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Abstract

Digital collaborative platforms have become crucial venues of career advancement and individual success in many creative fields, from
engineering to the arts. Gender discrimination related to behavioral choices of users is a key component to gendered disadvantage on
platforms. Such platforms carried the promise of opening avenues of advancement to previously discriminated groups, such as women, as
platforms lack managerial gatekeepers with conventional prejudice. We analyzed the extent of behavior-based gender discrimination on

two digital platforms, GitHub and Behance, focused on software development and fine arts and design. We found that the main cause of

women’s disadvantage in attention, success, and survival is largely due to the gender typicality of their behavior that varies between 60
and 90% of the total disadvantage of women. Men and women are penalized if they follow highly female-like behavior, while categorical
gender is no longer significant. As platforms employ algorithmic tools and Al systems to manage users’ activity and visibility, and
recommend new projects to collaborate, stereotypes associated with behavior can have long-lasting consequences.
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Significance Statement

This study quantifies behavior-based gender discrimination on users’ success, visibility, and survival on digital collaborative plat-
forms. Although direct discrimination is not significant, behavior-based discrimination, present in career choices and online activity,
significantly disadvantages women and men on both GitHub, a male-dominated platform, and Behance, where women are more
prevalent. Behavior-based gender discrimination accounts for 60-90% of the disparity in attention, success, and survival rates be-
tween genders. The visibility paradox magnifies these issues: women receive more attention but are not recognized as experts, leading
to higher harassment and dropout rates. As algorithmic tools and Al systems manage platforms, they risk consolidating and ampli-
fying biases. Our findings underscore the urgent need for monitoring mechanisms to ensure equitable opportunities for all users.

Introduction

Platform organizations offer digital affordances to connect pro-
ducers and consumers, and this organizational form had seen a
rapid uptake over the past decade. Today, the world’s most valu-
able businesses (Apple, Microsoft, Amazon, Google, or Facebook)
areplatforms (1, 2), and a recent report estimated that global digit-
al platforms in 2022 had 371 billion average monthly users (3).
Platformization does not appear to slow down, as the annualized
growth rate of digital trades (20%) is faster than that of physical
products (6%) (4). This acceleration has resulted in an entire
new ecosystem (5), which has changed the way we communicate
(5), shop (6), travel (7-9), define success (5), work (2, 10), and collab-
orate (11-13).

Digital collaborative platforms have become crucial tools for
independent creative workers, providing opportunities to develop
skills, connect with other like-minded people and potential collab-
orators, and help capture the attention of potential users and
buyers (14, 15). GitHub activity, the largest developer platform
with more than 100 million users, has been shown to facilitate
entry into the labor market while making it more challenging
for developers who lack open source competence or status to se-
cure jobs (16). Other platforms, such as Behance, play a similar
role for graphic artists and designers, allowing them to build
open access portfolios of their visual work, find peers for inspir-
ation, and ultimately capture the attention of buyers and clients
(17, 18).
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The motivations to contribute to open source software (OSS),
projects distributed freely with their source code for others to
use, have been connected to learning, intellectual stimulus, social
interactions, and altruism (19-21). However, the younger gener-
ation of OSS developers also uses their activity to promote their
careers (22). A verifiable track record with visible skills and earned
reputation within the OSS community can increase the probabil-
ity of being hired, resulting in higher salaries, greater job security,
and a competitive advantage to be promoted by demonstrating
leadership capabilities (16). Therefore, constant activity in OSS
(survival), high attention (large follower base) earned through col-
laborations, and the number of projects with high reputation
(many likes) can be linked to career advancement.

The role of Behance within the design community is primarily
self-promotion by allowing users to create their own narrative,
displaying their awards, achievements, and client portfolio
(18, 23). The platform also promotes a “collective belonging” to
the wider design community through social networking features.
Users can create “watchlists” of artists that they can follow for in-
spiration and can comment and like projects. Portfolio building
can be integrated into the design process, by making the release
of revisions seamless through Adobe integration. Behance users
agree that constant activity (survival), popular projects (many ap-
preciations), and a large follower base (high attention) can help to
find new customers (24, 25).

