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We utilise a quasi-experimental setup to identify causal effects of having additional peer 

groups on information exchange in a large online maternity community. The informa- 

tion exchange is a key performance indicator for the community as well as a public good 

among users. Pregnant users join default peer groups based on estimated due date (EDD). 

Natural uncertainties of EDD can lead to multiple peer groups. Using EDD as an instru- 

mental variable, we find that additional peer group(s) reduces information exchange in 

both default peer group and total peer groups. Having more advanced groups mitigates 

the reduction, likely due to information spillovers. 
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1. Introduction 

It is increasingly common for individuals to be members of multiple groups simultaneously, both in organisations and 

in social life. Firms adopt multiple-team structure to leverage resources more effectively and promote knowledge transfer 

( Milgrom and Roberts, 1992 ); researchers collaborate with different sets of coauthors to exploit synergies in expertise and 

knowledge spillovers ( Borjas and Doran, 2015 ); individuals expand their social groups to connect social ties and relations

( Granovetter, 2018 ). While there are clear incentives and benefits to access additional groups and resources both in organi-

sations and in social life, there are also challenges as it creates competing pressures on attention and time devoted among

groups. 1 

Identifying the causal effects of having additional peer groups on relevant outcomes is challenging as the choices of 

joining which and how many groups are often endogenous ( Heckman, 1990; Evans et al., 1992 ). For example, individuals

who have higher abilities may be invited to join additional working units; individuals who are endowed with more social 
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https://doi.org/10.1016/j.jebo.2022.09.019 

0167-2681/© 2022 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 

https://doi.org/10.1016/j.jebo.2022.09.019
http://www.ScienceDirect.com
http://www.elsevier.com/locate/jebo
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jebo.2022.09.019&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:lingqing.jiang@essex.ac.uk
mailto:z.zhu@kent.ac.uk
https://doi.org/10.1016/j.jebo.2022.09.019
http://creativecommons.org/licenses/by-nc-nd/4.0/


L. Jiang and Z. Zhu Journal of Economic Behavior and Organization 203 (2022) 543–562 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

resources may have access to additional social groups. Although the causal effects of having peers or peer groups have 

been identified using randomised group assignment or instrumental variable approach in various individual behaviours and 

contexts, to our knowledge, the effects of having additional peer groups on individual outcomes are rarely investigated 

beyond correlational studies. Ignoring the potential endogeneity may overestimate the positive effects or overlook potential 

negative effects, which could mislead individual choices or policy implications. 

Our study exploits a real-world setup in a large online maternity community. First of all, this online maternity community 

adopts a group-based structure and the group assignment resembles a quasi-experimental approach which allows clean 

identification. Moreover, such online maternity communities are emerging in countries all over the world including Asia, 

Europe, and the US. 2 Therefore, they are of general interest per se. The community automatically assigns pregnant users 

into different peer groups based on the month of their estimated due date (EDD) at registration. For example, users who

are expecting to give birth on any day in June 2021 are assigned to the peer group (aka birth club ) named June 2021 . Each

month, a new peer group is created and new users can join. Such assignment rules are common in real life. The closest

example would be that schools assign pupils to different grades according to the year of their birth. 

Under the default group assignment rule, we observe a non-trivial fraction of users who manually join additional peer 

group(s), which is partially driven by the natural uncertainty of EDD. 3 The standard deviation of EDD is about ±15 days

( Hoffman et al., 2008 ). Users seem to be aware of this fact and internalise it as we observe a clear pattern that those whose

EDD falling in the beginning (end) of the month tend to additionally join the peer group of the previous (next) month. This

pattern allows us to use the day of the EDD as the instrument for having multiple peer groups as i) it directly affects the

propensity of joining one of the adjacent peer groups; and ii) it is a natural lottery ( Angrist, 1990 ). 

The outcome of interest is users’ information exchange in the peer groups on this online community. The creation of 

peer groups provides a common space for users to exchange information and knowledge among themselves throughout 

the entire pregnancy. The users typically exchange information about their pregnancy status and symptoms, which often 

involves sharing check-up results, updating progress, asking for confirmation, consultation and help from other peers in 

the group. 4 The exchange information in the peer groups takes the form of initiating a post or responding to a post. A

post typically initiates information exchange by either sharing own experience or asking a question; a response typically 

continues the information exchange by either answering a posted question or asking follow-up questions. For the online 

community, active information exchange is of crucial importance to its business success. The volume of the user-generated 

traffic is a key performance indicator and needs to be closely monitored in order to sustain its position in the market

and to fulfill the expectations of the stakeholders. For the users, the information exchange among themselves serves as a 

public good and constitutes the essence of social support ( Jiang and Zhu, forthcoming ), defined as interpersonal exchange of

potentially useful information or things ( Cohen and Syme, 1985 ). 

We focus on two important mechanisms that could make a difference between having one single peer group and hav- 

ing multiple groups in the context of information exchange. The first is the mechanical substitution and the second is the

asymmetric information flow driven by time-sensitive information. On the one hand, under the mechanical substitution, 

the two-peer-groups users simply spread their activities into two peer groups without differentiating between peer groups. 

Consequently, it would cause the reduction in the information exchange in either peer group and the reduction should be 

the same for joining either the earlier group or the latter group. On the other hand, the peer groups are created along the

timeline and the information sets expands with the pregnancy status. Given the time difference, user who join the earlier 

group is exposed to peers who are more advanced in the pregnancy status and has access to time-sensitive information in

advance comparing to user who join the later group. This could have two potential consequences: one is accessing some- 

thing new as an activator which could boost the information exchange in the default group, and the other is causing a

potential strategic shift to the earlier group which could further reduce the information exchange in the default group. 

We perform the main empirical analysis using the observations that have either the default peer group only (control) 

or additionally join one of the adjacent peer groups (treated), i.e. the previous-month or the next-month peer group. We 

then extend the analysis to the following: using quality posts only as the outcome, investigating potential heterogeneity by 

comparing the previous-month peer group with the next-month peer group to shed light on the underlying mechanism, 

breaking information exchange into posts and responses, and finally generalising to the case of multiple ( ≥2) peer groups. 

The instrumental variables estimation yields three main findings. First, joining an additional peer group (or additional 

peer groups) significantly reduces users’ information exchange in the default peer group. Second, the sum of the information 

exchange generated by the users having two (or multiple) peer groups is less than the sum generated by the users having

only one default peer group. Third, the reduction in the information exchange in the default peer group is smaller when the

additional peer group is the previous-month group comparing to the next-month group. 
2 A similar counterpart website to ours is the BabyCenter. It is available in the UK, US, Arabia, Australia, Brazil, Canada, Germany, India, and in Spanish 

language (without countries specified). Another example is Mumsnet. It is currently the UK’s biggest network for parents. The common goal of these online 

communities is to “make parents’ lives easier by pooling knowledge, advice and support”, as stated on the website. 
3 There are also non-random motives to join additional groups, for example, users want to share information with a greater number of users, access 

information from more users, or compare information across different peer groups. 
4 Fig. A1 in the Appendix presents the 20 most frequent words mentioned in the information exchange. Apart from the most frequent words “pregnant, 

baby, and mom(s)”, other frequently discussed topics relate to “last menstrual period, four-dimensional ultrasound, belly size, fetal heart, fetal pole, and 

gender”. The verbs such as “whether (be), take a look, and help” are clear demonstration of asking for confirmation, consultation, and help from peers. 
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We interpret our first finding as a substitution effect between the additional peer group(s) and the default peer group, 

which is in line with the limited attention literature (e.g. Kahneman, 1973; Falkinger, 2008 ). Our second finding, if assuming

linear production function of information exchange, suggests that there could be further “detrimental” effects besides the 

substitution effect. One possible explanation is that having additional peer groups weakens the group identity of any group, 

which can reduce contribution or encourage “lurking” behaviour in each peer group. 5 We interpret our third finding as 

evidence for information spillovers from more advanced peer group to the less advanced ones. However, the spillover effect 

is dominated by the substitution effect as the net effect is negative. 

