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Abstract. The emergence of data mining has helped improve our understanding of social contagion in networks. The magnitude of contagion in
networks such as Facebook and Twitter has been studied in detail. Study
of social contagion in software development networks can provide interesting ﬁndings in order to increase return on investment and improve
quality of software. For example, developers could be incentivised and
the time to start an open-source projects optimized by analyzing social
contagion in online repositories. In this study, open-source repositories’
data was analyzed and it was observed that highly followed developers
tend to attract more contributors to a project. Also, the number of commits was aggregated on a yearly basis to provide insight into the question
of the best time to start a project. GitHub online repository data was
collected since its inception until 2014. The number of commits in the
online repository was found to follow the “power law”. By considering
only large projects, a correlation between the number of followers a user
has and the contagion rate of their commits was observed. Understanding these questions and social contagion can help software companies to
leverage on the open-source community and improve their own internal
social networks.
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Introduction

Collaborative software development is gaining momentum in the competitive
market as companies have to innovate faster and cut costs. Recently a new
trend in software development is emerging in which companies across industries
are collaborating to develop common code bases, which can then be extended.
In March 2014, Linux Foundation carried out an invitation-only survey to the
companies that included Cisco, Fujitsu, HP, IBM, Intel, Google, and Samsung
among others [1]. Exactly 686 software developers took part in this survey from
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organizations that make 500 million dollars or more in annual revenue. The ﬁndings of the study showed that open-source development is no longer driven by
the love for programming but by money. 35 % of the developers still contribute to
open-source projects in their free time but 44 % of the developers admitted that
the job requirements were the reason they started contributing [1,2]. Thus, the
recent trend is that companies encourage their staﬀ to contribute to open-source
projects. As such, commercial development interest and inﬂuence in open-source
projects is on the rise.
This approach of collaborative development is a win-win situation for both
the organizations and the developers. Half of the managers surveyed were of the
opinion that collaborative development gives them the ﬂexibility to innovate and
help transform the industry. Cloud computing, mobile devices, the Internet of
Things, software-deﬁned-networking were identiﬁed as the top ﬁve that would see
increasing use of collaborative development practices [1]. The Linux Foundation
report emphasizes the use of open-source collaboration and hence it is imperative
to answer the following questions:
– When is the best time to start a new open-source project?
– Who should be given the incentive to start new open-source project?
The study of the social contagion in the open-source development networks
can help us understand and answer such questions. The answers can in turn help
software companies to leverage the open-source community and improve their
own internal social networks.
In this study, we try to answer these questions by analyzing GitHub [3] data.
GitHub is a web-based Git repository hosting service that oﬀers source code
management (SCM) and reversion control of projects in distributed fashion. As
of 2014, GitHub is the largest open-source projects host [4]. Our study showed
that the best starting time for a project is between June and August. We also
found that there is a correlation between the followers a user has and the number
of such followers that contributed to a particular project after their contribution.
This makes such developers potential targets for incentivisation.

2

Related Work and Research Method

Social networks have been widely studied by researchers for its various characteristics such as contagion, geography, centrality, etc. For example, Ugander et al.
[5] studied the structural diversity in social contagion on the Facebook network.
The studies on the veracity of GitHub [3] repository data for research purposes
has shown that although it is rich in data, it has some underlying issues which
developers have to be aware of [6]. These include the presence of discrepancies
in the pull commit data and that a lot of the projects are small and personal.
Social networks are being more and more leveraged in software development [7].
GitHub data is either accessible through its application program interface
(API) which limits the number of queries requested per hour to 60 records if using
an unauthenticated account and 5,000 records for an authenticated account.
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Given the scale of data required to be accessed by us, 5,000 records every hour
was merely not enough. Therefore we obtained all of GitHub using GHTorrent
[8]. The total size of the data was 40 GB.
GHTorrent provides archives of close to 600 million rows of MySQL data
which can be downloaded as a .sql ﬁle that can be used to build a native database.
GHTorrent provides data in a very organized manner dividing it into several
tables. The two tables used in this study are commits and followers. The size
of commits table is 39 GB with almost 1.5 billion records and that of followers
table is 397 MB with 5 million records.
First, we tired to categorize the repositories based on their respective sizes.
As of 2014, there are 16.7 million repositories in GitHub with 3.4 million users.
These have varying number of commits with some having zero commits and some
having more than 400,000 commits. Contrary to the method used by Kolassa
et al. [9], in which the number of contributors was chosen as a representative of
the size of GitHub repository, we chose the number of commits to represent the
size of the project. This is because there can be some projects with few authors
but a large number of commits. Furthermore, while Kolassa et al.’s method
cannot observe the disparity between the two projects with the same number
of developers but a notably diﬀerent number of commits, our proposed commitbased method can do so. As we mentioned before, large software companies are
adapting open-source and collaborative approach to develop projects in order
to limit the cost of projects, etc. Later we will show that large projects are the
ones that fall in the long tail of the “power law distribution” where the number
of commits is the representative of project size.
Before trying to ﬁt the data to any distribution, it can be assumed that
the empirical data follows normal (a.k.a. Gaussian) distribution. The normal
distribution is a natural guess since it is heavily used in natural sciences [10].
From the “central limit theorem” it is deduced that if we take small sequence of
small independent random variables then their average will be distributed across
normal distribution. On the other hand a study on the distribution of web links
showed something diﬀerent from central limit theorem [10]. The number of web
pages that have m links is proportional to m12 . Such extreme observations are
better captured using the power law distribution.
Since population in large cities, biological extinction, genetic networks or
the World Wide Web all follow the power law [11,12] and so does the sizes of
commits in GitHub [13], we hypothesize that the number of commits would also
follow the power law. We are interested in the projects that fall in the heavy tail
of the power distribution. We believe that these projects represent the scale and
size of repositories similar to projects that companies are willing to collaborate
on. The total number of commits for more than 6.5 million repositories was used
as an input to ﬁt the power law distribution. We followed the method introduced
by Clauset et al. in [14] to ﬁt the empirical data to power law distribution. In
[14,15], it was shown that when testing empirical data, creating the cumulative
distribution function and ﬁtting the resulting function to the linear form by
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least-squares linear regression is subject to systematic and potentially large
errors. To avoid such errors incurred in [9,13], the steps listed below were
followed for analysing the data.
1. Estimate the xmin and α using bootstrap method to get handle on parameter
uncertainty.
2. Compute the goodness of ﬁt between the empirical data and the power
law using goodness-of-ﬁt test, which generates a p-value that represents the
soundness of the hypothesis. These tests depend on the distance between
distribution of empirical data and the hypothesized model.
3. Eliminate the possible competing distributions such as exponential or log
normal.

