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ABSTRACT

In this study, we analyzed issues and comments on GitHub projects
and built collaboration networks dividing contributors into two
categories: users and commenters. We identified as commenters
those users who only post comments without posting any issues
nor committing changes in the source code. Since previous studies
showed that there is a link between a positive environment (re-
garding affectiveness) and productivity, our goal was to investigate
commenters’ contribution to the project concerning affectiveness.

We analyzed more than 370K comments from 100K issues of
25K contributors from 3 open source projects. We then calculated
and compared the affectiveness of the issues’ comments written
by users and commenters in terms of sentiment, politeness, and
emotions. We provide empirical evidence that commenters are less
polite, less positive and in general they express a lower level of
emotions in their comments than users. Our results also confirm
that GitHub’s contributors consist of different groups which behave
differently, and this provides useful information for future studies

in the field.
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1 INTRODUCTION

Open source software development is a collaborative activity and
tools such GitHub allowed researchers to understand better how
such activity is affected by various aspects. Recently, research has
focused on understanding how human emotions and mood affect
the working environment, the processes, and therefore the final
results of an activity. The effects have been studied concerning
the application of software engineering practices and software de-
velopment phases. It is well recognized that psychological aspects
play a crucial role in understanding the phenomena. The founda-
tion of emotions mining resides in psychology studies which map
individual words to emotions.
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In this paper, we empirically analyze more than 370K comments
from 100K issues posted by 25K contributors on GitHub.

With the generic term “contributor” we refer to all the users
related to a specific project under development on the GitHub plat-
form. However, it is clear that contributors are a container of more
specialized groups such us developers, users and, as we explained
in this paper, commenters. But are these different roles character-
ized by distinct expression of emotions? Can we understand to
which group a contributor belongs to by looking at how emotions
are expressed? In previous studies [7, 8, 25, 26] it has been shown
how positive emotions and high level of politeness have a positive
impact on developers’ productivity concerning lower issue fixing
time and how developers tend to avoid impolite or “negative” states
(from the emotions point of view) [24]. Since commenters only post
comments and do not submit any code, it is interesting to study
how they affect the general mood. Understanding how different
contributors belonging to different groups express emotions when
commenting issues, can provide new suggestions and shed new
light for managers and/or developers who need to deal with team
composition.

In this paper, we analyze communication patterns differentiating
between users and commenters. We extracted affective metrics for
emotion, sentiment, and politeness to study how these two different
groups express emotions and aiming at answering the following
questions:

RQ1: Do users and commenters communicate differently
with respect to sentiment and politeness?
The answer is yes; commenters were less polite and more negative
than users in the comments posted on issues.

RQ2: Do users and commenters communicate differently
with respect to emotions?
Commenters expressed fewer emotions than users while they commu-
nicated with higher levels of Arousal, Valence, and Dominance.

The rest of the paper is organized as follows: we first discuss
related work (Section 2). In Section 3, we describe how we measure
affectiveness by measuring emotions, sentiment, and politeness
in contributors’ comments. Section 4 introduces how we built the
issue collaboration graph and the methodology we followed for
performing our experiments. In Section 5 we present and discuss
our finding and analysis of threats to validity in Section 7. We finally
draw our conclusions in Section 7.
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2 RELATED WORK

Recent results on emotion analysis in software development, the
presence of publicly available data repositories, and the availability
of well-developed analysis tools are the basis of this study.

2.1 Emotion in Software Engineering

An important point in approaching emotional studies is represented
by the work of Murgia et al. [20]. The authors studied whether issue
reports carried emotional information about software development
and found, by manually analyzing the Apache Software Foundation
issue tracking system, that developers did express emotions like
sadness, joy, and gratitude.

Feldt et al. [9] focused on personality as a relevant psychometric
factor, presenting results from an empirical study about correla-
tions between personality and attitudes to software engineering
processes and tools. Authors defined the personality dimensions
and found that higher levels of “conscientiousness” correlated with
attitudes towards work style, openness to changes and task prefer-
ence.

Acuna et al. [1], performed empirical research examining the
work climate within software development teams. The authors
attempted to understand if team climate (defined as the shared
perceptions of teamwork procedures and practices) bore any rela-
tion to software product quality. They found that high team vision
preferences and high participative safety perceptions of the team
were significantly related to better software.