Our findings have important policy implications. From the perspective of the online community, our results suggest that 

organisations and communities with similar features be cautious when designing the group-based structure. Allowing users 

to join multiple peer groups may cause them to partially shift their activities from the focal group to other groups. More-

over, it could dampen their overall engagement and lower the total amount of “user-generated information”, which is in 

opposition to the objective function of the community. From the perspective of the users, they benefits from active infor- 

mation exchange which serves as a public good in each peer group. A decline in the activeness in the peer group may cause

negative experience to them. 6 Our findings have direct implications for online maternity communities that adopt the same 

concept and group-based structure in other countries in Europe and the US and possibly organisations with a vertical group- 

based structure as well. It might also be suggestive for information-sharing networks where individuals group together with 

common attributes (e.g. interests and job profiles) for a common goal (e.g. education and self-development), although such 

networks are more likely to have a horizontal structure. 

Our paper mainly contributes to two strands of literature. First, we contribute to the vibrant literature on peers effects. 

Peers and peer groups are found to play an important role in productivity at work ( Mas and Moretti, 2009; Borjas and

Doran, 2015; Cornelissen et al., 2017 ), education ( Sacerdote, 2001; Carrell et al., 2009; Elsner et al., 2020 ), welfare use

( ̊Aslund and Fredriksson, 2009 ), retirement planning ( Duflo and Saez, 2002; Brown and Laschever, 2012 ), prosocial behaviour

( Gächter et al., 2013; Bruhin et al., 2020 ), and sports competition ( Yamane and Hayashi, 2015; Jiang, 2020 ). 7 Among these,

Mas and Moretti (2009) , Borjas and Doran (2015) , Sacerdote (2001) and Kimbrough et al. (2020) demonstrate spillovers from

high productivity workers, researchers, and students to their low productivity peers, respectively. In particular, using a lab 

experiment, Kimbrough et al. (2020) highlight the importance of peer-to-peer teaching in learning and suggest that grouping 

students of similar abilities may hurt low-ability individuals as they could benefit from interacting with high-ability peers. 

Second, we contribute to the rising but yet scarce literature of multiple group membership that mostly focuses on 

working contexts. The evidence of having multiple groups on productivity is mixed. While some studies find positive 

effects ( O’leary et al., 2011; Zhu et al., 2014 ), more studies find negative effects on individual and/or group outcomes

( Cummings and Haas, 2012; Pluut et al., 2014; Mortensen and Haas, 2018; Crawford et al., 2019 ). O’leary et al. (2011) and

Bertolotti et al. (2015) suggest that the relationship between the number of groups and productivity is an inverted-U shape. 

That is, individuals benefit from learning in multiple groups when the number of additional groups is small. However, as 

the number increases, it starts to fragment attention and introduce lags in productivity. 8 

There are several distinctions between our study and the existing literature on multiple group membership. First of all, 

to our knowledge, we are the first study that utilises a quasi-experimental setting to provide causal evidence beyond the 

existing correlational studies. Second, while this literature focuses on relatively small working teams, we look at significantly 

larger peer groups in a non-working context. Last but not least, the peer groups in our setup are online-based. With the

development of digital technologies, more and more traditional offline working and social units have found their online 

counterparts, which calls for more research in online settings. 

The remainder of the paper is organised as follows, Section 2 describes the observational data, Section 3 illustrates the

identification challenges and strategy, Section 4 discusses behavioural predictions, Section 5 presents the empirical analysis, 

and Section 6 concludes. 

2. Data 

We collect our data from one of the largest Chinese online maternity and parenting communities. We first introduce the 

online community. Subsequently, we explain the assignment of the default peer group and the occurrence of multiple peer 

groups. Finally, we present the descriptive statistics of the peer groups in our sample. 
5 Lurking is very common in online communities. It is related to the free riding behaviour in the sense that lurking users solely receive information 

without generating any information. Research has shown that stronger feelings about group identity increase the level of contribution in the public goods 

games ( Charness et al., 2014 ). 
6 A continuous information flow is also important for the group as a whole. Given the fast turnover of information exchange in online settings, some 

of the information can be repetitive or similar. For example, different users may ask similar questions on different days without being aware that the 

questions have been already asked and answered before. Despite efficiency loss to some extent, having peers answering similar questions repeatedly from 

time to time can reinforce group cohesiveness. 
7 Studies also show that introducing group identity could alter individual preferences ( Charness and Chen, 2020; Goette et al., 2006; Charness et al., 

2007; Chen and Li, 2009; Ghiglino et al., 2021 ). 
8 The literature does not conclude with a definitive consensus of the number of groups where this tipping point occurs that highly depends on the 

context and factors such as the social ties among the group members ( van de Brake et al., 2020 ), the variety of the groups ( O’leary et al., 2011 ), the 

collaborative technology ( Bertolotti et al., 2015 ), and the task complexity ( Crawford et al., 2019 ). 
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Fig. 1. Creation and enrollment of peer groups. 

Notes: Peer groups are labelled in the format of Month Year – the month and the year of the EDD. Users whose EDDs are in the Month and Year are assigned 

to the peer group Month Year by default. Peer groups are ordered by month along the timeline. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.1. The online community 

At its root, the online maternity and parenting community is built upon dedicated peer groups (aka birth clubs ) at

monthly frequency. Each peer group is essentially an Internet Forum with an allocated URL within the domain of the com-

munity platform. 9 Users of such a peer group can hold conversations (aka threads ) by generating posts and responses. On

a daily basis, the users in each group may generate hundreds of threads with different conversations/topics, which yields 

tens of thousands threads throughout the lifetime of the peer groups. All threads are listed in reverse-chronological order, 

and can be accessed to and followed up by all users at any time. The threads/conversations do not build on each other and

some of the popular topics may appear again and again over time. 10 In Section B.3 we show two screenshots of the posts

to give an idea of how the interface looks like. 

The community also provide other general-topic groups (e.g. sharing food recipes) besides the peer groups. In addition to 

the default peer group, users can manually join any of these groups after registration. However, most of the activities take

place in the peer groups. 11 

The company that operates this online community is a for-profit organisation. It conducts advertising, electronic com- 

merce, content monetisation, and other businesses for revenue sources. However, to sustain its business model and to secure 

future funding from investors, the priority is to engage customers through its core services by providing a platform where 

users can share positive and meaningful experiences about maternal caring and parenting. Therefore, user-generated infor- 

mation exchange is key for the sustainability of this online community. 

2.2. Assignment of default peer groups 

Pregnant users are assigned into peer groups based on the month of their estimated due date (EDD). Grouping users 

who are at the same stage of pregnancy helps them exchange information and knowledge more efficiently in three ways. 

First, it keeps certain time-sensitive information timely. Second, since users in the peer groups are both information givers 

and recipients, they have a high level of responsibility and trust among themselves to ensure the quality of information. 

Last but not least, it keeps the number of users in each peer group more or less balanced. 

Peer groups are named in the format of Month Year – the month and the year of the EDD. We illustrate the three core

peer groups in our sample in Fig. 1 . For example, users who are expecting to give birth on any day in March 2018 were

assigned to the peer group March 2018 . All the peer groups are created ten months before the delivery month, e.g. the peer

group March 2018 was created in May 2017. Each peer group is active since the creation till the end of the corresponding

delivery month. 

Notice that within the three-month span of expected delivery, the assignment of the default peer group can be seen as

quasi-random, as users do not have perfect control over pregnancy within such a short period. In other words, apart from

the pregnancy status, users’ other individual characteristics do not significantly differ across peer groups. 

2.3. Multiple peer groups 

The feature of peer groups is designed such that each user has only one peer group by default. However, we observe that

a non-trivial fraction of users join more than one peer groups in practice. After the assignment of the default peer group,
9 For example, http://domain-name/community/club201803/ is for the peer group of March 2018. 
10 There are a few moderators monitoring the information exchange in the peer groups. They do not engage in any information exchange in the peer 

groups. The moderators only intervene when there are issues reported by the users such as verbal violence or spreading inappropriate information by 

removing such posts and responses. 
11 We use the statistics in Table 1 to calculate the share of activities. We calculate the total activities in peer groups by multiplying column (1), average 

number of posts and number of responses, by column (6), number of users, and denote it as A. Similarly, we calculate the total activities in non-peer 

groups by multiplying column (1), average number of posts and responses, by column (6), number of users, and denote it as B. Then the share of the 

activities in peer groups out of the whole activities is given by A 
A + B = 68 . 7% . We also calculate the share at individual level (i.e. individual peer group 

activities divided by the whole activities), which gives an even higher share of 76.2%. 
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Table 1 

Descriptive statistics of users in the three core peer groups. 