The emergence of such portfolio careers (26) carried the prom-
ise of extending opportunities to previously disadvantaged
groups, among them women (27-29). However, this new
reputation-based economy translates social capital and risk tak-
ing behavior into value which appears to benefit men more than
women (30-33). Platforms often lack features that take gender in-
equalities into account, and, furthermore, the deepest aspects of
their culture, technology, design, and algorithmic management
tend to perpetuate gender discrimination (34-39).

Several recent publications set out to chart the gender gap in
the digital economy with respect to participation and success
(40-44). Akey critical point raised about these works is that gender
itself is already encoded in the creation of technology (including
the algorithms that govern digital platforms), and thus platforms
would not be able to mitigate gender inequalities (45, 46). Gender
as a social concept assumes that men and women follow their
category-specific scripts: norms and behaviors that reinforce soci-
etal expectations (47). Role congruity and stereotype fit hypothesis
suggest that women and men who specialize in fields which seen
as a better “fit” can expect more positive evaluation (48).
Consequently, specializing in nongender-typical professions can
penalize both genders. Previous research has shown that if wom-
en specialize in technical fields where they are stereotypically
seen as a better “fit,” and that their presence is more accepted,
they are more successful (49).

Particular activities can result in behavior-based discrimin-
ation once there is a repeated pattern of a given activity having
unequal gender representation and unequal success. Seeing
only one activity being associated with a gender—say user inter-
face design being a typical female activity—and at the same
time such an activity enjoying lower attention and success is
not in itself a sign of discrimination. User interface design might
be by chance a less appreciated activity with low potential for suc-
cess. However, once such activities can be observed as a repeated
pattern, we can talk about discrimination: seeing women typically
pursue activities that result in lower success. A real-world ex-
ample of such behavior-based discrimination is a lawsuit against
Google, in which women claimed that the company arbitrarily

assigned them to activities (primarily because of their gender
and regardless of their education and experience) that had a sig-
nificantly lower salary bracket.* The company paid 118 million
dollars to redress past harms resulting from behavior-based dis-
crimination. Our attention to gender typicality intends to capture
exactly this repeated pattern across a variety of activities that
constitute behavior-based discrimination.

Femininity and masculinity are often in a hierarchical relation-
ship: What is considered feminine tends to be devalued, while
masculine behavior is rewarded. Therefore, women can achieve
greater success in male-dominated fields when practicing “mas-
culinity” (50). Men who work in stereotypically feminine jobs cre-
ate strategies to distance themselves from doing “femininity” at
work (51). For example, male nurses emphasize the physical parts
of their job, such as moving patients between beds, instead of the
caring elements.

When masculinity receives higher rewards and leads to greater
successin a culture, it eventually leads to inequality. In the field of
technology, itis the superiority of men and masculine culture that
is considered natural and is therefore beneficial. Direct gender dis-
crimination occurs when decisions and processes are based on an
individual’s categorical gender identity, resulting in disadvan-
tages by category. Gender discrimination can also be behavior-
based, based on nonsensitive attributes—like activity patterns
or specializations—, that are closely linked to gender. Thereis evi-
dence of direct (37) and behavior-based discrimination against
women on platforms (36, 38, 52).

Previous studies found that one’s gender can be predicted fairly
accurately based on their collaboration patterns, specialization,
and the style of code they produce (38, 52). In a recent study, the
gender of users was predicted on Pinterest, where the ratio of
women is higher than that of men, based on the content they
share (53). In a study exploring the digital music platform The
Echo Nest (54), where only 25% of the solo artists are women, au-
thors managed to predict the artist’s gender based on the musical
features of their songs with 90% accuracy. These studies did not
link gender typicality to success, only aimed to find behavioral
characteristics that predict one’s gender.

If users’ activity on digital platforms differ markedly by gender,
does this also result in behavior-based gender discrimination? A
prior study of GitHub (38) operationalized “femaleness” as the ex-
tent of feminine behavior by predicting a user’s inferred gender
based on their online behavior. Their results showed that men
and women are both penalized if they follow highly female-like
behavior, indicating the presence of behavior-based gender dis-
crimination. Wachs et al. (39) could explain gender differences
in the popularity and visibility of design projects by the gender
typicality of designers’ skills and used visual elements in the
Dribble designer community. Specifically they quantified the
“genderedness” of skills by how likely a skill is listed by a woman
or a man on their profiles. They also trained a neural network to
predict whether a man or a woman generated a shot based on
the visual elements used. Both variables had significant relation-
ships with the outcome metrics, indicating that gendered patterns
of specialization impact the popularity of users on Dribble. May
etal. (36) found that the gap between men’s and women's reputa-
tion on Stack Overflow, the largest technical Q&A community, is
due to the gender typicality of user activity on the site, and differ-
ences in how these activities are rewarded by the platform.

