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The Effect of “Following” on Contributions to Open Source

Communities

ABSTRACT
In this study, we estimate the effect of “online following,” a basic form of online social interaction,
on members’ contributions in open source software (OSS) communities, using a unique longitudinal
data set containing information on over 4 million OSS developers and their social interactions over 7
years. We find that obtaining new followers in the previous month has a significant positive effect on
developers’ level of contribution in the current month. The effect carries over to the next month
although the marginal effect decreases. We further find that the effect of new followers on their
contribution level is much stronger for freelancers than those with company affiliation. In contrast to
the previous literature that posited the existence of non-monetary incentives for developers who
contribute to the OSS communities, our result suggests the existence of incentives that are tied to
future monetary rewards for developers on these platforms. Our findings have important implications
for the OSS platforms as well as the OSS community. OSS platform designers may consult our
results to learn about the social features that affect members’ contribution. We also encourage OSS
community to use the “following” feature more prominently on OSS platforms to incentivize higher
contribution levels to the projects.
Keywords: Open Source Software, Open Source Communities, Online Communities,

Social Interaction, Online Following



The Effect of “Following” on Contributions to Open Source

Communities

Introduction

Over the last decade, multiple studies have tried to answer one of the most fundamental questions in
open source software (OSS) development formulated by Lerner and Tirole [33]: “Why would
thousands of top-notch software developers contribute for free to the creation of a public good?” The
extant research has identified three categories of motivations for developers to contribute to OSS
projects: a) intrinsic motivations, such as a sense of enjoyment or accomplishment in the
performance of the task, which are linked to the satisfaction of human needs for autonomy and
competence; b) extrinsic motivations, such as reputation, status, and monetary rewards as a result of
the outcome of the task, which relate to incentives and reward contingencies; and c¢) internalized
extrinsic motivations, such as contributing to solve a problem of personal use benefit, which are

somewhere in between two extremes of internal and external motivations.

Several theoretical studies, rooted in behavioral science and social psychology, have suggested that
social factors such as reputation, image, and identification/recognition have a substantial effect on
developers’ contribution to OSS communities [37, 39]. However, very few large-scale empirical
studies have been conducted to verify or quantify the effect of these factors on contribution.
Moreover, the results of these studies are mixed. For example, Grewal et al.’s [24] results suggest a
significant relationship between developers’ network centrality and their contribution in their
constructed network. However, the more recent study of Singh [46] does not find any significant

effect confirming the previous results.



This study employs a unique longitudinal data set containing information of over 4 million OSS
developers and their social interactions across 7 years on the popular OSS platform GitHub
(www.github.com). We empirically investigate the effect of online social interaction on OSS
developers’ contribution levels. Our empirical result shows that receiving more followers has a
positive effect on the developers’ contribution level. Specifically, receiving one more follower in the
previous month increases the developers’ contribution level by 43.55% on average in the current
month, according to our fixed effect panel data model. The effect even carries over to the next month
although the marginal effect decreases. The behavior of following other developers, however, does
not seem to have any effect on the contribution level of the follower according to our panel data
model. In order to account for the reverse effect of people’s contribution level to the number of
followers they obtain, we apply a panel vector autoregression (VAR) model to study the dynamic
relationship between online following and the motivation of the members to contribute. Despite a
large stream of literature examining the effect of social interactions, few studies have addressed this
dynamic relationship. Our result of the panel VAR model confirms the findings in previous panel
data models that obtaining more followers stimulates developers to contribute more on the platform
after controlling for the reverse effect of receiving followers due to their contribution levels. We
employ a negative binomial model as a robustness check of the over-dispersion issue in the data set.

The regression result from the negative binomial model confirms the findings in previous models.

We then try to explore other potential mechanisms that might motivate people to contribute, for
example, the popular phenomenon of “likes” on social networks. People might be motivated to
contribute because they observe that other people like their projects.! It is also possible that there are

people who have developed some popular applications before and therefore receive many issue

1 We thank an anonymous reviewer for suggesting this idea.
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reports from other users. They might consider this as a kind of social obligation to resolve those
issues, and hence end up contributing more. We identified two variables that could capture these
characteristics of users. The variable Stars keeps track of how many “likes” a developer receives for
her projects on the platform. Another variable is Issues, which keeps track of how many issue reports
a developer receives from other developers for all her projects on the platform. We find that the
number of Stars does have positive and significant effect on people’s levels of contribution. The
effect is however much weaker compared to that of the number of new followers. This suggests that
simply being “liked” by other users might not provide enough incentive for people to make more
contributions on the platform. This makes sense since people may like many users and many projects
on the GitHub platform, but they choose to follow some users only when they like them to some
extent. The number of Issues also has positive and significant effect on people’s level of
contribution. This suggests that besides the motivation of obtaining social recognition from their
peers’ following behavior, social obligation of responding to the issue reports raised by other users
also positively affects people’s contribution levels on the platform.

We also find that the effect of receiving new followers on one’s contribution level is stronger for
freelancers than those with company affiliation. Since companies are increasingly relying on open
collaboration communities such as GitHub to recruit tech talent, one’s contribution level and one’s
number of followers on the platform is a signal of one’s programming and problem-solving abilities,
which are the characteristics that hiring managers and recruiters are looking for.2 We believe that
there are career-related incentives besides the non-monetary incentives that previous literature has
identified behind people’s willingness to contribute freely on open collaboration platforms. These

career-related incentives refer to potential job opportunities with monetary rewards in the future, for

2 See http://www.cnet.com/news/forget-linkedin-companies-turn-to-github-to-find-tech-talent/, and

http://www.socialtalent.co/blog/how-to-use-github-to-find-super-talented-developers (last accessed: March 8, 2018).
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people making free contributions to platforms like GitHub. Our empirical results are consistent with
the theoretical conclusions of Lerner and Tirole [33]. These findings have implications for
researchers and provide guidelines for contributors in open collaboration communities.
Literature Review and Theoretical Background

Our study draws upon three streams of research, which range from the broader context of social
behavior in general to the specific context of contribution to OSS communities: 1) image motivation
and prosocial behavior, 2) social factors and contribution in online communities, and 3) social factors
and contribution in OSS communities. The following sections explore each of these streams in

relation to our study.

