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Gifts are important instruments for forming bonds in interpersonal relationships. Our study analyzes the

phenomenon of gift contagion in online groups. Gift contagion encourages social bonds of prompting further

gifts; it may also promote group interaction and solidarity. Using data on 36 million online red packet gifts

on a large social site in East Asia, we leverage a natural experimental design to identify the social contagion

of gift giving in online groups. Our natural experiment is enabled by the randomization of the gift amount

allocation algorithm on the platform, which addresses the common challenge of causal identifications in

observational data. Our study provides evidence of gift contagion: on average, receiving one additional dollar

causes a recipient to send 18 cents back to the group within the subsequent 24 hours. Decomposing this

effect, we find that it is mainly driven by the extensive margin – more recipients are triggered to send red

packets. Moreover, we find that this effect is stronger for “luckiest draw” recipients, suggesting the presence

of a group norm regarding the next red packet sender. Finally, we investigate the moderating effects of group-

and individual-level social network characteristics on gift contagion as well as the causal impact of receiving

gifts on group network structure. Our study has implications for promoting group dynamics and designing

marketing strategies for product adoption.
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1. Introduction

Individuals belong to many different social groups: kinship groups, friend groups, work groups or

organizations, and interest groups. The collective identities developed in these groups deeply shape

1



Author: Gift Contagion in Online Groups
2 Management Science 00(0), pp. 000–000, © 0000 INFORMS

the behavior of their members (Tajfel et al. 1979, Cialdini and Goldstein 2004, Christakis and Fowler

2007, Chen and Li 2009, Aral and Walker 2012, Bond et al. 2012). Nowadays, social groups are

facilitated through digital platforms, especially social network platforms such as Facebook, Line,

WeChat, and WhatsApp. These platforms support social groups for a variety of purposes, including

relationship maintenance, opinion and information exchange, and event planning (Veinott et al.

1999, Backstrom et al. 2006, Park et al. 2009, Bloom et al. 2015, Liu et al. 2015). In particular,

during the COVID-19 pandemic, online work group chats have substituted for conventional in-

person meetings (Brynjolfsson et al. 2020); indeed, it was reported that 42 percent of the U.S. labor

force worked from home full-time as of June 2020.1 In China, WeChat groups are widely used for

instant work-related communication (Liu et al. 2015, Qiu et al. 2016). Although online work groups

offer the convenience of long-distance communication and coordination, they may face challenges

related to team building and group solidarity (Holton 2001).

One way to promote group bonding is through the use of group gifts, which are the gifts sent by

a group member without specifying recipients. Examples of group gifts include the food items or

souvenirs bought by a member to her work group after traveling abroad as well as the small gifts

being exchanged at a Christmas or holiday party (the “white elephant” gift exchange). While prior

literature focuses on one-to-one gifts and their role in creating interpersonal social bonds (Mauss

2002), few studies have investigated group gifts and their role in promoting in-group interactions

and solidarity.

In this study, we are interested in studying the outbreak of sending group gifts in online social

groups, indicating the presence of gift contagion (the social contagion of gift giving). Social contagion

is defined as “an event in which a recipient’s behavior has changed to become ‘more like’ that of the

actor” (Wheeler 1966). Aral et al. (2009) has pointed to the importance of identifying causal effects

in the process of social contagion. In the context of group gifts, gift contagion implies that people

who receive larger amounts of gifts feel promoted to increase their own subsequent contributions.

If gift contagion exists in groups, the actual impact of a given gift would be amplified, leading to

stronger social bonds and feelings of group solidarity (Markovsky and Lawler 1994).

To quantify the effect of gift contagion, our study employs a large-scale dataset of 3.4 million

users on a large social network platform in east Asia. For anonymous concern, we call the platform

we study as ABC thereafter. On the platform, users send online red packets to each other as a type

of digital monetary gift. The red packets, especially group red packets, swiftly became extremely

popular after being released. For example, more than 700 million people engaged in sending or

receiving red packets during one week in 2019.

1 https://news.stanford.edu/2020/06/29/snapshot-new-working-home-economy/

https://news.stanford.edu/2020/06/29/snapshot-new-working-home-economy/
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Methodologically, the causal identification of social contagion in observational data is notoriously

challenging (Aral et al. 2009, Shalizi and Thomas 2011, Yuan et al. 2021). In particular, the following

two confounding factors may hinder valid causal identification of gift contagion. The first confound-

ing is the “temporal clustering.” Specifically, group members may send gifts within a short time

period independently to celebrate a festival or an event (Aral et al. 2009). The second is homophily,

the phenomenon whereby individuals tend to befriend similar others (McPherson et al. 2001). For

example, wealthy people tend to cluster in a group and send larger amounts of gifts to each other.

We leverage a natural experiment to overcome the above challenges. Our natural experiment is

enabled by a random gift amount allocation algorithm for group red packets. The algorithm splits

a red packet into several shares and randomly determines the amount of each share. We utilize

this random assignment of received cash amounts to identify the impact of the amount received

on a participant’s subsequent gifting behavior. We first examine the presence of gift contagion on

the platform. On average, receiving one additional dollar causes a recipient to send 18 cents back

to the group within the subsequent 24 hours. Moreover, we find that this overall effect is mainly

driven by the extensive margin, i.e., receiving red packets significantly promotes the likelihood of

giving. Second, we investigate heterogeneity in the effect size of gift contagion across different time

periods (festival versus non-festival periods), and across different types of groups (e.g., relative versus

classmate groups). Third, our analysis suggests that a social norm exists in that the luckiest draw

recipient should send the very first subsequent red packet. Finally, we find that both individual-level

network position and group-level network structure affect the strength of gift contagion, respectively.

The rest of the paper is organized as follows. Section 2 describes the institutional background and

our data. Section 3 discusses our estimation strategy. Section 4 introduces our hypotheses. Section 5

presents the results. Section 6 concludes.

2. Data
2.1. Background

In our study, we focus on the custom of sending monetary gifts to family members, friends, and

other acquaintances in what is known as “red packets” (also known as “red envelopes,” or “lucky

money”). Red packets are typically sent to others as a way of commemorating festivals or important

events. They also function as a means of tightening the social network in East and Southeast Asian

cultures, known as the renqing and guanxi system (Luo 2008, Wang et al. 2008). We summarize the

history of red packets in Appendix A.

