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Abstract
Open-source software (OSS) is now ubiquitous and indispensable, supporting
applications in virtually every domain. Therefore, sustaining this digital infras-
tructure is of utmost societal importance. One of the significant challenges in
OSS sustainability is its low gender diversity. It is a well-known fact that the
open-source software community is heavily skewed towards men. A low gender
diversity environment is non-inclusive to non-male people. Women are one of
the under-represented groups, taking up at most 10% of the OSS population.
Several studies have demonstrated that women face more discrimination; for
example, in some ecosystems, women have lower code acceptance rates, longer
code review delays, and doubts about their skills and abilities. The low diversity
and non-inclusive culture can lead to three major challenges. First, it limits the
contributor pool, which harms OSS sustainability because OSS projects need a
constant supply of effort for development and maintenance. Second, it impedes
project success because evidence shows that a higher gender diverse team is
more productive and performs better. Third, it affects gender representation
and equity, thus preventing all contributors from enjoying the benefits of OSS,
such as finding a job.

With much evidence showing the presence of gender discrimination, this
dissertation studies why this happens and what might be an effective interven-
tion. The first three studies in this dissertation are mixed-methods empirical
studies that aim to explain the low representation of women among other
marginalized groups. Because OSS development is a socio-technical activity, I
use theories from social sciences and humanities, such as sociology, economics,
and linguistics, to derive hypotheses and explain and contextualize results.
The first three studies are arranged by the phases of an OSS contributor,
with one chapter on each of the phases: newcomer, contributor and long-term
contributor, and disengaged.

To conclude the dissertation, I take one step further to develop an interven-
tion to improve the overall diversity and inclusion in OSS. As the curb-cutting
phenomenon describes, designs that cater to marginalized groups also benefit a
wider range of people. I use insights from the first three studies to inform the
design of a dashboard for maintainers to monitor the health of their project
community. I tested the dashboard through two rounds of think-aloud studies
and one round of longer-term diary studies with OSS maintainers for usabil-
ity and effectiveness. Overall, maintainers are excited about our dashboard’s
information and agree that our health indicators are informative and helpful.
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Chapter 1

Introduction

Open-source software (OSS) today is ubiquitous and indispensable. As Eghbal's well-known
�roads and bridges� analogy [2] suggests, OSS forms our digital infrastructure; just like their
physical counterparts, roads, and bridges, OSS is supporting applications in virtually every
domain. For example, more than 40% of websites use Apache HTTP Server1 and its economic
value was estimated to be more than 7 billion dollars in the US alone [3]. Therefore, sustaining
this digital infrastructure is of utmost societal importance.

One of the biggest challenges in OSS sustainability is its low gender diversity. It is a
well-known fact that the open-source software community is heavily skewed towards men [4]
(see Section 1.2 for an overview). This low gender diversity environment is found to be
non-inclusive to non-male people. As Nafus [5] pointed out that sexist behaviors in OSS are
�as constant as it is extreme.� Women are one of the under-represented groups, taking up
at most 10% of the tech population [6]. Several studies have demonstrated that women are
facing more discrimination. Women who are outsiders to a project have a lower pull request
acceptance rate when their gender can be inferred from their pro�le [7]. In addition, Bosu et
al. [6] found that, in some ecosystems, such as Android, Chromium OS and LibreO�ce, women
face a lower code acceptance rate and delayed code review feedback. Some female mentors in
OSS reported that their skills and abilities are underestimated; for example, some newcomers
do not take their advice/feedback as seriously as those from male mentors [8]. Some female
contributors reported that they face �a harsh onboarding experience or OSS environment� [8],
including acrimonious talk [5]. Some stated that they have to �prove themselves by working
extra hard� [ 8]. The low diversity and non-inclusive culture can lead to three major challenges:
limits pool, harms project success, and negatively a�ects representation and equity.

First, a non-inclusive environment limits the available contributor pool.A constant supply
of e�ort is essential to OSS projects' sustainability because OSS projects need contributors
for �xing bugs, adding new features, and adapting to evolving technical and non-technical
environments and requirements. When projects lack appropriate levels of contributor e�ort,
they are at risk of being undermaintained [2, 9, 10], which can cause serious problems. For
example, both OpenSSL and Bash are widely used OSS but were maintained by a single
developer for a long time. These two libraries had security bugs,e.g., the �Heartbleed� bug2

1https://w3techs.com/technologies/history_overview/web_server
2https://www.digitaltrends.com/computing/heres-a-list-of-websites-allegedly-a�ected-by-the-

heartbleed-bug/

1
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in OpenSSL could allow hackers to capture secure information being passed to vulnerable
web servers, and the �Shellshock� bug in Bash could allow unauthorized access to a computer
system that went unnoticed or un�xed for many years.