Image Motivation and Prosocial Behavior

Image or a person’s desire for social approval plays an important role in how people behave in public
settings. For example, since prosocial behavior signals a positive image, people are more likely to act
prosaically in the public sphere (Ariely, et al. [8]). Several experimental studies, including Andreoni
and Petrie [3], Dana et al [17], and Soetevent [47], have established that image is an important part
of the motivation in prosocial behavior, both in controlled lab settings and in field experiments.
These classical economic studies have largely been conducted in offline settings. However, more
recent studies have suggested that the image effect might also hold true in online settings where
people’s actions are publicly observable through various online mechanisms. While the nature of
both social approval and prosocial behavior differ in such settings, the image motivation of actors
arguably creates similar behavioral incentives. For example, in online social media platforms, social
approval might be expressed through the act of “following” and the most common prosocial behavior
within online contexts is contributing to the platform by posting new content. One of the recent

studies that empirically investigate such effects in online settings is by Toubia and Stephen [50]. The
5



authors conducted an interesting field experiment on Twitter to examine the effect of social or
image-related factors on members’ contribution or posting (“tweeting”’) content on the platform.
They created 100 fake Twitter accounts and gradually added followers to a group of real members
over a 50-day period. They observed that although the level of activity was increased in the treated

group, the effect was not statistically significant.

While the broader context of our study is the relation between people’s social image and their
prosocial behavior, we specifically focus our attention to online settings. Following previous studies,
we consider the acts of following and liking (“starring”) in online settings as proxies for social
interactions enhancing a recipient’s social image; similarly, a user’s contribution is considered a
proxy for prosocial behavior in online settings. In the following section, we briefly review recent
studies on the effect of social interactions in online communities on users’ contributions, in different
online (electronic) communities such as organizational electronic communities [31, 51],
online/virtual communities [37, 55, 56], user generated content [12, 23, 48, 50], and collaborative

content communities such as open content [39]. Figure 1 summarizes these online communities.

[Please Insert Figure 1 Here.]

Social Factors and Contribution in Online Communities

Intra-organizational and inter-organizational electronic communities have been of particular interest
to organizations as a means of communication, knowledge sharing, and knowledge acquisition for
employees. Electronic (online) networks of practice is an example of such inter-organizational
communities that provide a forum where people with a shared interest voluntarily exchange ideas
and solutions to common problems. Similarly, electronic knowledge repositories (EKR) provide

internal stores for knowledge sharing, project reviews, case studies, lessons learned, and best



practices among the organization’s employees. Several empirical studies have been conducted to
examine potential factors, including social factors, affecting members’ contributions to these
platforms. For example, Wasko and Faraj [51, 52] conducted multiple surveys on computer
professional and legal professional online networks of practice to answer why individuals help
strangers in these electronic networks. The surveys’ results suggest that people contribute to online
networks of practice more often and with a higher quality when they perceive that it enhances their
professional reputations and standing or status. Similarly, Kankanhalli et al. [31] surveyed 150
knowledge management executives, covering seven industries, to find important factors affecting
knowledge contribution to organizational knowledge repositories. Their findings, in contrast to
Wasko and Faraj’s [51, 52] results, suggest that reputation is not a significant indicator of

contribution to the knowledge repositories.

Aside from their importance to organizations, user-generated contents are fundamental to online and
virtual communities in the context of social communities. As online communities are becoming
ubiquitous and increasingly relevant to business, it is important for both ecommerce managers and
MIS scholars to understand members’ motivation to contribute to online communities ([11], [32],
and [58]). Several recent studies identify the motivations to share and contribute within online
communities. For example, Zhang and Zhu [55] investigate the causal relationship between group
size and incentives to contribute to the Chinese-language Wikipedia through an exogenous reduction
in group size as a result of the blocking of the website by the Chinese government. They found that
contribution level of contributors who are not blocked shrinks by 42.8% on average, the cause of
which has been attributed to loss of social benefits because of the blocking. In another study, Zhang
and Wang [56] find that the contribution level and the effort of Wikipedia editors are influenced by

their position in the collaboration network as well. Qiu et al. [41] examine how learning and network



effects drive the diffusion of online videos on YouTube. They found that both mechanisms have
statistically and economically significant effects on video views. Susarla et al. [48] consider the role
of word-of-mouth (WOM) communications structured through a network and examine how cascades

of WOM interactions enhance the popularity of videos on YouTube.

Ma and Agarwal [37] surveyed 650 members of two different online communities (an emotional
support community and a sport-car-owners community) to find factors influencing and facilitating
knowledge sharing. Similarly, Chiu et al. [15] surveyed 310 members of a virtual community of
computer experts to identify the motivation underlying individuals’ contribution to such
communities. All these studies support the hypothesis that social factors such as reputation

significantly and positively affect quantity of knowledge sharing.

Online communities are not always focused on sharing technical knowledge and expertise or
providing emotional support. Online product review communities are becoming increasingly popular
and social. Such websites create value by presenting an aggregated opinion of consumers on the
products they review. Gathering a higher number of reviews is therefore of great interest to such
platforms. Many websites encourage social interactions among users in order to solicit more reviews.
Goes et al. [23] empirically study the contributions and social interactions of 92,094 members of a
product review website. They observe that receiving more incoming ties increases the number of
product review articles that a user posts but with a decreasing rate. Similarly, Chen et al.’s [13]
natural field experiment involving 398 members on a movie review website shows that revealing
social information such as social comparison leads to 530 percent increase in the number of monthly
movie ratings in a group of users with a low level of activity. Interestingly, they observe a 62 percent

decrease in monthly rating for a group of users with a high level of activity, at the same time.



Social Factors and Contribution in OSS Communities

The focus of this study is on OSS communities, a type of collaborative content communities where
digital content is created by a group of individuals working together. In our classification of
electronic communities, we place OSS communities next to open content communities (see Figure
1). Open contents are defined as creative work that others can copy or modify [53]. The contents in
both types of communities are created by voluntarily collaboration of knowledgeable/skilled
individuals and the changes are managed by version control systems. Several empirical studies (refer
to Okoli and Oh [39]) have demonstrated how social ties have a significant effect on users’
contribution to Wikipedia. However, few large-scale empirical studies have studied the effect of
social factors on contribution in OSS communities. Moreover, the results of these studies are mixed.
For example, Grewal et al. [24] find a significant relationship between developers’ network
centrality and their contribution while Singh [46] does not find any significant effect. We believe that
the lack of an empirical agreement in such studies arises for two reasons. First, the social factor
measures in such studies are usually approximated by other measures. For example, in the two afore-
mentioned studies, two developers are assumed to be socially connected if they both have
contributed to the same project at any point in time. Although in the absence of true social factors,
using such proxies is the only viable option, they are not always accurate measures of those
constructs. Second, OSS projects are extremely diverse: software projects range from mobile
applications to desktop software to online games. Similar to commercial software packages, OSS are
designed and developed for different purposes and require different sets of skills and resources.
Therefore, a relationship or pattern identified in one study based on one sample of homogenous OSS

projects may not hold in other settings.



