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ABSTRACT

Software development is usually a collaborative venture.
Open Source Software (OSS) projects are no exception; indeed, by design, the OSS approach can accommodate teams
that are more open, geographically distributed, and dynamic
than commercial teams. This, we find, leads to OSS teams
that are quite diverse. Team diversity, predominantly in offline groups, is known to correlate with team output, mostly
with positive effects. How about in OSS?
Using G IT H UB, the largest publicly available collection of
OSS projects, we studied how gender and tenure diversity
relate to team productivity and turnover. Using regression
modeling of G IT H UB data and the results of a survey, we
show that both gender and tenure diversity are positive and
significant predictors of productivity, together explaining a
sizable fraction of the data variability. These results can
inform decision making on all levels, leading to better outcomes in recruiting and performance.
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INTRODUCTION

Because of the world-wide demand for talented and skilled
labor, hiring in STEM (Science, Technology, Engineering,
and Math) fields has become increasingly almost entirely
meritocratic, and largely blind to demographic factors. This
is certainly true for software engineering; as a result, both
commercial and open source software teams can be very
diverse. What are the effects of this on the project as a
whole? Indeed, demographic similarity enhances mutual
trust (and thus, arguably, team effectiveness), while demographic diversity may lead to stereotyping, cliquishness, and
conflict [20, 43]. However, a team’s social diversity seems to
improve its technical performance [24].
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Software development teams can be diverse in various ways,
e.g., w.r.t. gender, experience, nationality, and coding language preference; some teams can be more diverse in one
attribute and less so in others. Diversity attributes may also
interact (e.g., in some nations, female professionals may
face more obstacles), which complicates analysis and study.
Team diversity has been studied in physical (“meat-space”)
settings; however, data is hard-won in such settings. Smaller
sample sizes make it difficult to effectively control for confounds. Data requirements for such effective controls, however, increase exponentially with the number of dimensions
studied (one aspect of the “curse of dimensionality” [22]).
Thus, studies of effects of diversity in teams (given the ineluctable confounds) require data on a great many teams,
with sufficient variance along all co-variates of concern.
G IT H UB, a social coding platform, has attracted millions of
developers and thousands of Open Source Software projects.1
All commits, issues, code changes, pull-requests etc. are
archived and publicly available. G IT H UB has become the
new standard for comprehensive studies of social and technical organization and achievement [16, 37, 39, 41, 60]. Evidently, this is an attractive setting in which to study the relationship of diversity to performance. The scale of G IT H UB
is especially relevant when considering the role of women,
who are very underrepresented in programming.2 With a
large enough dataset, however, the effect of increased gender diversity becomes noticeable. Additionally, since all
data in G IT H UB is historical (i.e., archived), it is possible to study the effects of tenure, or one’s length of time
with a project and with G IT H UB. However, the reliance
on volunteers in OSS projects complicates matters; volunteers come and go, leading to team turn-over. Team turnover can certainly influence performance, and will confound
the effects of diversity. The constructs of “team” and “team
turnover” clearly also depend on the observation time-scale.
In a healthy project, some rate of turnover is in fact desirable, as “new blood” brings in new abilities and ideas [21].
Arguably, turnover will affect observed diversity in G IT H UB
OSS teams, and must be considered carefully.
In this paper, using G IT H UB data, we explore several questions: How diverse are online teams with respect to gender
and tenure? Does gender diversity depend on tenure? On
1 OSS depend on distributed volunteers’ efforts whereas commercial software is much more centralized, and depends more on paid
groups of programmers [23]; in both, the quality can be high [8].
2 Especially so, it seems, in OSS projects: A 2013 FLOSS Survey [49] indicates 10% females; all earlier surveys [19] agree
on merely 1–5%. Industry reports slightly higher numbers, e.g.,
Google with 17% female technology employees.

team size? And how do gender and tenure diversity relate to
outcomes like productivity? Remaining mindful of various
confounds, we claim the following contributions.
(1) We collected a data set comprising thousands of projects
from G IT H UB, capturing or inferring the contributions, gender, and tenure of each recorded participant. We also ran a
survey on G IT H UB, to get a sense of how participants assess
and value team composition and diversity.
(2) We use statistical modeling to analyze the relationship of
gender and tenure diversity to productivity, when controlling
for team size and other confounds. We find that both gender
and tenure diversity have a significant, positive effect on productivity, gender across all team sizes and tenure for teams
larger than 10. Together, these two explain 1–2.5% of the
data variance, depending on team size.
(3) Models of turnover, or team change over time, in those
teams reveal a negligible effect of gender diversity. Tenure
has a large negative effect on turnover, while tenure diversity
has a small, positive effect of turnover.
RELATED WORK
Background and Theory

The relationship between team diversity and team outcomes
has been studied extensively over the past 40 years (see,
e.g., [31, 54] for recent reviews). Understood broadly, diversity arises from any attribute that differentiates people [66].
Attributes can be demographic (e.g., age, gender, culture,
ethnicity), functional (e.g., role, tenure, expertise), or subjective (e.g., personality). While there is ample literature
on the matter (mostly from offline groups), different studies report different results. Some report significant positive
correlations between diversity and performance (e.g., [24]),
while others report that diversity negatively impacts team
outcomes (e.g., [64]). Meta-analyses have tried to rationalize
these contradictions by examining how effects are mediated
by context (e.g., group type, group size, or task complexity [31, 54]), research design, or sample characteristics [54].
However, despite the apparent contradictions between the
different studies regarding the effects of diversity in workgroups, the literature tends to agree on three analytical
frameworks: similarity-attraction theory (SA) [12], social
identity and social categorization theory (SIC) [55], and
information-processing theory (IP) [52]. According to SA,
people prefer working with others similar to them in terms of
values, beliefs, and attitudes [66]. SIC postulates that people tend to categorize themselves into specific groups, and
categorize others as outsiders. Members of one’s own group
are then treated better than outsiders [55]. Due to greater
perceived differences in values, norms, and communication
styles between groups than within groups, SA and SIC explain why work-group heterogeneity can lead to confusion,
stress, and conflict [31]. Both perspectives suggest negative
effects of diversity on team outcomes. In contrast, IP treats
diversity as positive: bringing to the table a mixture of cultural/educational backgrounds, and access to different networks and broader information can enhance a team’s creativity, adaptability, and problem solving skills (e.g., [33, 64]).
How team members react to diversity depends on the extent to which member characteristics are salient, and the ef-