ABC platform enables users to designate private contacts (we use the term “friends” throughout

the paper) and to create group chats. Groups are created for a wide variety of purposes, ranging

from family members to coworkers and friends. The number of group members ranges between 3
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Figure 1 Illustration of group red packets with random amounts

and 500. ABC introduced its online red packet feature in 2014, allowing users to send monetary gifts

to either a friend or a group. Its red packets were popularized during the Lunar New Year of 2015

— it was reported that 55% of the Chinese population sent and received red packets on that single

day. Because of the popularity of red packets, ABC also benefits from a rapid growth in its mobile

payment market share and becomes the second largest mobile payment platform in the country.

Noting there are two types of group red packets, our study focuses on the most popular one –

the random-amount, group-designated red packet, as depicted in Figure 1.2 In this example, Panel

(a) provides the basic information about the group, the name of which is “Party!”, with five group

members in total. Panel (b) presents the user interface of this group, from which a group member

can click the “Red Packet” button to send a red packet. Panel (c) shows that a group member

(Steve in this example) can choose both the total amount of the red packet that he would like to

send (“Total”=10 CNY) and the number of recipients (“Quantity”=3). Panel (d) is the interface

2 The other type is that senders can also choose to split red packets equally.
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for the red packet notification, from which a user can click the orange button to choose to receive

the packet. Panel (e1) pops up when some shares of the red packet remain. In this example, only

the first three users who click the “Open” button can receive a share of this red packet. Panel (e2)

pops up when all shares of the red packet have been received by group members. Finally, Panel

(f) shows the recipient list, which can be viewed by clicking “View details” in Panel (e). All of the

group members, including senders, recipients, and non-recipients, can view the recipient list and see

the amount obtained by each recipient. We define the order of receiving time as group members’

respective places in the order at the time when they receive the red packet. In the above setting, the

amount that each user receives is randomly assigned by the platform, and is a function of the total

amount of the red packet, the number of recipients, and the order of the receiving time. Moreover,

the platform designates which user receives the largest amount of a red packet with a “Luckiest

Draw” icon and the corresponding yellow text. All group members can observe who is the luckiest

draw recipient.

2.2. Data collection

In collaboration with the company, we collect a dataset consisting of randomly-sampled groups

with red packet activity from October 1, 2015 to February 29, 2016. To protect user privacy, users’

identities were anonymized before we accessed the data. To avoid data sparsity, we restrict our

analysis to groups in which the number of red packets sent is at least three times the number of group

members. We also filter out groups that might be used for online gambling based on the following

criteria: (1) a number of red packets greater than 50 times the number of group members; (2) a name

that suggests a gambling focus (containing words such as 元/块(Chinese yuan), 发(send), 红(red),

包(packet), 最佳(luckiest), 抢(grad), 赌(gamble), 钱(money), 福利(welfare), and 接龙(chain) or

Arabic numerals (which indicate the default packet amount set for gambling); or (3) no designated

group name, which could also be temporarily created for gambling.3 In total, this selection process

results in 174,131 groups with 3,466,928 group members (3,450,540 unique users).

In our main analyses, we include: (1) the characteristics of 174,131 groups, including the number

of group members, the total number of red packets, and the total cash value of the red packets; (2)

3,450,540 unique users in these groups, along with their characteristics, such as the number of in-

group friends are also retrieved; and (3) the attributes of each red packet, including the cash amount,

the corresponding recipients and the opening time. In total, our sample comprises 36,608,864 red

packets. Furthermore, we focus on recipients of “spontaneous red packets,” which indicate that no

group red packet is sent in the 24 hours prior to this type of red packet. We conduct robustness

checks by varying the time window and find that our main results remain robust (Appendix D.1 ). In

total, we identify 1,549,720 spontaneous red packets sent to 7,266,446 recipients.4 Each observation

3 We show that groups identified as gambling groups appear to exhibit greater levels of gift contagion (Appendix D.1 ).
4 We exclude observations in which the sender clicks the red packet and receives a share of her own red packet.
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refers to a user’s received red packet and we have 7,266,446 observations in total. Appendix B

presents a detailed description of the data.

3. Estimation strategy
3.1. Random assignment algorithm for group red packets

Here we illustrate the random assignment algorithm for red packet amounts. First, the sender

determines the total amount of the red packet (a > 0) and the number of recipients to receive a

portion of the red packet (n≥ 1).5 Then group members choose to open the red packet on a first-

come, first-served basis. They do not know the values of a and n until they open the red packet.

Let o denote the order of receiving time (o= 1,2, ..., n). The amount received by the recipient with

order o, denoted by Vo, is determined by the following algorithm:

1. When o= 1 and o < n: the amount obtained by the first recipient (order= 1) follows a uniform

distribution on (0, 2a
n

]. The expected amount is:

E[V1] =
1

2
× (0+

2a

n
) =

a

n
.

When o= n= 1, the amount received is a because the only recipient should take all the cash

amount.

2. When 1< o<n: the amount received follows a uniform distribution on (0, 2(a−V1−...−Vo−1)

n−o+1
]. We

have:

E[Vo] =E
[
E[Vo|V1, ..., Vo−1]

]
=E

[
1

2
×
(
0+

2(a−V1 − ...−Vo−1)

n− o+1

)]
=

a−E[V1]− ...−E[Vo−1]

n− o+1
.

We show that E[Vo] =
a
n

by induction:

First, we have already shown that E[V1] =
a
n
.

Second, assuming that we have E[Vo′ ] =
a
n

for all o′ < o, we have E[Vo] =
a−(o−1) an
n−o+1

= a
n
.

3. When o= n: Vo = a−V1 − ...−Vo−1, indicating that the last recipient takes the surplus. Then

we have E[Vo] = a−E[V1]− ...−E[Vo−1] =
a
n
.

