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ABSTRACT
Open source software development platforms are natural labora-
tories for studying the diffusion of innovation across human pop-
ulations, enabling us to better understand what motivates people
to adopt new ideas. For example, GitHub, a software repository
and collaborative development tool built on the Git distributed ver-
sion control system, provides a social environment where ideas,
techniques, and new methodologies are adopted by other software
developers. This paper proposes and evaluates a popularity-based
model of the diffusion of innovation on GitHub. GitHub supports a
mechanism, forking, for creating personal copies of other software
repositories that can be used to measure the propagation of code
between developers. We examine the effects of repository popular-
ity on two aspects of knowledge transfer, innovation adoption and
sociality, measured on a dataset of GitHub fork events.
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1 INTRODUCTION
Social media platforms are highways for innovation, enabling ideas
to rapidly flow across the world. Unfortunately on most platforms,
the ease and velocity of communication makes it challenging to dis-
entangle the actual transmission of an innovation from the shared
zeitgeist of an idea simultaneously arising from multiple sources.
However, in open software development platforms such as GitHub,
the same infrastructure used for software version control can be re-
purposed to track the transmission of innovation from one software
developer to the next.

In his seminal book on this topic, Rogers identified several im-
portant elements that affect the speed of adoption, including com-
munication channels, time and social system [14]. The aim of our
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research is to understand the effects of the GitHub social system on
code adoption. The GitHub community now numbers 24 million
developers working across 67 million repositories, making it the
largest host of source code in the world [10]. Code on GitHub is
stored in repositories, and the repository owner and collaborators
make changes to the repository by committing their content. Any
GitHub user can contribute to a repository through sending a pull
request. The owners and collaborators review pull requests and
decide whether to accept or reject the requests. Contributors can
attach a comment to their commit or pull request to communicate
a message. Unlike other communication channels, the list of pub-
lic events is available to everyone; this paper uses data from the
GHTorrent project [11] which monitors the GitHub public event
timeline.

Three event types in particular are key for tracking public in-
terest in a repository: forking, watching, and starring. Forks occur
when a user clones a repository and becomes its owner. Sometimes
forks are created by the original team of collaborators to manage
significant code changes, but anyone can fork a public repository.
Developers can watch a repository to receive all notifications of
changes and star repositories to signal approval for the project and
receive a compressed list of notifications. Forks are valuable for
tracking the spread of innovation, and all three events (fork, watch,
and star) have been used as measures of repository popularity.

This paper introduces a popularity-based model of GitHub code
adoption and uses it to predict the spread of innovation as mea-
sured through fork events. Our model tracks relationships between
GitHub repositories, users, and followers in order to generate event
timelines and social structures. Our results show that the inclusion
of popularity is key for improving modeling performance on the
dimensions of innovation adoption and sociality.

2 RELATEDWORK
GitHub has been used as a laboratory to study social behavior at
many scales, including individual differences [12], group collabora-
tion [7], and code ecosystems [4]. Onoue et al. (2013) used GitHub
to analyze the amount of time different developers spent on coding
vs. commenting and issue handling. Although GitHub provides lists
of top contributors based solely on the number of commits, their
study concluded that active projects were best served by a mix of
developer types [12]. Saadat et al. (2018) created an agent-based
model of developer activities, initialized with archetypes extracted
from stable clusters of GitHub activity profiles, in order to model
the disparity between user contributions [15].

Since GitHub is a rich source of data on the performance of vir-
tual teams, many studies have centered on collaboration between
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developers. Dabbish et al. (2012) hypothesized that the social trans-
parency of the platform was key for promoting collaborations by
empowering users to make inferences about other developers’ com-
mitment and work quality [7]. Borges et al. used multiple linear
regression to predict the future popularity of repositories [5], which
may also serve as a proxy for understanding virtual team perfor-
mance [16]. In this paper, we use repository popularity to predict
the spread of innovation and the future structure of the network.