Second, low gender diversity can harm project success. High gender diversity is found to
be associated with better performance. A software team consisting of mostly white male
programmers is generally not a good representation of their intended users because software
is rarely designed for a single demographic subgroup. However, this is often neglected because
OSS developers often have less concern over who their users are [5]. In software engineering,
a recent study [11] con�rmed that mixed-gender software engineering teams are associated
with better performance because men and women tend to display di�erent personalities, and
more successful teams can leverage positive personality traits that are associated with better
team performance [12].

Third, it negatively a�ects representation and equity.Prior studies have shown that a
male-dominated environment is associated with discrimination against minority groups [5].
Discrimination towards women in male-dominated �elds can cause the �imposter syndrome�
e�ect: women tend to consider themselves disquali�ed or frauds despite being knowledgeable.
Such e�ects can lead to anxiety, depression, lowered self-esteem, and self-handicapping
behaviors [13].

Furthermore, a non-inclusive culture hinders marginalized groups' personal development.
More than half of the respondents to aGitHub survey noted that their OSS experience helped
them get their current job and build their professional reputation [14]. A non-inclusive culture
that discourages marginalized groups obstructs them from gaining these opportunities.

However, this dissertation does not limit the scope to solving problems speci�c to only
marginalized groups. The �curb-cutting� e�ect [15, 16] describes a phenomenon that designs
that bene�t marginalized groups, such as curb-cuts for people with disabilities, also allow
people to push baby carriages, shopping carts, luggage on wheels, bicycles,etc.. This disser-
tation uses the problem of low gender diversity as a starting point to �nd methods to include
overall diversity and inclusion in OSS. With higher diversity and inclusion, it will be easier
for OSS projects to attract a wide variety of contributors and retain them, thus improving
projects' sustainability.

While there has been a long string of scholarship on OSS participation, relatively little is
known about why there is a lack of diversity and inclusion, what attributes to marginalized
groups' long-term engagement or premature disengagement, and, most importantly, what can
be some e�ective interventions. In this dissertation, I divide an open-source contributor's career
trajectory into roughly three phases (illustrated in Figure 1.1): newcomer, contributor and
long-term contributor, and disengaged. These phases roughly follow the onion model [17, 18],
which describes OSS teams as a core-peripheral structure.

In the next two sections, I present prior studies on di�erent phases of open-source
contributors and statistics of gender distributions in OSS.

1.1 Literature review on OSS contributors

There is a rich body of literature on OSS participation. In this section, I group related studies
into di�erent phases of a typical OSS contributor's career trajectory.
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Figure 1.1: An open-source contributor's di�erent phases. Phases bounded by the red rectangle
are studied in this dissertation.

Many prior studies use theonion model [19, 17, 20] to describe an OSS project's structure
- core contributors who contribute most of the code and manage the projects and peripheral
contributors who make a smaller portion of contributions. In this dissertation, I do not
distinguish between core and peripheral contributors. My primary concerns are attracting
and retaining contributors. It is very likely, however, that a long-term contributor becomes a
core contributor to one of the OSS projects.

1.1.1 From an outsider to a newcomer

Studies revealed that there are intrinsic,e.g., having fun, and extrinsic motivations,e.g.,
better jobs, and career advancement, to join OSS [21, 22, 23]. A recent study showed that
more contributors are driven by intrinsic motivations and newcomers use their OSS experience
as their portfolio in job hunting [24]. The literature found that women's motivations to use
technology relate to accomplishments while men's motivations are more related to their
enjoyment of technology [25]. Balali et al. [8] argued that the di�erence in motivations might
explain why some women's disengagement.

1.1.2 From a newcomer to a contributor

There are studies on what makes an OSS project attractive to contributors. On social coding
platform, e.g.,GitHub, users can make inferences of a project's characteristics based on
signals,i.e., visible features, and cues on the user interface [26]. For example, Trockmanet
al. [27] showed that certain signals on social coding platforms could allow users to infer the
quality of a project. Santoset al. [28] found that license restrictiveness and their available
resources in�uence a project's attractiveness. Knowing that di�erent genders have di�erent
problem-solving styles [29], one important yet unanswered question is how contributors of
di�erent genders value di�erent aspects of a project.

There is a large body of work on identifying the barriers contributors face when making
their initial contributions. For example, Steinmacheret al. [30, 31] identi�ed 58 barriers that
may hinder OSS newcomer's onboarding experience. Some of the barriers are �nding a task
to start with, lack of domain expertise, not receiving an answer, code comments not being
clear.

Some of the barriers are related to di�erences between genders. Using the GenderMag
kit, Padala et al. [32] found that the tool for OSS is gender-biased, and women in general
face more barriers than men. Moreover, in Balaliet al.'s work [8], they listed out additional
challenges that female newcomers need to face, including their low self-e�cacy.
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A natural follow-up study is to explore what type of projects is more friendly to marginal-
ized groups. Foundjemet al. [33] found a signi�cant correlation between high gender diversity
(65% for both females and non-binary contributors) and increased patch acceptance rates
(13.5%).