5 In practice, the amount received is rounded to the nearest cent, and is set at least 0.01 CNY.
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Therefore, the expectation of the received amount is the same: a
n
. However, the variance in the

amounts is not always the same. For example, when n> 2,

Var(V1) =
1

12
× (

2a

n
− 0)2 =

a2

3n2
;

Var(V2) =E
[
Var(V2|V1)

]
+Var

(
E[V2|V1]

)
=E

[ 1

12
×
(2(a−V1)

n− 1

)2]
+Var

(a−V1

n− 1

)
=E

[ (a−V1)
2

3(n− 1)2

]
+

1

(n− 1)2
Var(V1)

=
(
−

(a− 2a
n
)3

9(n− 1)2
+

a3

9(n− 1)2

)
× n

2a
+

a2

3(n− 1)2n2

=
a2

3n2
+

4a2

9(n− 1)2n2
>Var(V1).

In addition, we provide the complete proof for variance differences in Appendix C.

To show that the random assignment algorithm implemented on the platform functions as

described above, we compare the empirical distributions of received amounts from our data to the

simulation results generated by the algorithm in Figure 2. In our first comparison example in the

upper two rows, we see that the total amount is 10 CNY and the number of recipients is 5 (108,560

observations). In our second comparison example in the bottom two rows, we see that the total

amount is 5 CNY and the number of recipients is 3 (38,523 observations). We do not find signifi-

cant differences between these two distributions generated by the simulation and our empirical data

(p= 0.30 and 0.36 for the two cases, respectively, two-sided Kolmogorov-Smirnov tests). Addition-

ally, consistent with the random assignment algorithm, the expectation of the amount received is

solely determined by the total amount of the gift and the number of recipients (10
5
= 2 and 5

3
for the

two cases, respectively). Examining the remaining data, we find that the results continue to hold.

Furthermore, we verify the randomization procedure and provide the results in Appendix C. The

results suggest that, conditional on the total amount of the red packet, the number of recipients,

and the order of receiving time, the amount received is not significantly correlated with individual

characteristics or historical behaviors. Taken together, these analyses confirm that the amount that

a recipient obtains is solely determined by the following three variables: (1) the total amount of

the red packet; (2) the number of recipients; and (3) the order of receiving time. This verification

enables us to use the following empirical strategy to quantify the causal impact of gift contagion.

3.2. Empirical strategy

We next discuss our empirical strategy, which is used to quantify the impact of the amount received

on the recipient’s subsequent gifting behavior. We regard the random assignment of received amounts

as a stratified randomized experiment (Kernan et al. 1999, Imai et al. 2008, Imbens and Rubin 2015,
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Figure 2 Distributions of received amounts in our dataset (red) and simulation (blue). The top two rows are those
with 10 CNY and 5 recipients; The bottom two rows are those with 5 CNY and 3 recipients. A title with (a,n, o)

indicates that the total amount of the gift is a CNY, the number of recipients is n, and the order of receiving time is o.

Athey and Imbens 2017), where a stratum is uniquely determined by the total amount of the red

packet, the number of recipients, and the order of receiving time. We apply the empirical strategy of

stratified randomized experiments proposed by Imbens and Rubin (2015) and conduct the following

regression analyses:

Ygir = βTgir +
∑
s

γsBs(Ar,Nr,Oir)+ ϵgir. (1)

In Eq. (1), g denotes a group, and i denotes a unique user who receives a share of a red packet r.

ϵgir represents the random noise. The dependent variable Ygir is the amount sent by the recipient i

in the time interval after receiving a red packet. The selected time intervals are 10 minutes, 1 hour,

3 hours, 6 hours, 12 hours, and 24 hours. The main independent variable Tgir is the amount received

by user i from red packet r. β is the estimand of interest that specifies the linear relationship between
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Amount received

Amount sent in the future

① Total amount, 
② # of recipients

③ Order of receiving time

Confounding factors
(e.g., group-level,
individual-level, or

time effects)

Figure 3 A directed acyclic graph illustrating the causal relationship

Tgir and Ygir and measures the degree of gift contagion. Ar, Nr, and Oir refer to the total amount of

the red packet r, its number of recipients, and user i’s order of receiving time, respectively. Finally,

Bs(Ar,Nr,Oir) is a dummy variable indicating whether the value of Xgir = (Ar,Nr,Oir) belongs

to the sth stratum. The dummy variable helps control for stratum fixed effects. In total, we have

180,578 strata in our sample.

To address potential data interdependence, we focus on group- versus user-level interdependence,

as only 3.1% of the users in our dataset belong to more than one group, data interdependence at

the group level is the primary concern. To further address user-level interdependence, our bootstrap

identifies any two groups containing the same user as a “cluster.” We use the Poisson bootstrap

(Efron 1992) at the “cluster” level for 1,000 replicates to estimate the robust standard errors or 95%

confidence intervals.

To depict the causal relationship examined by our empirical strategy, we use Pearl’s directed

acyclic graphs (DAGs) to visualize the causal relationship in our empirical strategy (Pearl 2009). As

shown in Figure 3, controlling for X blocks all of the “backdoor” paths from T to Y , which satisfies

the backdoor criterion and allows us to identify the causal impact of T on Y . This process provides

greater confidence that confounding factors (U), such as temporal clustering and homophily, would

not bias our estimation.

We also separate gift contagion into the extensive margin (the increase in the probability of

sending red packets) and the intensive margin (the increase in the amount sent conditional on

sending) (Hossain and Li 2014, Liu et al. 2014, Bott et al. 2020, Cao et al. 2020). For the extensive

margin, we replace the outcome variable in Eq. (1) with a dummy variable 1[Ygir > 0]. For the

intensive margin, we apply Eq. (1) on observations where Ygir > 0. In later analyses, we report the

estimations of β in the respective regression as extensive and intensive margins.

This empirical strategy has two advantages in identifying a causal relationship. First, it enables

us to fully control for the stratum fixed effect, without requiring a specific functional form for
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the impact of X. For example, a linear specification, i.e., adding Ar,Nr, and Oir directly into the

regression, would lead to an overestimated treatment effect (Appendix D.2 ). Second, we realize that

if most strata have few observations, we may fail to measure such within-stratum effects. Fortunately,

our sample size is sufficiently large that we have a sufficient number of observations within each

stratum. Note that the average number of observations in a stratum is 8.37. Compared to Kizilcec

et al. (2018), which relies on the birthday discontinuity to perform a quasi-experiment, we leverage

the gift-amount randomization algorithm embedded in the feature to identify the social contagion

of gift giving.