Both the limitations of approximation and sampling are primarily caused by the lack of data. In this
work, we seek to investigate if the afore-mentioned effects exist in OSS communities using our
unique large-scale dataset of OSS community members’ contributions and social activities. In other
words, we seek to answer whether OSS development has become a social activity, and if so, to what
extent.

Hypothesis Development

As mentioned in the previous section, previous studies have suggested that popularity has a positive
effect on contribution in online communities (e.g. Ma and Agarwal [37] and Goes et al. [23]). While
the studied communities have been mostly centered around knowledge sharing and user generated
contents, we believe the effect might exist in the context of online community of open source
development, since contribution to software projects could be considered as a specific type of

knowledge contribution.

The motivation of people to engage in prosocial behavior on online platforms partially derives from
their desire for social approval or acceptance. This quest for recognition from other members on the
platform provides some utility that can be linked to an increase of self-image for the average user.
We expect to observe an increase in a developer’s contribution when she obtains more followers.
Each act of “following” could be an indicator of a peer developer’s interest in the work of the
developer who is being “followed.” Obtaining more “followers” over time might increase the

developer’s reputation or recognition on the platform.

Hla: Receiving more followers positively affects developers’ contribution level
Note that this effect is temporal and the act of “following” happens before the act of contribution.
Therefore, Hla translates to “Receiving more followers at time t-1 positively affects developers’

contribution level at time t.”
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As the number of followers increases, however, the marginal effect of obtaining a new follower
should decrease since this increase is less noticeable (e.g. an increase from 92 to 93 followers is less
noticeable compared to an increase from 2 to 3 followers). Therefore, the decreasing marginal effect
is linked to the perception of the level of increase in the number of followers by the followed person.
This diminishing marginal effect is consistent with Baumeister and Leary [9]’s argument: “the
formation of further social attachments beyond that minimal level should be subject to diminishing
returns; that is, people should experience less satisfaction on formation of such extra relationships,”

(p. 500). In view of this, it is reasonable to hypothesize the following:

H1b: The positive effect of new followers on contribution is marginally diminishing

In their seminal work, Lerner and Tirole [33] argue that by working on open source projects,
programmers could improve their performance in the mission endowed by their employer, which
provides them with an intrinsic utility. In other cases, the open source projects are “cool” and more
fun to work on than routine tasks, which also brings some immediate benefits to them. However, the
first step in contributing to a project is to be aware of the project. Theories of online communities
stablished that “people begin participating as peripheral readers, proceeding to contribute to the
community only after observing the community or consuming the content it has created” (Kane and
Ransbotham [30]). In the OSS context, and specifically on GitHub, following a user creates a
channel to directly observe that user’s current and future projects and activities, and this observation
might lead to the observer’s increased awareness and potential contribution. Kane and Ransbotham
[30] hypothesize that these theories might be a reason behind an increase in contribution to
Wikipedia following an increase in consumption of the content (observation). Additionally,
following and observing other active users might enhance the network (social) contagion effect

observed in large social networks (e.g. Aral and Nicolaides [5], Christakis and Fowler [16]) and
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result in a higher level of activity. Building upon this literature, we propose that users’ following
behavior (consumption) on OSS platform indicates their interest and willingness to learn and to work

on certain OSS projects (contribution).

H2a: Following more users positively affects a developer’s contribution level

While following more members increases the chance of exposure to interesting projects, this increase
is not linear in terms of the number of followed members for two reasons: 1) There is a limit in the
number of projects a person can get involved with at any time and therefore awareness about more
projects does not always result in contribution to more projects, and 2) the followed members might
work on common projects and following more members does not always result in awareness

channels to new projects.

Therefore, we assume this marginal effect of following on the level of contribution diminishes due to
gaining a marginally decreasing utility for reasons similar to those explained in H1b. Thus, we have

the following hypothesis:

H2b: The positive effect of following users of contribution is marginally diminishing

In regards to the effect of new followers on contribution for freelancers versus employed users, two
contradicting working hypotheses could be proposed: 1) based on image motivation, and 2) based on

carcer concern.

1) Following the argument in our Hypothesis Hla, receiving new followers increases the
contribution level by leveraging image motivation and the desire for social approval. Additionally,
members who spend time to complete their public profile and provide extra information about

themselves to the community are more likely to be concerned about the community’s perception of
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them. Thus, one might expect to see a higher effect of these people’ image motivation on their
contribution behavior. Note that the relation between profile completeness and contribution might be
merely a correlation, meaning people who have an intention to contribute will also bother to present

a more detailed profile.

2) On the other hand, we have witnessed the industry taking advice from Lerner and Tirole’s [33]
study in recent years. The sense of selfless participation in open-source projects is becoming
increasingly attractive to hiring companies. In the global market for highly-skilled software
engineers, hiring managers and recruiters are realizing that the traditional hiring process which
consider the candidates’ work history rather than their actual work are less effective in spotting
quality talent. Consequently, they are increasingly turning from LinkedIn to GitHub, where they
could find not just the potential employees who look good on paper, but the ones that publicly
demonstrate their capabilities on the platform.> Developers who maintain a good GitHub profile
nowadays have an advantage over those who do not. Their GitHub profile has become the new
resume for these knowledge workers.* In addition, potential hiring managers and recruiters might be
among the new followers of a freelancer, which provides additional incentive for freelancers to
demonstrate their programing ability by contributing more actively. In view of this, we believe that
people who are not affiliated with a company might be more motivated to contribute by new
followers. Both arguments are theoretically plausible, which presents a viable opportunity for our

empirical test. We propose our hypothesis in agreement with the second argument as follows.

3 http://www.cnet.com/news/forget-linkedin-companies-turn-to-github-to-find-tech-talent/ (last accessed: March 8,
2018).

4 http://www.socialtalent.co/blog/how-to-use-github-to-find-super-talented-developers (last accessed: March 8, 2018).
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H3. The effect of receiving new followers to the contribution level of people without announced

affiliations is stronger.