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

Variables mean sd p10 p50 p90 # Obs 

Day of Estimated Due Date (EDD) (1st–30th/31st) 15.10 8.626 3 15 27 24,705 

Peer Group Enrollment (share) 

Default PG T 100% 0 1 1 1 24,705 

Previous month PG T−1 10.9% 0 1 1 1 2692 

Next month PG T+1 6% 0 1 1 1 1485 

Number of Posts in 

Default PG T 2.079 1.992 1 1 4 24,705 

Previous month PG T−1 0.290 0.825 0 0 1 2692 

Next month PG T+1 0.272 0.919 0 0 1 1485 

Number of Responses in 

Default PG T 3.679 7.185 0 1 11 24,705 

Previous month PG T−1 1.105 2.765 0 0 3 2692 

Next month PG T+1 0.882 2.558 0 0 2 1485 

Non-Peer Groups 

Number of non-PGs joined 9.865 3.371 4 10 13 24,705 

Number of Post and Responses in non-PGs 2.718 5.261 0 1 8 24,705 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

users may manually join other peer groups. To join an additional peer group, a user needs to manually search for the peer

group on the platform and click on the “join” button to confirm the official peer group membership. There is no restriction

to join, and it does not involve any approval process. 12 

When a user logs in to her account, she will see an interface that only displays the peer group(s) and the general groups

that she has officially joined. 13 Moreover, after a user has officially joined a peer group, she will receive notifications of new

posts in that peer group. In other words, if a user does not officially join an additional peer group, she will not see that

peer group on her interface nor will she receive any notifications of new posts in that peer group. 

There could be various motives to join additional peer groups: users may want to exchange information with a greater 

number of users, with users in different pregnancy statuses, or compare information across different peer groups. Another 

important reason is related to the EDD. The standard deviation of EDD is about ±15 days ( Hoffman et al., 2008 ). Users seem

to be aware of this fact and internalise it as we observe a clear pattern that users whose EDD falling in the beginning (end)

of the month tend to additionally join the peer group of the previous (next) month. We provide more details of this pattern

later on in Fig. 3 in Section 3.1 . 

2.4. Descriptive statistics 

Our data include three core peer groups with a complete cycle, i.e. from the creation of the peer group to the end of the

delivery month. 14 They are March 2018, April 2018 , and May 2018 . We have information about users’ EDD, the enrollment

of both peer groups and non-peer groups, the number of each user’s posts and responses in the default peer group, the

additional peer groups and non-peer groups. We do not observe many demographic characteristics apart from that all users 

are women at fertility age. 15 

We present the descriptive statistics of the sample that we use for the main empirical analysis. It includes the obser-

vations that join only the default peer group as the “control” group and the observations that additionally join one of the

adjacent peer groups as the “treated” group. Table 1 presents the summary of the three core peer groups pooled together. 16 

There are 24,705 unique users – who are either single-default-peer-group users or two-peer-group users who additionally 

joined one of the adjacent peer groups – in these three core peer groups. The day of EDD (1st–30th/31st) follows ap-
12 In theory, the users could also enter a non-default peer group and browse the posts and responses in that group without officially joining it. Unfor- 

tunately, we could not observe such informal joining behaviour in the data. This means, we could only capture all the official multiple-peer-group users 

but not the informal ones. As a result, our empirical comparison between the single-peer-group users and the multiple-peer-group users is restricted to 

those who officially joined the peer groups. Omitting the informal joining behaviour would lead to the following consequence: we treat those informal 

multiple-peer-group users as the official single-peer group users, while the status of the official multiple-peer-group users is unaffected. If these informal 

multiple-peer-group users are more active than the official single-peer-group users, then our estimates would be downward biased, and vice versa. 
13 We show an interface screenshot of a user who has joined two peer groups in Fig. B.4 in the Appendix B.3 . 
14 We exclude users who are not giving birth for the first time and users who have never generated any post or response throughout the entire preg- 

nancy. Additionally, we trim the top 5% of our data in terms of the number of posts and responses to exclude outliers, which is a standard practice with 

communication data ( Turkiewicz, 2018 ). 
15 Age and education might affect one’s activeness in the peer groups and adding them would increase the precision. Unfortunately, we do not have the 

info of these two variables as they are not required at the registration. 
16 Słoczy ́nski (2020) emphasises the concern about differential weights on each group in case there is heterogeneity across groups, if group fixed effects 

are included in a linear IV estimator. We present the descriptive statistics of each peer group in Table A1 in the Appendix. Apart from the natural fluctuation 

in the number of observations in each peer group, there is no significant difference in the instrument variable and the endogenous variables across peer 

groups. 
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Fig. 2. Information exchange by number of peer groups. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

proximately a uniform distribution with a mean of 15.1 and a standard deviation of 8.6. We first look at the peer group

enrollment. By design, all users have a default peer group, which we denote as PG T . There are 2692 users (10.9%) who addi-

tionally join the peer group of the month just before their EDD, which we denote as PG T −1 ; and there are 1485 users (6%)

who additionally join the peer group of the month just after their EDD, which we denote as PG T +1 . 

Next we look at the information exchange – the number of posts and responses – in the peer groups. On average, 2.08

posts per user (or a total of 51,362 posts) are generated in the default peer groups, 0.29 (or a total of 781 posts) in the

previous month peer groups (if joined), and 0.27 (or a total of 404 posts) in the next month peer groups (if joined). Users

are more active in generating responses than posts. On average, 3.68 responses per user (or a total of 90,890 responses) are

generated in the default peer groups, 1.1 (or a total of 2975 responses) in the previous month peer groups (if joined); and

0.88 (or a total of 1310 responses) in the next month peer groups (if joined). 

Besides the peer groups users can also join non-peer groups that are open to all users without the reference of EDD. 17 

On average, users have 9.9 non-peer groups and generate about 2.7 posts and response (or a total of 67,149) in non-peer

groups. 

Notice that we could not capture lurking behaviour in our data. That is, users do not generate any posts or responses

but still have access to other users’ information exchange. Therefore, our information exchange account is only restricted to 

active posting and responding. Any passive form of information absorption is not captured in our analysis. 

Finally, we present a descriptive graph in Fig. 2 to show the number of posts, responses, and total info exchange per

user in the default peer group (left) and total peer groups (right), by the number of peer groups: one peer group in blue

and two peer groups in brown. This descriptive graph would correspond to the OLS regressions in Columns (2) and (4) in

Table 5 . Joining an additional peer group is associated with more posts, responses, and total information exchange in the

default peer group as well as in total peer groups. 

3. Identification 

The empirical challenges lie in the endogenous choice of which and how many peer groups to join. In principle, users

can manually join any peer groups that are open in the community. 18 Therefore, simply comparing single-default-peer-group 

users with two-peer-group users is subject to the omitted-variable bias. For instance, users who are more active in general 

or need more information are more likely to join an additional peer group. If this is the case, the naive comparison will

display a positive correlation between joining additional peer groups and users’ overall activeness. We first demonstrate our 

identification strategy, and subsequently, we present the placebo checks. 

3.1. Identification strategy 

Our identification strategy relies on the community’s initial peer group assignment described above and the fact that the 

day of EDD is a natural lottery. Two desirable features of the community’s setting allow us to overcome the two empirical

challenges: i) which peer group to join and ii) how many peer groups to join. 19 First, all users are automatically assigned

to a default peer group based on the estimated delivery month, and therefore, the assignment of default peer group can
17 The non-peer groups have particular themes such as “Marriage”,“Sentiment”, “Cooking” etc. They are not in the format of Month Year and the enroll- 

ment is completely unrelated to the EDD. Therefore, users in such groups are much more heterogeneous in their maternal status. In our sample, on average 

a user spends 74.3% of her activities in the default peer group, indicating that the default peer group is the principal group for the users in this online 

community. 
18 As mentioned before, the range of such peer groups featured on the homepage is one year before and ten months after the current month. This 

asymmetry does not affect our identification. In the main empirical analysis we only look at additional peer group in the adjacent months. When we 

extend the analysis of multiple peer groups without any restriction, the results remain robust. 
19 It is important to notice that since we are only comparing two peer groups vs. one (default) peer group, our identification challenge is the endogenous 

group enrollment rather than the reflection problem in Manski (1993) . In other words, we are interested in the ˆ β in Y i = β( Two PGs ) instead of Y i = βȲ −i . 