fects are moderated by time [24, 30, 68]. As a team forms,
members may well form durable first impressions of their
new team-mates based on salient personal characteristics
(typically demographic features), and as a result engage in
social categorization [68]. However, as time passes and
team members engage in meaningful interactions, the effects
of surface-level diversity weaken and the team can better
leverage its members’ different cognitive frameworks and
value sets (i.e., their information-processing approaches),
thus improving the team’s efficiency and decision making
processes [30]. Therefore, during a team’s life-span, different phenomena related to the team’s experience and size may
arise, causing the effects of diversity to vary.
Diversity in OSS Teams

In task-oriented online communities (e.g., OSS), group dynamics are substantially different than offline. First, in OSS
geographic (and cultural) dispersion represents the norm, as
members rarely meet in person; instead, collaborators on
OSS projects assemble in online communities, and coordinate their activities through distributed communication channels (e.g., email lists). Second, OSS teams are fluid, i.e.,
they tend to form and dissolve organically around the task
at hand. Third, since OSS contributors are often volunteers,
teams face high turnover [50]. Finally, OSS communities
generally exhibit a core-periphery structure [23], in which a
small group of developers drives the work (the core), and a
larger and more loosely coupled group of contributors (the
periphery) supports the core by reporting issues, submitting
patches, or contributing documentation. These characteristics make OSS teams less tangible than their offline counterparts: interactions between members are typically limited to
online channels, and it can be hard to tell precisely who is on
a team and who is not. Diversity attributes may, therefore,
operate differently in OSS than in offline groups [40].
In particular, demographic characteristics such as ethnicity or gender become less salient in OSS [48]. Instead,
OSS communities typically function as meritocracies [26],
with sustained, high-quality contributions being the main
drivers behind impression formation, reputation building,
and trust [6,16,39]. For example, on social coding sites such
as G IT H UB, a very large fraction of members’ actions within
and across projects is more readily observable. This level
of transparency, available without any personal interaction,
allows one to make rich inferences about the commitment,
work quality, or community significance of others [16, 17],
and use these rather than demographics to form impressions.
The idea of OSS as meritocracy [26], widely-accepted, suggests that despite their great diversity (making them susceptible to SA or SIC), OSS teams should benefit from diversity. Diverse OSS teams should be able to reconcile and
exploit their differences for the greater (i.e., the project’s)
good, as IP suggests. However, all is not well in the meritocratic state of OSS. For example, the “hacker” culture tends
to be male-dominated and unfriendly to women [58, p.194],
who are underrepresented at not more than 10% of the all
developers [19, 49]. Moreover, recent results3 report active
discrimination towards women in OSS, leading to the socalled “impostor syndrome”: despite being knowledgeable
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and professionally well-settled, women consider themselves
to be disqualified or frauds. Moreover, sexist behavior in
OSS is said to be “as constant as it is extreme” [44].
Very few authors have studied effects of diversity on team
outcomes in online volunteer communities or OSS. Daniel
et al. [18] studied effects of diversity on community engagement and market success in a sample of 357 SourceForge
projects. They found that while diversity based on developers’ reputation and role positively influences market success
and community engagement, diversity of spoken language
and nationality has a negative impact on community engagement, and a positive impact on market success. Chen et
al. [13] studied diversity of experience and interests among
members of Wikipedia Projects. They found that experience
diversity increases group productivity and turnover up to a
certain threshold, beyond which group productivity remains
high but members are more likely to withdraw. In contrast,
interest diversity increases productivity and decreases member withdrawal. In a similar context, Wang et al. [63] observed that members with very different tenure than the overall group tenure were more productive, but also more likely
to withdraw early. To our knowledge, we are the first to consider effects of gender diversity in OSS communities.
Gender and Tenure Diversity in GitHub Teams

We choose to study gender and tenure diversity in G IT H UB
project communities. G IT H UB (2008) has become the
largest code host in the world, with many popular OSS
projects (e.g., the Linux kernel, Ruby on Rails, Bootstrap,
Django, jQuery, and Homebrew) residing there. We chose
G IT H UB for our study because it: (i) is the largest ecosystem of its kind; (ii) has a wealth of trace data available [29];
and (iii) is known to promote women in technology through
a number of initiatives, such as the Passion Projects, a series
of talks aimed at providing female developers and engineers
with role models, or the 2013 partnership with the Ada Initiative, offering free private repositories to women learning to
write OSS. We are interested in effects of gender and tenure
diversity on two project group outcomes: productivity, understood as the amount of work accomplished by each community of developers over time, and turnover, understood as
the rate of change in each community over time.
Hypotheses

Gender is known to influence group outcomes [1, 42, 51] using the mechanisms explained by SA, SIC, and IP. Gender
diversity brings different attitudes, perspectives, and values
to a group. For example, while men are known to exhibit
more task-oriented behaviors, women are said to show more
socio-emotional behaviors [15], increasing a group’s “ability
to integrate divergent solutions while discouraging interpersonal and competitive conflict” [51]; this social orientation
of women in teams is speculated to reduce the risk for egocentric listening and social loafing, and to allow for more
effective teamwork [51]. As a consequence, diverse groups
will be better equipped to handle uncertainty and take decisions, making them more productive (IP). On the flip side,
gender diversity in a male-dominated “hacker” culture such
as OSS may trigger discrimination towards women and sexism [44] (SIC), which in turn may lead to disengagement by
women and perpetuation of the male dominance (SA).