However, before a newcomer onboards an OSS project, one needs to identify a project
to make a contribution to. Relatively little is known about how newcomers can �nd a
friendly project. There exist many websites that try to help �rst-time OSS contributors �nd
a suitable project. Some of these websites curate a list of tutorials for newcomers,3 4 some
have a checklist to evaluate a project's �tness,5 and some collect projects that want help.6

Nevertheless, with such resources available, Tanet al. [34] found that many contributors
still fail to make a contribution. Our work contributes to this gap of knowledge and explores
signals that can help newcomers �nd a suitable OSS project.

1.1.3 From a contributor to a long-term contributor

Some studies found evidence against some bias allegations. Although women are believed to
be stuck with non-code tasks, a 2013 study on FOSS survey showed that 76% of the female
contributors contribute code [35]. El Asri et al. [36] found that female contributors, in fact,
are as productive as their male counterparts. Their career trajectory follows relatively the
same pattern as male contributors and remains more involved in projects.

Nevertheless, subtle bias and discrimination are still present. For example, Terrellet al. [7]
found pull requests (PRs) from women who are not part of the project are less likely to be
accepted than their male counterparts, but when gender is not visible, women have a higher
PR acceptance rate. Wanget al. [37] pointed out that a bigger con�dence-competence gap,
i.e., low self-e�cacy despite technical brilliancy, is an additional threat women are facing
in their OSS journey. Vedreset al. [38] found that it is not the female gender category, but
rather the female behavioral pattern,e.g., having more women contributors as collaborators,
that put women in disadvantages; men following a similar pattern also face disadvantages.

A 2019 survey for FLOSS contributors [39] found that people's attitude towards female
contributors has improved, but there are people who have strong opinions against the study
of gender in OSS. More importantly, this survey [39] reported that more than one-third of
the female survey participants faced sexism, such as o�ensive comments or insinuations on
women's incompetence, and one-�fth of them felt that their code is harder to get accepted.
However, Imtiaz et al. [40] conducted a quantitative study onGitHub using Williams and
Dempsey's gender bias framework but found that most of the gender bias e�ects, such as
tight-rope and prove-it-again, are invisible.

While these studies identi�ed the presence of bias and discrimination, still more work
has to be done to study how to improve marginalized groups' sustained participation. The
studies mentioned above focused on individual behaviors. This dissertation analyzes sustained
participation from the perspective of contributors' social connections onGitHub.

3https://www.�rsttimersonly.com/
4https://github.com/freeCodeCamp/how-to-contribute-to-open-source
5https://opensource.guide/how-to-contribute/
6https://up-for-grabs.net/
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1.1.4 Disengage from OSS

A recent study by Ia�aldano et al. [41] provides an overview of why OSS contributors take
a break or eventually withdraw from the community. Some of the personal reasons include
other professional or life event priorities, which are also found by Milleret al. [42] and loss
of interest in the project. Project related reasons include changes in projects or the lack of
communication. In addition, some contributors mentioned that the social behavior of the
community can also drive people away. Being reactive may help newcomers feel welcomed
whereas ignoring contributions may drive contributors away.

Literature also found that stress and burnout can be a reason for disengagement from
OSS, as evident in many blog posts, talks, or podcasts [43, 44, 45] In addition to a high
volume of requests [44], unfriendly or even aggressive tones are also a source of burnout [46],
making projects hard to attract and retain contributors.

Negative interaction, such as pushback in code review [47] and toxic language [46, 5]
can demotivate and burn out developers. Egelmanet al. [47] found that, in a corporate
setting, reviewers blocking code changes during code reviews can be a source of negative
experience. Prior works have explored how to automatically detect negative experiences, such
as pushback behaviors with logs-based metrics [47] and toxicity with linguistic features [46].
This dissertation further investigates how to automatically detect negative interactions among
OSS contributors.

More speci�cally, plenty of studies focus on reasons behind disengagement of marginalized
groups, such as women or newcomers. Research shows that women developers are generally
more likely to leave the project than men [48]. Women face more barriers in OSS [8, 49], such
as unwelcoming language [50], unsolicited sexual advances [50], gender bias in tool design [32],
distrust in their competence as a mentor [8], lower code acceptance rate [7, 6], or the lack of
inclusion for a female leader [6]. Scholars also pointed out that solutions to support women's
sustained participation may be di�erent from that of men [51, 52].

1.2 Literature review on OSS gender distribution

As the problem of low gender diversity is gaining more attention, many studies have tried
to estimate the gender composition in the OSS community. Although all reports on a low
percentage of women contributors, these numbers range from 1% to 12%. Many reasons
can cause dissimilarity among the data, such as the data collection methods, time, sampled
populations, and sample size. In this section, we group prior works that reported gender
distribution in data collection methods: surveyvs. data mining. Each method has its merits
and shortcomings. For each method, we order the studies by the time they collected the
data. Note that since these data were collected in di�erent sub-populations and with varying
sample sizes, the chronological ordering does not imply any longitudinal trend. Finally, we
list studies that reported gender ratios in speci�c projects or ecosystems.