Yu et al. (2014) investigated social communications and innova-
tion diffusion on GitHub through an analysis of growth curves and
follower networks [18]. Two types of networks were flagged as sig-
nificant by Zhang et al. (2012): developer-developer and developer-
project. They argue that the interactions within these networks
can affect the generation of innovation diffusion [19]. Our model
centers on popularity rather than network structure and treats
structure as a secondary effect. This next section describes our
dataset and our popularity-based model of innovation diffusion.

3 METHOD
Our research uses data from the GHTorrent project [11], an archive
of public event data extracted using GitHub’s REST API.1 There
are 37 listed events in GitHub, including create, fork, watch, issue,
push, and pull request events [9]. These events alert GitHub devel-
opers to changes in repositories that they are tracking. The code to
execute our model had been made available at: https://github.com/
aalrubaye/GithubDataAnalysis.

3.1 Data Filtration
From the GHTorrent dataset, we only retained the fork events
(41, 014 in total). Each fork event object contains information about
the user who generated the event and his/her followers. Addition-
ally, it includes repository properties such as programming lan-
guage, fork count, watchers and size. We created a copy of the
dataset but simplified the fork event object to only include infor-
mation relevant for our innovation diffusion model. A sample of
our fork event object is shown below.

{
'actor ': 'GithubUser ',
'created_at ': '2018-01-16T02 :00:58Z',
'followers ':
[
'follower_1 ',
'follower_2 ',
'follower_3 '

],
'repo_created_at ': '2017-01-01T17 :44:32Z',
'repo_forks_count ': 4,
'repo_language ': 'C++',
'repo_name ': 'my_repo ',
'repo_network_count ': 4,
'repo_size ': 536,
'repo_stargazers ': 2,
'repo_subscribers_count ': 4,
'repo_watchers ': 2

}

The programming language is clearly relevant to code adoption.
The total number of repository languages in our dataset is 160,
where JavaScript was the most commonly used language in all the

1Data was retrieved on Jan 16, 2018.

fork events (8665). Table 1 details the programming languages of
the repositories in our original dataset, ranked by the number of
fork events.

Table 1: Top 10 repository languages, ranked by number of
fork events

Repo Language Fork Events
JavaScript 8, 665
Java 5, 925
Python 5, 608
C++ 2, 366
HTML 2, 278
PHP 1, 717
Ruby 1, 555
C 1, 533
C-sharp 1, 349
Go 1, 180
Other languages 8, 838

Clearly there are a few highly used languages, while many lan-
guages (aggregated in the table under the category Other Lan-
guages) only had a few fork events. To account for the dominance
of the most common languages, we only retained the repositories
coded in the top 20% (32 languages), and removed the rest. As a re-
sult, our dataset included 39, 935 fork events, of which we randomly
sampled 5000 fork events to create our model.

3.2 Model Construction
Our model of innovation diffusion includes three components: 1)
repositories, 2) actors (the users who fork the repositories), and 3)
their followers. Since GitHub repositories host ideas, technologies,
and methods, they can be considered as knowledge resources that
are used as a means to transmit the innovations among projects
through the users and their followers. We link the components
with three types of connections: repo-actor, repo-repo and actor-
follower. These connections naturally arise from GitHub’s event
and notification system:

• A GitHub user (actor) is able to create different events on
multiple repositories.

• The followers of an actor are notified about commits made
by their followee.

Thus we conclude that a connection exists between a repository
and an actor if an actor forks the repository. Likewise, the second
interaction (repo-repo) implicitly occurs if a user creates two similar
events on two different repositories. These repositories are likely
to be related to each other in multiple ways, including language,
code structure, and topic. Also it is likely that there is a connection
between two repositories that were forked by the same user. The
actor-follower relationship is explicitly defined as the list of follow-
ers for a specific actor. Figure 1 shows an illustration of a sample
cluster in the network that contains all the three connections.