3
3.1

Results and Discussions
Power Law Distribution

The histograms in Figs. 1 and 2 depict the uncertainty in estimated parameters
of xmin and α. Based on the bootstrapping method proposed by Clauset et al.
[14], we ran and estimated the parameters for 100 simulations. The frequency of
parameters xmin and α was 384 and 2.372, respectively. Based on the hypothesis
that data is generated from the power law distribution and p = 0.82 > 0.1, we
cannot rule out the power law. The p-values examined for other distributions
were less than that of the power law. Hence, we found that the power law is the
best ﬁt for this data.
The data was ﬁtted to the power law distribution. Based on this ﬁtting, we
were able to categorize the size of projects based on its commits size. This helps
to avoid some of the shortcomings of using the GitHub data as discussed in
Kalliamvakou et al. [6].
3.2

Best Time to Start New Projects

Close to three million projects were launched on GitHub during its ﬁve years of
existence: 2008 until 2013. We limited the retrieved data until the end of 2013
because complete data for year 2014 was not available at the time of conducting
our experiments. Figure 3 shows the monthly commits activity of these projects.
The values were normalized to scale uniformly across all years. The plot shows
a gradual increase in the commit activity with a slight decrease in the month of
December. The decrease in the commit activities in December (except for 2011)
is possibly because of the festive season. Figure 3 shows that the best time to
start the project on GitHub would be from June to August as across most of the
years the commit activity continues to increase during this time. This can be
attributed to the fact that the summer vacation in most parts of the world starts
during that period and consequently developers ﬁnd more free time. It would
thus be imperative to start the project at the peak times as, based on basic
probability studies, it is most likely going to get the much needed attention.
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Fig. 1. Frequency of diﬀerent values of xmin . Y-axis represents the frequency of each
possible X-min values from the bootstrapped method. X-axis represents the minimum
possible values after which the power law holds.

Fig. 2. Frequency of diﬀerent values of alpha. Y-axis represents the frequency of each
possible α values from the bootstrapped method.

3.3

Social Contagion in Open-Source Software Development

We were also able to identify those who should be given an incentive to start a
project because of their high contagion rate. During the analysis, we considered
only the large projects using the criteria established above using the power law.
We analyzed 443 projects that had more than 10,000 commits. This is because

Exploring Social Contagion in Open-Source Communities

125

Fig. 3. Normalized number of commits for all months from 2008 to 2013.

Fig. 4. Correlation of number of followers vs. number of followers who are committed.

smaller projects might skew the data as the probability of a developer follower
committing in the same project as him decreases if only a few developers are
partaking in the project. The threshold of 10,000 commits was thus chosen. We
were able to compare over 70,000 unique developers. Figure 4 shows the correlation between the number of followers a user has and the followers who committed
in a project after she has committed. We found a Spearman correlation of 0.54
and a Pearson correlation of 0.45. Cohen provides the following guidelines for
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Pearson correlation in social sciences: small if the value is 0.1, moderate if it is
0.3 and large if it is 0.5 [16,17]. Hence, we found that the contagion factor is
highly prevalent in the GitHub open-source community. This indicates that the
developers are likely to participate in projects where their followees have earlier participated. Thus, coding can be considered as contagious in the follower
network of GitHub.

4

Limitations and Future Work

In this study only two variables were considered: the number of commits and
the number of followers. Our assumptions can be made stronger by considering
other variables such as diﬀerent criteria on the size of the project, bi-directional
following, time-relative following trends, etc. Another interesting direction would
be to analyze the behavior of the GitHub users in correlation with their behavior
on the other social networking sites, e.g., Twitter. A good question to answer
would be how many of the followers on Twitter have joined GitHub. We used the
number of commits made as a measure of contribution to the project. The use of
other actions like pull requests might yield additional insights. Our preliminary
results show that there exists a correlation between the number of commits made
by the followers and the total number of followers. The correlation however does
not show causation and hence a causal analysis is necessary.

5

Conclusion

In this study, we tried to answer two interesting questions derived from the Linux
Foundation report [1]. The answers to these questions might help companies
decide when is the best time to start a project and whom to incentivise to start
and lead the project. Our preliminary analysis showed that starting a project
between June and August is probably optimal to leverage free time and social
contagion within open-source community networks. We also found that there is
a correlation between the followers a user has and the number of such followers
that commit to a particular project after she committed. This is an evidence
of the existence of the social contagion within the development networks. This
preliminary study provides us with suﬃcient support for extending the study of
the social contagion in the open-source development communities, especially in
the early stages of development, e.g. [18,19], and its further incorporation within
our main research initiative [20].
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