion of toxic commenters 0.002 (0.05) 0.003 (0.05) −0.725 0.469 −0.009
Proportion of donors who donated to streamers 0.005 (0.07) 0.005 (0.07) −0.079 0.937 −0.001

N 6,130 255,943

Table 2: Balance table. Results are based on Welch’s t-test to account for unequal variances and group sizes.

cess allocates gifts according to the following priority order:
non-subscribing viewers, followers, and moderators, while
systematically excluding trolls (Twitch 2024). We leverage
this algorithmic distribution to examine the causal influence
of gift-receiving on a recipient’s subsequent behavior. Be-
cause these gifts are randomly distributed via an external al-
gorithm in most cases rather than deliberate interpersonal
selection, they approximate a random treatment assignment.
Our analysis omits targeted gifting in which a gifter manu-
ally designates a specific recipient. Within this framework,
recipients of randomly distributed gifts constitute the treat-
ment group, while non-recipients who are otherwise compa-
rable serve as the control group. By “comparable,” we mean
that the control users can serve as a counterfactual represent-
ing what might have happened to the treated users if they
had not been randomly selected to receive gifts. To ensure
a valid counterfactual, we selected control users from the
same gifting event context, thereby accounting for temporal
and environmental confounders specific to a given stream.

Figure 2 illustrates the identification of treated and con-
trol users within a sample gifting event. In this example,
user E is assigned to the treatment group upon receiving
a gift subscription from user B. To construct the control
group, we employed a 30-minute observation window span-
ning 15 minutes before and after the event to identify non-
recipients who posted at least one chat message in the chat,
excluding the gifter (B). Since treated users were all non-
subscribers before the gifting event, we restricted the control

group to users who were not current subscribers at the time
of the event to ensure comparability. Consequently, non-
subscribing users A,D, and F were selected as the coun-
terfactual. Note that user C was excluded from the analysis
because the user was already a subscriber at the time of the
gifting event.

While prior research has conceptualized community gift-
ing on Twitch as an exogenous shock, concerns remain re-
garding potential endogeneity arising from the platform’s al-
gorithm for selecting random recipients (Chaudhry, Wang,
and Ouyang 2024). To mitigate these concerns, Chaudhry,
Wang, and Ouyang (2024) restricted their sample by exclud-
ing bots and users who had already subscribed before the
gifting event. Adopting a similar strategy, we restricted our
analysis to non-subscribing viewers and excluded streamers,
moderators, and bots. This filtering process yielded a final
dataset of 4,127 gifting events across 1,808 streams. The re-
sulting analytical sample comprises 6,130 treated users and
255,943 control users.

We conducted balance tests to assess whether the treat-
ment and control groups were statistically comparable prior
to the gifting event. We evaluated several pre-treatment co-
variates, including the number of comments, mean comment
length, user tenure, and the proportions of toxic commenters
and donors. All variables in Table 2 represent aggregated
user-level statistics within a stream prior to the gifting event.
The number of comments was defined as the total count of
comments posted by a user in a stream before the gifting
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event, while mean comment length was calculated by tok-
enizing messages via whitespace. User tenure denotes the
interval between the user’s account creation and the stream
timestamp, represented in years. We used the Perspective
API3 to identify toxic commenters. For each user, we com-
puted a mean toxicity score as the average toxicity score
across all messages they posted. A user was classified as
toxic if this mean score was at least 0.7, consistent with es-
tablished guidelines for social science research.4 Finally, the
proportion of donors is the share of users in each group who
had previously donated to the streamer.

Table 2 indicates that while three covariates are well-
balanced, statistically significant differences exist in mean
comment length and user tenure. Although the Cohen’s d
effect size for comment length is negligible, the disparity in
user tenure is more pronounced. Although Twitch describes
the community gifting mechanism as random, this imbal-
ance suggests potential deviations from perfect random-
ness. This may stem from undisclosed algorithmic weight-
ing (e.g., prioritizing long-standing community members)
or from our exclusion of lurkers. Since our sample is re-
stricted to chatters, this filtering may have disproportionately
omitted less-tenured users from the treatment group, thereby
contributing to the imbalance in tenure. The inherent rar-
ity of gifting events also creates a substantial imbalance in
group size (NT = 6,130; NC = 255,943), which can am-
plify baseline variances. To account for these imbalances,
we include both mean comment length and user tenure as
control variables in our models. We further confirmed the
robustness of our results using propensity score matching
to construct well-balanced groups, with findings remaining
consistent (see Appendix).