Notice that such comparison captures the direct interaction effects while assuming the indirect interactions equal for all users. 
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Fig. 3. Fractions of users joining the adjacent peer groups, by EDD day. 

Notes: The figure shows the fraction of users joining the previous-month peer group and the next-month peer group, respectively, on each day of the 

month in the three core peer groups (March, April, and May 2018). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

be seen as quasi-random within the narrow period we study. Second, whether users join an additional peer group partially 

depends on the day of EDD. 

Fig. 3 shows the fraction of the users joining an additional peer group of an adjacent month for each day of the month.

The day of EDD directly affects the propensity of joining an adjacent peer group. The fraction of the users additionally

joining the previous-month peer group is above 30% for users whose EDD is on the 1st day of the month, and it gradually

decreases to about 5% for the users whose EDD is on the last day of the month. Almost like a mirror image, the fraction

of the users additionally joining the next-month peer group is barely 1% for the users whose EDD is on the 1st day of the

month, and it gradually increases to above 25% for users whose EDD is on the last day of the month. 

The day of the EDD should not be correlated with users’ other characteristics or affect the information exchange directly 

as it can be seen as a natural lottery ticket: each pregnant user draws a number from 1 to 30/31. Those who draw a small

number may anticipate that a slightly earlier delivery would end up delivering in the month before, and therefore, are more

likely to additionally join the peer group of the previous month. Similarly, those who draw a large number may anticipate

that a slightly later delivery would end up delivering in the month after, and therefore, are more likely to additionally join

the peer group of the next month. 20 A slightly later (earlier) delivery for an EDD in the beginning (end) of the month, or

a slightly earlier or later delivery for an EDD in the middle of the month would not change the month of delivery, and

therefore, is less likely to trigger the enrollment of an additional peer group. 21 

Therefore, the day of EDD is a valid instrument for having multiple peer groups as i) it directly affects the propensity of

joining one of the adjacent peer groups; and ii) it is a natural lottery. 

Fig. 4 shows the first stage which corresponds to Fig. 1 in Angrist and Chen (2011) . As we can see, the connected line

is flat at the beginning, i.e. around the middle of the month, and becomes more steep towards the end, i.e. either at the

beginning or the end of the month. Overall, the relationship is quite linear. 

Our identification assumption is that the day of EDD has an effect on users’ information exchange only through its effects

on joining an additional peer group. Notice that using the instrumental variable estimator we are identifying the local aver- 

age treatment effect (LATE), which is the average treatment effect (ATE) among the compliers ( Imbens and Angrist, 1994 ). 22 

3.2. Placebo checks 

To further support the assumption that the day of EDD does not correlate with any unobserved characteristics, we per- 

form a placebo check using two placebo outcomes: the number of non-peer groups joined and the amount of information 
20 The monotonicity assumption claims that “while the instrument may have no effect on some people, all of those who are affected are affected in the 

same way.” ( Imbens and Angrist, 1994 ), and “A failure of monotonicity means the instrument pushes some people into treatment while pushing others 

out.” ( Angrist, J.D. and Pischke, J.S., 2009 ). Just like the draft-lottery in Angrist (1990) , the day of the EDD satisfies the monotonicity assumption: although 

having an EDD close to the two ends of the month may have had no effect on the probability of joining an additional peer group for some users, there is 

no one who was actually kept out of joining an additional peer group by having EDD close to the two ends of the months. This holds by construction as 

peer groups are open to everyone. 
21 Notice that users do not have any incentives to manipulate their EDD in order to join an additional peer group, i.e. users who want to join an additional 

peer group report their day of their EDD either at the beginning of the month or end of the month, since nothing prevents users from joining additional 

peer groups. We also show that the number of users who expect to deliver on each day of the month follows approximately a uniform distribution in 

Fig. A2 in the Appendix. 
22 To give an idea of how many compiers there are, how representative the LATE might be, and how similar they are to always- and never-takers, we 

show the share of compliers and the average outcomes of different types of uses in Table A2 in the Appendix. 
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Fig. 4. Fractions of users joining two peer groups, by the instrument | EDD day − 16 | . 
Notes: The figure shows the fraction of users additionally joining either the previous-month peer group or the next-month peer group, respectively, on 

each value of the instrument in the three core peer groups (March, April, and May 2018). 

Table 2 

The effects of the day of EDD on placebo outcomes. 

(1) (2) (3) (4) 

Variables Number of NPGs log(info) in NPGs Number of NPGs Info in NPGs 

OLS OLS Poisson Poisson 

| Day of EDD-16 | 7.06e −05 −0.00167 7.15e −06 −0.000642 

(0.00485) (0.00131) (0.000492) (0.00280) 

Constant 9.909 ∗∗∗ 0.809 ∗∗∗ 2.293 ∗∗∗ 0.999 ∗∗∗

(0.0514) (0.0139) (0.00519) (0.0294) 

Peer group fixed effects Yes Yes Yes Yes 

Observations 24,705 24,705 24,705 24,705 

R-squared 0.0032 0.0006 0.0007 0.0001 

Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

Fig. 5. Two potential effects of joining an additional peer group. 

 

 

 

 

exchange in non-peer groups. Unlike the peer groups that are exclusively designed for pregnant users, non-peer groups are 

open to all users (not yet pregnant, pregnant, and mothers of young kids) in this community. These two outcomes are in-

formative about users general activeness. Since the enrollment of non-peer groups is completely unrelated to the EDD, we 

should not observe any correlation between the day of EDD and the enrollment of non-peer groups or the activities in those

groups. Table 2 confirms this in both OLS and Poisson specifications. 

4. Behavioural predictions 

We make behavioural predictions by focusing on two mechanisms: the mechanical substitution and the asymmetric 

information flow driven by time-sensitive information. We illustrate these two mechanisms in Fig. 5 . 

On the one hand, additional groups could increase the information load and switching costs, and decreases attention 

to new information and time to encode information ( Margolis, 2020; O’leary et al., 2011 ). The limited attention literature

(e.g. Kahneman, 1973; Falkinger, 2008 ) emphasises that processing massive amount of information is often beyond human 

beings’ capacity of attention. In our context, users who joined an additional peer group – that doubles the number of peers

and the amount of available information – face a trade-off in allocating their time and attention in exchanging information 

between peer groups. Under the mechanical substitution, the two-peer-groups users simply spread their activities into two 
550 



L. Jiang and Z. Zhu Journal of Economic Behavior and Organization 203 (2022) 543–562 

Table 3 

Behavioural predictions. 

Mechanical substitution Asymmetric information flow 

Info in PG T ↓ New info ( PG T ↑ ) : ( PG T−1 ⇒ PG T ) > (PG T ⇐ PG T+1 ) 

Info in total PGs ≡ Strategic shift ( PG T ↓ ) : ( PG T ⇒ PG T−1 ) > (PG T ⇒ PG T+1 ) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

peer groups without differentiating between peer groups. Consequently, it would cause the reduction in the information 

exchange in either peer group and the reduction should be the same for joining either the earlier group or the latter group. 23 

Under the assumption of a linear production function of information generation, the sum of information exchange in the 

total peer groups would be the same as the one from the single-default-peer group users. 

On the other hand, the social network literature (e.g. Jackson, 2010 ) suggests that exposure to a wider social network

promotes information diffusion and knowledge spillovers. In our setup, the peer groups are created along the timeline and 

the information sets expands with the pregnancy status. 24 By construction, at any given point of time, users in PG T −1 are

on average two months ahead of PG T +1 in the pregnancy status. Let i T,T −1 and j T,T +1 denote two users whose default peer

group is PG T , the former additionally joined PG T −1 while the latter additionally joined PG T +1 , respectively. Given the time

difference, user i T,T −1 is exposed to peers who are more advanced in the pregnancy status and has access to time-sensitive

information in advance comparing to user j T,T +1 . 