1.2.1 Surveys

Table 1.1 lists the studies that rely on survey data to calculate gender distribution. Surveys
can capture people's self-identi�ed gender and arguably increase the precision of gender
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Table 1.1: Women ratios reported from survey data.

Year Source Sample
size

% Citation

2001 Online survey 5,478 0% Robleset al. [53]
2002 Online survey 2,784 1.1% Ghosh [54]
2001� 2002 Email 684 2.5% Lakhaniet al. [22]
2002 Email 79 5% Hars and Ou [55]
2003 Online Survey 1,588 1.6% Davidet al. [56]
2013 Online survey 2,183 10.35% Robleset al. [57]
2015 Online survey 816 24% Vasilescuet al. [58]
2017 Online survey 6,000 5% GitHub [50]
2017 Online survey 64,000 7.6% StackOver�ow [59]
2019 Online survey 119 10.9% Leeet al. [39]
2021 Online survey 242 7.6% Gerosaet al. [24]

Table 1.2: Women ratios reported from mining data.

Year Source Sample size % Citation

2012 Email subs + US Census 1,931 8.27% Kuechleret al. [62]
2012 StackOver�ow 2,588 11.24% Vasilescuet al. [63]
2015 GitHub + genderComputer 1,049,345 8.71% Ko�nk [64]
2015 GitHub + genderComputer 873,392 9% Vasilescuet al. [65]
2017 GitHub + self-report on social media 328,988 6.36% Terrellet al. [7]
2017 OpenStack + genderize.io - 10.4% Izquierdoet al. [4]
2019 GitHub + Namsor 300,000 9.7% Qiu et al. [48]
2019 Gerrit + genderComputer based on social media

pro�le
4,543 8.8% Bosu and Sultana [6]

2020 GitHub + genderComputer+Namsor 1,954 core 5.35% Canedo [66]
2021 GitHub + genderComputer+ Simple Gender [67] 1,634,373 5.49% Vasarhelyiet al. [68]
2021 GitHub + genderize.io 65,132 10% Pranaet al. [69]
2022 Software Heritage +Gender Guesser 21.4M 10% Rossiet al. [70]

identi�cation [ 60]. Surveys targeting a speci�c population can provide in-depth and more
accurate insights. However, survey data, albeit highly reliable and accurate, are prone to
selection bias. People who responded to the survey may be qualitatively di�erent from
those who did not respond because of di�erences in survey accessibility and individual
motivation [61]. Moreover, survey datasets are usually small, making it hard to obtain
generalizable results.

1.2.2 Mining trace data

Table 1.2 shows the studies that rely on mining data to report gender distribution. Gender
inference based on mined user information provides a more representative, large-scaled sample,
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Table 1.3: Women ratios in di�erent ecosystems or open-source projects.

Year Source Ecosystem(s) Sample size % Citation

2014 Mailing list Drupal 3,342 9.81% Vasilescuet al. [73]
2014 Mailing list Wordpress 3,611 7.81% Vasilescuet al. [73]
2016 Online survey Apache 765 5.2% Sharan [74]
2005-2016GitHub Linux 14,905 8% Cortázar [75]
2016 Online survey Debian 1,479 2% Raissiet al. [76]
2019 GitHub + Namsor Angular.js 1,601 3.4% Asri and Kerzazi [77]
2019 GitHub + Namsor Moby 1,824 3.5% Asri and Kerzazi [77]
2019 GitHub + Namsor Rails 3,723 4.2% Asri and Kerzazi [77]
2019 GitHub + Namsor Django 1,672 5.3% Asri and Kerzazi [77]
2019 GitHub + Namsor Elasticsearch 1,127 4.2% Asri and Kerzazi [77]
2019 GitHub + Namsor TensorFlow 1,735 5.8% Asri and Kerzazi [77]
2019 Gerrit + genderComputer Android 258 core 3.87% Bosu and Sultana [6]
2019 Gerrit + genderComputer Chromium OS 151 core 3.97% Bosu and Sultana [6]
2019 Gerrit + genderComputer Couchbase 24 core 4.17% Bosu and Sultana [6]
2019 Gerrit + genderComputer Go 90 core 7.77% Bosu and Sultana [6]
2019 Gerrit + genderComputer LibreO�ce 68 core 1.47% Bosu and Sultana [6]
2019 Gerrit + genderComputer OmapZoom 60 core 10% Bosu and Sultana [6]
2019 Gerrit + genderComputer oVirt 34 core 2.94% Bosu and Sultana [6]
2019 Gerrit + genderComputer Qt 159 core 3.12% Bosu and Sultana [6]
2019 Gerrit + genderComputer Typo3 73 core 4.1% Bosu and Sultana [6]
2019 Gerrit + genderComputer Whamcloud 19 core 0% Bosu and Sultana [6]
2021 Online survey Linux 2,350 14% Carteret al. [78]

and it also avoids the burden of the survey respondents and the e�orts taken to collect survey
results.