The starting point for our exploration of gender diversity is
the study of Rogelberg and Rumery [51]. The authors studied team decision quality, time on task, and interpersonal
cohesion for 96 four-person teams having all five possible
gender ratios (from all-male to all-female). The task, a winter survival exercise where each team had to rank order the
most important 12 items salvaged from a plane crash, was
determined to be male-oriented after pilot testing. The authors found that gender diversity significantly affected team
decision quality (but not time on task nor interpersonal cohesion), with lone-female teams (i.e., three men and one
woman) performing the best. That is, despite the male orientation of the task, all-male teams were outperformed by
the more gender-diverse lone-female teams. Apesteguia et
al. [1] reported similar findings in a recent study of threeperson teams competing in an online business simulation
game: again the more gender-diverse teams (two men, one
woman) performed the best. In both studies teams consisted
of students. Since neither studies considered larger teams,
it is hard to reason whether increasing gender diversity or
rather simply having women on teams would be responsible,
in general, for the reportedly positive effects on team outcomes. Given the previous argument based on IP, and supported by the parallel between the male-orientation of the
task of Rogelberg and Rumery [51] and the known maledominance of OSS, we posit, more generally, that:
H1. Gender diversity has a positive effect on productivity.
The socio-emotional behavior and non-aggressive strategies
attributed to women in teams [42, 51] could imply a more
positive attitude towards teamwork and collaboration in gender diverse projects. As all male-groups tend to be overaggressive and competitive [2], the presence of women may
moderate over-competitiveness, reducing conflicts and improving communication and collaboration [51]. All other
things aside, projects with a more welcoming community
should exhibit less turnover, or:
H2. Gender diversity has a negative effect on turnover.
Tenure refers to the amount of experience accumulated by
each group member. Highly tenured developers are more
likely to be part of a project’s core team (i.e., to have committer status, the highest trust level in a typical OSS project), and
to take part in decision making. Newcomers, or less tenured
developers, are at the other end of the scale. Although typically not as experienced, they are very motivated to provide
contributions by reputation building [36] and their desire to
learn [67]. Mixed-tenure OSS communities will have more
opportunities to leverage the energy and experience brought
forward by juniors and seniors, respectively [13, 18], and
will be more productive. The presence of tenured, senior
developers will set the example for newcomers that increasing rewards can be obtained through sustained participation
and contribution [18], and will create mentoring opportunities [47]. In turn, motivated by example [16, 28], newcomers
may expend more efforts to prove themselves and build reputation [36]. Following this logic we test:
H3. Tenure diversity has a positive effect on productivity.
Tenure diversity tends to be associated with differences in
attitudes, views, or approaches to tackle a particular prob-

lem [18]. For example, tenured developers may have a
preference for more mature technologies, while newcomers may be more willing to experiment with newer, less
proven, libraries or APIs. In the extreme, as tenure diversity in a project team increases, newcomers and seniors may
find insufficient common ground, leading to communication
breakdown and conflict [13], which may lead to higher attrition [46]. Since tenure-diversity-based conflicts have already been reported for Wikipedia Projects [13], a community comparable to OSS [45], we test whether:
H4. Tenure diversity has a positive effect on turnover.
METHODS AND DATA

We followed a mixed-methods approach with a sequential
exploratory strategy [25]. First, we conducted a survey of
G IT H UB contributors to obtain insights in the way team collaboration and diversity are being perceived. Following it, to
assist in interpreting the qualitative findings, we assembled
a longitudinal dataset of G IT H UB developers and projects,
on which we modeled productivity and turnover outcomes
using a variety of statistical models.
G IT H UB’s pull-based development model imposes a different definition for project than in traditional OSS. On
G IT H UB, to facilitate scaling up, typically only a small
group of developers (the core) have access to the main repository and can push their changes directly. All other contributors, if any, work in isolation in their local copies of the
repository (forks), and submit their contributions back for
review and integration via pull requests. Therefore, a project
on G IT H UB consists of a base repository and all its forks
(and transitively all their forks). We adopt this definition
since measuring the activity of a repository independently
of its forks will underrepresent the activity of all of them as
part of a single project [34].
Survey

We selected 4,500 G IT H UB contributors stratified according to gender (as inferred by genderComputer [59], i.e.,
male, female, or unknown; see Inferring gender below) and
number of projects contributed to (one project—the majority of contributors; many projects—7 or more, distributional outliers; and few projects—between 2 and 6), randomly selecting for each combination of gender and number
of projects 500 individuals with known email addresses in
our GHTorrent-based data set. We contacted all of them by
email and invited them to participate in the survey. Participation was voluntary and confidential, and was expected to take
about ten minutes. We received 816 responses to the survey
and 236 automatic replies. Ignoring the latter, we achieved
higher than 19% response rate, slightly exceeding the 15–
17% response rates reported in comparable studies [4, 57].
Among the respondents, 199 (24%) indicated their gender as
“female”, an underrepresentation as at least one third of the
invitations had been sent to women (“female” inferred by
genderComputer). Age ranged from 14 to 66 (median
29; mean 30); IT experience ranged from zero (e.g., a student, a manager, and an individual not working in tech) to 44
years (median 8; mean 10.5). The largest group of respondents reside in the USA (264), followed by Germany (52),