3.3 Identifying Structural Changes over Time
Our model network spreads innovation by connecting repositories
to potential adopters (followers). However, the structure of the
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Figure 1: Our model contains three components (repos, ac-
tors, and followers) and three types of connections: (a) repo-
repo (b) repo-actor and (c) actor-follower.

network changes over time; to model this we examine the structure
at three check points to study the knowledge transmission rate.
Assuming that the initial structure is constructed at time t0, three
time points t1, t2 and t3 are defined, where t0 < t1 < t2 < t3. The
temporal distance that separates them is defined as a period during
which a threshold number of additional fork events are created; our
results use a threshold of 5000 events between time points. The new
fork events result in mergers of existing connections (repository-
actor and actor-follower).

Once the followers are notified about a fork event creation by
their followee, they may be eager to learn about the new repository
by forking it. However, this is counted as a probable interaction
that could occur at some point in the future, where many other
factors may be involved. Figure 2 shows the potential repo-follower
interaction.

Figure 2: Repo-follower interaction: a probable connection
that may occur when follower f of actor A forks repository
R.

Knowing that in our model the repositories do not possess the
same features, we assume that this fact affects the likelihood of a
repository being forked by an actor’s followers at a certain time
point. For instance, if there are two repositories (R1 and R2) where
R1 has a higher popularity R2 then our assumption is that it will
fork at an earlier time than R2.

Popularity is a feature that may be considered as encompassing
the repository reputation. In this work we use popularity of the
repositories as an appropriate factor that identifies repositories’
effectiveness at transmitting innovation. Out of the fork event object

properties, the features that are correlated with the popularity of a
repository are:

• repo fork count: the total number of users that forked a repos-
itory

• repo watcher count: the users that chose to receive emails or
notifications about a repository

• repo stargazer count: the number of users who bookmarked
a repository

However, since a GitHub user who stars a repository is automati-
cally set towatching that repository, inmost cases repo_watching_count
and repo_stargazing_count are equal. By comparing the number of
fork events and the number of watchers or stargazers of a repository
we realized that increasing one increases the other as well [13]. Fig-
ure 3 shows the correlation between repo fork events and watcher
count.

Thus, to utilize repo popularity in our model, we use the fol-
lowing formulation for the probability of establishing a specific
connection between repository R and a follower of the actorAwho
forked R:

P(f orkEventtj (R, fA)) = β
[
f orkEventti (R,A)

]
(1)

where:

• ti < tj ,
• f orkEvent(R,A) = 1, if A has forked R.
• fA is a follower of A that has not forked R yet.
• β is the likelihood of becoming connected based on the
popularity of R. β is closer to 1 if R is more popular than the
other repositories. To find the value of β we compute the
following fraction:

β =
f orkCount(R)∑N

n=1 f orkCount(Rn )
(2)

where f orkCount(R)= the number of fork events of R, and
N= total number of repositories.

Figure 3: The correlation between the number of fork events
and the watcher count of the repositories in our dataset

According to our assumption, once a repository is forked by a
follower, the popularity of that repository will increase by one more
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fork event. At each time when a connection may occur, a follower
is selected randomly among an actor’s followers to interact with
the repository. Figure 4 depicts the evolution of a simple network
that is generated using the example data provided in Table 2. We
compare this model vs. a random network evolution model.

Table 2: A set of fork events used to evolve the sample net-
work (t0) shown in Figure 4. The table presents a set of 3
events that done by the actors A1 and A2 to fork the reposi-
tories R1 and R2. The table also shows two extra details: the
followers of the actors, and the fork event count for each
repository.

Fork Event Actor Actor’s Follower Repo Total Repo Fork Count
f orkEvent1 A1 f1 R1 100
f orkEvent2 A1 f1 R2 20
f orkEvent3 A2 f2 R3 65

Figure 4: The popularity-based network evolution process
generated with the data in Table 2. (t0) is the base model gen-
erated according to the data shown in Table 2; in (t1) R1 is the
most popular repository so the likelihood of it being forked
by f1 is higher. In (t2) R3 will have a higher chance of being
forked and in (t3) R2. Notice that the temporal distance be-
tween the time points is the time required for one repository
to be forked.