Identification Strategy
We employed a mixed-effects logistic regression framework,
incorporating a random intercept for each stream to account
for unobserved stream-level heterogeneity. This approach
treats stream-specific factors that may systematically influ-
ence user behavior (e.g., community norms, streamer char-
acteristics, audience size) as random effects. In addition, we
utilized clustered standard errors at the stream level to en-
sure robust inference.

Our outcome variable is binary, indicating whether a user
becomes a gifter in any stream within the dataset follow-
ing a gifting event. Our models include several key predic-
tors. The Gift-receiving variable indicates whether a user re-
ceived a gift (1) or not (0). The Anonymous gifting variable
represents whether the gift was from an anonymous gifter
(1) or not (0). The Single-recipient gifting variable is an in-
dicator of whether the gift was given to a single recipient
(1) or was part of a sub bomb event (0). Based on a user’s
cumulative gifting history, we categorized users as either
infrequent gifters (low-volume gifters) and frequent gifters
(high-volume gifters). An infrequent gifter is defined as a
gifter who falls below the 20th percentile of all gifters in the
dataset, while a frequent gifter is someone above the 80th

3https://perspectiveapi.com/
4https://developers.perspectiveapi.com/s/about-the-api-score

percentile. We specify four models to answer our research
questions. These models evaluate the baseline effect of gift-
receiving on pay-it-forward behavior and include interaction
terms to analyze how specific gift attributes moderate the
contagion of gifting.

Model 1 includes our primary predictor, Gift-receiving,
in addition to Mean comment length and User tenure as
user-level covariates. We include a random intercept uj[i] for
stream j to which user i belongs. The model is specified as
follows:

logit(Pr[PayItForwardi = 1]) = β0

+ β1 ·GiftReceivingi
+ β2 · CommentLengthi + β3 · UserTenurei

+ uj[i]

In this specification, PayItForwardi is a binary indicator
of whether user i engaged in pay-it-forward behavior. Our
coefficient of interest, β1, captures the effect of receiving a
gift on the likelihood of paying it forward.

Model 2 incorporates the Anonymous gifting variable and
its interaction term with Gift-receiving. The coefficient β4

represents the main effect of the Anonymous gifting variable.
The coefficient β5 for the interaction term Gift-receiving ×
Anonymous gifting indicates how the effect of receiving a
gift changes when the gift comes from an anonymous gifter,
compared to receiving a gift from an identified gifter. The
model is specified as follows:

logit(Pr[PayItForwardi = 1]) = β0

+ β1 ·GiftReceivingi
+ β2 · CommentLengthi + β3 · UserTenurei

+ β4 ·AnonymousGiftingi
+ β5 ·GiftReceivingi ·AnonymousGiftingi

+ uj[i]

For a treated user i, AnonymousGiftingi is a binary indi-
cator equal to 1 if the gift was from an anonymous gifter; for
a control user i, AnonymousGiftingi is a binary indicator
equal to 1 if the associated gifting event was initiated by an
anonymous gifter.

Model 3 includes the Single-recipient gifting variable and
its interaction with Gift-receiving to examine the effect of
receiving a gift on paying it forward when the gift is given
to a single recipient rather than as part of a sub bomb event.
The model is specified as follows:

logit(Pr[PayItForwardi = 1]) = β0

+ β1 ·GiftReceivingi

+ β2 · CommentLengthi + β3 · UserTenurei
+ β6 · SingleRecipienti
+ β7 ·GiftReceivingi · SingleRecipienti

+ uj[i]