This article contributes to quantifying behavior-based gender
discrimination in the platform economy (36, 38, 39) in three major
ways. First, we provide a multiplatform analysis, as we replicate
prior work (38) on Behance, a platform that is on the opposite
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end of the creative spectrum in terms of content to GitHub. Since
design and technology are similar in having a predominantly mas-
culine culture leading to unequal representation of women within
different subspecializations (55), we expect that behavior-based
gender discrimination is prevalent on Behance, also. Despite sig-
nificant differences in the content, all key aspects of pro-
grammers’ activity on GitHub could be transferred to the
context of graphic artists on Behance—likely due to isomorphism
in platform design. This enables us to make more general state-
ments about gender inequality on platforms that a single-
platform study would not warrant.

Second, we roperationalize previously used metric “female-
ness” to better capture behavior-based discrimination. Previous
studies (38, 39, 54) showed that gendered tie formation and gender
homophily are related to success and can improve models to pre-
dict one’s gender. However, gender differences in the number of
men and women with whom one collaborates can be the result
of direct gender discrimination. Women might collaborate less
with men because men simply do not find them “worthy” to
work with (56). To avoid mixing the effects of direct and behavior-
based gender discrimination, we have removed the gendered as-
pects of collaborations from the prediction model that captures
“femaleness.”

Finally, third, we add an outcome measure, attention, to aug-
ment two measures used before, popularity, and survival.
Attention precedes popularity and survival as an initial form of
success, in the sense that platform users first need to be noticed
before they can succeed along any other dimensions (39).
Studies of gender inequalities point to inequalities in being no-
ticed in the workplace as a key dimension of women'’s disadvan-
tage. Women in highly masculine professions face a paradoxical
visibility problem: they attract considerable attention as women,
but this does not translate into their acceptance as experts
(57, 58). In other words, we expect no direct discrimination in at-
tention (as women often attract attention, especially in fields
where they are underrepresented), while it is an open question
whether there is discrimination by gender-typical behavior in
gaining attention.

In sum, we found that both men and women are penalized if
they follow highly female-like behavior: Behavior-based discrim-
ination is significantly associated with gender disparities on digit-
al platforms. In other words, women are penalized more for what
they do and not for who they are. This pattern holds for attention,
success, and survival, and it is true for both GitHub and Behance.
Our findings should be especially alarming, since the public de-
bate is forming around the responsibility of platforms in artificial-
ly decreasing the visibility of underrepresented groups (59, 60),
resulting in a 30% racial pay gap between influencers (61).
Behavior-based discrimination presents a grave risk of deeply
rooted, invisible, and stubborn inequality, as it can be baked
into the algorithms and culture of online collaborations, greatly
magnifying already existing gender inequalities.

Methods

Data

GithHb (www.github.com) is by far the most popular collaborative
platform for software projects. It offers online hosting and version
control services that allow developers to contribute to software
projects from around the world. According to Octoverse, the an-
nual statistical report of GitHub, the platform had more than
100 million user accounts in 2023, regardless of their activity

status (62). Since GitHub provides benefits beyond the recording
of contributions and the management of the source code—such
as traditional social media functionalities (e.g. following)—, it be-
came the subject of several studies, aiming to understand collab-
orative activity online (63, 64), team success, diversity (42, 65), and
gender inequality in technology (66).

In this article, we use a dataset obtained from githubarchive.
org, containing individual careers between 2009 February 19 and
2016 October 21. This dataset contains the following information
for each individual: the creation of a repository, push to a reposi-
tory (updating the codebase), opening, closing, and merging pull
requests (contributing to others’ projects); accompanied by user
information using the GitHub API (user names, email addresses,
number of followers, number of public repositories, and date
they joined GitHub; see Table 2). We collect these datapoints for
all users throughout their activity history and generate variables
by summing up their total activity by activity type.