4 RESULTS
After designing a model that translates the existing relationships
between repositories and users, based on the occurrence of fork
events, we used the data to create a network at the initial time
point t0 (Figure 5). Then we generate three versions of the network
for the time points t1, t2 and t3, where each one represents the
structure with more introduced forks (repo-follower connections).
Since we used repository popularity as a factor to compute the

probability of adding fork events, we labeled these structures as
prob(ability) networks. To evaluate the contribution of popularity,
we compare the popularity-based model to a random network in
which all repositories have an equal chance of being forked. Con-
sequently, we ended up with one main network at t0 (initialized
with the data), and three more for each type (prob and random)
representing the structures at t1, t2, and t3.

Diffusion of innovation is defined as a multidimensional con-
struct that seeks to explain the spread of knowledge across a pop-
ulation. There are several factors that affect the spread of ideas,
techniques, and technologies. According to Rogers (2010), knowl-
edge spread depends mainly on agents that act as intermediaries in
this process [14]. Therefore, innovation must be adopted by more
individuals in order to continue spreading over time and across the
community. In our experiments, we evaluate the popularity-based
model at forecasting the diffusion of innovation, considering two
dimensions:

• Innovation adoption: measured by the spread rate of knowl-
edge across a community.

• Sociality: measured by the network’s main structural prop-
erties and their effect on knowledge spread.

4.1 Innovation Adoption
To evaluate the characteristics of our models we perform a compar-
ison of the evolution of both models (popularity and random) at
each time point, compared to the original network. Figure 6 shows
the cumulative distribution of fork events across repositories. The
popularity model preferentially assigns events to the repos with
higher popularity, causing the popular repositories to become even
more popular sooner. This behavior of the random models leans
toward spreading knowledge more equally through repositories
independent of the popularity. In other words, in the popularity
model, the users that interacted with popular repositories can be
considered potential early adopters who are more forward-looking
than the late adopters who are not following the popular reposito-
ries. The evolution of the popularity based model is similar that of
a preferential attachment network [1], where there is an increasing
disparity in code adoption over time.

4.2 Sociality
One of the main elements that affects knowledge spread is the way a
community is structured. According to Rogers (2010), communities
that have social characteristics will have a positive influence on the
diffusion of innovation [14].

We compare the network structure generated by our models
using a set of standard network measures:

• Average Path Length: indicates the average number of hops
between two nodes in a network, where it is measured by
the number of one-step links connecting them.

• Clustering Coefficient: describes how tightly nodes are con-
nected to one another.

• Degree Distribution: the likelihood, P(k), of possessing nodes
with certain degree k .

Two common classes of a networks are small-world and scale-free
networks. Small-world networks possess highly connected clusters
which result in a network with a high clustering coefficient [17].
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Figure 5: The initial network of connections resulting from our GitHub fork event dataset. The colors indicate different com-
munities in the network, which were detected with the modularity algorithm [8]. The color red indicates higher connectivity
among the nodes, and blue marks less connected communities. The node size indicates the type of the nodes (e.g, size of
repository nodes > size of actor nodes > size of followers nodes). We used the open source software Gephi [3] to visualize this
network (V=19, 250,E = 33, 988)

Figure 6: The repositories’ rate of acquiring new fork events in the popularity and randommodels at three time points, where
the repository popularity is assumed to be the total number of fork events that occurred since creation. (a) depicts the differ-
ence between popularity and random structures at t1 against the structure at t0, while (b) shows the same comparison for the
structures at t2, as well as the comparison in (c) at t3.

Nodes can be reached in a few steps from anywhere in the network,
because of the lower average path length. Scale-free networks tend
to have more nodes with a low connectivity, along with a few highly
connected nodes, due to the power law degree distribution [2]. The

degree distribution is a power-law [6] if it follows:

P(k) = ck−α

where the exponent value α falls in the range 2 < α < 3.
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Table 3: Characteristics of the evolving networks at different timesteps.