Research Setting and Data

Research Context

GitHub uses a distributed version control system. Version control, or revision control, is a system
that records changes over time so that any specific state (version) can be recalled later. In the
simplest case, version control is analogous to Wikipedia’s “page history” that enables everyone to
track each change to the page. GitHub uses the “fork and pull” model for collaboration. A developer
may “fork” an existing OSS project to create a personal copy of the project without requiring access
to be granted to the project. Any change or “commit” to the project is first performed on this
personal copy. The developer may then send a “pull” request to the maintainer of the project to
merge the changes into the source project. For example, as shown in Figure 2 (the screenshot is
current as of May 2016), the developers who contribute to the Linux Kernel project hosted on
GitHub have submitted 601, 683 commits to the project (https://github.com/torvalds/linux). These
commits include adding, modifying, or deleting pieces of code or explanatory comments. Since
version control requires all information about each contribution to each project to be recorded, the

detailed information about each commit is publicly available on the platform.

[Please Insert Figure 2 Here.]

In addition to developers’ contributions, GitHub collects all information about developers’
interactions such as “following” another developer. As shown in Figure 3, for each developer on the
platform, a profile page exists which presents three types of information: 1) general information such
as the developer’s name, location, company and personal website (left side of the page); 2)

information about each public activity that the developer performs, including her contributions to the

14



projects, from the time she registers on the website (middle part of the page); and 3) the developer’s
social interactions including total number of “followers,” “following,” and “stars” received from
other developers (lower left of the page). The detailed information on each social interaction with
timestamps can be retrieved using GitHub’s application program interface (API). This host of

information provides a valuable resource for research on OSS.

[Please Insert Figure 3 Here.]
Data Source

GitHub is currently the largest open source community and code host in the world, with more than 4
million software developers working on more than 9 million OSS projects. Desktop software, web
development, mobile applications, games, and operating systems are among the various types of OSS
projects hosted on this platform. These projects are developed using various programming languages
such as Java, C#, Python, PhP, JavaScript, and Ruby. Many well-known OSS project such as Linux,
Bootstrap, JQuery, and Firefox for iOS are mainly or partially hosted on GitHub. For each OSS
project, not only all the source codes are publicly available, but also information on every change to
the project, every issue reported and/or solved, and every discussion around the project is recorded

with their timestamps.

In addition, for each developer, three sets of information are recorded: 1) general information such as
developer’s location, company and personal website; 2) information on every public activity that a
developer performs, including his contributions to the projects; and 3) the developer’s social
interactions including “following” and being “followed” by other developers. The exact time for

each user’s development activity or social interaction is recorded and stored.
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Recently, a large-scale dataset on GitHub became available to researchers. This dataset spans over a
various set of OSS projects and settings and contains information on the direct social interactions of
the developers on the platform. It also keeps track of the developers’ contributions to the platform.
The dataset is well maintained and publicly accessible. All these recorded information is now
publicly available, which provides an invaluable resource for researchers. In particular, what makes
this dataset ideal for the purpose of this study is that the system records the exact time each “tie” (i.e.
action of following a developer) has been created between developers. Using this piece of
information, we were able to replicate the dynamic social network of the developers from the time
the first developer joined the website (in October 2007) until the end of our study. An archive of all
public activities on GitHub can be found at https://www.githubarchive.org/. A few other researchers

have recently employed part of this data in their empirical analyses ([54, 57]).

The level of social interactions on the platform sharply declined (by around 75%) after December
2013. This large decrease was likely to be caused by a structural change in the design of the
platform. To avoid estimation bias due to this shock, the study period is chosen to include all the
activities on the platform from March 2012 to December 2013. This is also a time frame where
there’s no missing contribution data of the developers. We aggregate all user’ interactions and
contributions in each month, creating 22 periods. The choice of month as an aggregation period is
consistent with research involving this dataset [57]. During this period, there were 3,266,949
registered users on the platform. Over half (1,801,674) of them, however, were inactive users.
During our study period, these users made no contribution to the platform at all; further, they did not
follow, nor were followed by other users. These users are irrelevant to our research. We therefore
exclude these users, leaving us with those active users who either made at least one commit on the

platform, or interacted with (followed or were followed by) at least one user during our study period.
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Among these remaining active users there are 302,540 users who made no contributions to the
platform and the only recorded behavior of them is to follow other users or get followed by others.
Furthermore, there are also 628,614 users who made commits to the platform without any social
interactions: they did not follow other users nor did other users follow them. Since our main interest
lies in studying the effect of “following” on users’ contribution levels, we retain both of these two
groups of users in our dataset. This left with us a total number of 1,465,275 active users, out of
which we randomly selected 10,000 for our sample. The following section describes the main

variables used in our analysis.
Data Description

The notation and symbols used in the study are listed below.

e (€ 10,000 usersregistered on the GitHub platform

e t € Months, calendar month, from March 2012 to December 2013

e Tenure; = Number of days user i has registered on the platform till March 2012

e (CompanyBinary; =

Dummy variable indicating whether user i is affiliated with a company or not

e TotalFollowers; = Number of followers of user i by March 2012

e TotalFollowing; = Number of users followed by user i by March 2012

e NewFollowers;; = Number of new followers of user i in month ¢

e NewFollowing;; = Number of new users followed by user i in month ¢t

e (Commit;; = Number of commits made by user i in month t

17



e (CommitSelf;; = Number of commits made by user i in month ¢ to her own projects

e CommitOthers;; =

Number of commits made by user i in month t to other people’s projects

Table 1 shows the summary statistics of the main variables which will be used in our analysis. The
data consists of 10,000 users spanning across 22 months from March 2012 to December 2013. The
first variable Tenure shows that the average time these users had registered on the platform is 1715
days or around four and a half years at the time our study begins. During this time, on average they
had been followed by 1.55 users and had followed 1.3 users. Further, these users made on average
1.86 commits, followed 0.08 users per month and were followed by 0.09 users each month during the

study period.

[Please Insert Table 1 Here.]
Empirical Model and Results
Developers on OSS contribute to projects in different ways. Writing a piece of code, revising a code
written by other developers, reporting an issue in a project, and resolving a reported issue are
common types of contribution. On GitHub, a contribution to a project is called a “commit”.
Consistent with previous literature on OSS development [24, 46], we measure a developer’s

performance with the number of commits in a specific time period.