At the same time, researchers studied the relationship between
affect and work-related achievements, including performance [18]
and problem-solving processes, focusing on particular aspects such
as creativity [2].

Since the work of Russell, to better monitor emotions, the amount
of words that have been mapped to the Valence-Arousal space has
increased considerably. In 2013, Warriner et al. [30] used 1,865
participants to rate 13,915 English words to create the most exten-
sive collection of individual words mapped to a Valence-Arousal-
Dominance space.

In 2013, Bazelli et al. [3] analyzed questions and answers on
stackoverflow.com to determine the developer personality traits,
using the Linguistic Inquiry and Word Count [27]. The authors
found that the top reputed authors were more extroverted and ex-
pressed less negative emotions than authors of downvoted posts.
Questions and answers on stackoverflow.com are the core of an-
other ongoing study, proposed in 2014 by Novielli et al. [21], which
aims at clarifying if emotions in question influence the quality of the
answer, which may decrease the success of the question. To do this,
the authors individuated elements which describe the independent
variable (question) and described elements to define the dependent
variable. In their opinion, recognizing the role of emotion lexicon
could enable a better user experience and the development of new
intelligent tools to better support on-line communities.

In 2014, Graziotin et al. [11] reported the results of an inves-
tigation with 42 participants about the relationship between the
affective states, creativity, and analytical problem-solving skills
of software developers. The results offered support for the claim
that happy developers were better problem solvers regarding their
analytical abilities. The authors provided a better understanding
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of the impact of affective states on the creativity and analytical
problem-solving capacities of developers, introduced and validated
psychological measurements, theories, and concepts of affective
states, creativity, and analytical-problem-solving skills in empirical
software engineering, and raised the need for studying the human
factors of software engineering by employing a multi-disciplinary
viewpoint. In another work, Graziotin et al. [13] conducted a quali-
tative interpretive study based on face-to-face open-ended inter-
views, in-field observations and e-mail exchanges. This enabled the
authors to construct a novel explanatory theory of the impact of
affects on development performance. The theory was explicated
using an established taxonomy framework. The proposed theory
built upon the concepts of events, affects, attractors, focus, goals,
and performance.

2.2 Mining emotion from software repositories

Guzman et al. [14] investigated the relationship between affect and
programming languages. Utilizing a sentiment analysis on Github’s
commit comments, they showed Java as the language with most
associated negative affect, and no correlation between the number
of Github stars and the affect of the commit messages.

Ortu et al. [23] analyzed the relation between sentiment, emo-
tions, and politeness of developers for Jira comments and the issue
resolution time. The results showed that positive emotions and
politeness were related to shorter issue fixing time. On the other
hand, negative emotions were linked with longer issue fixing time.

Murgia et al. [19] demonstrated the feasibility of a machine learn-
ing classifier for identifying issue comments containing gratitude,
joy, and sadness. Such a classifier, using emotion-driving words
and technical terms, obtained a good precision and recall for iden-
tifying the emotion love, while for joy and sadness a lower recall
was obtained.

Islam et al. [15] studied how developers’ emotions affect the
software development process. They reconstructed the emotional
variations using a sentiment analysis on commit messages acquired
using the Boa public API and examining it with SentiStrength. They
found that emotions influenced differently different typologies of
activity. Results showed that in bug-fixing and refactoring activities,
positive emotions are dominant. Energy-aware tasks are character-
ized by neutral emotions.

According to Jongeling et al. [16], every typology of sentiment
analysis must take in account that currently available tools do not
provide the human perception of sentiment. Also, the selection of
sentiment analysis tools impact on the study results.

3 BACKGROUND

GitHub is a popular platform for social development. It has rapidly
become one of the largest and most used software repositories in
the world [5]. It offers a large variety of features including, version-
ing control system, issue tracking system, wikis and pull request
mechanisms. It is mostly focused to ease contributor collaboration
offering a simple code and functionality management. It is a flexible
tool enabling users to decide the development workflow that best
suits their needs. Its issue tracking system is designed for allowing
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projects contributor to share their discussion during the develop-
ment process in a social fashion, e.g., using emoji ! in contributors’
comments.

3.1 Measuring Affects

3.1.1 Emotions. To measure emotion we used a machine learn-
ing classifier proposed by Ortu et al. [22] and extended by Murgia
et al. [19]. As reported in [19], they parsed Apache’s Jira-based
repository in July 2013, fetching all the issue reports since the 19th
of October 2000 building a classifier model able to detect love (with
0.82 F1 measure), joy measure (with 0.7 F1 measure), anger (with
0.82 F1 measure) and sadness (with 0.84 F1 measure).