France (42) and Canada (34). To evaluate the representativeness of the respondents group, we aggregate the country information to the macro-regional level (Africa, Asia,
Australia and New Zealand, Eastern and Southern Europe,
Latin America, North America, Western and Northern Europe). A χ 2 test comparing the macro-regional distribution
of our respondents with those reported in a previous study of
G IT H UB users [56] reveals no differences w.r.t. the known
general G IT H UB population (p > 0.9).
Our first observation after analyzing the responses relates to
perceptions of teams. Two-thirds of respondents indicated
they consider themselves as part of a team when working on
a repository. Women (76%) score higher than men (63%),
in adherence with their more socio-emotional behavior in
teams [42, 51]. When asked who else they consider part
of their team, respondents could indicate multiple answers
related to the kind of activity (e.g., committing or issue reporting), frequency, and organizational aspects. The most
popular answer was “everyone who does something in this
repository (e.g., pushes code, submits pull requests, reports
issues)” (44%). Differences between answers by men and
women were not statistically significant (χ 2 p ' 0.97).
Another observation relates to perceptions of diversity attributes. We asked whether they are aware of certain aspects
of other team members (e.g., age, gender, hobbies, political
views, programming skill, real name, and social skills). 98%
of those that answered this question indicated they are aware
of the programming skills of at least some team members.
This makes programming skills the most visible diversity aspect we considered, hardly surprising as G IT H UB contributors can be expected to interact in their software development
roles. In addition, almost half of respondents to this question
(48.6%) indicated they are aware of the gender of most of
their teammates. This salience of gender among team members on G IT H UB contradicts earlier claims of obscurity of
gender in OSS [48] and goes against the purely meritocratic
model of OSS. Discrimination and sexism in OSS can happen if gender is so salient, and they do happen, as discussed
in the previous section. This suggests that gender diversity
in G IT H UB teams may have more intricate effects than hypothesised above. Finally, as expected, hobbies and political
views (3% are aware for most team mates; 17%—for some
team mates) are the least visible diversity aspects.
Lastly, respondents greatly differed in perception of importance of diversity. Some maintain that OSS development is
“more about the contributions to the code than the ‘characteristics’ of the person” (40, male, N America), and that “any
demographic identity is irrelevant” (26, female, N America) since “code sees no color or gender” (34, male, W&N
Europe). In contrast, e.g., awareness of the only woman
on the team of other team members’ views on diversity
makes her “feel more welcome and eager to work since the
stereotype threat isn’t prevalent” (29, female, W&N Europe),
while diversity is being perceived as a “source of creativity” (42, male, N America). Unfortunately, not all diversityrelated experiences are positive, e.g., forcing a 23-year old
N-American female respondent to create a fake G IT H UBhandle to masquerade as male or to quit a project; the latter experience has also been reported by a 40-year old NAmerican female. A 38-year old N-American female sum-

marized her experiences as mostly positive, in particular on
projects she leads; for other projects “interactions are usually
positive too, with occasional sexism, but nothing more than
one encounters in the rest of life”.
Overall, we draw several conclusions from the survey and
carry these into the subsequent analysis. First, participants
recognize team-members as those who make any type of contribution to the project. Second, team members are quite
aware of certain aspects of other team members, including
gender and technical skill. Finally, diversity appears to matter to contributors, but the perceived effects appear to vary.
Data Set

Assembling a diversity G IT H UB data set, with precise gender, location and tenure information, is challenging. First,
on a G IT H UB profile page personal information fields (e.g.,
name, location) are free-text entries, thus often noisy; gender data is missing altogether. Second, some developers use
multiple accounts, making it difficult to accurately measure
their contributions. Finally, the OSS population, with the
typically heavy-tailed workload distributions [62] (few very
active projects/contributors and many much less active ones)
require careful data filtering and preprocessing.
Preprocessing and Filtering

Our data collection process starts from the MySQL GHTorrent dump [29] dated 1/2/2014. GHTorrent is an offline persistent mirror of G IT H UB’s event streams, containing all user
events, including commits, comments, pull requests, etc.
We then cleaned and filtered this data set as follows: (i) we
unified different accounts used by the same contributor (see
unmasking aliases below); (ii) we only considered activity
between January 1, 2008 00:00 and January 2, 2014 23:59;
(iii) we removed inactive projects (i.e., having strictly less
than 100 commits in total, and strictly less than 90 days of
history between their earliest and latest recorded events, be it
commits, pull requests, issues, or comments); (iv) since we
are interested in effects of diversity on team outcomes, we
excluded very small projects (i.e., having less than four contributors, two of which committers, throughout their history);
and (v) since we could not infer gender for all contributors
(see the following subsection) and in order to compute gender diversity reliably, we further excluded projects for which
we could not infer gender for at least 75% of contributors.
Table 1 presents basic statistics about our data set. The effects of steps (ii)–(v) are denoted by “post filter”. We stress
the drastic but necessary reduction in number of projects during filtering. Even though our sample is restricted to only 1%
of the initial projects, this step is paramount to ensuring sufficient variance in the data set along all co-variates of concern.
Unmasking Aliases

Recognising all the different accounts (or aliases) a person may have used when contributing to an online community (process known as identity merging or unmasking
aliases) is essential to attributing contributions accurately,
yet an ever-recurring challenge when analyzing OSS trace
data [27, 35, 61]. On G IT H UB, the committer’s name and
email address are set locally in each developer’s git client,
rather than globally at G IT H UB level. Hence, due to variations in these attributes across devices or time, commits