However, researchers often need to infer gender because not all platforms collect users'
gender, and not all users disclose their genders online. From the studies, we summarize
two primary information sources for gender inference: names and information from other
social media platforms. Commonly used name-based gender inference tools include Nam-
sor [71], genderComputer [63], GENDER GUESSER ,7 and genderize.io.8 See Sebo [72]
on a comprehensive comparison among these tools. The most signi�cant shortcomings of
these computational tools are non-perfect accuracy and the assumption of binary gender.
Some studies cross-link a user's account to other social media platforms, such as LinkedIn,
Facebook, Google search, and the now deprecated Google plus. This method can capture
users' self-reported gender.

1.2.3 Ecosystems

Table 1.3 lists studies that report gender ratios in speci�c software ecosystems. Many of
these studies focus on speci�c projects rather than the entire ecosystem. In addition to these

7https://pypi.org/project/gender-guesser/
8http://www.genderize.io
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quantitative �gures, some studies also provide comparisons across ecosystems. For example,
women are more represented in COBOL legacy systems than in new systems using Java
or C++ [ 79]. Women are also more likely to be found in Ruby but not in pure backend or
PHP-focused frontend communities [68]. However, to the best of our knowledge, there is not
a study that covers all major ecosystems.

1.3 Thesis

In this dissertation, I conduct a series of empirical studies using a mixed-methods approach
to gain a better understanding of factors that in�uence diversity and inclusion in OSS.
Because software development is a collaborative, human-centric activity, I use social science
theories to inform study design, derive hypotheses, and explain and contextualize results.
The abundant trace data from online coding platforms,e.g.,GitHub, allows us to perform
large-scale data analyses to answer research questions empirically. I employ quantitative
and qualitative methods in my research because they complement each other and allow me
to get di�erent perspectives on the research question. I use quantitative methods, such as
sophisticated statistical analyses and advanced machine learning models, to discover patterns
from large-scale, longitudinal data. I use qualitative methods, such as surveys and interviews,
to validate our computational operationalizations and gain insight from real contributors.

While there are studies showing the presence of discrimination, relatively little is known
about why this happens and what might be a useful/e�ective intervention. This dissertation
includes a series of mixed-methods empirical studies that aim to explain the low representation
of women among other minority groups. Because OSS development is a socio-technical activity,
I use theories from social sciences and humanities, including social capital theory, signaling
theory, and linguistics politeness theory, to derive hypotheses and explain and contextualize
results. Using the results from these studies as a foundation, this dissertation also takes one
step further to designing and prototyping/testing/piloting interventions.

1.3.1 Thesis statement

Here is my thesis statement:
Social science theories driving computational methods on big data explain the mechanisms

behind open-source contributors' sustained participation as well as help us design interventions
to improve open source community health.

Note: In this dissertation, I use �we� when describing works that I collaborated with other
researchers.

1.3.2 GitHub as the research context

This dissertation usesGitHub, one of the most widely used social coding platforms, as the
research context. I choseGitHub for several reasons. First,GitHub is the most widely used
online social coding platform, with more than 56M users as of September 2020.9 Second,
GitHub has a rich set of features,i.e., visible cues, to re�ect contributors' social dynamics. For

9https://octoverse.github.com/
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example, there is the number of daily commits [80] as a signal of a contributor's commitment
and competence, or the number of stars [81] for a repository to re�ect its popularity. Users
can put up signals, such as badges in the README [27] or a CODE OF CONDUCT [82], to
demonstrate their project's level of maintenance. These features can serve as signals that can
help contributors make informed decisions [26].

The abundance of signals leads to many interesting research questions. For example, the
presence of a daily activity streak may a�ect how contributors behave [80]. Social signals,
such as users' names or pro�le pictures, may in�uence how their PRs are treated [7, 83].

Finally, all actions on GitHub leave traces and are available for everyone. Therefore, we
are able to use this information to conduct analyses on their social networks, contribution
patterns, code quality,etc. The trace data and signals are available and easy to manipulate
with MySQL and MongoDB [84]. This makes many empirical analyses possible.

1.3.3 A note on the use of binary gender

Although gender, a socially constructed concept, is non-binary, it is sometimes not impractical
to include non-binary gender in a computational model. Throughout this dissertation, I use
GitHub trace data, which does not record participants' gender. Therefore, we often need to
infer gender based on information we can observe, usually names, photos, and information
from other social media platforms,e.g., Google+ and LinkedIn.