Aggregating developers’ activities over month, we construct a panel dataset where each unit of
observation is a developer and each time period is one calendar month. We include the user’s
number of commits as the dependent variable and the number of individuals whom the developer
follows, and the number of individuals who follow the developer during each month as the main

independent variables. In addition, for each developer, the total number of her followers, the total
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number of the people followed by her, the number of days she had been in the system, and a binary

variable for affiliation with a company are included in the model as control variables.’
Panel Data Methods

We first employ Random Effect and Fixed Effect regression models (see Equation 1) on the data.
Subsequently, Hausman test shows that the unobserved individual effect is correlated with the
regressors and the preferred model is fixed effect. The regression results in Table 2 show a
statistically significant positive effect of the number of new followers (incoming ties) on users’ level
of contributions. On average, obtaining one more follower in last month corresponds to an increase
in contribution by 0.81 commits in current month according to our fixed effect model, an increase of
43.55% compared to the average contribution level 1.86. Moreover, this positive effect stays over
time. It stimulates the user to contribute 0.43 more commits in the month after, which is an increase
of 23.12% compared to the average contribution level. The negative and significant coefficient of the
squared of lagged NewFollowers suggests this effect is marginally decreasing as we have

hypothesized.

Commit; = ag + a;NewFollowers;_1) + a;NewFollowers;_)

(1

+ azNewFollowing;_) + a4NewF0ll0wersi2(t_1)

+ aSNewFollowersiz(t_z) + a6NeWFoll0wingi2(t_1)

+ a,TotalFollowers; + agTotalFollowing; + agTenure;
+ aoCompany; + u; + €;;

In our third model, we include the lags of dependent variable as covariates and run a dynamic panel
data estimation. By applying the within (demeaning) transformation or by taking first differences, the
fixed effect model helps us deal with unobserved heterogeneity, such as the developers’ creativity or

ability which might be directly correlated with their contribution to the platform. However, as

5 As the regression result shows below, these time-invariant variables will be cancelled out in the fixed effect model.
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Nickell [38] shows, the demeaning process of fixed effect model that subtracts the individual’s mean
value of dependent and each independent variable from the respective variable creates a correlation
between regressor and error, making the standard estimators inconsistent. In our third model, we
adopt a Dynamic Panel Data (DPD) approach to address this problem. The DPD approach was
suggested by Arellano and Bond [7], who popularized the work of Holtz-Eakin, Newey and Rosen
[28]. They derived a consistent generalized method of moments (GMM) estimator and specified the
model as a system of equations, one per time period using all available lags of the untransformed
variables as instruments. The lag of dependent variable is included as one of the regressors to adjust
for serial correlation. The estimator is designed for datasets with many panels (large N) and few
periods (small T) and thus is appropriate for our data in providing unbiased estimates. Equation 2

specifies our empirical estimation using Arellano Bond model.

Commit;, = By + p1Commit;_q) + BoNewFollowers;_q)
+ psNewFollowers;_,) + ByNewFollowing;_1) (2)

+ BsNewFollowersj, ) + BsNewFollowersf,_,,

+ B,NewFollowingf, ;) + u; + €;
The regression result of Model 3 in Table 2 confirms the result of our random effect and fixed effect
models and verifies Hypothesis 1 that receiving more followers in previous month does increase users’

level of contribution in current month and the marginal effect is decreasing.
[Please Insert Table 2 Here.]

The coefficient of lagged NewFollowing is not significant for all three models, which suggests that
the number of individuals followed by a developer does not have a significant effect on her
contribution level. This is consistent with our expectations: there are many users, such as novice

programmers, who registered an account on the platform just to learn from other more experienced
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developers by following them and watching their projects without necessarily contributing to the

platform.
A Panel VAR Model

In the previous section, we showed that obtaining more followers could positively affect the users’
contribution level to the online community. On social platforms like GitHub, the typical user could
easily be attracted to heavy users who make a large number of contributions to the platform on
prominent projects. This indicates that people’s contribution level on the platform could very well
influence others to follow them. In this section, to account for this reverse effect of people’s
contribution level on their number of followers and further study the dynamic relationship between
online following and online members’ motivation to contribute, we employ a panel VAR [1]
approach to identify the Granger causality, while controlling for individual heterogeneity and time
effects. Panel VAR model is a type of dynamic panel model that assumes that each dependent
variable is a function of its own past values and the past values of all other dependent variables. The
strength of panel VAR models is that it allows us to control for unobserved individual heterogeneity
and utilize lagged dependent variables as instruments within the model in the GMM estimation to
obtain consistent estimates. We find that other people’s following behavior has a significant positive
effect on users’ contribution level to the platform even after controlling for the aforementioned
factors. On the other hand, users’ contribution level also has a significant positive effect on number
of followers they receive. These results have implications for online community designers and OSS
scholars.

In the prior literature, VAR is widely used in Macroeconomics (e.g. [22]), and recently it has been
increasingly adopted in the IS area [12, 20, 35]. The main advantages of our panel VAR approach is

that (a) it allows us to examine the bi-directional relationships between online following and online
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members’ motivation to contribute through Granger causality tests; and (b) the dynamics between
online following and online members’ motivation to contribute over time can be assessed and
visualized through techniques such as impulse response functions.
The specification of our model has the following form:

Yie =AL)Yy +B-Tip +6;+ 6, + ¢,

where Y;; is a vector of covariates as follows:

Commit;,
Y;, = |NewFollowers; |,
NewFollowing;

I ¢ is a vector of time-varying control variables, &; is the individual fixed effects characterizing the
members’ time-invariant attributes, and 6, is set of time dummies that control for any time effects
such as seasonality. The lag operator L is defined by LY;; = Y;,_,, and we also define the symbol
LPY;y = Y;_p,. Let A(L) be the lag polynomial:
A(L) = aiL + -+ a,lLP,

which is defined as an operator such that

AWLYir=ay Yieqg+ -t a, Y.
In our panel VAR model, we use the Helmert transformation to control for individual fixed effects.
This forward differencing procedure overcomes the problem that fixed effects and lagged dependent
variables are inherently correlated [6, 22, 34].
Before estimating the model, we consider the model selection issue and calculate the model selection
measures for first to third-order panel VARs using the first four lags of Commit, NewFollowers, and
NewFollowing as instruments. The result is shown in Table 3.

[Please Insert Table 3 Here.]

Based on the three model selection criteria by Andrews and Lu [4], we should pick the model with

the smallest Bayesian Information Criterion (MBIC), Akaike Information Criterion (MAIC) and
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Hannan-Quinn Information Criterion (MQIC). In general, the first-order panel VAR is the preferred
model because it has the smallest MBIC and MQIC. Based on the selection criteria, we estimate the
first-order panel VAR model. We also improve the estimation efficiency by using “GMM-style”
instruments as proposed by Holtz-Eakin, Newey, and Rosen [28].