In this specification, the variable SingleRecipienti takes
the value of 1 if the gift was given to a single recipient in the
associated event, and 0 otherwise.
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Finally, Model 4 includes the Infrequent Gifter and Fre-
quent Gifter variables, in addition to their respective inter-
actions with Gift-receiving. The coefficients for these inter-
action terms identify how the effect of receiving a gift varies
by the gifter’s gifting history. The model is specified as fol-
lows:

logit(Pr[PayItForwardi = 1]) = β0

+ β1 ·GiftReceivingi
+ β2 · CommentLengthi + β3 · UserTenurei
+ β8 · InfrequentGifteri + β9 · FrequentGifteri
+ β10 ·GiftReceivingi · InfrequentGifteri
+ β11 ·GiftReceivingi · FrequentGifteri
+ uj[i]

InfrequentGifteri and FrequentGifteri are binary in-
dicators denoting whether the gifter—associated with the
gift for treated users or the gifting event for control
users—was classified as an infrequent or frequent gifter, re-
spectively.

Results
Table 3 presents the results from four model specifications,
each including a random intercept to account for unob-
served heterogeneity in baseline user behavior across differ-
ent streams. Across all four models, the likelihood ratio test
results confirmed that the mixed-effects specification pro-
vided a significantly superior fit, justifying the inclusion of
stream-level random effects.

Model 1 shows that gift recipients are significantly
more likely to engage in future gifting compared to non-
recipients (b = 1.018, p < 0.001). This finding confirms
the existence of a behavioral contagion effect, or a virtu-
ous cycle of prosociality among viewers. The corresponding
odds ratio (OR = 2.77) indicates that the odds of a recipient
paying it forward are 2.77 times higher than those of non-
recipients. In contrast, the intercept (b = −5.925, p < 0.001)
indicates a very low baseline probability of future gifting
among non-recipients.

In Model 2, our results reveal that gifter anonymity does
not exert a statistically significant influence on the like-
lihood of subsequent gifting for either non-recipients (b =
0.154, p = 0.334) or recipients (b = −0.055, p = 0.911).

In Model 3, we examined whether receiving a gift as the
sole beneficiary of a single-recipient event influences the
likelihood of paying it forward. The interaction term (Gift-
receiving × Single-recipient gifting) is positive and statis-
tically significant (b = 0.550, p < 0.05), indicating that
the positive effect is significantly amplified in a single-
recipient gifting event compared to a sub bomb event.
The calculated odds ratio (OR = 1.73) suggests that for re-
cipients, the odds of becoming a gifter are 73% higher when
receiving a gift from a single-recipient gifting event than
when receiving a gift as part of a sub bomb.

Model 4 indicates that gifts from infrequent gifters do
not significantly influence future gifting behavior for ei-
ther non-recipients (b = −0.118, p = 0.271) or recipients (b

= 0.277, p = 0.451). However, a distinct pattern emerges re-
garding frequent gifters. While their gifting does not impact
non-recipients (b = 0.076, p = 0.389), it significantly damp-
ens the reciprocity of recipients (b = −0.565, p < 0.05). The
interaction term (Gift-receiving × Frequent gifter) yields an
odds ratio of 0.57, indicating that the pay-it-forward boost
is significantly attenuated when the gift originates from
a frequent gifter. In other words, while receiving a gift gen-
erally increases the odds of reciprocity, this boost is reduced
by approximately 43% when the gifter is a high-volume
gifter.

Discussion
Main Findings
Understanding the spread of prosocial behavior is essential
for cultivating sustainable and positive digital ecosystems.
This study provides causal evidence for the spread of gifting
on Twitch, identifying the specific conditions that catalyze
this behavioral contagion. Gift recipients are more likely to
pay it forward than non-recipients, indicating that merely
observing gifting behavior is not sufficient to trigger gift-
ing. This result aligns with the work of Tsvetkova and Macy
(2014), suggesting that while observing prosociality may
set a social norm, receiving a benefit is a far more potent
driver of paying it forward than mere observation. Moreover,
while previous research identified similar patterns within the
niche context of Twitch music streams (Chaudhry, Wang,
and Ouyang 2024), our findings demonstrate that this ef-
fect is robust across genres. By confirming these dynamics
in video game streams, we establish the generalizability of
gift contagion as a platform-wide social phenomenon rather
than a genre-specific subculture.