This could have two potential consequences. First, user i T,T −1 will have access to something “new” comparing to user 

j T,T +1 . Such “new” information spillover may serve as an activator of the information exchange in the default peer group 

and could partially mitigate the reduction of information exchange due to the mechanical substitution. Second, user i T,T −1 

may have more incentives to shift her activities to PG T −1 , resulting in less information in the default peer group. Such

strategic shift, although with a different motive, would go in the same direction as the mechanical substitution. Therefore, 

we would expect a further reduction in the default peer group for user i T,T −1 . 

Table 3 summarises our behavioural predictions of each mechanism for the two peer-group users. Under the mechanical 

substitution, the information in the default peer group will decrease but remains unchanged in total peer groups for both 

user i T,T −1 and i T,T +1 . The asymmetric information flow would have two potential counteracting spillover effects which are 

different for user i T,T −1 and i T,T +1 : one is receiving something new from the other group as an activator which could boost

the information exchange in the default group (more from P G T −1 to P G T than from P G T +1 to P G T ), and the other is causing a

potential strategic shift to the other group which could further reduce the information exchange in the default group (more 

from P G T to P G T −1 than from P G T to P G T +1 ). 

5. Econometric analysis 

We first show the main results in Section 5.1 using the observations that joined one of the adjacent peer groups. We

show the effect of joining two peer groups on the information exchange in i) the default peer group, and ii) total peer

groups. The baseline compared with is the amount of information exchange generated by the single-default-peer-group 

users. We then extend the analysis to the following: using quality posts only as the outcome in Section 5.2 , investigating

potential mechanism by comparing the previous-month peer group with the next-month peer group in Section 5.3 , breaking 

information exchange into posts and responses in Section 5.4 , and finally generalising to the case of multiple peer groups in

Section 5.5 . 

5.1. Main results 

We estimate the econometric model in Eq. (1) . 29 The outcome variable Y i is the log-transformed information exchange 

generated by user i in her peer group(s) during the entire cycle. The indicator 1 [ Two PGs i ] is one if user i has two peer

groups instead of one default peer group. 25 We also include fixed effects of the default peer group – equivalent to the

month fixed effects – which are captured by the term αpg . 

Y i = β1 1 [ Two PGs i ] + αpg + εi (1) 

Column (1) in Table 4 reports the first stage regressions in a linear probability model. We use | Day of EDD-16 | to predict
̂ Two PGs , as the farther the day of EDD is away from the middle of the month, the more likely that a user joins an additional
23 This is based on the assumption that total time is fixed as in the literature of multiple team memberships. 
24 To give an idea of how the topics in the peer groups evolve during the course of pregnancy, we show the word clouds by trimester in Section B.2 . We 

follow the instruction of text analysis in Ferrario and Stantcheva (2022) . 
29 The results are robust when adding controls for the number of non-peer groups (NPGs) joined by user and the log-transformed information exchange 

generated by user in the non-peer groups (see Table A4). The reduced forms of both models can be found in Table A3. As a further robustness check, we 

also estimate in a Poisson IV model and the results are qualitatively unchanged as shown in Table A5 in the Appendix. 
25 The results are robust when adding controls for the number of non-peer groups (NPGs) joined by user i and the log-transformed information exchange 

generated by user i in the non-peer groups (see Table A4 ). As a further robustness check, we also estimate in a Poisson IV model and the results are 

qualitatively unchanged as shown in Table A5 in the Appendix. 
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Table 4 

Information exchange and two peer groups. 

(1) (2) (3) (4) (5) 

IV 1st stage OLS/ IV 2nd stages 

log(info) in log(info) in log(info) in log(info) in 

Variables Two PGs Default PG Default PG Total PGs Total PGs 

OLS IV OLS IV 

̂ Two PGs 0.232 ∗∗∗ −0.719 ∗∗∗ 0.391 ∗∗∗ −0.410 ∗∗∗

(0.0146) (0.104) (0.0147) (0.102) 

| Day of EDD-16 | 0.0124 ∗∗∗

(0.000554) 

Constant 0.0969 ∗∗∗ 1.474 ∗∗∗ 1.653 ∗∗∗ 1.471 ∗∗∗ 1.621 ∗∗∗

(0.00554) (0.00946) (0.0219) (0.00946) (0.0215) 

Peer group fixed effects Yes Yes Yes Yes Yes 

F -tests of instrument – – 504.19 – 504.19 

Observations 24,705 24,705 24,705 24,705 24,705 

Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(adjacent) peer group. The coefficient of | Day of EDD-16 | is positive and significantly different from zero at 1% level. A one-

day deviation from the middle of the month increases the probability of having two peer groups by 1.24%. 

Columns (2)–(5) in Table 4 show the estimated effects of having two peer groups on users’ information exchange. 

Columns (2) and (3) show the information exchange in their default peer group, and Columns (4) and (5) in total peer

groups (one group if having default PG only; two groups if having an additional PG). We estimate each effect in OLS and

IV regressions, respectively. Having two peer groups is associated with 26% more information in the default peer group and 

48% more information in total peer groups in the OLS specification (Columns (2) and (4)). 26 However, once we instrument

the additional peer group, the coefficients become significantly negative ( p < 0 . 01 ). In the IV specification (Columns (3) and

(5)), having two peer groups leads to about 51% less information in the default peer group and 33% less information in

total peer groups. Note that the null hypothesis of a weak instrument has been rejected with the F -test, which is consistent

with the first stage results in Column (1). The direction of the biases in the OLS estimates for the variable of Two PGs is

upward, which can be explained by that the unobserved activeness of users is positively correlated with both information 

exchange and the tendency of joining an additional peer group. Therefore, after the IV correction, the causal effect of joining

an additional peer group is an decrease in users’ information exchange in the default peer group as well as in the total peer

groups. 

5.2. Quality posts with at least one response 

To explore the quality of information exchange, we look at the number of responses which could be a proxy measure of

post quality. It has a similar flavour of the number of “thumbs up” which unfortunately is not a feature on this platform. We

impose a condition on the posts of having at least one response. With the condition in place, the number of posts decreases

from 51,373 to 42,972 (16.4% reduction) for default PG and decreases from 52,558 to 44,037 (16.2% reduction) for total PGs. 

Notice that 13.8% of the users have zero posts in their default PG (or 13.6% of the users if all the three peer groups are

considered). 

While all the coefficients in Table 5 have smaller magnitude, they remain qualitatively robust compared to the results 

using all the information exchange in the baseline results in Table 4 . 

5.3. Previous-month vs. next-month peer group 

Subsequently, we look at potential heterogeneous effects of having the previous-month peer group, PG T −1 , versus the 

next-month peer group, PG T +1 , as the additional peer group. 

We estimate the econometric model in Eq. (2) . The outcome variable Y i is the log-transformed information exchange 

generated by user i in her peer group(s) during the entire cycle. In this equation, we have two endogenous variables:

joining the PG T −1 and joining the PG T +1 additionally. Thus, we use f 1 (EDD ) = EDD and f 2 (EDD ) = EDD 

2 as the instru-

ments for the PG T −1 enrollment and PG T +1 enrollment, respectively. We also use an alternative functional form of the EDD 

as the instruments: g 1 (EDD ) = | EDD − 16 | , if EDD ≤ 16 ; g 1 (EDD ) = 0 , if EDD > 16 ; and g 2 (EDD ) = 0 , if EDD ≤ 16 ; g 2 (EDD ) =
| EDD − 16 | , if EDD > 16 . 27 As in the baseline analysis in Section 5.1 , the baseline compared with is the information exchange

generated by the single-default-peer-group users. 

Y i = κ1 1 [ PG T −1 ,i ] + κ2 1 [ PG T +1 ,i ] + αpg + μi (2) 
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Table 5 

Information exchange: quality posts with at least one response. 