Total Post filter Min Med Mean
Max
Attribute
Repo’s
6,818,042
Projects
2,605,486
23,016
Commits 76,478,208 10,735,308 100 211 466.4 150,380
1,827,391
0 11 79.4 135,557
Pull req’s
Issues
697,913
0
4 30.3 22,905
Comments
2,633,614
0 11 114.4 102,813
Contrib’s
2,677,443
671,301
4 10 29.1 13,230
Females
9,292
0
0 0.96
300
Males
157,965
0
8 22.9
9650
Table 1. Basic statistics about our G IT H UB data set.

may not be attributed properly to the relevant G IT H UB accounts. Furthermore, to account for “unknown” committer
aliases encountered while processing events from G IT H UB’s
API without losing data, GHTorrent assigns the corresponding commits to artificial aliases not linked to actual G IT H UB
accounts. This phenomenon is far from negligible: in the
GHTorrent dump we analyzed, approximately 23% of all
users have been labeled as “unknown”.
To link the different aliases belonging to the same G IT H UB
contributors as well as deal with the issue of “unknown”
aliases (an artifact of GHTorrent), we devised a series of
heuristics inspired by those of Bird et al. [5] and Vasilescu et
al. [62].4 We stress that we have been as conservative as possible when deciding if two aliases belong to the same person,
as the false positives count (i.e., aliases incorrectly merged)
would otherwise likely increase significantly [27]. For example, if multiple aliases share the same well-formed and nonfictitious email address, then we merge them, since email
addresses are considered individual. Otherwise, if email addresses differ, then we only merge aliases for which we have
collected sufficient evidence that they belong to the same
person, from their first and last names, usernames, email address prefixes and domains, or locations. Even so, with a
conservative approach to unmasking aliases, we determined
that more than 170,000 users in our data set had used more
than one alias (2,917,942 before; 2,677,443 after, 91.7%),
with a median of 2, a mean of 2.4, and a maximum of 14.
Moreover, using these heuristics we linked more than half
of the “unknown” users to actual G IT H UB accounts. Each
unique account after unmasking aliases contained activity
and personal data aggregated from all its aliases.
Inferring Gender

For each G IT H UB contributor we infer gender based on their
name and, if available, country, following the approach of
Vasilescu et al. [59]. This approach combines a number of
transformations, diminutive resolution, and heuristics (e.g.,
users from Russia with surnames ending in -ova are female),
with female/male frequency name lists collected for thirty
different countries. Country data is indeed an essential ingredient to inferring a person’s gender from their name (the
classical example is Andrea, a common male first name in
Italy, but a common female one in many other countries).
In absence of country information, this gender inference approach seeks agreement between all country name lists available that report on a given name. The reported precision of
genderComputer is 93% [59].
4 Our

code, too involved to be presented here, is available online at

https://github.com/bvasiles/ght_unmasking_aliases.

On G IT H UB, registered users can choose to disclose their
name and location in their profiles, but these fields are unstructured and often noisy, if not absent altogether. For
example, only 40% of all users identified after unmasking aliases filled in what we consider reliable entries
(i.e., at least two parts separated by space) in their name
fields. Location descriptions are also not readily trustworthy. Since not all include actual geographic data (e.g.,
city names, latitudes/longitudes, or postcodes), to identify
countries we combine information obtained from the Bing
Maps API with information derived using our custom set
of heuristics.5 Following this process we identified countries for 12.6% of all users. Then, using Vasilescu et
al.’s genderComputer [59], we could infer gender for
873,392 (32.6%) G IT H UB contributors: 91% male, 9% female. These numbers confirm an underrepresentation of
women on G IT H UB, but comparable proportions to those reported for OSS (e.g., [19, 49]) or Stack Overflow [59].
We stress that while the fraction of users for which we could
identify gender seems low (32.6%), it represents 80% of
those who disclosed their names, the best we could hope
for using any name-based technique, be it automatic or manual. Among the remaining 20% without any gender inferred,
manual inspection of a small sample revealed missing country data as the main cause of ambiguity.
Measures

Using the methodology described above we assembled a longitudinal dataset of G IT H UB projects, in which each observation contains the composition, characteristics, and outcomes of a project’s team of contributors for each quarter
in the evolution of the project. We measure quarters as 90day intervals starting from the earliest recorded commit in
each project’s history, such that data for the last quarter included is not incomplete, i.e., there is at least one commit
on the end date of this last quarter or later. In line with the
study of diversity in Wikipedia projects of Chen, Ren, and
Riedl [13], we also stress that a longitudinal approach is crucial: diversity may affect turnover, which in turn affects team
composition, which affects diversity.

be either commits, pull requests (merged or not), issues, or
comments, recorded in the project’s main repository or any
of its forks. To capture turnover in project teams we use the
fraction of the team in a given quarter that is different with
respect to previous quarter (i.e., the turnover ratio).
Independent variables