We also estimated how specific gift attributes moderate
the spread of gifting. First, our analysis reveals that anony-
mous gifting does not significantly contribute to the spread
of gifting among Twitch viewers. One possible explanation
is that anonymity may dilute the gifter’s social presence,
which weakens the interpersonal link required to trigger a
reciprocal response.

Our findings indicate that Twitch viewers are significantly
more likely to pay it forward after receiving a gift as the sole
beneficiary of a gifting event. Although the monetary value
of a subscription is identical whether it is gifted in a single-
recipient gifting event or as part of a sub bomb, the per-
ceived social value appears to be higher when the recipient
is the sole beneficiary and receives individualized attention,
rather than one of many recipients of mass-distributed gifts.
This aligns with previous findings that gifts perceived as in-
tentional and personalized elicit a greater sense of gratitude
(Peng, Nelissen, and Zeelenberg 2018), which in turn leads
to a tendency to reciprocate. Alternatively, the observed ef-
fect may be driven by the lowered barriers to behavioral
mimicry because reciprocating a single gift is financially
less demanding than replicating a mass sub bomb. Thus,
being the sole recipient of a gifting event not only fosters
deeper personal gratitude but also provide a more imitable
and financially accessible pathway for paying it forward.
Furthermore, when a gift is given to a single individual, it
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Model 1 Model 2 Model 3 Model 4

Intercept −5.925*** −5.932*** −5.904*** −5.926***
(0.076) (0.076) (0.078) (0.079)

Gift-receiving 1.018*** 1.021*** 0.925*** 1.103***
(0.108) (0.110) (0.119) (0.125)

Anonymous gifting 0.154
(0.159)

Gift-receiving × Anonymous gifting −0.055
(0.491)

Single-recipient gifting −0.111
(0.086)

Gift-receiving × Single-recipient gifting 0.550*
(0.264)

Infrequent gifter −0.118
(0.107)

Gift-receiving × Infrequent gifter 0.277
(0.367)

Frequent gifter 0.076
(0.088)

Gift-receiving × Frequent gifter −0.565*
(0.286)

Mean comment length 0.084*** 0.084*** 0.085*** 0.085***
(0.022) (0.023) (0.022) (0.023)

User tenure 0.036 0.036 0.036 0.035
(0.029) (0.029) (0.029) (0.029)

Number of observations 262,073 262,073 262,073 262,073

AIC 15,251.62 15,254.70 15,250.99 15,253.05
BIC 15,304.01 15,328.03 15,324.32 15,347.34

Table 3: Mixed-effects logistic regression results. AIC and BIC refer to the Akaike information criterion and Bayesian infor-
mation criterion, respectively. ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001.

minimizes the diffusion of responsibility that often occurs
in group settings; the recipient cannot hide in the crowd and
thus feels a heightened obligation to reciprocate.

Finally, while recipients are largely uninfluenced by gifts
from infrequent gifters, gifts from frequent gifters dampen
the contagion of gifting. This pattern is likely driven by dif-
fusion of responsibility (Tsvetkova and Macy 2015) because
recipients may perceive frequent gifters as the designated
contributors of the community. If a gifter is known for high-
volume, frequent contributions, a recipient may assume that
the community’s needs are already met, thereby reducing
their own perceived obligation to contribute.

Implications
This study offers several theoretical and practical con-
tributions, advancing the literature on online prosociality
while providing evidence-based recommendations for plat-
form designers. First, we shift the analytical focus from
streamer-viewer interactions and parasocial relationships to-

ward viewer-viewer interactions. Our work also adopts a ro-
bust causal inference framework to study online prosocial
behavior. Establishing causal inference is challenging out-
side of laboratory settings. By leveraging Twitch’s commu-
nity gifting feature, we identified a natural experiment set-
ting where gift-receiving occurs largely by chance. This ap-
proach, combined with highly granular log data, allowed us
to make meaningful comparisons between gift recipients and
non-recipients and provide a robust causal account of gift
contagion.