(1) (2) (3) (4) (5) 

IV 1st stage OLS/ IV 2nd stages 

log(posts) in log(posts) in log(posts) in log(posts) in 

Variables Two PGs Default PG Default PG Total PGs Total PGs 

OLS IV OLS IV 

̂ Two PGs 0.112 ∗∗∗ −0.197 ∗∗∗ 0.183 ∗∗∗ −0.0210 

(0.00926) (0.0625) (0.00956) (0.0625) 

| Day of EDD-16 | 0.0124 ∗∗∗

(0.000554) 

Constant 0.0969 ∗∗∗ 0.837 ∗∗∗ 0.895 ∗∗∗ 0.840 ∗∗∗ 0.878 ∗∗∗

(0.00554) (0.00611) (0.0132) (0.00613) (0.0131) 

Peer group fixed effects Yes Yes Yes Yes Yes 

F -tests of instrument – – 504.19 – 504.19 

Observations 24,705 24,705 24,705 24,705 24,705 

Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

Table 6 

Heterogeneous peer groups and information exchange. 

Variables (1) (2a) (2b) (3) (4a) (4b) 

log(info) in Default Default Default Total Total Total 

OLS IV 1 IV 2 OLS IV 1 IV 2 

PG T−1 ( κ1 ) 0.311 ∗∗∗ −0.558 ∗∗∗ −0.560 ∗∗∗ 0.478 ∗∗∗ −0.236 ∗∗ −0.254 ∗∗

(0.0183) (0.0990) (0.103) (0.0180) (0.0973) (0.102) 

PG T+1 ( κ2 ) 0.0902 ∗∗∗ −1.027 ∗∗∗ −1.030 ∗∗∗ 0.232 ∗∗∗ −0.695 ∗∗∗ −0.718 ∗∗∗

(0.0214) (0.126) (0.132) (0.0222) (0.124) (0.130) 

Constant 1.472 ∗∗∗ 1.648 ∗∗∗ 1.649 ∗∗∗ 1.468 ∗∗∗ 1.613 ∗∗∗ 1.617 ∗∗∗

(0.00946) (0.0209) (0.0217) (0.00945) (0.0204) (0.0213) 

Peer group FE Yes Yes Yes Yes Yes Yes 

Observations 24,705 24,705 24,705 24,705 24,705 24,705 

R-squared 0.014 0.724 0.724 0.034 0.746 0.745 

F -tests of instrument – 254.52 252.17 – 254.52 252.17 

χ2 Test κ1 = κ2 – p < 0 . 001 p < 0 . 001 – p < 0 . 001 p < 0 . 001 

Notes: Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

IV 1 : We use f 1 (EDD ) = EDD and f 2 (EDD ) = EDD 2 for PG T−1 and PG T+1 , respectively. 

IV 2 : We use g 1 (EDD ) = | EDD − 16 | , if EDD ≤ 16 ; g 1 (EDD ) = 0 , if EDD > 16 ; and g 2 (EDD ) = 0 , if EDD ≤
16 ; g 2 (EDD ) = | EDD − 16 | , if EDD > 16 for PG T−1 and PG T+1 , respectively. 

 

 

 

 

 

 

 

 

 

 

 

Table 6 shows the results. In the OLS specifications, joining either PG T −1 or PG T +1 is positively correlated with the infor-

mation exchange in users’ default peer group (Columns (1)) as well as in total peer groups (Columns (3)). The two different

functional forms of instruments are both strong and deliver very similar IV estimates in Columns (2a/2b) and (4a/4b). After 

the IV correction, having PG T −1 leads to 43% less information ( p < 0 . 01 ) and having PG T +1 leads to almost 64% less informa-

tion ( p < 0 . 01 ) in the default peer group. These results are consistent with the main results in Table 4 where we pooled the

PG T −1 and PG T +1 together. Moreover, the reduction is significantly smaller when users additionally joining PG T −1 than in 

PG T +1 ( χ2 Test κ1 = κ2 , p < 0 . 001 ). When we aggregate all the information exchange of the two-peer-group users in both

peer groups they joined, having PG T −1 leads to almost 20% less information ( p < 0 . 05 ) and having PG T +1 leads to almost

50% less information ( p < 0 . 01 ) in total. Again, the reduction is significantly smaller when users additionally joining PG T −1 

than in PG T +1 ( χ2 Test κ1 = κ2 , p < 0 . 001 ). 

While we cannot say much about the existence of the strategic shift as we only observe the net effect of these two

counteracting effects due to the asymmetric information flow, our results support the prediction of receiving new informa- 

tion from the more advanced to the less advanced peer groups. Despite that joining an additional peer group leads to an

reduction in both default and total peer groups, having access to a more advanced peer group (comparing to a less advanced

one) mitigates the reduction. 

5.4. Breaking information into posts and responses 

Next, we break the information exchange into posts and responses. The main motivation of looking at the posts and 

responses separately is the first intuition that users might be more likely to ask questions in the posts and answer questions

in the responses. To verify this intuition, we compute the share of posts that contain any question indicators. The details of
26 Since the dependent variable is log-transformed, the estimated effects = (e β − 1) × 100% . 
27 We thank Bo Honore for suggesting the alternative instruments. The first stages of both sets of instruments can be found in Table A6 in the Appendix. 
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Table 7 

Separating posts and responses: IV regressions. 

Panel A: Two peer groups 

(1) (2) (3) (4) 

Variables Posts in default PG Posts in total PG Responses in default PGs Responses in total PGs 

Two PGs −0.144 ∗∗∗ 0.0302 −0.987 ∗∗∗ −0.668 ∗∗∗

(0.0528) (0.0531) (0.130) (0.128) 

Constant 1.031 ∗∗∗ 1.014 ∗∗∗ 1.121 ∗∗∗ 1.086 ∗∗∗

(0.0112) (0.0112) (0.0274) (0.0270) 

Peer group fixed effects Yes Yes Yes Yes 

F -tests of instrument 504.19 504.19 504.19 504.19 

Observations 24,705 24,705 24,705 24,705 

Panel B: PG T−1 vs. PG T+1 

Variables Posts in default PG Posts in total PG Responses in default PGs Responses in total PGs 

PG T−1 −0.112 ∗∗ 0.0748 −0.770 ∗∗∗ −0.445 ∗∗∗

(0.0507) (0.0511) (0.124) (0.122) 

PG T+1 −0.255 ∗∗∗ −0.0794 −1.375 ∗∗∗ −1.014 ∗∗∗

(0.0631) (0.0636) (0.158) (0.156) 

Constant 1.033 ∗∗∗ 1.014 ∗∗∗ 1.113 ∗∗∗ 1.075 ∗∗∗

(0.0107) (0.0107) (0.0261) (0.0256) 

Peer group fixed effects Yes Yes Yes Yes 

F -tests of instrument 254.52 254.52 254.52 254.52 

Observations 24,705 24,705 24,705 24,705 

Notes: In Panel A, we use | EDD-16 | as the instrument for two PGs; In Panel B, we use EDD and EDD 2 as the instruments for 

PG T−1 and PG T+1 , respectively. 

Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

Table 8 

Information exchange and multiple peer groups (#PGs ≥ 2 ). 

(1) (2) (3) (4) (5) 

IV 1st stage OLS/ IV 2nd stages 

log(info) in log(info) in log(info) in log(info) in 

Variables Multiple PGs Default PG Default PG Total PGs Total PGs 

OLS IV OLS IV 

̂ Multiple PGs ( ≥ 2 ) 0.228 ∗∗∗ −0.916 ∗∗∗ 0.309 ∗∗∗ −0.384 ∗∗∗

(0.00910) (0.135) (0.00918) (0.124) 

| Day of EDD-16 | 0.00896 ∗∗∗

(0.000570) 

Constant 0.408 ∗∗∗ 1.522 ∗∗∗ 2.064 ∗∗∗ 1.519 ∗∗∗ 1.847 ∗∗∗

(0.00608) (0.00887) (0.0649) (0.00890) (0.0593) 

Peer group fixed effects Yes Yes Yes Yes Yes 

F -tests of instrument – – 246.73 – 246.73 

Observations 38,919 38,919 38,919 38,919 38,919 

Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

 

 

 

 

 

 

 

 

 

 

 

the computation can be found in Section B.1 . Among all the posts in our sample, 42.8% contain at least one of the question

indicators, which suggests that users do not necessarily ask questions in their posts. 