We adopted their best classifier for detecting emotions such as
love, joy, sadness and anger in comments related to issues posted
on GitHub.

3.1.2  Politeness. To evaluate the politeness of the contributors
present in our dataset, we used the tool developed by Danescu et
al. [6]. Given an input text, the tool calculates its overall politeness
and provides a binary output, i.e. polite or impolite.

The tool has been trained and validated through machine learn-
ing using a set of over 10,000 manually labeled requests from Stack-
Overflow? and Wikipedia®. The set included comments written by
authors from all over the world while the annotators were selected
among U.S. residents, based on a linguistic background question-
naire. It was built to include comments written by authors from
all over the world while the annotators were selected among U.S.
residents, based on a linguistic background questionnaire. We ana-
lyzed GitHub commit messages written by contributors, therefore
the content of the messages and the language used is very similar
to the one used on StackOverflow.

3.1.3  Sentiment. We used Sentistrength [29] for computing the
sentiment of comments posted by contributors in issue reports.
Given a text, Sentistrength associate a score to each word based on
the emotional content conveyed by the word. It is able to report
two sentiment strengths, or polarity: negative that ranges from -1
(not negative) to -5 (extremely negative) and positive from 1 (not
positive) to 5 (extremely positive). Given the strength of each word,
we then compute the overall sentiment of an issue’s comment as
the average of these two sentiment strengths.

3.1.4 Valence, Arousal, and Dominance. Valence, Arousal, and
Dominance (VAD) are emotional dimensions able to derive a per-
son’s interest (attraction), level of activation and perceived level
of control for a particular situation from textual communication.
To evaluate VAD metrics we adopted the same approach proposed
by Méntyla et. al. [17]. All measures of VAD are based on a list
of words that have manually been analyzed and assigned a VAD
score. Warriner et al’s [30] leading lexicon contains 13,915 English
words with VAD scores for Valence, Arousal, and Dominance. To
calculate the corresponding VAD scores for a piece of text (i.e., a list
of words w = [wy, wa, ..., w, ), the Range of the words’ individual
VAD scores is computed by taking the two words with the Max and
Min Valence, Arousal or Dominance. For the special cases when

!https://en.wikipedia.org/wiki/Emoji
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Max has lower than average value or when Min has higher than
the average value we set the Max or Min to the average of all words
of the lexicon (W = [Wy, W, ..., Wn], where N is 13,915).

4 EXPERIMENTAL SETUP

This research aims to understand whether users and commenters
express different emotions than other contributors while posting
comments on GitHub. We define as a commenter a project con-
tributor without neither commits nor issues posted on a project,
and define a user a contributor that does not match the definition
we provided of a commenter. We built a collaboration network
based on issues and comments posted by contributors, distinguish-
ing between commenters and users, then we computed the affects
metrics.

4.1 The dataset

We used the GHTorrent dataset [10] identifying about ~25K GitHub’s
contributors (both users and commenters), ~100K issues and ~380K
comments from three open source systems.

Project Age Language #Users # Commenters #Issues # Comments
Rails 13 years Ruby 6010 4499 31731 138039
Homebrew 8 years  Ruby 6192 3443 25235 95342
Salt 6 years  JavaScript 3922 1651 43846 142345
tot - - 16124 9593 100812 377450

Table 1: Dataset statistics

Table 1 shows the language, number of issues, numbers of con-
tributors and number of comments of the selected projects. We
verified that there are no cross-projects contributors, namely each
contributor worked for only one of the considered projects.

4.2 Issue Collaboration Graph

GitHub is a social development platform, and as such, its issue track-
ing system manly focuses on collaboration to help contributors to
have a easy and direct way of keeping track of tasks, enhancements,
bugs and issues in general.

In Degree | Out Degree

Figure 1: Issue based Collaboration Network.

Figure 1 presents a simplified scenario which shows how we
built the collaboration network based on issues and comments. We
generate the issue collaboration network considering each contrib-
utor as a node. When a contributor A comments on an issue created
by contributor B then an edge goes from node A to node B. The
more contributor B comments on issues created by contributor A
the thicker the edge from B to A becomes.