4. Hypotheses

To motivate the hypotheses, we construct a simple model by following Charness and Rabin (2002)

(see Appendix E ). In our model, the utility function of a user depends on her own payoff and that

of others in the same group, with parameters specifying their respective weight. We theoretically

show that a user’s sending amount increases with the amount that she receives from the preceding

red packet. This leads to our first hypothesis.

Hypothesis 1 (Gift contagion) The larger the amount a recipient obtains, the larger the amount

the recipient will send to the group.

Next, inspired by the fact that individuals would exchange red packets more often during holiday

seasons, we quantitatively show that the size of gift contagion is stronger during festival periods.

This leads to the following hypothesis:

Hypothesis 2 (Festival effect) Gift contagion is stronger during festival periods than during

other time periods.

Similar to the festival effect, we also predict that the strength of gift contagion would be different

among different groups. In particular, we expect that the effect would be stronger in groups of

relatives. This leads to the following hypothesis:

Hypothesis 3 (Group type effect) Gift contagion is stronger in groups of relatives than it is in

other groups.

Recall that the user interface highlights the person who is the luckiest draw recipient, and this

information is observed by all group members. We thus posit that gift contagion is stronger for the

luckiest draw recipients. There are two possible reasons for our conjecture. The first reason is because

of the amount effect : luckiest draw recipients receive larger amounts, and thus, they may send a

larger amount to others, as we explained in Hypothesis 1. The second reason is that the salience of
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the luckiest draw recipient information might motivate users to send red packets (referred to as the

luckiest draw effect). In our model shown in Appendix E, we analytically show that such luckiest

draw effect would amplify the size of gift contagion. Hence, we have the following hypothesis:

Hypothesis 4 (Luckiest draw effect) Gift contagion is stronger for luckiest draw recipients than

it is for others.

Finally, we are interested in the moderating effect of social network characteristics. Again, we

quantitatively show that a member who has more friends or who is less clustered in their group would

send more, conditional on the same amount received. Therefore, we have the following hypothesis:

Hypothesis 5 (Individual network position on gift contagion)

(a) Gift contagion is stronger for individuals who are less clustered in the group.

(b) Gift contagion is stronger for individuals who have more friends (higher degree) in the group.

5. Results
5.1. Gift contagion in online groups

We first apply a simplistic, non-parametric approach to shed light on the causal effect of the amount

received by a user within a group on the probability of that user sending the first subsequent red

packet. We depict the probability of sending the first subsequent red packet for the recipients of

a given red packet in Figure 4. From this figure, we see a decreasing trend related to the rank of

received amounts: those who receive the largest amount have the highest probability of sending

the first subsequent red packet. Moreover, the largest difference lies between those who receive the

largest amount and those who receive the second largest amount, while the differences between

other recipients are much smaller.

Next, we apply the empirical strategy described in Section 3 to quantify the impact of the amount

received on the subsequent amount sent, namely, we estimate β in Eq. (1). Figure 5 presents the

marginal effects for different timeframes. From the figure, we see an increase in the effect size as the

timeframe widens, with the effect stabilizing after the first three hours. In later analyses, we focus

on regression results for 10 minutes and 24 hours, respectively.

Result 1 (Gift contagion) The larger the amount a recipient obtains, the larger the amount she

sends to the group.

Support. As shown in Columns (1) and (2) in Table 1, the regression coefficients for the amount

received are positive and significant at the 1% level (10 minute: 0.1554, p < 0.01; 24-hour: 0.1850,

p < 0.01).
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Figure 4 The recipients’ probability of sending the first subsequent red packet. “Num” is the number of recipients
of a given red packet. The x-axis indicates the rank of received amounts among recipients. For example, “1st” refers to
the user who receives the largest amount, i.e., the luckiest draw recipient. “>5th” is the average probability among
recipients whose rank is below the 5th position. The dashed gray line represents the average probability that a
non-recipient sends the first subsequent red packet. The error bars, i.e., the 95% CIs, are much smaller than the
markers, and become invisible.

Figure 5 The marginal effects of the amount received on the amount sent within the corresponding timeframes.
Error bars are the 95% CIs.

By Result 1, we reject the null hypothesis in favor of Hypothesis 1. Since the gifting behavior

is quantitatively measurable in our dataset, we are able to decompose the overall effect to the

extensive and intensive margins. This decomposition has received little examination in the previous

gift contagion literature. For example, in their study of gift contagion on Facebook, Kizilcec et al.

(2018) reports only the overall effect of gift contagion. The extensive margin reflects whether the

amount received increases the recipient’s likelihood of sending a red packet, while the intensive

margin indicates, conditional on sending a red packet, whether the amount received affects the

amount sent. As shown in Columns (3) and (4), receiving one more CNY increases the recipient’s
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Table 1 Regression analyses for gift contagion

Overall Extensive Intensive
10 min 24 h 10 min 24 h 10 min 24 h

(1) (2) (3) (4) (5) (6)
Amount received 0.1554*** 0.1850*** 0.0031*** 0.0032*** 0.0048 -0.2210*

(0.0176) (0.0359) (0.0001) (0.0001) (0.0725) (0.1374)
Stratum fixed effect Y Y Y Y Y Y
No. of observations 7,266,446 7,266,446 7,266,446 7,266,446 1,060,746 1,370,741
Adjusted R2 0.0394 0.0396 0.0211 0.0233 0.1517 0.1096

Note: The dependent variable (DV) for Columns (1) and (2) is the amount sent within the
respective timeframe. It is coded as zero for those who do not send red packets. The DV in
Columns (3) and (4) is the dummy variable for sending red packets. The DV in Columns (5) and
(6) is the amount conditioning on sending red packets. Marginal effects are reported. Standard
errors clustered at the group and user level are in parentheses. *: p < 0.1, **: p < 0.05, ***:
p < 0.01.

probability of sending a red packet by 0.31% in 10 minutes (p < 0.01) and 0.32% in 24 hours

(p < 0.01). By contrast, the intensive margin is not significant within 10 minutes (p > 0.1), and even

becomes negative within 24 hours (p = 0.055). Therefore, we conclude that the primary driver of

our observed overall effect of receiving a red packet on subsequent behavior is that users are more

likely to send packets versus more likely to send a greater amount.

In addition, we test for generalized reciprocity (Yamagishi and Cook 1993, Nowak and Roch 2007),

i.e., whether receiving gifts in one group triggers the recipient to send a gift within another group.