The estimation results for our panel VAR model are shown in Table 4. Our main objective is to
examine whether the number of followers of the members has a significant effect on the latter’s
contributions to the platform after controlling for other factors such as individual heterogeneity and
time effects. Since the number of lags picked according to the above model selection criteria is 1,
this approach of one-period lagged dependent variables allows us to directly interpret the short-term
effect of each independent variable on the dependent variable. It is worthwhile to point out that the
interpretation of the coefficient estimates on dependent variables with lagged periods of more than
one is not straightforward since the effect depends not only on one particular variable but also on
other lagged dependent variables. Usually, impulse response functions (IRFs) are used to visually
interpret the coefficient estimates in these cases. We show them at the end of this section.

From Table 4 we can see that, in the Commit equation, the coefficient estimate on first lag of
NewFollowers is positive and significant at the 1% level, indicating that obtaining new followers in
previous month has a positive effect on users’ contribution level of current month. From the
NewFollowers equation, the positive and significant coefficient estimate on Commit at lag 1 indicates
that the reverse effect indeed exists, i.e., people’s contribution level of previous month has a positive
effect on number of followers they receive in current month. We also notice in the Commit equation,
the coefficient estimate on NewFollowing at lag 1 is negative, which is not found in our random
effect and fixed effect model.

[Please Insert Table 4 Here.]
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We perform the Granger causality test and the results are shown in Table 5: NewFollowers Granger-
causes Commit at the 1% confidence level, conversely, Commit also Granger-causes
NewFollowersers at the 5% confidence level. These test results indicate that number of new
followers obtained by a user in the past helps predict her contribution level in the future and vice
versa. The test also shows that people’s number of commits in the past possesses predictive value for
number of users they will follow in the future. The intuition could be that a high level of contribution
indicates that the user is highly motivated. The motivation could come from contributing to her own
project or from contributing to other people’s projects. In order to do the latter, she will surf on the
platform, look for projects she is interested in, follow the project owner and make commits to those
projects.

[Please Insert Table 5 Here.]
We also check the stability condition of the estimated panel VAR by calculating the modulus of each
eigenvalue of the estimated model. A VAR model is stable if all moduli of the companion matrix are
strictly less than one [26, 36]. The eigenvalues shown in Table 6 and Figure 4 show that all the
eigenvalues lie inside the unit circle, and thus, pVAR satisfies stability condition [27].

[Please Insert Table 6 Here.]

[Please Insert Figure 4 Here.]
We supplement our regression estimates with the analysis of the corresponding impulse response
functions (IRFs). The IRFs provide us with an intuitive way to observe the response of one variable
to a shock in another variable and inspect whether the impact is perennial or short-lived. The IRF
confidence intervals are computed using 200 Monte Carlo draws based on the estimated model.
Figures 5 and 6 highlight selective IRFs so we can examine the response of users’ level of

contribution to a shock in number of followers they gain and vice versa. From Figure 5, we see that
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the reaction of Commit to a shock in NewFollowers is positive and it stays positive over time until
after 10 periods (i.e. 10 months) it decreases to close to zero. Additionally, we see the significant
effect of Commit on NewFollowers in Figure 6. There is an immediate reaction of NewFollowers to a
shock in Commit and the reaction stays positive and attenuates slowly over time.

[Please Insert Figure 5 Here.]

[Please Insert Figure 6 Here.]

Robustness Checks

Log-transformed Regression

Among the over one million active users in our dataset, there are many who made very few or even
no commits to the platform, did not follow anyone, nor was followed by anyone. There are, on the
other hand, also a few extremely active and popular users who made a large number of commits,
followed many users, and were followed by many users. Therefore, the distribution of the count
variables is highly skewed. In this section, we perform log-transformed random and fixed-effect
panel-data model as a robustness check. The regression result is shown in Table 7 in online
appendix. The result is consistent with our previous analysis. The number of followers people
received from last month has a positive and significant effect on their contribution level of the
current month. The effect also carries over to the next month. Holding other predictor variables
fixed, we expect about a 2.7% increase in people’s contribution level during current month when
their number of followers increases by 10% in last month, which further leads to 2.3% increase of
contribution in the next month. The negative coefficient on the squared term indicates that the

marginal effect is decreasing.
Over-dispersion and Other Possible Explanatory Variables

So far, we have discussed the effect of following on people’s contribution level on the open source

platform. Other than this mechanism, there might be other factors motivating people to contribute:
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for example, the popular phenomenon of “likes” on social networks. People might be motivated to
contribute because other people like their projects. It is also highly possible that some people receive
many issue reports from other users. Such reports might create a kind of social obligation to resolve
those issues, which might lead these users to contribute more. Within our dataset, we identified two
variables that could capture these characteristics of users. The variable Stars keeps track of how
many “likes” a developer receives for her projects on the platform. Another variable is Issues, which
keeps track of how many issue reports a developer receives from other developers for all her projects
on the platform. Table 8 in online appendix shows the correlation matrix of the main variables. The
strongest correlation coefficient is 0.8543 which is between Commit and CommitSelf. The next one is
0.5534 which is between NewFollowers and Stars. The correlation between NewFollowers and
Issues is not strong, with the coefficient being 0.185. We include these two new variables, Stars and
Issues, into our model and run the following random effect and fixed effect panel data model. The

results are in Table 9 in online appendix.

Commit;, = ay + a;NewFollowers;_;) + ayNewFollowers;_)

3)

+ azNewFollowing;_1) + asStars;_q) + aslssues;;_q
+ agNewFollowersf,_;y + a;NewFollowers],_,

+ agNewFollowing[, ;) + agStarsf,_y + asolssuesf,_,,

+ ay,TotalFollowers; + a,,TotalFollowing; + a,3Tenure;
+ a,Company; + u; + €;;

Table 9 (in online appendix) shows that after counting for Stars and Issues, receiving new followers
in previous month still has positive and significant effect on people’s contribution level of current
month and the effect carries over to the next month. According to the fixed effect model, one more
follower from last month increases the number of commits by 0.772 after controlling for Stars and

Issues, which is not significantly different from the magnitude in the model not controlling for these

26



two variables. We also see that number of Stars does have a positive and significant effect on the
developers’ level of contribution; however, the effect is much weaker compared to that of number of
new followers. This suggests that simply being liked by other users might not provide enough
incentive for people to make more contributions on the platform; what motivates them to contribute
more is being followed by others. Developers on GitHub may superficially like many users and
many projects on the platform, but they choose to follow only some users with a greater level of
commitment. The number of Issues also has positive and significant effect on people’s level of
contribution. This suggests that besides the motivation of obtaining social recognition from their
peers’ following behavior, social obligation of responding to the issue reports raised by other users
also positively affects people’s contribution level on the platform.