However, all these methods have their limitations. Commonly used gender inference tools
using names or photos often assume binary gender, and the accuracy is not perfect [72]. Even
though we can sometimes �nd users' self-reported gender from their pro�les on other websites,
the number of users with whom we can link their accounts is relatively small. As a result, to
obtain a large dataset of contributors with their gender, the best method we can rely on is
the name-based inference tools.

Despite these limitations, I argue that conducting gender analysis with imperfect gender
inference is necessary and imperative. While the severe underrepresentation of women and
other marginalized groups is widely recognized in OSS, much more work is needed to
understand the reasons behind the low diversity. Moreover, we have little empirical evidence
on how the situation has changed over time and in di�erent sub-communities and ecosystems.

Though imperfect, a large dataset of OSS contributors with inferred gender allows us to
observe the approximate gender distribution at di�erent times and in di�erent ecosystems [70].
These observations can provide us feedback on the e�ectiveness of our e�orts to improve
gender diversity in OSS. They can also point us to the most and the least diverse communities
to conduct future studies. With access to large datasets with inferred gender, we can also
build statistical models to test hypotheses developed from social sciences theories on gender
di�erences (Chapter 3). Moreover, since women contributors are rare in open-source, using
inferred gender, we can preselect a small group of people whose likely to be women and then
manually verify their genders.

Therefore, because obtaining a large dataset of accurate self-reported gender, including
non-binary options, is impractical and almost infeasible, in some places, I use binary gender
as a simpli�cation to make the analyses tractable. When possible, however, such as when
inviting participants for interviews or surveys, I only use computationally inferred gender as
a rough approximation to help me �nd non-men contributors. I use their self-reported gender
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in the analyses and reports. Overall, I only use automatic name-based gender inference to
capture gender distribution and perform analyses at the population level. As a result, my
studies' results should be considered approximations of the actual gender distributions in the
OSS community.

1.3.4 Dissertation outline

This dissertation presents a series of empirical studies that focus on di�erent phases of an
OSS contributor.

Chapter 2: Help Contributors Choose Projects

While prior works have extensively studied contributors' onboarding experience, this chapter
focuses on the earlier and relatively less studied stage in the onboarding process: how
newcomerschoose which projects to contribute to. This work is based on signaling theory, a
framework borrowed from economics [85, 86] and biology [87]. The signaling theory states how
one may use visible cues to infer a person or an item's hidden properties. This is relevant to
OSS social coding platforms as Dabbishet al. [26] showed that contributors make inferences
on projects based on signals. To better guide new contributors to �nd a suitable project,
we interviewed contributors with various degrees of experience for their insight on how to
use signals onGitHub to infer how inclusive and newcomer-friendly a project is. From the
interviews, we identi�ed helpful signals and built a model to test if they are signi�cantly
associated with bringing in newcomers. This chapter consists of the following conference
paper:

[88] H. S. Qiu, Y. L. Li, S. Padala, A. Sarma, and B. Vasilescu, �The signals that potential
contributors look for when choosing open-source projects,� Proceedings of the ACM on
Human-Computer Interaction, vol. 3, no. CSCW, pp. 1�29, 2019.

Chapter 3: Sustained Participation

This chapter concerns contributors and long-term contributors. Although contributors' sus-
tained participation has attracted much attention, little is known about the gender di�erence.
Applying survival analysis, we found that women contributors leaveGitHub earlier than
their male counterparts. In other words, women contributors have shorter career spans on
GitHub. Software development is collaborative; therefore, this chapter studies contributors'
sustained participation using social network theories. Social capital theory, a theory explaining
resources one can gain from their network connections, provides insight into how contributors'
network connections can a�ect their sustained participation and why there is a di�erence
between genders. We used the social capital theory to identify network structures associated
with contributors' prolonged participation. We used a survival analysis model and surveys
to triangulate our results. The results reveal possible signals on social coding platforms to
support women in developing social capital. This chapter consists of the following conference
paper:
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[48] H. S. Qiu, A. Nolte, A. Brown, A. Serebrenik, and B. Vasilescu, �Going farther together:
The impact of social capital on sustained participation in open source,� in 2019 IEEE/ACM
41st International Conference on Software Engineering (ICSE). IEEE, 2019, pp. 688�699.