Again, we apply the estimation strategy in Eq. (1) to estimate the effect, but with the dependent

variable being the average amount that the user sends to other groups she belongs to in our sample.

Since we sample our data at the group level, our test of generalized reciprocity is restricted to those

who belong to multiple sampled groups, which yields 18,910 (3.1%) users in our sample. Altogether,

although the sign for the estimated coefficient is positive, it is not significant (see Table A.7 in

Appendix ). This null result may be due to two factors. First, although the number of users is not

small, a lack of within-stratum variation may underpower our analysis. Indeed, among 12,671 strata,

7,956 contain only one observation. Second, since users may belong to additional groups that are

not in our sample, the lack of all sending and receiving history of a user leads to an underestimation

of our effect.

5.2. Heterogeneous effect of gift contagion

The fine-grained information in our large dataset provides opportunities to examine how the effect

size of gift contagion varies in multiple dimensions, which further deepens our understanding of

gift contagion. For example, Kizilcec et al. (2018) only examine Facebook birthday gifts, while our

sample includes the sending of red packets for different purposes, such as celebrating the Lunar New
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Table 2 Regression analyses for gift contagion: festival versus non-festival seasons

Overall Extensive Intensive
10 min 24 h 10 min 24 h 10 min 24 h

(1) (2) (3) (4) (5) (6)
Festival

Amount received 0.1936*** 0.2460*** 0.0030*** 0.0031*** 0.0803 -0.0205
(0.0261) (0.0531) (0.0001) (0.0001) (0.0831) (0.1487)

Stratum fixed effect Y Y Y Y Y Y
No. of observations 2,297,290 2,297,290 2,297,290 2,297,290 399,763 545,953
Adjusted R2 0.0458 0.0493 0.0172 0.0222 0.1626 0.1260

Non-festival
Amount received 0.1199*** 0.1239*** 0.0032*** 0.0034*** -0.1571 -0.6609**

(0.0251) (0.0520) (0.0001) (0.0001) (0.1514) (0.3262)
Stratum fixed effect Y Y Y Y Y Y
No. of observations 4,969,156 4,969,156 4,969,156 4,969,156 660,983 824,788
Adjusted R2 0.0342 0.0318 0.0196 0.0208 0.1861 0.1485

Note: The dependent variable (DV) for Columns (1) and (2) is the amount sent within the respective
timeframe. It is coded as zero for those who do not send red packets. The DV in Columns (3) and (4) is
the dummy variable for sending red packets. The DV in Columns (5) and (6) is the amount conditioning
on sending red packets. Marginal effects are reported. Standard errors clustered at the group and user
level are in parentheses. *: p < 0.1, **: p < 0.05, ***: p < 0.01.

Year and job promotion. We first examine how the strength of gift contagion differs between festivals

and non-festival seasons by running regressions separately, and report the main results below.6

Result 2 (Festival effect) The effect of gift contagion is stronger during festival than non-festival

periods, and the difference is significant in the first 10 minutes.

Support. As shown in Columns (1) and (2) of Table 2, the size of the overall effect is larger during

festival than non-festival seasons (10 minutes: 0.1936 versus 0.1199, p = 0.042; 24 hours: 0.2460

versus 0.1239, p= 0.101).

By Result 2, we reject the null hypothesis in favor of Hypothesis 2. We also examine the extensive

and intensive margins and present the results in Columns (3)-(6), Table 2. From these results, we

see that the extensive margin is significant for both festival and non-festival seasons, although the

differences are not significant at the 5% level (10 minutes: p > 0.1; 24 hours: p= 0.098). Additionally,

the intensive margin for festival season is larger than non-festival season (10 minutes: p > 0.1; 24

hours: p= 0.074).

Second, we examine whether the gift contagion effect varies across different types of groups.

We identify three group types by inferring a group’s composition from group names. (1) Relative

groups: groups with names containing家(family). (2) Classmate groups: groups with names contain-

ing [班(class), 小学/中学/初中/高中(elementary/secondary/low secondary/high secondary school,

6 We consider all important dates that people celebrate in China including the Lunar New Year and other festivals.
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Table 3 Regression analyses for gift contagion by group types

Overall Extensive Intensive
10 min 24 h 10 min 24 h 10 min 24 h

(1) (2) (3) (4) (5) (6)
Relatives

Amount received 0.1484*** 0.1948*** 0.0031*** 0.0031*** 0.0792 0.0305
(0.0227) (0.0443) (0.0002) (0.0002) (0.0816) (0.1298)

Stratum fixed effect Y Y Y Y Y Y
No. of observations 2,200,404 2,200,404 2,200,404 2,200,404 366,553 472,239
Adjusted R2 0.0636 0.0552 0.0139 0.0169 0.2169 0.1405

Classmates
Amount received -0.0253 -0.0913 0.0068*** 0.0069*** -1.1597** -1.2252**

(0.0625) (0.1245) (0.0009) (0.0009) (0.4202) (0.5316)
Stratum fixed effect Y Y Y Y Y Y
No. of observations 408,397 408,397 408,397 408,397 47,242 62,616
Adjusted R2 0.0982 0.1206 0.0082 0.0148 0.2631 0.1956

Coworkers
Amount received 0.1267** 0.0627 0.0032*** 0.0031*** -0.1841 -0.6356

(0.0643) (0.1062) (0.0005) (0.0006) (0.3836) (0.5495)
Stratum fixed effect Y Y Y Y Y Y
No. of observations 143,297 143,297 143,297 143,297 17,974 23,156
Adjusted R2 0.1633 0.1723 -0.0067 0.0041 0.3694 0.3236

Note: The dependent variable (DV) for Columns (1) and (2) is the amount sent within the respective
timeframe. It is coded as zero for those who do not send red packets. The DV in Columns (3) and (4) is
the dummy variable for sending red packets. The DV in Columns (5) and (6) is the amount conditioning
on sending red packets. Marginal effects are reported. Standard errors clustered at the group and user
level are in parentheses. *: p < 0.1, **: p < 0.05, ***: p < 0.01.

respectively),大学(college/university),校(school),届/级(grade)]. (3) Coworker groups: groups with

names containing 公司(company), 集团(corporate group), 工作(work), and 有限(limited liability).