Behance (www.behance.net) is a digital platform for creative
professionals, where they can feature a portfolio of their work,
collect, and organize the works of others for inspiration, and be-
come hired as freelancers. Similarly to GitHub, Behance allows
users to create relationships via social network features (follow-
ing, commenting, and appreciating) and share their work in a
wide variety of domains, such as photography, graphic design,
and user experience (UX) research. Behance is a considerably
smaller platform than GitHub, with about 50 million users (ac-
cording to Behance.net).

The original data source of our studyis a randomized sample of
the Behance database obtained by Kim (67). Following a common-
ly used method to sample large graphs randomly (68, 69), they ini-
tiated a random walk-based sampling procedure which selected
active users as seed sets from public timelines showcasing recent
projects in 2016. The process involved picking a user at random
from this set and continuing the walk until reaching a target of
50,000 users. The final data contained information on the gender
of 37,777 users, specialized topics, number of followers, number of
users followed, number of appreciations (likes), number of com-
ments, project views, and stylistic information of the projects,
and the total number of projects. We used the official Behance
API, to collect more detailed user information about the date of
registration, the activity status, and the users’ names. This al-
lowed us to evaluate the results of the applied gender inferring
method.

In online platforms, users often create accounts without the in-
tention of maintaining an active presence. Users might open an
account out of curiosity or to access some features outside of cre-
ative work, such as digital storage or viewing designs of others. In
order to model users’ behavior, we needed subsequent user en-
gagement; thus, in both databases, we filtered users by the level
of activity, retaining only those users with at least 10 traces of ac-
tivity within their careers. Following a common practice in filter-
ing bots on GitHub (70-72), we applied a name-based heuristic
approach to remove users who might be bots. We removed users
with names containing substrings that classified them as poten-
tial artificial agents on GitHub (e.g. “bot,” “test,” “daemon,”
“svn2github,” “gitter-badger”). This bot detection method is effect-
ive; however, it may lead to an elevated rate of false positives, in-
dicating that nonbot users might have been unintentionally
excluded from our analysis. This limitation is preferable to a scen-
ario with a high false negative rate, which would result in a sub-
stantial proportion of automated agents within our sample. In
the case of Behance, we removed all users whose accounts we
could no longer connect to the API and did not have a display
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name, which is an indication of being a company. The resulting
database contains 1,634,373 GitHub users and 30,186 Behance
users.

Gender inferring

Since none of the data sources lists users’ gender, we infer gender
from publicly available name information listed by users: first and
last names, email addresses, nicknames. Inferring users’ per-
ceived gender from public name data based on large-scale gender-
name dictionaries has been widely used in computational social
science (46, 73). However, it is important to note that these meth-
ods can also introduce bias into our results. They perform consid-
erably better with Western names, compared to Asian ones
(74, 75) and usually produce binary gender categories (73). We
are aware that not everyone has a binary gender identity; how-
ever, the name-based gender-inferring methods used are not cap-
able of capturing nonbinary identities. These are important
limitations that must be taken into account when discussing re-
sults (73); however, we believe that gender-inferring algorithms
that attempt to mimic how humans decide about the gender iden-
tity of users are valid methods for the purpose of our study. Our
study focuses on how perceived gender is associated with outcomes
on online platforms, and since the public tends to be biased and
prefers to categorize people into gender groups (76), our auto-
mated method can serve as a suitable proxy for understanding
gender inequalities.

In the case of GitHub, we infer first names from display names,
usernames, and e-mail addresses using the methods developed by
Ref. (38). Behance data were published with inferred gender, using
a commercial service called Gender API (https:/gender-api.com/).
Table 1 shows the resulting database by data source and gender.
Gender recognition on GitHub yields 11.87% women and 88.13%
men out of all users with names, while on Behance the resulting
database contained 29.45% women and 70.55% men. After filter-
ing for users with at least 10 traces of activity on both platforms,
on GitHub the ratio of women decreases to 5.49%, while on
Behance the ratio of active women decreases to 28.39%.