Another contribution of this research is a shift in focus
toward recipients’ reactions, a dimension of prosocial ex-
change that remains underexplored relative to givers’ moti-
vations. By incorporating a diverse set of gift attributes into
our model, we quantified how the specific characteristics of
a gift systematically moderate the spread of gifting. These
findings can help researchers investigating prosociality and
reciprocity in other digital contexts. In addition, our findings
underscore the necessity of accounting for platform-specific
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affordances when studying online prosociality because such
features create a social environment fundamentally different
from offline settings.

This research offers useful insights for the design of live
streaming platforms and other prosocial digital economies.
Given that receiving a gift as the sole beneficiary of a gift-
ing event serves as a potent catalyst for the spread of gifting,
visual cues or personalized notifications that highlight a re-
cipient as a unique beneficiary could amplify the sense of
gratitude, thereby sustaining the chain of gifting more effec-
tively. Furthermore, our results suggest a complex trade-off
regarding the visibility of frequent gifters. While the pres-
ence of frequent gifters may inadvertently discourage re-
cipients from reciprocating, simply obscuring their contri-
butions is likely counterproductive. Such an approach risks
undermining the reputation-based incentives that motivate
frequent gifters to contribute in the first place. Ultimately,
the challenge for platform designers lies in engineering an
environment that preserves the motivational advantages of
reputation systems for frequent contributors while simulta-
neously preventing the demotivation of average users.

Limitations and Future Work
This study is subject to several limitations. First, the Twitch
API provides limited metadata regarding streamer charac-
teristics and video content. Future research could integrate
streamer demographics or real-time content analysis to pro-
vide a more nuanced understanding of how stream-specific
features influence gifting behavior. For example, future stud-
ies might categorize streams by content genre or stream
size to examine whether the treatment effect exhibits het-
erogeneity across different broadcast contexts. Although we
could not directly account for streamer-specific or content-
related variables, we mitigated their potential confounding
influence by employing mixed-effects models and adopting
a tight temporal window for our natural experiment. Our de-
sign ensures that both treatment and control groups were ex-
posed to identical stream content and environmental stimuli
at the moment of the gifting event.

Second, our dataset is restricted to chatters, as the Twitch
API only permits the identification of users who post at least
one chat message. Although lurkers comprise the majority of
the audience (Wohn and Freeman 2020), they are unobserv-
able in our dataset due to this constraint; consequently, we
could not estimate the treatment effect for lurkers. Further-
more, the lack of longitudinal panel data and the relatively
short observation window limit our ability to assess the long-
term downstream effects of gifting. Future research analyz-
ing longitudinal datasets could further explore the long-term
impact of gifting on community lifecycle and user retention.

Finally, the generalizability of our findings is limited by
the unique sociotechnical affordances of live streaming. The
primary driver of community gifting on Twitch is less rooted
in dyadic relationship maintenance due to the randomized
and anonymous nature of the distribution. Consequently,
gifters have a minimal expectation of direct reciprocity or
feedback from recipients. However, gifters may still accrue
recognition and reputation within the channel, as their con-
tributions are publicly broadcast via automated notifications.

These dynamics diverge significantly from gift exchanges
on social media platforms, which typically prioritize the re-
inforcement of existing ties among friends and family. Fu-
ture research should examine how varying platform-specific
features and social architectures influence the diffusion and
motivation of virtual gifting.

Conclusion
This study investigates the dynamics of generalized reci-
procity in Twitch live streaming communities, specifically
examining whether gifting behavior is contagious. We also
identified the conditions that catalyze or inhibit the spread
of gifting. Our findings reveal that receiving a gift subscrip-
tion significantly increases the likelihood to pay it forward.
This positive effect is stronger in single-recipient gifting
events (i.e., one subscription is given to one individual per
event). However, receiving a gift from a frequent gifter ap-
pears to dampen reciprocity. Anonymous gifting does not
significantly influence the willingness to pay it forward.
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Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes

(e) Did you describe the limitations of your work? Yes,
see the Discussion section.