Despite the fact above, it would be interesting to run the same analysis using the number of the posts and the number

of responses as two different outcome variables. The results are shown in Table 7 . The coefficients of two PGs in Panel

A are consistent with the ones of pooling the posts and responses in Table 4 . If we nevertheless assume that posts equal

to asking questions and responses equal to answering questions, we would expect that users who additionally join P G T −1 

would respond more and ask less in their default group P G than those who additionally join P G T +1 . The results in Panel B

in Table 7 , however, do not confirm this prediction which again casts doubt on the assumption that posts and responses

have distinct patterns of asking and answering questions. 

5.5. The case of multiple peer groups 

Finally, we generalise the analysis from two peer groups to multiple peer groups. We relax the restriction on the number

as well as the “distance” of additional peer groups from the default peer group. We include users that either have the default

peer group only (control) or additionally join any peer group(s) (treated), which yields 38,919 observations. 

Column (1) in Table 8 reports the first stage regressions in a linear probability model. The variable | Day of EDD-16 | is still

a good predictor for ̂ Multiple PGs ( p < 0 . 01 ). Columns (2)–(5) in Table 8 show the estimated effects of having multiple peer

groups on users’ information exchange in their default peer group and in total peer groups, respectively. Similar to the case
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of exactly two peer groups, having multiple peer groups is associated with 26% more information in the default peer group

and 36% more information in total peer groups in the OLS specification (Columns (2) and (4)). However, once we instrument

the multiple peer groups, the coefficients become significantly negative ( p < 0 . 01 ). In the IV specification (Columns (3) and

(5)), having multiple peer groups leads to about 60% less information in the default peer group and 32% less information in

total peer groups. The F -test confirms that the instrument is still very strong in the case of multiple peer groups. 

In both cases —having one additional adjacent peer group and having any additional peer group(s)— we find a reduction 

in the information exchange in user’s default peer group. This is in line with our prediction for the substitution effect

between the additional peer group(s) and the default peer group. However, when we aggregate all the information exchange 

of the two/multiple-peer-group users in total peer groups they joined, it is still lower than from the single-default-peer- 

group users. If we assume a linear production function of information exchange, the overall reduction suggests that there 

could be further “detrimental” effects besides the substitution effect. One possible explanation is that having additional 

peer groups weakens the group identity of any group, which can trigger more “lurking” behaviour and reduce contribution 

in each peer group. 28 

6. Conclusion 

In this paper we combine a setup of quasi-randomly assigned groups with an instrumental variable approach to inves- 

tigate the causal effects of having multiple peer groups (vs a single default peer group) on the information exchange in an

online community. Our results show that individuals who have multiple peer groups generate less information exchange not 

only in their default peer group but also in all peer groups they joined than those who have only one default peer group.

Furthermore, the reduction in the information exchange in the default peer group is smaller when the additional peer group 

is more advanced than the default peer group. 

We interpret the overall reduction in the default peer group as substituting information between peer groups. The het- 

erogeneous effects from the additional peer group — previous-month vs next month — suggest that the users joining the 

earlier group benefit from receiving new information due to the asymmetric information flow from the more advanced to 

the less advanced peer groups. Moreover, given that the total information exchange of the two/multiple-peer-group users’ is 

less than of the single-default-peer-group users, there can be other effects besides the substitution and spillover effects. For 

instance, having multiple peer groups may weaken the group identity of the default peer group as well as the additional

peer groups. This could alter individual preference and behaviour in their groups ( Charness and Chen, 2020 ), a demonstra-

tion of which could be increased lurking behaviour. 

Our results suggest that organisations and communities with similar features be cautious when designing the group- 

based structure. Allowing individuals to join multiple peer groups may dampen their total engagement and lower the 

amount of information exchange, which is in opposition to the original intention of the community. This can also go beyond

our context, especially in the domain of social media. Today, our online social media status is defined by numbers: num-

ber of “friends”, “followers”, “likes”, and “subscribers”. Users are often encouraged to create multiple social media accounts, 

make more friends and links, attract more followers etc. Moreover, new online platforms are emerging and expanding their 

user pools, users are increasingly facing the decision of joining additional platforms. The face value of the costs of doing so

is extremely low if not for free. However, as the numbers of groups and links rocket, to process all the information is clearly

beyond our capacities, as Simon (1957) pointed out:“A world in which the scarce factor is information may be exactly the

wrong one for a world in which the scarce factor is attention.”

Finally, this paper sets out a research agenda to further evaluate group-based structure and in particular, examine mul- 

tiple group membership as a determinant of information exchange, social interaction, as well as other productivity and 

performance measures in online settings. Not only traditional social events and activities but also workplace have been 

increasingly transformed into digital versions. There are certainly differences between online and offline networks for mul- 

tiple group membership to operate. Whereas both virtual and real communities could function as platforms for information 

exchange and social interaction, they differ in important ways. For example, online social communities enable people to 

overcome physical and time constraints embedded within their offline counterparts. Moreover, the option of maintaining 

anonymity in online settings provides users more convenience when discussing sensitive and controversial topics. The on- 

line peer groups studied here is just one of the examples and further qualitative text analysis could complement the results

of our quantitative analysis. Moreover, while the current study stands more in the shoe of the online community that mainly

seeks high volume of information flow, future studies could also take the perspective from the user side and investigate how

multiple group membership may affect individual well-being. 
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goods games ( Charness et al., 2014 ). 
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Appendix A. Appendix 

A1. Additional descriptive statistics 

Fig. A1. Word frequency in the information exchange. 

Notes: This figure shows the most frequently mentioned words in the three core peer groups (March, April, and May 2018). It is based on 68,079 anonymous

posts with at least one responses. 

Table A1 

Descriptive statistics of each peer group. 

Variables March 2018 April 2018 May 2018 

Day of estimated due date (EDD) (1st–30th/31st) 15.18 15.00 15.09 

8.721 8.414 8.729 

Number of posts per user in default peer group 2.045 2.097 2.106 

(1.953) (1.980) (2.055) 

Number of responses per user in default peer group 3.598 3.779 3.677 

(7.017) (7.217) (7.371) 

Fraction of two PGs 15.30% 18.71% 17.03% 

Observations 9638 7940 7127 

Notes: This table shows the descriptive statistics in each of the three core peer groups (March, April, 

and May 2018) separately. 

Fig. A2. Number of users by the day of EDD. 

Notes: The figure shows the number of users on each day of the month in the three core peer groups (March, April, and May 2018). The numbers are

approximately equally spread over the month despite a slight downward trend towards the end of the month and that one of our peer groups (the month

of April) does not have 31 days. There is also a spike on the 8th which is perceived as a lucky number in China and might be related to planned cesarean

cut. We perform the same empirical analysis excluding users whose EDD is on the 8th of the month, the results remain robust. 
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Table A2 

Counting and characterising compliers. 

(1) (2) (3) (4) (5) 

P[ D = 1] P[ D 1 > D 0 ] P[ z = 1] P[ D 1 > D 0 | D = 1] P[ D 1 > D 0 | D = 0] 

0.169 0.096 0.454 0.256 0.063 

Always-takers when treated Never-takers when not treated Compliers when treated Compliers when untreated 

Information exchange in Default PG 

Variables 

Posts 2.421 1.967 2.292 2.069 

(2.266) (1.865) (2.153) (1.997) 

Responses 5.709 3.059 4.425 3.689 

(8.984) (6.515) (7.548) (7.220) 

Total info 8.131 5.026 6.717 5.758 

(10.215) (7.457) (8.687) (8.196) 

Information exchange in Total PG 

Variables 

Posts 2.575 1.967 2.664 2.069 

(2.361) (1.865) (2.431) (1.997) 

Responses 6.410 3.059 5.674 3.689 

(9.522) (6.515) (8.798) (7.220) 

Total info 8.985 5.026 8.338 5.758 

(10.750) (7.457) (10.058) (8.196) 

Notes: Average outcomes of always-takers when treated, never-takers when not treated, compliers when treated, and compliers when un- 

treated. Notice that in Columns (3) and (5), since these users only have one PG, the information exchange in Total PG is equal to the one in 

the default PG. 
A2. Reduced forms and robustness checks 

Table A3 

Reduced forms: two peer groups and information exchange. 