From Table 1 (Summary Statistics of Main Variables), we can see that the variance of the count
variables is much larger than the mean, which suggests for over-dispersion in the count variables. To
address this issue and examine the robustness of our previous models, we employ the negative
binomial model as robustness check. Table 10 in online appendix shows the regression result of
negative binomial model that verifies the results of our previous models. The random-effects, fixed-
effects and population-averaged negative binomial models all suggest that receiving more followers
in previous month has positive and significant effect on users’ contribution of current month and the

effect carries over to the next month.
Company Affiliation and Larger Sample Analysis

On each user’s profile page, there is a field describing whether this user is affiliated with a company
or not. In our dataset we use the dummy variable CompanyBinary to keep track of this. Table 11 in
online appendix summarizes the statistics of key variables for these two groups of users from our

over one-million-active users. It shows that the contribution level of people with company affiliation
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are more active than freelancers. During each month of our study period, on average, they have more

new followers, follow more users and contribute more, both to their own and to other users’ projects.

To investigate the difference in the effect of following behavior to the contribution level between
these two groups of users, we include into our model an interaction term

CompanyBinaryL 1 NewFollowers by interacting the company affiliation dummy variable with lag of
number of new followers. To further check the robustness of our model, we perform a larger random
sampling of 200,000 users out of the 1,465,275 active users. We then employ the following random
effect and fixed effect panel data model. The regression results are shown in Table 12 in online
appendix.

Commit; = ag + a;NewFollowers;_1) + a;NewFollowers;_)
+ azNewFollowing;_1) + ayCompanyBinaryL1NewFollowers 4)

+ asNewFollowers{,_;, + agNewFollowers{,_,,

+ a7NewF0llowingi2(t_1) + agTotalFollowers;

+ agTotalFollowing; + a, Tenure; + a;;Company; + u; + €;;
The negative coefficient of the interaction term suggests that the effect of followers to a user’s
contribution level is much stronger for freelancers than those who are affiliated with a company. This
implies that freelancers care more and get more motivated by the number of followers they obtain
than those who are affiliated with a company. A possible reason is that people’s contribution level
and number of followers on the platform is a signal of their programing and problem solving ability.
As we mentioned earlier, companies are turning from LinkedIn to GitHub to find tech talent and a
user’s GitHub profile is becoming the new resume for job hunters. Moreover, the number of
followers is one of the most important information recruiters specifically look at when they go

through users' profiles. This provides motivation for those freelancers who are hunting for jobs to
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show their ability and their popularity to potential employers by getting more followers on the open
source platform.

Limitation and Future Research Directions

While we identified the effect of following on developers’ contribution levels through a unique data
set on GitHub, we recognize several limitations of our work. First, panel VAR model is just a first
step, which helps us establish the Granger causality between developers’ online following behavior
and their level of contribution. In order to establish the causal impact of following on individuals’
contributions more convincingly, we need natural or field experiments to further confirm the results.
Second, in our company affiliation analysis, it is possible that some users are affiliated with a
company but did not include this information in their profile, which would diminish the difference
between the two groups and make our estimation for the affiliated group biased downward.

We propose two enhancements, for future research, that improve our models and analyses. First,
enriching the current analyses by including more factors, such as the number of projects in which a
developer is involved, in the model. Second, surveying a set of developers using their publicly

available email addresses and including the information in the model.

Managerial Implications

Out results and findings have important implications for both the stakeholder groups in OSS
development process: the OSS platforms as well as the OSS community.

Implications for OSS Platforms: While GitHub is the leading platform in OSS development, there
has always been many other OSS platforms (e.g. SourgeForge, BitBucket) that vary in terms of
features, designs, and communities. Two main categories of features on such platforms are related to
software development (e.g. creating, managing and “commiting” to software) and social interaction

(following, liking, reporting issues). As platform owners continuously improve their platforms by
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updating or adding features, they have to decide how to allocate their resources on each feature
category. To make an informed decision, the platform owners and designers need to know the
importance of each feature to the overall success of their platform. Our research confirms and
quantifies the effect of social factors on users’ contribution level, which is an important success
measure for the OSS platforms. These findings will inform platform owners about the importance of
the social factors and help them make better decisions on the features that can maximize their
impact. For example, to the best of our knowledge, no OSS platform has features to facilitate finding
and following users using matching methods such as recommender systems. Our results suggest that
it might be worthwhile for platform developers to invest on such efforts to increase social
interactions between users.

In addition, our results suggest that freelancers are highly motivated by receiving new followers.
Currently, GitHub does not have any mechanism to notify the followed member, besides updating
the number of followers on her profile. We believe directly notifying a member when another
member follows her might be an effective strategy to incentivize higher contribution, particularly for
freelancers.

Implications for OSS Community: It is important for the members of OSS community to
understand the value of each form of social interaction on the OSS platforms. Showing appreciation
to OSS developers for their work is a common practice on such platforms and is often explicitly
encouraged.® For example, GitHub states that starring a developer’s project performs the action of
“[SThowing appreciation to the repository maintainer for their work.” Often OSS members would
like to see more progress in a developer’s project that they are using and our research indicates that

showing appreciation encourages more work on the project. However, our results suggest that

5 https://help.github.com/articles/about-stars/
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following a developer has significantly higher impact on a developer’s contribution level than merely
liking (starring) the project. Therefore, we recommend the OSS community to consider the use of the
“following” feature more prominently on OSS platforms to incentivize higher contribution levels to

their projects.

Conclusion

Online communities have been growing rapidly during the last two decades in various forms, from
user-generated content and social media to collaborative-content communities. While actively
contributing on these platforms, people connect to each other and make new friendships. Open
Source Software (OSS) development platform is one of these communities. The extant literature has
tried to find the incentives for people to contribute to the creation of public goods such as OSS, even
when they are not paid for their efforts. Although several theoretical studies have suggested that
motivations in the form of reputation and recognition have substantial effect on people’s contribution
to OSS communities (see [42] and theoretical studies on motivation cited by [44]), very few large-
scale empirical studies have been conducted to verify or quantify the effect of these factors. Some
existing results of these studies are conflicting, and the social interactions have usually been
approximated by other measures [24, 45]. Using a unique longitudinal dataset within an OSS
environment that contains information of over 4 million users and their social interactions across 7
years, we empirically investigate the effect of online social interactions on people’s contribution
levels.