Table 3 reports the regression results for group type analysis.

Result 3 (Group type effect) The overall effect of gift contagion is stronger in relative groups

than in classmate groups.

Support. The effect size is significantly greater in relative groups than in classmate groups (10

minutes: 0.1484 versus −0.0253, p= 0.009; 24 hours: 0.1948 versus −0.0913, p= 0.031).

By Result 3, we reject the null hypothesis in favor of Hypothesis 3. In addition, as indicated

by Table 3, we find that the overall effect is significant for relative groups, while the effects are

not significant for the other two groups.7 Moreover, we find that the effect on extensive margins is

positive and significant across all group types, but not on intensive margins.8 This suggests that the

effect of gift contagion is primarily driven by promoting new participants to join the red packet chain.

These results are consistent with the prior literature, which shows that the overall effect on workers’

7 The overall effect is marginally significant for coworker groups only within 10 minutes (p < 0.1).
8 Surprisingly, the effect on intensive margin is even negative and significant for classmates groups.
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productivity is primarily driven by the extensive margin rather than the intensive margin (Hossain

and Li 2014, Cao et al. 2020). Additionally, we compare the effect size between group types and

find that the extensive margin is significantly higher in classmate groups than in relative groups (10

minutes: 0.0068 versus 0.0031, p < 0.01; 24 hours: 0.0069 versus 0.0031, p < 0.01) or coworker groups

(10 minutes: 0.0068 versus 0.0032, p < 0.01; 24 hours: 0.0069 versus 0.0031, p < 0.01). By contrast,

the intensive margin for classmate groups is significantly smaller than that for relative groups (10

minutes: −1.1597 versus 0.0792, p < 0.01; 24 hours: −1.2252 versus 0.0305, p= 0.022).

In addition, we investigate how other demographic characteristics, such as gender and age, affect

the degree of gift contagion. We find that the effect of gift contagion is stronger for older recipients,

and that red packets sent by younger users are more socially contagious. Moreover, although there is

no significant gender difference in the overall effect, red packets sent by female users tend to exhibit

a higher extensive margin. Appendix D.2 includes detailed analyses.

5.3. “Luckiest draw” effect

As discussed in Section 4, we posit that luckiest draw recipients may exhibit stronger gift contagion.

To examine the behavioral difference between luckiest and non-luckiest draw recipients, we run the

regressions in Eq. (1) for these two subgroups separately and report the results in Table 4.

Result 4 (Luckiest draw effect) Gift contagion is stronger for luckiest draw recipients than non-

luckiest draw recipients, and the difference is significant in the 10-minute timeframe.

Support. In Columns (1) and (2) of Table 4, the marginal effects for luckiest draw recipients are

larger than those for non-luckiest draw recipients (10 minutes: 0.3271 versus 0.0981, p= 0.011; 24

hours: 0.3985 versus 0.1616, p > 0.1).

By Result 4, we reject the null hypothesis in favor of Hypothesis 4. Moreover, we find that

the extensive margin for luckiest draw recipients is almost ten times of that for non-luckiest draw

recipients (10 minutes: 0.0074 versus 0.0007, p < 0.01; 24 hours: 0.0078 versus 0.0008, p < 0.01).

Conditional on sending red packets, the marginal effect on the amount that a user sends is smaller

for luckiest than non-luckiest draw recipients, although the difference is only marginally significant

(Columns (5) and (6), 10 minutes: −0.3767 versus 0.2246, p = 0.064; 24 hours: −0.8846 versus

0.2030, p= 0.067).

It is possible that luckiest draw recipients send more simply because they receive more. To control

for this “amount” effect, we implement the following matching procedure. Specifically, we match

each luckiest draw recipient with non-luckiest draw recipients by holding the following variables

constant: the total amount of the red packet, the number of recipients of that red packet, the order

of receiving time, and the amount received by the corresponding recipient. Matching on the first
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Table 4 Regression analyses for gift contagion: luckiest versus non-luckiest draw recipients

Overall Extensive Intensive
10 min 24 h 10 min 24 h 10 min 24 h

(1) (2) (3) (4) (5) (6)
Luckiest

Amount received 0.3271*** 0.3985*** 0.0074*** 0.0078*** -0.3767 -0.8846*
(0.0836) (0.1635) (0.0004) (0.0004) (0.2743) (0.4862)

Stratum fixed effect Y Y Y Y Y Y
No. of observations 1,923,297 1,923,297 1,923,297 1,923,297 296,799 371,698
Adjusted R2 0.0640 0.0503 0.0348 0.0373 0.1844 0.1222

Non-luckiest
Amount received 0.0981*** 0.1616** 0.0007*** 0.0008*** 0.2246 0.2030

(0.0331) (0.0807) (0.0001) (0.0001) (0.1720) (0.3393)
Stratum fixed effect Y Y Y Y Y Y
No. of observations 5,343,149 5,343,149 5,343,149 5,343,149 763,947 999,043
Adjusted R2 0.0373 0.0413 0.0159 0.0184 0.1543 0.1181

Note: The dependent variable (DV) for Columns (1) and (2) is the amount sent within the respective
timeframe. It is coded as zero for those who do not send red packets. The DV in Columns (3) and
(4) is the dummy variable for sending red packets. The DV in Columns (5) and (6) is the amount
conditioning on sending red packets. Marginal effects are reported. Standard errors clustered at the
group and user level are in parentheses. *: p < 0.1, **: p < 0.05, ***: p < 0.01.

three variables allows us to control for the effect of unobserved variables, as the backdoor criterion is

satisfied (Pearl 2009). Moreover, matching on the received amount allows us to further control for the

difference in the amount received.9 Our matching procedure yields 668,936 luckiest draw recipients

and 1,658,283 non-luckiest draw recipients, representing successful matching of 33.7% of our luckiest

draw recipients. Additionally, we bootstrap for 1,000 replicates to construct the confidence intervals.
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Figure 6 Comparisons between luckiest and non-luckiest draw recipients for the unconditional amount that a user
sends ((left), the probability of sending (middle), and the conditional amount that a user sends (right). Error bars are
the 95% CIs.