Chapter 4: Detecting Interpersonal Con�icts

This chapter presents our study on disengagement prevention: we study how to detect
interpersonal con�icts in issue discussions and code reviews automatically. Our work builds
on two prior studies. Egelmanet al. [47] introduced the concept ofpushbackto refer to the
perception of unnecessary interpersonal con�ict in code review and presented a classi�er
using meta-information in Google's code review,e.g., number of comments, reviewing time.
Around the same time, Ramanet al. [46] proposed to use linguistic features to detecttoxicity,
i.e., rude, disrespectful comments inGitHub issue conversations. The two concepts,i.e.,
pushback and toxicity, are distinct yet similar. We conducted a systematic evaluation of the
two complementary methods,i.e., meta-information and linguistic features, on detecting the
two concepts, in both corporate (Google) and open-source (GitHub) settings and both types
of conversations (issue and code review). The evaluation also allowed us to identify signals
that can �ag potential interpersonal con�icts in open-source development. This chapter
consists of the following conference paper:
[89] H. S. Qiu, B. Vasilescu, C. Kästner, C. Egelman, C. Jaspan, and E. Murphy-Hill,
�Detecting interpersonal con�ict in issues and code review: Cross pollinating open-and
closed-source approaches,� in 2022 IEEE/ACM 44th International Conference on Software
Engineering: Software Engineering in Society (ICSE-SEIS). IEEE, 2022, pp. 41�55.

Chapter 5: Intervention: A Dashboard for Maintainers

This chapter presents an intervention we built: a dashboard for open-source maintainers to
monitor health indicators that are found to impact diversity and inclusion by prior research.
We identi�ed health indicators from the literature, studies presented in previous chapters,
and interviews with maintainers. Our dashboard focuses on the indicators that are important
but not currently readily visible on social coding platforms such asGitHub. Among others,
our dashboard included indicators of pushback in code review, tone of issues and pull request
discussions, and social capital measures. In addition to summaries of these indicators, we
provided coaching on what possible management actions maintainers can take to improve
the health of their project. We also included a gami�cation function that compares the focal
project with similar projects to give maintainers a reference on how well they are doing.

We iterated and re�ned our design through two rounds of think-aloud studies with open-
source maintainers. We then tested the usability and e�ectiveness of this intervention via a
two-week dairy study with open-source maintainers. Through our user studies, we found that
maintainers were generally excited about the information that our dashboard provides and
agreed that our health indicators are informative and helpful.

Chapter 6: Conclusion

I conclude this dissertation with a re�ection on its contribution and discussions. I also list
some potential future work that I plan to explore after graduation.





Chapter 2

Help Contributors Choose Projects

While prior work has extensively studied the motivations of open-source contributors in
general, relatively little is known about how people choose which project to contribute to,
beyond personal interest. This question is especially relevant in transparent, social coding
environments likeGitHub, where visible cues on personal pro�le and repository pages, known
as signals, are known to impact impression formation and decision making. In this chapter, we
report on a mixed-methods empirical study of the signals that in�uence contributors' decision
of joining in a GitHub project. We �rst interviewed 15 GitHub contributors about their
project evaluation process and identi�ed important signals they used, including the structure
of README and the amount of recent activities. Then, we proceeded quantitatively to test
out the impact of each signal based on the data of 9,977GitHub projects. We reveal that
many important pieces of information lack easily observable signals, and that some signals
may be both attractive and unattractive. Our �ndings have direct implications for open-source
maintainers and the design of social coding environments,e.g., features to be added to facilitate
better project searching experience.

2.1 Introduction

Open-source software infrastructure is ubiquitous, powering applications in virtually every
domain [2]. Yet, despite their importance, many open-source projects lack appropriate levels
of contributor e�ort and are thus at risk of being undermaintained [2, 9, 10]. In projects with
only one or two core contributors, of which there are many [90], lack of time or interest of the
main contributors poses serious sustainability risks [9, 91, 41]. Recruiting new contributors
can, therefore, help ensure the sustainability of open-source projects.

Many researchers have studied why skilled workers contribute to open-source. Prior work
found that starting to contribute to, and remaining engaged with open-source is in�uenced by
a mixture of intrinsic and extrinsic factors [92], among which identifying with the community,
feeling obligated to contribute back, learning opportunities, personal needs, and signaling
one's skills to potential employers are all important [93, 22, 94, 95].

What is less known, however, is how people decide to contribute to particular projects
based on partial information about the projects. This is especially relevant to contributors who
are working on an open-source project for fun or to gain experience. Since these people may

13
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Figure 2.1: Overview of our study design.

choose from many open-source projects, it is helpful to compile a set of generally applicable
rules to guide contributors in selecting a better project.

We are able to answer this question because, compared to their predecessors, social
coding platforms like GitHub, Bitbucket, and GitLab o�er a high level of transparency,
achieved by displaying a multitude of visible cues (orsignals[96]) on individual and project
public pro�le pages [26, 97]. For example, onGitHub�the most popular open-source hosting
platform�there are signals of individual popularity, such as a user's number of followers, and
signals of project activity, e.g., the number of contributors and issues, among many others.
As prior studies show, this high level of transparency enables people to make rich inferences
about each other's technical expertise and level of commitment [26, 97]. Similarly, to inform
their decision whether to join a project, in many cases potential contributors must rely on
partial information derived from signals available online. It is therefore important to study
how people infer the characteristics and qualities of an open-source project based on the cues
they can observe, and how these signals in�uence their decision to contribute to the project.