We find that recognition from other users in the previous month in the form of following has a
significant positive effect on people’s contribution levels to the community in the current month even
after controlling for individual heterogeneity. The effect even carries over to the next month although

the marginal effect decreases. This finding is consistent with the conclusion of previous studies [23,
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52] that audience size has a significant effect on people’s contribution level in such online open
communities.

We also find that the number of “likes” has a positive and significant effect on people’s levels of
contribution, although the effect is much weaker compared to that of the number of new followers.
This suggests that simply being liked by other users might not provide enough incentive for people to
make more contributions on the platform. This is what one might expect, since a user may like many
other users and many projects on the platform, but she chooses to follow only users with whom she
shares stronger ties (e.g. shared projects). The number of Issues, such as bug reports, also has
positive and significant effect on people’s level of contribution. This suggests that besides the
motivation of obtaining social recognition from their peers’ following behavior, social obligation of
responding to the issue reports raised by other users also positively affects people’s contribution
level on the platform.

We further observe that the effect of being followed on a user’s contribution level is much stronger
for freelancers than those who are affiliated with a company. Nowadays, many IT companies are
turning from LinkedIn to GitHub to find the technical talent that they need and are using the users’
GitHub profile as reference. Our findings suggest that besides the non-monetary incentives that
previous literature has found that behind people’s free contribution to open collaboration platforms,
there are career-related incentives too: contribution to the OSS platforms can lead to future monetary
rewards. Our empirical results are consistent with the theoretical conclusions of Lerner and Tirole
[33]. We did not find a consistent significant effect for the number of developers followed by a user
on her own contribution level across the different statistical models that we employed. We believe
that simply following other developers is not an indication of intent to contribute to the community,

since there are many novice programmers who follow others in order to learn.
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Appendix: Figures and Tables

Figure 1. Different electronic communities and members’ motivations to contribute

Electronic Communities

Motivations o Electronic

' i UGC' Communi'ies

Collaborative C ! C

Figure 2. Linux, an OSS project on GitHub

O This repository Pull requests Issues Gist g’ +~ B~
LI torvalds / linux @ Watch~ 4725 o Star 32760 ¥ Fork 12,897
<> Code 1) Pull requests 100 4~ Pulse il Graphs

Linux kernel source tree

) 601,683 commits I 1 branch © 465 releases m w contributors
Branch: master v New pull request Create new file  Upload files = Find file Clone or download ~
George Spelvin committed with torvalds hash_string: Fix zero-length case for IDCACHE_WORD_ACCESS ... Latest commit e@ab7af 4 hours ago
i Documentation Merge branch ‘upstream’ of git://git.linux-mips.org/pub/scm/ralf/upst 16 hours ago

i arch Merge branch ‘upstream’ of git://git.linux-mips.org/pub/scm/ralf/upst 16 hours ago

Figure 3. A user’s profile on GitHub including public activities and social factors
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Table 1. Summary statistics of main variables

(1) (2) 3) 4) (5)
VARIABLES N mean sd min max
Tenure 220,000  1715.49 445.90 122 2283
CompanyBinary 220,000 0.12 0.33 0 1
TotalFollowers 220,000 1.55 32.25 0 2972
TotalFollowing 220,000 1.30 8.75 0 634
NewFollowers 220,000 0.09 1.26 0 204
NewFollowing 220,000 0.08 1.01 0 151
Commit 220,000 1.86 18.34 0 3850
CommitSelf 220,000 1.34 15.28 0 3850
CommitOthers 220,000 0.53 9.54 0 2196
Stars 220,000 0.29 8.25 0 1852
Issues 220,000 0.06 1.62 0 338

Table 2. Random effect, fixed effect and Arellano Bond models

(1) (2) 3)
VARIABLES Random Effect Fixed Effect Arellano Bond
L.NewFollowers 1.102%%** 0.811*** 1.159%%**
(0.237) (0.207) (0.0633)
L2.NewFollowers 0.733%** 0.430%** 0.826%**
(0.174) (0.149) (0.0603)
L.NewFollowing 0.127 0.0871 -0.00559
(0.148) (0.161) (0.0532)
LagINewFollowersSq -0.00593*** -0.00413%*** -0.00116%***
(0.00129) (0.000931) (0.000398)
Lag2NewFollowersSq -0.00486*** -0.00289%*** -0.001271%***
(0.00111) (0.000737) (0.000390)
LaglNewFollowingSq -0.00148 -0.00110 -0.000217
(0.00111) (0.00119) (0.000529)
TotalFollowers 0.0255
(0.0165)
TotalFollowing 0.0875
(0.0666)
Tenure -0.00184%**
(0.000338)
CompanyBinary 0.763**
(0.314)
L.Commit -0.301%**
(0.00228)

Note: Robust standard errors in parentheses.
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Table 3. Panel VAR model selection

lag CD J J pvalue MBIC MAIC MQIC
1 .8060909 | 57.76852 | .0005133 | -267.4074 | 3.768525 | -76.61207
2 .8363832 | 29.80703 | .0393654 | -186.9769 | -6.192973 | -59.78004
3 .8236389 | 19.65672 | .0201532 | -88.73526 | 1.656722 | -25.13681
Table 4. Panel VAR estimation for total contribution
Dependent variable
Independent variable Commit NewFollowers NewFollowing
L.Commit 0.685***  0.00256** 0.00178%**
(0.199) (0.00129) (0.000532)
L.NewFollowers 4.112%%*  (.489%** 0.0187%**
(1.342) (0.0880) (0.00613)
L.NewFollowing -2.222%F% - (),0743%** 0.0492%**
(0.841) (0.0271) (0.0132)
Robust Standard errors in parentheses
X p<0.01, ** p<0.05, * p<0.1
Table 5. Panel VAR-Granger Causality Wald Test
Equation \ Excluded chi2 Df Prob >
chi2
Commit NewFollowers 9.391 1 0.002
NewFollowing 6.981 1 0.008
All 12.592 2 0.002
NewFollowers Commit 3.924 1 0.048
NewFollowing 7.531 1 0.006
All 11.661 2 0.003
NewFollowing Commit 11.184 1 0.001
NewFollowers 9.333 1 0.002
All 21.098 2 0.000

Ho: Excluded variable does not Granger-cause Equation variable

Ha: Excluded variable Granger-causes Equation variable

Table 6. Eigenvalue stability condition

Eigenvalue
Real Imaginary Modulus
0.718204 0 0.7203034
0.2523988 0 0.4465782
0.0406613 0 0.056595
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Figure 4. Eigenvalues lie inside the unit circle
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Figure 5. Response of Commit to NewFollowers
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Figure 6. Response of NewFollowers to Commit
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