As shown in the left panel of Figure 6, the cash amount sent in the first subsequent red packet

increases by 0.080 CNY from non-luckiest to luckiest draw recipients, an effect that is significant

9 We conduct one-to-many matching (Stuart 2010).
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at the 1% level. This result suggests that being the luckiest draw recipient alone promotes the gift

contagion. By contrast, for the second subsequent red packet, we find a much smaller increase and

the effect is no longer significant (p > 0.1).10 We also decompose the overall effect into the extensive

and intensive margins.11 For both the first and second subsequent red packets, we find significant

differences for the extensive margins (p < 0.01), although the difference for the first subsequent red

packets is much larger. For the intensive margin, the effect of luckiest draw recipients is smaller than

non-luckiest draw recipients for the first subsequent (p= 0.013) but not for the second subsequent

red packet (p > 0.1).

Our results suggest the existence of a group norm whereby the luckiest draw recipients should

send the first subsequent red packet. This norm can facilitate coordination among group members

to maintain a chain of red packets (Feldman 1984, Seinen and Schram 2006, Gächter et al. 2013).

Moreover, we find that the strength of such a group norm is contingent on the discrepancy between

the amounts received by the luckiest draw recipient and the amounts received by other recipients

(Appendix D.2 ), suggesting that the fairness concern plays a role in influencing the strength of the

luckiest draw effect (Bolton and Ockenfels 2000, 2006). In addition to the group norm, gifts may

pressure recipients into signaling their own virtue, especially for luckiest-draw recipients. However,

since users endogenously decide whether they want to receive a red packet, they can avoid social

pressure by not clicking on an offered packet. In addition, the upper limit of a red packet’s cash

amount is not very large – 200 CNY (roughly 30 USD) and the average cash amount for luckiest-

draw recipients in our setting is 1.16 CNY. Therefore, we suspect that social pressure or reputational

concerns do not play an important role in our setting.

5.4. Social contagion and social network

In this section, we apply social network analysis to understand how the group network structure

affects the strength of our observed gift contagion. Since group members may or may not be private

contacts (“friends”), we construct a relationship network among group members, with each edge

indicating that two group members are contacts.

First, we examine how individual network positions affects gift contagion. Specifically,we focus

on the clustering coefficient and degree. The clustering coefficient of user i in group g (Holland and

Leinhardt 1971, Watts and Strogatz 1998), or the extent to which a user’s friends are connected, is

defined below:

10 There is no significant difference for the third and subsequent red packets.
11 Note that the definitions here are slightly different: (1) overall: the amount sent in the kth subsequent red packet;
(2) extensive margin: whether the recipient sent the kth subsequent red packet; and (3) intensive margin: the amount
sent conditional on being the user who sends the kth subsequent red packet.
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clustering coefficient(i, g) =

∑
j∈Ng

i

∑
k∈Ng

i ,k ̸=j 1[k ∈N g
j ]

|N g
i |(|N

g
i | − 1)

, (2)

where N g
i is the set of a user i’s in-group friends in group g. The value of the clustering coeffi-

cient ranges from [0,1]; 0 indicates that none of i’s friends are connected and 1 indicates that all

of i’s friends are connected in a group. Moreover, we use the normalized degree in our analysis:
degree(i,g)

No. of group members , with a range of [0,1].12

Table 5 reports the regression results adding the clustering coefficient, the normalized degree,

and their interaction terms with the amount received as independent variables. We summarize the

results below:

Result 5 (Individual network position on gift contagion)

(a) The overall effect of gift contagion is smaller for group members with a higher clustering coef-

ficient.

(b) The normalized degree does not significantly impact the overall effect of gift contagion.

Support. As shown in Columns (1) and (2) of Table 5, the interaction term between “Amount

received” and “Clustering coefficient” is negative and significant at the 1% level (10 minutes: −0.2918,

p < 0.01; 24 hours: −0.7596, p < 0.01), and the clustering coefficient itself is also negative and signif-

icant (10 minutes: −0.1237, p < 0.05; 24 hours: −0.4350, p < 0.01). The coefficient for normalized

degree is positive and significant at the 1% level (10 minutes: 1.0236, p < 0.01; 24 hours: 2.3044,

p < 0.01), although its interaction term with “Amount received” is not significant.

By Result 5(a), we reject the null hypothesis in favor of Hypothesis 5(a). This finding is consistent

with prior studies (Aral and Walker 2012, Ugander et al. 2012). Moreover, as shown in Columns (3)-

(6), the interaction terms for the extensive and intensive margins are also negative and significant.13

For the normalized degree, we do not find a salient interaction effect, and thus we fail to reject the

null hypothesis in favor of Hypothesis 5(b).14

Next, we examine the effect of the group-level network structure on our observed gift contagion.

We use the average normalized degree, or network density to measure the degree to which a network

is tightly connected (Newman et al. 2006):

average normalized degree(g) =
∑

i∈G |N
g
i |

|G|× (|G|− 1)
. (3)

G denotes the set of group g’s members. The average normalized degree ranges from [0, 1]. We

present results of the regression with average normalized degree and the interaction term in Table 6.

12 Compared to the (unnormalized) degree, normalized degree considers the effect of group size.
13 The only exception is the intensive margin result for 10 minutes.
14 We also examine the impact of centrality, in particular, the eigenvector centrality, which is widely used in the
literature of networks (Marsden 2002, Jackson 2010). However, no significant overall effect for the interaction term is
found (Table A.13).
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Table 5 Effect of individual in-group degree and clustering coefficient on gift contagion

Overall Extensive Intensive
10 min 24 h 10 min 24 h 10 min 24 h

(1) (2) (3) (4) (5) (6)
Amount received 0.3456*** 0.6748*** 0.0084*** 0.0088*** 0.1261 0.4101

(0.0858) (0.2084) (0.0004) (0.0005) (0.3030) (0.5835)
Amount received × normalized degree 0.0674 0.1839 -0.0051*** -0.0053*** 0.3049 0.2794

(0.0910) (0.2058) (0.0004) (0.0004) (0.3515) (0.6398)
Amount received × clustering coefficient -0.2918*** -0.7596*** -0.0028*** -0.0029*** -0.3899 -1.0140**

(0.0742) (0.1594) (0.0004) (0.0004) (0.2492) (0.4404)
Normalized degree 1.0236*** 2.3044*** 0.0656*** 0.0905*** 3.8504*** 6.7114***