In this paper, we build on the literature on transparency in social coding environments to
empirically explore a new question:
RQ 1. How do people use signals, if at all, when choosing an open-sourceGitHub project
to contribute to?

Our study uses a mixed-methods design (Figure 2.1). We start qualitatively by interviewing
15 GitHub users, sampled to represent a diversity of experience contributing to open-source,
gender, and geographic, cultural, and technical background. From these interviews, we identify
which signals are perceived as most in�uential when evaluating open-sourceGitHub projects
for potential contribution. Then, we proceed quantitatively by mining trace data from 9,977
open-sourceGitHub projects (strati�ed by number of stars) and testing hypotheses, using
multiple regression modeling, about the impact of the di�erent signals on attracting new
project contributors.

Our results reveal several key signals used to inform the decision whether or not to
contribute to a GitHub project: i) a README �le with thorough contents and clear structure,
describing what the project does, how to get started using it, what a new contributor could
work on, and what guidelines they should follow; ii) the availability of sca�olding, such as issue
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and pull request templates, or issue labels; iii) how actively maintained the project is, along
multiple dimensions, such as the number of contributors and the recency of commits; iv) the
friendliness of the maintainers in issue and pull request discussions; and v) project popularity.
Moreover, we �nd that some signals can be considered both attractive and unattractive by
di�erent users. For example, from the interviews, we found that, while typically positive, the
presence of detailed contributing guidelines is also seen by some contributors as �o�-putting�,
as it can set a higher bar to participation and impose too much process overhead. Also,
some signals are important in the decision process but may be unclear to �rst-timeGitHub
contributors. For example, our model shows that politeness is an important signal for arbitrary
new contributors but not for �rst-time GitHub contributors.

Our results have direct implications for multiple stakeholders. First, we provide open-
source project maintainers with actionable insights that can help make their projects more
attractive to external contributors. Second, we uncover several cues that potential contributors
look for in a project, such as the responsiveness of the project maintainers and the friendliness
of the community discussions, that are currently not readily observable in theGitHub UI;
our participants browsed through multiple pull request and issue threads to make qualitative
inferences about these properties. These insights can help tool builders and designers of
collaboration platforms like GitHub develop new signals,e.g., in the form of badges [27], to
make these properties more salient.

In the next sections, we frame our discussion in the context of signaling theory, consider
related research, describe our methodology, present the results of our interviews and data
modeling, and �nally discuss implications of our �ndings.

2.2 Related Work

The process of attracting and onboarding contributors to open-source projects has a long
history of scholarship; for an overview see,e.g., Crowston et al. [98]. The process consists of
multiple stages. Starting from an intention to contribute to open-source, one should1 discover
a relevant project, 2 �nd an opportunity to contribute, then 3 make a �rst contribution
(e.g., submit an issue report or a pull request). Then, by continuing to make contributions
and 4 demonstrate commitmentto the project over time, one can5 be recognized as a core
contributor or maintainer. As turnover is natural in open-source, eventually some contributors
will 6 disengage.

2.2.1 Knowledge gap: How people choose which projects to
contribute to

There is a rich body of literature (e.g., [99, 100, 101, 102, 103]) on what happens to open-
source contributorsafter they identify a project they intend to contribute to (stages 2 � 6 ),
in terms of their onboarding into the project core team and their long-term participation
and turnover. In particular, Steinmacheret al. [31, 104, 105] reported, in a series of studies,
on how the onboarding process can be long and demotivating for newcomers, who face
various social and technical challenges when trying to�nd a �rst task they can complete and
adapt to the project's contribution standards, culture, and norms. The authors identi�ed
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Figure 2.2: A snapshot of aGitHub project page (anonymized).

19 reasons that a new contributor's pull request was rejected, both social and technical,
including receiving impolite answers from maintainers, the pull requests being duplicated, not
needed, or mismatched with the maintainers' vision, lack of tests, not following guidelines,
and not receiving an answer at all; these latter barriers have also been reported in other
online collaboration contexts outside open-source, especially Wikipedia [106].

In contrast, we focus on the earlier and relatively less studied stage in the onboarding
process:how people choose which projects to contribute to(stage 1 ). Two forces can in�uence
this decision [107]: individual motivation and project attractiveness. Individual motivations
are generally well understood, and can be both intrinsic,e.g., personal need for that software
or feeling obligated to contribute back, and extrinsic,e.g., career advancement [22]. However,
what project actions and characteristics in�uence project attractiveness to outsiders is still
an open question [108].

Studying what makes projects attractive is especially important because, as opposed
to individual motivation which is typically inherent to the potential contributors, project
attractiveness can be to a larger extent controlled by the project maintainers, as we will
argue in the remainder of this paper. Therefore, increasing project attractiveness has the
potential not only to reduce some onboarding barriers, but also to improve the sustainability
of open-source projects.
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