Gender diversity: We measure team gender diversity using
the Blau index [10], defined as 1 − ∑i∈{m, f } p2i , where pi are
the fraction of male and female team members. The Blau
index is a well-established diversity measure for categorical
variables (e.g., [13,33]). If teams contain members for which
we could not infer gender, the measure only considers the
fraction of the team for which we could infer gender.
Tenure diversity: Different kinds of tenure are accessible
for G IT H UB developers: (i) account tenure, capturing global
G IT H UB presence; (ii) commit tenure, capturing global
G IT H UB coding experience; or (iii) project tenure, capturing
local project experience, not restricted to coding. We select
commit and project tenure as the most appropriate measures
of coding experience and of project expertise, respectively.
Note that while G IT H UB commit tenure is restricted to coding experience within G IT H UB, other, perhaps more appropriate, measures of coding experience outside G IT H UB are
unavailable. To measure commit tenure for a G IT H UB contributor w.r.t. a given quarter, we compute the number of days
since her earliest ever recorded commit (in any G IT H UB
repository) until the end of that quarter. Commit tenure is
not available for all team members, since not everyone will
have been committer, in this or other projects. To measure
project tenure for a G IT H UB contributor, we compute the
number of quarters since her earliest recorded event in the
current project until the end of that quarter. Project tenure is
available for all team members. Commit and project tenure
are orthogonal measures: a team can be diverse w.r.t. commit tenure, if it has a mix of novice and expert coders, but
homogenous w.r.t. project tenure, if all contributors formed
the team at the same time. Since tenure measures are numerical variables, we measure tenure diversity using the coefficient of variation, defined as the ratio between the adjusted
standard deviation and the mean.

Response variables

Control variables

Productivity: We measure team productivity by the number
of commits by team developers recorded in either the main
repository or any of its forks in a given quarter. Commits
are the most encompassing form of coding contribution to
a G IT H UB project and a representative facet of developer
productivity in OSS [18]. Clearly, not all commits are created equal, some have different length and quality, and only
some commits to forks are integrated in the main repository.
Therefore, their number is insufficient to quantify the total
contribution of a team in a project, or even to quantify their
energy expenditure while doing so. However, commits are
a reasonable representative, or sample, of the overall activities developers undertake while working on a project, hence
a reasonable estimate of team productivity.

Team size: The number of contributors per project team in a
given quarter. Larger team sizes are likely associated with increased productivity and increased turnover. However, given
a small overall number of women involved in OSS projects,
we expect the impact of gender diversity to be more visible
for smaller teams.
Project forks: The number of forks part of a project. Since
activity in forks is more likely to be limited (both in time
and in amount) compared to a project’s main repository, the
number of forks is expected to have a negative effect on team
productivity, and a positive effect on turnover.

Turnover: As discussed earlier and as supported by our user
survey results, we define each project’s team as the set of
contributors active in a given quarter, where activities can

Quarter index: The index of each 90-day interval in a
project’s history, starting with 1. Time is known to have
a moderating influence on the effects of diversity [64]: as
group members continue to interact, they have more time to
adjust to differences between them.

5 https://github.com/tue-mdse/countryNameManager

Overall project activity: The overal total commit count.

Project age: The difference between the maximum index
and the index of the 90-day interval during which the first
commit was recorded, w.r.t. 1/1/2008 (newer projects have
smaller values), starting with 24. Controls for changes in
environment as G IT H UB grows with time: later projects and
their teams may have experienced a different culture.
Tenure median: To represent the “average” project or commit tenure as opposed to tenure diversity, we also include the
project median tenure and the commit median tenure.
Comments: The number of G IT H UB comments left by the
team members during a given quarter on commits, pull requests, or issues. Reflects a project’s social activity (not covered by our productivity measure).
Statistical Modeling

We wish to capture the variation in several outcomes with
respect to the basic control measures and diversity indices
described above. Our dataset contains a large number of
projects and, within each project, consists of multiple time
windows. Mixed effects models are often used in this context in order to capture measurements from within the same
group, e.g., within the same project, as a random effect. Similarly, they are used longitudinally, to measure the variance
between time points. In our case we have both, so we use two
random effect terms, the project and time window in which
the measurement was taken. For the time window we model
only the intercept as a random effect. However, as we do not
expect that projects will respond to different team sizes in the
same way, e.g., some types of projects may benefit greatly
from the addition of a new team member, while others less
so, we include team size as a random slope within the project.
All other variables were modeled as fixed effects. We tested
the inclusion of random team size slope within time windows
but the additional random effect was not significant. We used
multiple linear mixed-effects models, as implemented in the
functions lmer and lmer.test from the lme4 [3] package in R.
Due to the varying (i.e., unstable) behavior of the fitted coefficients in the models over the full range of team sizes, we
decided it was appropriate to use piecewise, or segmented
regression models. In those models, the range of a variable
is split at structural breakpoints and multiple, piecewise linear models are fitted, one for each segment. Additionally,
as we are interested in increased effects of diversity on OSS
outcomes, we further required at least one female committer
over the life of the project. This better corresponds to our
hypothesis of increasing diversity, when some diversity is already present, versus adding a woman to an all-male team.
Coefficients are considered important if they were statistically significant (p < 0.05). Their effect sizes are obtained
from ANOVA analyses. We evaluate models using the sum
of squares goodness of fit measure, while insisting on coefficient stability across models, in the segmented regression.
RESULTS

To assess the effects of our controls and diversity predictor
variables on productivity and turnover we used mixed effects, multiple linear regression models. We filtered the data
and retained a subset of it that both allowed for the calculation of all measures and was homogenous enough to yield
stable models, as described in the Data section above. The

variables that upon examination showed a log-normal distribution (e.g., counts) were log-transformed, as indicated.
A number of different measures that were highly correlated
were excluded from the models. We note that our models
were driven by our hypotheses, and were all based on the full
complement of variables and confounds that we started with,
concordant with good statistical modeling practice [53].
Productivity