(f) Did you discuss any potential negative societal im-
pacts of your work? NA, we described how we pro-
tected the identities of Twitch users. This study uses
observational data, and therefore we did not con-
duct an intervention or administer any treatment that
could potentially harm the Twitch users included in the
study.

(g) Did you discuss any potential misuse of your work?
NA, the topic of this research is the spread of prosocial
behavior.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, see the Data and Methods section.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all

theoretical results? Yes
(b) Have you provided justifications for all theoretical re-

sults? Yes
(c) Did you discuss competing hypotheses or theories that

might challenge or complement your theoretical re-
sults? Yes

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? Yes

(e) Did you address potential biases or limitations in your
theoretical framework? Yes

(f) Have you related your theoretical results to the existing
literature in social science? Yes

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes, see the Discussion sec-
tion.

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? NA
(b) Did you include complete proofs of all theoretical re-

sults? NA
4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? NA

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? NA

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? NA

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, we have included the links to the Twitch
and Perspective APIs in the manuscript.

(b) Did you mention the license of the assets? Yes, they
are publicly available.

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, we mentioned that we collected publicly accessi-
ble streams through the official Twitch API and did not
disclose the identities of any individuals or streams in
the paper.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? Yes, our dataset does not contain
sensitive information.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA
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(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Appendix (Robustness Checks)
To address the covariate imbalances reported in the main
text (Table 2), we employed propensity score matching. This
method confirms that our results are replicated within a
matched dataset. Our goal was to ensure that the spread of
gifting is driven by gift-receiving rather than baseline differ-
ences in user engagement or tenure.

We estimated the probability of treatment (receiving a
gift) using a LightGBM model trained on several observed
covariates, including gifting event ID, number of comments,
mean comment length, user tenure, toxicity level, and do-
nation behavior. Using the resulting propensity scores, we
performed 1:10 nearest-neighbor matching, pairing each
treated user with ten statistically similar control users. This
matching procedure significantly improved covariate bal-
ance across groups (see Table 4 for the post-matching bal-
ance table). Our analysis of this balanced dataset (Table 5)
confirms that the key findings remain statistically significant
and directionally consistent with the results in Table 3.
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Variable Treatment Control t-statistic p-value Cohen’s d
Mean (SD) Mean (SD)

Number of comments 3.840 (10.56) 4.061 (10.98) −1.560 0.119 −0.021
Mean comment length 2.812 (4.12) 2.781 (4.11) 0.559 0.576 0.007
User tenure (in years) 4.732 (3.10) 4.746 (3.01) −0.329 0.742 −0.004
Proportion of toxic commenters 0.002 (0.05) 0.002 (0.05) 0.297 0.767 0.004
Proportion of donors who donated to streamers 0.005 (0.07) 0.006 (0.07) −0.303 0.762 −0.004

N 6,130 61,300

Table 4: Balance table for the matched dataset obtained through propensity score matching.

Model 1 Model 2 Model 3 Model 4

Intercept −9.452*** −9.489*** −9.431*** −9.800***
(0.461) (0.448) (0.447) (0.453)

Gift-receiving 1.259*** 1.221*** 1.038*** 1.540***
(0.189) (0.192) (0.199) (0.227)

Anonymous gifting −0.387
(1.083)

Gift-receiving × Anonymous gifting 1.081
(1.175)

Single-recipient gifting −2.010***
(0.456)

Gift-receiving × Single-recipient gifting 2.161***
(0.545)

Infrequent gifter −2.483***
(0.538)

Gift-receiving × Infrequent gifter 1.812**
(0.691)

Frequent gifter 0.829**
(0.313)

Gift-receiving × Frequent gifter −1.388***
(0.417)

Number of observations 67,430 67,430 67,430 67,430

AIC 2,337.64 2,340.00 2,316.71 2,300.83
BIC 2,364.99 2,385.59 2,362.31 2,364.66

Table 5: Mixed-effects logistic regression results using the matched dataset obtained through propensity score matching.
∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001.
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