In order to estimate the accuracy of these two gender inferring
methods, we took a sample of 200 users for each gender category
(female, male, unknown) from each dataset and inferred their
gender manually. We compared our classification with the gender
inferring methods presented above and also added a third com-
monly used gender inferring method available as a ready-to-use
Python package (Gender Guesser)’. We found that among
GitHub users our method and the default Python package yielded
very similar results, optimized for high male precision. The com-
mercial Gender API used to infer the gender of Behance users

Table 1. Data cleaning and gender inferring results.

GitHub Behance

N in population 7,798,509 37,777
Women 194,000 11,124
Men 1,441,130 26,653
Unknown 6,163,379 -

N after filtering 1,634,373 30,186
Women 56,731 8,569
Men 977,389 21,617
Unknown 600,253 -

Sample size (by gender) 10,000 6,000

After filtering for users with at least 10 activity points, in GitHub the ratio of
women is 5.49%, and on Behance the ratio of active women is 28.39% out of
those users whose gender could be inferred.

resulted in higher overall precision, recall, and f-score compared
to the default Python package. (See the precision, recall, and
F-sore of each algorithm by gender in Fig. S1.) To validate the ro-
bustness of our results, we run all of our statistical models on da-
tasets with varying levels of gender bias that we introduced by
swapping 5, 10, and 25% of the user’s gender between male and
female.

Finally, to fix the unbalanced nature of our data with regard to
gender, we took a biased sample with 10,000 users of each gender
(male, female) from the GitHub users and 6,000 each from
Behance. We replicated our analysis on five samples; results in
the main text are presented based on sample 1 (results for further
samples are in our Supplementary material).

Identifying specializations

The gender typicality of specializations have been linked to suc-
cess on digital platforms (38, 39). Therefore, we use data that ex-
plain the content of projects on both platforms to identify users’
specializations and apply principal component analysis. In both
datasets, we created field-specific count variables that measure
the frequency at which a user worked with a given programming
language on GitHub (e.g. C, Java, Python), or the number of proj-
ects where the user indicated a given creative field (e.g. painting,
photography, copywriting). For both platforms, we used the 20
most popular programming languages or design fields of those
that appeared in at least 1,000 projects. On GitHub, we identified
six main specializations; (i) Frontend development, (ii)
Developers using Ruby for backend development, (iii) Backend de-
velopment with high activity in Java, (iv) Data Science, (v) i0OS
(iPhone Operating System) development, and (vi) PHP projects
with frontend focus. In Behance our principal component analysis
yielded eight main factors: (i) Photography, (ii) Graphic Design, (iii)
Branding, (iv) Art Direction, (v) Digital Art, (vi) Fashion
Photography, (vii) Fine Arts, and (vill) Web design- UX. (See
Fig. S2 for bar charts showing the explained variance of each fac-
tor and the correlation matrices showing the “importance” and
the sign of the relationship between the language/design fields
in the resulting specialization.)

Femaleness

We capture the gendered typicality of behavior as the probability
of being female, given a pattern of activity. Specifically, we use
random forest models to predict whether a user’s inferred gender
is female. Our features are variables that cover behavioral
choices, such as type of engagement (creating and modifying cod-
ing repositories, uploading design projects), specialization (pro-
gramming languages or art categories), and networking (such as
the number of people they follow). The resulting prediction score
is femaleness, which quantifies the female typicality of creative be-
havior on a scale between 0 (most male-typical behavior) to 1
(most female-typical behavior).

The GitHub Random Forest classification was moderately ac-
curate (AUC=0.64), on Behance the accuracy was somewhat
higher (AUC=0.69). A key strength of the random forest model
is that it can capture nonlinear relationships between variables
and enable intuitive ways to quantify the importance of variables
(77-79).