To model productivity, we used segmented regression due to
the instability of the fitted model coefficients when a single
model was used over the whole range of team sizes. The results of three models, one for small teams (< 11), the second
for medium-sized teams (11 to 30 members), and a third,
for large teams (> 30), are given in Table 2. In addition
to the three model coefficients, given in the left columns of
the three pairs of model columns, the table shows the sum
of squares, a measure of variance explained, for each variable. The significance is indicated by stars. We note that the
project coefficients and the sum of squares are not comparable across the three models, but only within each model.
As expected, the number of committers and the other controls play a dominant role in explaining the variance in the
data. The effect of gender diversity is positive, highly significant, and stable over all team size ranges. Its contribution to
explaining the data variance is sizable for those team sizes.
Thus, H1 is confirmed. Likewise, looking at the commit
tenure diversity coefficient, we see it is positive and significant for medium and large teams, partially confirming H2.
Turnover

The turnover models are given in Table 3. We did not observe
an effect instability with respect to team size in the turnover
models, hence we did not use segmented regression. As with
the productivity models, the number of committers and the
other controls play a dominant role in explaining the variance
in the data. For turnover, gender diversity is not significant in
the model, thus we could not confirm a relationship between
increasing gender diversity and the tendency for team composition to change. Therefore, H3 is not confirmed. Both
tenure diversity measures, however, are significant and contribute significantly and positively to the variance explained
by the model. Therefore, H4 is confirmed. Additionally, the
interaction with median tenure across the team is also significant; we discuss this further in Section 4.
DISCUSSION

In the first set of models, we find that gender and tenure diversity have very significant, positive effects on productivity, across different team size segments, when controlled for
other effects. These effect sizes are small compared to the
controls: together, the two explain between 1% and 2.5% of
the total sum of squares (variance). This falls into the range
of small, but reportable effects (0.01 or greater in Cohen’s
criteria [14], which admittedly are not without fault [38]).
Their small sizes were expected since the majority of the
variance is explained by the big, technical players: total commits, project age, team size and number of committers. The
effects, however, are stable (remain significant) across different team sizes. A plausible interpretation of our results is,
then, that given strong known technical confounds, there is

Small Teams
Coeffs (Errors)
(Intercept)
−0.16281 (0.04003)∗∗∗
scale(log(total_commits))
0.82962 (0.00772)∗∗∗
scale(log(proj_age + 0.5))
−0.08517 (0.00760)∗∗∗
0.34781 (0.00742)∗∗∗
scale(log(num_team))
−0.35371 (0.01068)∗∗∗
scale(log(total_committers))
scale(log(forks + 0.5))
−0.11534 (0.00915)∗∗∗
scale(log(num_comments + 0.5))
0.06840 (0.00626)∗∗∗
0.05559 (0.00770)∗∗∗
scale(proj_tenure_med)
−0.04899 (0.01126)∗∗∗
scale(proj_tenure_div)
scale(commit_tenure_med)
−0.02622 (0.00754)∗∗∗
scale(commit_tenure_div)
0.01395 (0.00750)
scale(gender_div)
0.03137 (0.00564)∗∗∗
0.01554 (0.00933)
scale(proj_tenure_med):scale(proj_tenure_div)
scale(commit_tenure_med):scale(commit_tenure_div) 0.00622 (0.00498)
∗∗∗
p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05

Sum Sq.
3127.67∗∗∗
696.09∗∗∗
388.06∗∗∗
874.25∗∗∗
33.53∗∗∗
24.18∗∗∗
24.64∗∗∗
7.37∗∗∗
12.80∗∗∗
0.53
8.59∗∗∗
1.00
0.43

Medium Teams
Coeffs (Errors)
Sum Sq.
0.05540 (0.02247)∗
0.92775 (0.01961)∗∗∗
487.19∗∗∗
−0.15728 (0.01785)∗∗∗ 94.50∗∗∗
0.13788 (0.01216)∗∗∗
14.09∗∗∗
−0.16661 (0.02288)∗∗∗ 37.08∗∗∗
−0.16243 (0.01951)∗∗∗ 9.75∗∗∗
0.08385 (0.01588)∗∗∗
3.85∗∗∗
0.00500 (0.01651)
0.30
−0.10813 (0.01940)∗∗∗ 6.49∗∗∗
0.05927 (0.02100)∗∗
0.00∗∗
0.07525 (0.02195)∗∗∗
5.17∗∗∗
0.03765 (0.01043)∗∗∗
2.20∗∗∗
0.02166 (0.02226)
0.16
0.00045 (0.00966)
0.00

Large Teams
Coeffs (Errors)
0.10205 (0.02667)∗∗∗
0.84236 (0.03348)∗∗∗
−0.13490 (0.02363)∗∗∗
0.24916 (0.03403)∗∗∗
−0.07542 (0.04020)
−0.14167 (0.03411)∗∗∗
0.07763 (0.02582)∗∗
0.02607 (0.02667)
−0.09226 (0.02208)∗∗∗
0.14005 (0.03104)∗∗∗
0.12343 (0.03316)∗∗∗
0.03992 (0.01522)∗∗
0.05869 (0.02828)∗
0.01893 (0.01190)

Sum Sq.
122.99∗∗∗
26.06∗∗∗
6.01∗∗∗
4.68
1.78∗∗∗
1.47∗∗
0.67
1.97∗∗∗
0.50∗∗∗
2.18∗∗∗
0.84∗∗
0.72∗
0.29