Initialization Popularity Model Random Model
t0 t1 t2 t3 t1 t2 t3

Average Path Length 5.75 5.59 5.49 5.42 5.60 5.51 5.44
Clustering Coefficient 0.53 0.73 0.80 0.84 0.74 0.79 0.82
Average Degree 3.51 4.03 4.55 5.06 4.03 4.55 5.06
Power-law Exponent α 2.00 2.04 2.07 2.08 2.41 2.12 2.08

Figure 7: Power-law fitting of both popularity (prob) and random models degree distributions at all time points.

Table 3 compares the predicted network structure of both models
at the three checkpoints. In most cases, the popularity based model
exhibits traits common to most social networks, such as shorter
path lengths and higher clustering coefficients. However we can
see that the average degrees are the same and that is due to the fact
that we allowed both model types to receive the same number of
connections (fork events) for a more accurate comparison. Figure 7
shows that both model types have scale-free characteristics, mean-
ing that the degree distributions fit the power-law; regardless of
the time factor the power-law exponent α falls between 2 and 3 for
all cases.

5 CONCLUSION
Our research aims to understand the driving forces behind the
diffusion of software innovations, as measured by GitHub code
adoption over time. In this paper, we examine the role that repo
popularity plays in code adoption. In essence, our model measures
how predictive past fork events (popularity) are of future fork
events (innovation). To simulate knowledge spread, we compute
the allocation of fork events across repositories and the network

structure at three different time points, after more fork events
were introduced into the model from the dataset. Our results that
demonstrate the popularity-based model is superior at modeling the
main elements of diffusion of innovation: innovation adoption and
sociality. Note that our model does not account for the introduction
of new followers after repo fork events and uses a fairly simple
measure of popularity.

We are currently developing a general agent-based model of
human interactions on social media platforms, including GitHub,
Twitter, and Reddit. Many GitHub event sequences are repetitive
with developers systematically committing code, reporting issues,
and making pull requests. However fork events are often more dif-
ficult to predict from past interactions—what makes a software de-
veloper suddenly become interested in a different code repository?
In addition to popularity, the topic and programming language of a
repository also affect its future likelihood of being forked. In future
work, we plan to expand our model to include other repository
features and measures of influence.
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7 APPENDIX
Our code for generating the innovation network from GitHub
events can be found at https://github.com/aalrubaye/GithubDataAnalysis.
Here are the algorithms for initializing and updating the network.

Data: Ground Truth Data
Result: GitHub network

1 for each input of GD do
2 Create a new node;
3 node.type = input.type;
4 end
5 for all nodes r where r.type = repository do
6 a = the actor associated with repository r;
7 Set link(r, a);
8 if a.degree > 1 then
9 for all other nodes m linked to a do

10 Set link(r,m);
11 end
12 end
13 end
14 for all nodes a where a.type = actor do
15 F = set of all followers of a;
16 for all followers f in F do
17 Set link(a,f);
18 end
19 end
20 .
Algorithm 1: Constructing the model connections (repo-actor,
repo-repo, and actor-followers) based on the ground truth data
set GD that includes repositories with fork events R, actors A, and
their follower set F

Data: Ground Truth Data
Result: GitHub network

1 Set NF = number of new fork events to add to PM;
2 for i = 1 to NF do
3 Calculate the probability of each repository in PM based

on its popularity (Equation 1);
4 Set HR = the repository with a higher probability of

getting another fork events;
5 Set HA = Actor associated with HR;
6 Set HF = Set of followers of HA that haven’t forked HR yet;
7 if HF is not empty then
8 Set f = a random follower from HF;
9 set link (f,HR);

10 end
11 end
12 .
Algorithm2:Model update procedure for introducing fork events
that have occurred since the last time point PM

https://developer.github.com/v3/activity/events/types/
https://developer.github.com/v3/activity/events/types/
https://octoverse.github.com/
https://octoverse.github.com/
https://github.com/aalrubaye/GithubDataAnalysis
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