(0.0710) (0.1586) (0.0012) (0.0014) (0.3725) (0.6468)
Clustering coefficient -0.1237** -0.4350*** -0.0438*** -0.0636*** 1.6890*** 2.1104***

(0.0519) (0.1101) (0.0010) (0.0012) (0.2706) (0.4650)
Group size Y Y Y Y Y Y
Stratum fixed effect Y Y Y Y Y Y
No. of observations 7,266,446 7,266,446 7,266,446 7,266,446 1,060,746 1,370,741
Adjusted R2 0.0400 0.0403 0.0260 0.0308 0.1524 0.1102

Note: The dependent variable (DV) for Columns (1) and (2) is the amount sent within the respective timeframe. It
is coded as zero for those who do not send red packets. The DV in Columns (3) and (4) is the dummy variable for
sending red packets. The DV in Columns (5) and (6) is the amount conditioning on sending red packets. Marginal
effects are reported. Standard errors clustered at the group and user level are in parentheses. *: p < 0.1, **: p < 0.05,
***: p < 0.01.

Table 6 Effect of average normalized degree in groups

Overall Extensive Intensive
10 min 24 h 10 min 24 h 10 min 24 h

(1) (2) (3) (4) (5) (6)
Amount received 0.2165*** 0.4092*** 0.0062*** 0.0062*** 0.0144 0.1839

(0.0578) (0.1305) (0.0003) (0.0003) (0.2024) (0.3737)
Amount received × avg normalized degree -0.0902 -0.3313 -0.0046*** -0.0045*** -0.0121 -0.5867

(0.0868) (0.2035) (0.0004) (0.0004) (0.2983) (0.5848)
Avg normalized degree 0.8661*** 1.7084*** 0.0184*** 0.0192*** 4.7967*** 7.1958***

(0.0806) (0.1819) (0.0019) (0.0022) (0.4218) (0.7421)
Group size Y Y Y Y Y Y
Stratum fixed effect Y Y Y Y Y Y
No. of observations 7,266,446 7,266,446 7,266,446 7,266,446 1,060,746 1,370,741
Adjusted R2 0.0397 0.0399 0.0239 0.0272 0.1523 0.1100

Note: The dependent variable (DV) for Columns (1) and (2) is the amount sent within the respective timeframe. It
is coded as zero for those who do not send red packets. The DV in Columns (3) and (4) is the dummy variable for
sending red packets. The DV in Columns (5) and (6) is the amount conditioning on sending red packets. Marginal
effects are reported. Standard errors clustered at the group and user level are in parentheses. *: p < 0.1, **: p < 0.05,
***: p < 0.01.

We find that although there is no significant overall impact of group network structure on gift

contagion, the interaction effect between the amount received and the average normalized degree is

negative and significant for the extensive margin. In Columns (3) and (4) of Table 6, the interac-

tion term for “Amount received × avg normalized degree” is negative and significant (10 minutes:

−0.0046, p < 0.01; 24 hours: −0.0045, p < 0.01), although there is no significant interaction effect
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for overall effects or intensive margins. We also examine the impact of overall clustering (Jackson

2010) and find similar results. The detailed analyses are reported in Appendix D.2.

Finally, we examine the impact of receiving gifts on network dynamics. We change the dependent

variable in Eq. (1) to the number of within-group edges added by a user after the user receives a

red packet. Figure 7 presents the results, where the x-axis indicates different time intervals and the

y-axis represents the marginal effect of the amount received (in CNY) on the number of new friends

added by the recipient within the group. On average, receiving 100 CNY encourages the recipient to

add 0.055 friends within the group in the subsequent seven days (p < 0.01). Although this appears to

be a small effect, it reflects how in-group gifts can foster in-group interactions through establishing

new connections. In sum, our findings suggest that in-groups gifts not only promote gift contagion,

but can also encourage within-group interaction and strengthen group solidarity.
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Figure 7 The marginal effect on the within-group edges added by the recipient within the group. Error bars are the
95% CIs.

6. Discussion

Taking advantage of the random assignment of red packet amounts to gift recipients, we leverage a

natural experiment to quantify the strength of gift contagion within online groups. We document

the presence of gift contagion and further find that the overall effect is driven primarily by the

extensive margin, i.e., receiving red packets encourages more users to send packets. The degree of

gift contagion varies across different time periods and various groups. Moreover, we find evidence of

a group norm whereby the luckiest draw recipients are expected to take the lead in sending the first

subsequent red packet. Regarding the moderating effect of in-group social networks, we find that

the higher a user’s clustering coefficient is, the less susceptible she is to gift contagion. Additionally,

there is a significantly negative interaction effect for the extensive margin between the amount

received and how tightly knit a group network is. Overall, our results, especially the analyses for
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the extensive and intensive margins, deepen our understanding of the social phenomenon of gift

contagion.

Our study has important managerial implications. First, online group chats facilitate communica-

tion and coordination, but the virtual format may pose challenges to establishing group solidarity.

Our results show that receiving larger amounts not only promotes the recipient to send more gifts

subsequently, but also encourages the recipient to add more friends within the group. These results

offer insights into how one might utilize online gift giving to foster social bonds within both online

groups and offline groups.

Moreover, because of the popularity of online gifts and online red packets across different plat-

forms,15 our heterogeneity analyses offer insights into how to leverage gift contagion to promote

the adoption of online gifts. Because of the stronger gift contagion that occurs during festival peri-

ods, we advise that marketing campaigns be conducted during those periods. In addition, since we

find that gift contagion is stronger in groups of relatives, platforms are advised to make additional

efforts to improve the gift design for relatives and family members, which may further promote the

adoption of online gifts through these social relationships. Finally, the finding that the strength of

gift contagion varies with social network characteristics helps us understand whom the marketing

campaigns should be concentrated on gift production promotion.

There are several possible future directions based on our study. First, it would be interesting

to examine how receiving red packets affects other types of user behaviors, such as group commu-

nication and liking others’ feeds. Second, due to data constraints, we are not able to disentangle

which mechanism, such as reciprocity or fairness concern, is the main driver for our observed gift

contagion. Therefore, carefully design experimental studies are needed for future work to investigate

the primary mechanism. Finally, as we are analyzing online gift contagion in East Asian culture, it

would be interesting to explore whether our results can be generalized to offline settings or other

culture groups.
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