(1) (2) (3) (4) 

Variables log(info) in log(info) in log(info) in log(info) 

Default PG Total PGs Default PG Total PGs 

| Day of EDD-16 | −0.00894 ∗∗∗ −0.00510 ∗∗∗ −0.00837 ∗∗∗ −0.00451 ∗∗∗

(0.00118) (0.00121) (0.00109) (0.00111) 

Number of non-PGs −0.00218 −0.00179 

(0.00151) (0.00153) 

log(info) in non-PGs 0.343 ∗∗∗ 0.352 ∗∗∗

(0.00570) (0.00575) 

Constant 1.583 ∗∗∗ 1.581 ∗∗∗ 1.327 ∗∗∗ 1.314 ∗∗∗

(0.0127) (0.0128) (0.0189) (0.0191) 

Peer group fixed effects Yes Yes Yes Yes 

Observations 24,705 24,705 24,705 24,705 

R-squared 0.003 0.001 0.143 0.146 

Notes: The reduced forms in Columns (1) and (2) are for the specifications in Table 4 ; The 

reduced forms in Columns (3) and (4) are for the specifications in Table A4 . 

Robust standard errors in parentheses. ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 
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Table A4 

Two peer groups and information exchange with NPG controls. 

(1) (2) (3) (4) (5) 

IV 1st stage OLS/ IV 2nd stages 

log(info) in log(info) in log(info) in log(info) in 

Variables Two PGs Default PG Default PG Total PGs Total PGs 

OLS IV OLS IV 

̂ Two PGs 0.175 ∗∗∗ −0.671 ∗∗∗ 0.333 ∗∗∗ −0.361 ∗∗∗

(0.0138) (0.0949) (0.0137) (0.0931) 

| Day of EDD-16 | 0.0125 ∗∗∗

(0.000551) 

Number of non-PGs 0.00522 ∗∗∗ −0.00312 ∗∗ 0.00131 −0.00354 ∗∗ 9.88e −05 

(0.000716) (0.00151) (0.00170) (0.00151) (0.00166) 

log(info) in non-PGs 0.0270 ∗∗∗ 0.339 ∗∗∗ 0.361 ∗∗∗ 0.344 ∗∗∗ 0.362 ∗∗∗

(0.0272) (0.00571) (0.00662) (0.00570) (0.00646) 

Constant 0.0233 ∗∗∗ 1.246 ∗∗∗ 1.343 ∗∗∗ 1.243 ∗∗∗ 1.322 ∗∗∗

(0.00871) (0.0170) (0.0214) (0.0170) (0.0209) 

Peer group fixed effects Yes Yes Yes Yes Yes 

F -tests of instrument – – 512.85 – 512.85 

Observations 24,705 24,705 24,705 24,705 24,705 

Robust standard errors in parentheses ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

Table A5 

Two peer groups and information exchange in a Poisson IV model. 

(1) (2) (3) (4) 

Variables Information in Default PG Information in Total PGs Information in Default PG Information in Total PGs 

Two PGs −3.187 −0.862 ∗∗∗ −2.513 ∗ −0.805 ∗∗∗

(2.954) (0.328) (1.432) (0.293) 

Number of non-PGs 0.00917 ∗∗∗ 0.00722 ∗∗

(0.00312) (0.00300) 

Information in non-PGs 0.0404 ∗∗∗ 0.0403 ∗∗∗

(0.00144) (0.00135) 

Constant 1.969 ∗∗∗ 1.920 ∗∗∗ 1.735 ∗∗∗ 1.707 ∗∗∗

(0.0322) (0.0329) (0.0383) (0.0377) 

Peer group fixed effects Yes Yes Yes Yes 

Observations 24,705 24,705 24,705 24,705 

Robust standard errors in parentheses ∗∗∗ p < 0 . 01 , ∗∗ p < 0 . 05 , ∗ p < 0 . 1 . 

Table A6 

First stages of the heterogeneity analysis. 

(1) (2) (3) (4) 

First set of IV ( f 1 , f 2 ) Second set of IV ( g 1 , g 2 ) 

Variables Additional PG Additional PG Additional PG Additional PG 

PG T−1 PG T+1 PG T−1 PG T+1 

f 1 −0.0206 ∗∗∗ −0.00665 ∗∗∗

(0.00103) (0.000659) 

f 2 0.000411 ∗∗∗ 0.000413 ∗∗∗

(2.90e −05) (2.49e −05) 

g 1 0.0143 ∗∗∗ 0.000131 

(0.000610) (0.000282) 

g 2 −0.00200 ∗∗∗ 0.0119 ∗∗∗

(0.000378) (0.000495) 

Constant 0.321 ∗∗∗ 0.0323 ∗∗∗ 0.0884 ∗∗∗ 0.0111 ∗∗∗

(0.00881) (0.00378) (0.00466) (0.00327) 

Peer group FE Yes Yes Yes Yes 

Observations 24,705 24,705 24,705 24,705 

Notes: The first set of instruments is f 1 (EDD ) = EDD and f 2 (EDD ) = EDD 2 for 

P G T−1 and P G T+1 , respectively. The second set of instruments is g 1 (EDD ) = 

| EDD − 16 | , if EDD ≤ 16 ; g 1 (EDD ) = 0 , if EDD > 16 ; and g 2 (EDD ) = 0 , if EDD ≤
16 ; g 2 (EDD ) = | EDD − 16 | , if EDD > 16 . 
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Appendix B. Miscellaneous 

B1. Counting posts containing question indicators 

In our baseline empirical analysis, we consider both posts and responses as information exchange and pool them to- 

gether as the outcome variable. However, our first intuition is that a post mostly likely raises questions and a response

delivers answers. To verify whether this is the case, we compute the share of posts that contain any question indicators

including interrogative pronouns, modal particles, help and request, and question marks. The list of question indicators is 

Among all the posts in our sample, 42.8% contain at least one of the question indicators, which confirms that users do

not necessarily ask questions in their posts and justifies pooling both posts and responses as information exchange in the 

main empirical analysis. 
Fig. B1. World cloud by trimester. 
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B2. Topic analysis by trimester 

To explore whether there are any variations in the pattern of information exchange along the course of pregnancy, we 

split the entire pregnancy by three periods, namely, the three trimesters. The first/second/third trimester is 0–13 weeks/14–

26 weeks/27–40 weeks. Each of the trimester is marked by specific fetal developments and experiences different symptoms. 

We generate the word clouds by trimester in the original language in Fig. B.1 . To give an idea how the main topics change

over time, we circled the most frequent nouns in each trimester. In Trimester 1, the circled words are: pregnancy, last

menstrual period (LMP), progesterone, fetal heart, menstruation, fetus, B-mode ultrasound; In Trimester 2, the circled words 

are: pregnancy, baby, four dimensional ultrasound, fetal movement, Down’s screening; In Trimester 3, the circled words are: 

baby, estimated due date, belly, gender, mother(s), birth. 

Fig. B2. A screenshot of a post with sharing content. 

Notes: A screenshot of a post sharing her experience at week 7. This user was in the peer group April 2018, she shared her B-mode ultrasound results and

what the doctor told her during the visit. We added the translation next by to the original language. Notice that the name of the user on the document

has been removed by the user herself. 

B3. Examples of posts and user interface 

We show examples of two different types of post and their responses in Figs. B.2 and B.3 below. The first type of post

is sharing experience without asking specific questions; and the responses of such posts may consist of follow up questions 

or simply show appreciation. The second type of post is raising a question (here about frequent urination); and the re-

sponses of such posts can consist of answers or follow up questions. There can be (and often is the case) multiple responses

to the same post, some containing more substantial information than others, which of course depends on the types of 

post. 
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Fig. B3. A screenshot of a post with a clear question. 

Notes: A screenshot of a post with a clear question in week 12. This user was in the peer group April 2018, she asked a question about frequent and urgent 

urination. We added the translation next by to the original language. 

Fig. B4. A screenshot of a user’s interface with two peer groups. 

Notes: This user has joined two peer groups. In her interface, she sees the two peer groups with notifications of new posts, and other general groups that 

she has joined. 
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