SEmotion’18, May 2018, Gothenburg, Sweden

The right part of Figure 1 shows a table which summarizes the
in-degree and out-degree of the network. In-degree represents the
number of arrows (edges) incidents to a node, while out-degree
represents the number of edges going out from a node. In this
example we identify C as a Commenters, and A and B as Users. Table
1 shows in details the number of users and commenters we analyzed.

Outdegree of Users VS Commenters

Outdegree

o

1

Commenters

Users

Figure 2: Contributors and commenters outdegree.

Figure 2 shows the out-degree for users and commenters in a
log-scale. As it is possible to observe, users and commenters are two
different groups in term of out-degree. Users are characterized by a
higher distribution of number of comments for higher level of out-
degree and they are clustered in roughly three groups. Commenters
are mostly distributed in lower values of out-degree than users.

5 RESULTS
. Politeness Sentiment
Project
User Commenter p-value User Commenter p-value

Rails 0.453  0.365 i 0.053 0.011 e
Homebrew  0.453 0.396 e 0.091 0.031 e

Salt 0.481 0.422 e 0.068 -0.029 e

All projects =~ 0.447 0.384 i 0.068 0.024 e

Table 2: Developers and users Politeness and Sentiment
means.
p-values codes: 0°***” 0.001°*** 0.01°** 0.05°0.1°° 1

RQ1: Do users and commenters communicate differently with re-
spect to sentiment and politeness?
Motivation. Research in the last years has shown that the senti-
ment and politeness expressed in text comments by contributors of
open source software are linked with productivity (regarding issue
fixing time), performance [12], and also with the attractiveness of a
project for new developers [20, 22, 26]. Previous studies considered
the general concept of contributors to an issue tracking system
such as Jira and GitHub, without distinguishing between roles (e.g.,
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developer, commenter). In Section 4.2 we suggested that there is a
difference on how users and commenters communicate, here we
quantitatively analyzed such differences regarding sentiment and
politeness affective metrics.

Approach. In Section 4 we describe the process to construct the
issue collaboration graph exploiting the GitHubTorrent dataset. We
retrieved all the comments related to about 100K issues and com-
puted the sentiment and politeness of all contributors’ comments.
Then, we distinguished between users and commenters.

Finally, we analyzed the distributions of sentiment and politeness,
as explained in Section 4.

To compare sentiment and politeness metrics between the two
groups, we used the Wilcoxon test Siegel [28], which is non-parametric
and thus can be used with no restrictions nor hypotheses on the
statistical distribution of the sample populations. The test is suit-
able for comparing differences in the averages or the medians of
two populations when their distributions are not Gaussian. For the
analysis, we use the one-sided Wilcoxon rank sum test using the
5% significance level (i.e., p-value < 0.05).

Findings. Commenters were less polite and more negative
than Users in the comments posted on issues.

Figure 3 shows that commenters (represented in blue) are more
negative than users (represented in red). It can be observed that
commenters are largely distributed from neutral to extremely nega-
tive values of sentiment, on the contrary users are more distributed
toward positive values of sentiment (from positive to extreme pos-
itive values). This means that commenters tend to comment on
issues with more negative sentiment than users.

Sentiment of Users VS Commenters

4

Sentiment
°

Users Commenters

Figure 3: Contributors and commenters sentiment.

Considering politeness, Figure 4 shows that commenters (repre-
sented in blue) are more impolite than users (represented in red).
A value of 1 means polite comments, a value of 0.5 same number
of polite/impolite comments and 0 means impolite comments. We
can observe that commenters are primarily distributed with impo-
lite comments, on the contrary users are more distributed toward
neutral and polite comments. This means that commenters tend to
comment on issues with more impolite comments than users.
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Project Love joy anger sadness
) User Commenter p-value User Commenter p-value User Commenter p-value User Commenter P-value
Rails 0.209 0.106 o 0.086 0.078 e 0.392 0.292 i 0.030 0.030 i
Homebrew = 0.246 0.161 o 0.095 0.078 e 0.487  0.390 e 0.031 0.0177 e
Salt 023  0.112 o 0.096 0.057 o 0.388  0.335 o 0.025 0.019 i
All projects  0.218 0.134 e 0.091 0.080 e 0.030  0.023 e 0.434 0.336 e
Table 3: Developers and users out-emotion metrics means.
p-values codes: 0°***’ 0.001°** 0.01°*° 0.05°70.1°’ 1
Proiect Arousal Valence Dominance
) User Commenter p-value User Commenter p-value User Commenter p-value