Table 2. Productivity Models, log (number of commits) is the response. Team size segments: Small < 11; 10 < Medium < 30; 30 < Large.
Diversity
Coeffs (Errors)
(Intercept)
−0.26408 (0.07017)∗∗∗
scale(log(total_committers))
0.32924 (0.01120)∗∗∗
scale(log(forks + 0.5))
0.04446 (0.00883)∗∗∗
scale((proj_age + 0.5))
−0.00526 (0.00788)
scale(log(total_commits))
−0.44783 (0.00819)∗∗∗
scale(log(num_team))
0.19782 (0.00753)∗∗∗
scale(commit_tenure_med)
0.02439 (0.00741)∗∗
scale(commit_tenure_div)
0.07222 (0.00741)∗∗∗
scale(proj_tenure_med)
−0.21963 (0.00758)∗∗∗
scale(proj_tenure_div)
0.28548 (0.01191)∗∗∗
scale(gender_div)
0.00756 (0.00528)
scale(log(total_committers)):scale(log(forks + 0.5)) 0.01607 (0.00497)∗∗
scale(commit_tenure_med):scale(commit_tenure_div) −0.04586 (0.00465)∗∗∗
scale(proj_tenure_med):scale(proj_tenure_div)
0.09921 (0.00910)∗∗∗
∗∗∗
p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05

Sum Sq.
708.47∗∗∗
244.04∗∗∗
49.17
2415.86∗∗∗
773.27∗∗∗
92.86∗∗
274.39∗∗∗
933.91∗∗∗
169.13∗∗∗
2.25
4.10∗∗
24.12∗∗∗
42.80∗∗∗

Table 3. Turnover Models, developer turnover is the response.

a small but notable effect of gender and tenure diversity on
productivity in online software teams.
The relative effects of gender and tenure vary with team size.
As gender diversity increases, team productivity increases.
The coefficient and the size of the effect are roughly the same
across the three separate team size ranges. The positive effect is not surprising in light of prior work on online [13]
and offline groups [24]. Our findings align more with IP [52]
than the other theories discussed in the background section;
this suggests that merit matters more than demographics in
OSS. In general, in OSS projects the existence of latent social structures (communities) corresponding to code modules
has been documented [7]. Thus, project participants are arguably acutely aware of others in their smaller community,
and are more attuned to reacting to changes within those
smaller groups. On average, our results across team sizes
point to the equitable distribution of gender diversity across
the communities, over time, resulting in a scalable diversity
effect, which we observe. The productivity of programming
teams as a function of size is a complicated issue [11, 65];
however, one can reasonably expect that the effects of size in
this data are modulated by software modularization and the
organization of teams into task-oriented groups.
We now consider diversity in commit tenure and project
tenure. Recall that commit tenure measures experience
across all of G IT H UB, not just the specific project under
consideration; thus, it reflects the experience diversity of the
individuals in the team. On the other hand, project tenure
diversity reflects the diversity of experience of project members within the project. Thus, it is entirely possible for

a project to be highly commit-tenure diverse and not very
project-tenure diverse (and vice-versa). The effects of both
types of diversity tend to grow with team sizes. Committenure diversity has no significant productivity effect for
smaller teams. This is consistent with the theory that introducing “new blood” benefits any project, and more so the
bigger ones. In contrast, project tenure diversity is negative
and significant, indicating that a lot of per project diversity
is counterproductive. This suggests that project diversity increases co-ordination effort, perhaps arising from conflicts
between vested interests (long tenure) and newcomers.
The second model shows that turnover (rate of change in
project staff) is not effected by gender diversity, since its
coefficient is not significant. So, higher diversity does not
effect a change in team composition. These models do show
significant effects of tenure on turnover, however. In particular, median project tenure (not tenure diversity) has a substantial negative effect on staffing changes, i.e., the higher
the median tenure in the project, the less likely it is there
will be people joining or leaving the project. This is consistent with the notion that more experienced teams will persist,
and attrition will be lower. The project and commit tenure
diversity effects are both positive: more diverse teams experience more staffing changes. This is due to, perhaps, people
preferring teams with more homogeneous experience.
THREATS TO VALIDITY

Any empirical study is subject to a number of threats to validity. Validity of extraction of information from G IT H UB
can be threatened in a way similar to digital trace data [32]
or put in a “peril” by concerns related to mining Git repositories in general [9], or specifically G IT H UB data [34].
We attended to the threats identified above; e.g., our “post
filter” steps discussed earlier removes projects with too few
commits (Peril II [34]) and also one-person projects (Peril
V [34]). The threat of misrepresenting individual contributions, related to generated-data reliability [32], was addressed by combining contibutions of the different aliases
of an individual, and in forks of the same project. However,
despite best efforts, our measures of productivity (number
of commits) might be an underestimation, since the project
history might have been rewritten (Perils 4 and 7 [9]). Furthemore, to reduce the threats related to analysis tools [32]
we have opted, whenever possible, for techniques and approaches empirically evaluated in previous studies: e.g., the

gender inference tool has been evaluated previously [59], the
Blau index is a common diversity measure [13,33], and temporal aggregation, concern raised before [32], is done per
quarter as common in diversity studies [13, 18, 63].
CONCLUSION

Our study suggests that, overall, when forming or recruiting
a software team, increased gender and tenure diversity are
associated with greater productivity. This finding is consistent with information processing theory [52]: a diverse team,
comprised of women and men, and more and less experienced people, brings different perspectives together, thus improving outcomes. The benefits of experience diversity have
a limit, though, as higher tenure diversity may increase attrition. This negative effect appears to be mitigated, however,
when more experienced people are present.
Currently, however, women programmers are in the minority
in OSS and other technical teams. Our study suggests that
on a larger, economic and societal scale, added investments
in educational and professional training efforts and outreach
for female programmers will likely result in added overall
value. Such efforts may have to be coordinated with efforts
to remove existing barriers standing in the way of women’s
equitable integration in programming teams. To the best of
our knowledge this is the first work that provides empirical
evidence that productivity and turnover of software development teams are effected by team diversity.
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