Rails 1.277  1.569 o 1.853  2.259 0.1 1.847 2212 0.06

Homebrew 1.199 1.299 0.1 1.766  1.878 0.1 1.765 1.87548 0.5

Salt 1.29 1.39 0.06 1.835 1.955 e 1.826 1.944 o

All projects  1.239  1.43 i 1.811  2.077 * 1.807  2.05 *

Table 4: Contributors and users VAD metrics means.
p-values codes: 0°**** 0.001°*** 0.01°** 0.05°70.1°’ 1

Politeness of Users VS Commenters

0.75

Politeness
°
o
g

0.25

Users Commenters

Figure 4: Contributors and commenters politeness.

Results show that commenters and users communicate differ-
ently and that they are characterized by different levels of sentiment
and politeness.

Table 2 presents in more details the difference in sentiment and
politeness of commenters and users, showing the two affects metrics
means (cells in red higher values, cells in grey lower values) along
with the p-value of the Wilcoxon test.

Results are confirmed for both single projects and when con-
sidering all the projects together. For all projects, sentiment and
politeness means are lower for commenters. For Salt project it can
be observed that, differently from other projects, sentiment mean
is negative, meaning that for that particular project commenters
are remarkably more negative than users.

RQ2: Do users and commenters communicate differently with re-
spect to emotions?

Motivation. Emotions, e.g., love, joy, anger, and sadness, expressed
in text comments by contributors of open source software are linked
with productivity (regarding issue fixing time) performance [22].
Emotion dimensions, e.g., arousal, valence, and dominance, have a
different influence on issues characteristics [17] such as issue reso-
lution and priority. Commenters and users communicate differently,
here we are interested in quantifying such differences in terms of
emotions measured as explained in Sections 3.1.1 and 3.1.4.

Approach. As for answering the previous research question,
we divided developers into two groups: commenters and users. We
then compared the communication metrics between the two groups
characterizing four emotions, love, joy, anger and sadness and the
VAD metrics. We than compared means of the two groups using
the Wilcoxon Test Siegel [28].

Findings. Commenters expressed fewer emotions than users
while they communicated with higher levels of Arousal, Va-
lence, and Dominance.

Considering emotions, Table 3 shows that users express more
emotions in their comments than commenters. This result is con-
firmed when analyzing both single projects and all projects together.

Considering VAD metrics, Table 4 shows that commenters present
higher level of VAD metrics in their comments than users. In this
case, we can observe clear results only when considering all projects
together while, when considering single projects, we found signifi-
cant differences just for arousal in Rails and valence and dominance
in Salt projects.

6 THREATS TO VALIDITY

Threats to external validity correspond to the generalization of
experimental results. In this study, we used several empirical ap-
proaches to evaluate the collaboration network of three projects
from GitHub repositories and computed the affects of about 370K
comments related to the GitHub projects. We considered the datasets
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as a representative sample of the open source world. Hence, repli-
cations on commercial and other open source projects are needed
to confirm our findings.

Threats to internal validity concern confounding factors that
can influence the obtained results. Based on empirical evidence,
we supposed a causal relationship between the emotional state of
developers and what they write in issue reports [30].

Another threat is related to the reliability of emotions, sentiment
and politeness tools applied in the software engineering domain.
For the emotion detection we used a tool specifically trained using
Jira comments [19] while for detecting politeness we used the tool
developed by Danescu et al. [6] which was trained using Stack-
Overflow questions and answers following the same approach of
Celefato et al. [4] for sentiment detection in software engineering.

Threats to reliability validity correspond to the degree to which
the same data would lead to the same results when repeated. This
research manually investigate the affect of developers and users
during software development by means of collaboration networks,
no previous studies in this field exists to compare our findings.

7 CONCLUSIONS

In this study, we examined affects of GitHGub contributors based
on collaboration networks. We analyzed more than 370K comments
from 100K issues of 25K users and commenters from 3 open source
projects and discovered that users and commenters express emo-
tions differently. We then mined contributors sentiment, politeness
and emotions in issues’ comments. We built upon previous results in
the field of human factors in software engineering performing finer
grain analysis and differentiating between users and commenters.
The results showed that the considered groups play different roles
in a project and communicate differently with different affects.
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