Figure 1A and C show how features impact the models’ output
(Femaleness) for each of our two cases. The dots represent users,
and the horizontal axis shows the SHAP (SHapley Additive
ExPlanations) value that estimates the contribution of a feature
as the difference between expectation without the feature
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(the mean expected prediction) and the prediction with the fea-
ture for each given user. Color is used to display the original value
of a feature—light colors indicate high values of the given feature,
dark colors low. The features are ordered by their relative import-
ance on the Y axis. For example, in the case of GitHub (Fig. 1A), the
most important predictor of being female is developing software
for the i0S mobile operating system (labeled “i0S,” first row of
and the high values of iOS development (light blue dots in the first
row of Fig. 1A) predict a low probability that a user is female (as
light blue dots are toward the lower, left-hand side of the
x-axis). This indicates that specializing in i0OS development is
more of a male-typical trait, rather than a female-typical one.
Also, according to our model, a high number of collaborators
and specialization in “Ruby backend” are more associated with
being female, as the light blue dots in these rows are more towards
the higher (right-hand) end of the x-axis. On Behance the mostim-
portant predictor of being female is “Branding,” low values of
“Branding” predict higher femaleness, indicating that it is a
more masculine specialization. The high “Number of comments,”
specializing in “Fashion photography” and “Web design & UX” are
the most feminine traits.

Figure 1B and D shows the probability density of femaleness for
men (green) and women (orange) on GitHub and Behance. The
separation of developers by femaleness is more pronounced on
GitHub; the median femaleness for women is 0.2, and for men it
is 0.8. On Behance, the probability distributions and medians are
closer to each other (0.37 and 0.63 for men and women, respective-
ly). The distributions on Fig. 1B and D indicate that the behavioral
pattern does differ by gender, although the distributions of fe-
maleness for men and women do overlap. In other words, while
women are often high on femaleness, we do find several women
with low femaleness: male typical behavior.

Models

The three outcomes attention, success, and survival have been pre-
viously linked to build a successful portfolio-based career in both
design (18) and software (16). A large follower base provides in-
creased visibility which is associated with higher project success
(24, 25, 39), in that sense, attention can precede popularity; how-
ever, project success can also fuel attention. We measure atten-
tion by the number of followers users have, which information
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B
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Fig. 1. A, C) Beeswarm plots of Femaleness. Each dot represents one data point, where the X axis is determined by the SHAP (SHapley Additive
ExPlanations) value. The features are ordered by their relative importance on the Y axis. Color displays the original value of a feature—light colors
indicate high values of the given feature, dark colors low. B, D) Distribution of Femaleness. Graphs represent the probability density of femaleness for
males (green), values on, females (orange) on GitHub (B) and Behance (D). Lines indicate median femaleness by gender groups. #, Number of.
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Table 2. Variables computed for GitHub and Behance users.

Behance

Number of followers

Number of appreciations on own designs
Activity 1 year after data collection
Years since registration

GitHub
Attention Number of followers
Success Number of stars on own repositories
Survival Activity 1 year after data collection
Tenure Years since registration
Gender Inferred from nickname, email, or full name and inferred from a user’'s name
Activity Number of pushes, number of own repositories, number of repositories, where

active, number of opened pull requests
Networking Number of collaborators, number of users followed

Number of projects, number of comments, number of
views and appreciations
Number of users followed

Fields Programming languages used in projects and creative fields designs labeled

H1: H2: H3: Direct and H4:

Direct Behavior-based Behavior-based Differential
@ [Males
IS
o
L2
jm
(@]

Femaleness Femaleness Femaleness Femaleness

Fig. 2. Hypotheses regarding combinations of direct and behavior-based discrimination. Lines shows hypothetical marginal prediction of outcomes by
gender category. Y axis is the resulting prediction of an outcome, X axis is femaleness, color indicates gender.

was available on both platforms. To become a follower, someone
needs to be aware of a user’s work and express willingness to keep
updated about further works, which requires an action by clicking
on a “Follow” button.

Our success measures sum up projects’ popularity, we use on
both sites metrics which are community driven, and often used
on rankings to list trending developers or designers.© On GitHub,
we quantify success by the number of stars on users’ own reposi-
tories, and on Behance, by the number of “appreciations” (likes) on
users’ own designs. Success is more than merely attention, as it
indicates expressed appreciation of quality towards a given piece
of work from a user; that is why we do not use project views on
Behance. On GitHub, we also use the “Number of accepted pull re-
quests” (the process of merging new code changes into a project,
reviewed by other developers) as an alternative success metric.
However, because this metric has been shown to exhibit gender
bias (37) and cannot be replicated on Behance, we included this
partof our analysis only in the Supplementary material and refer-
enced it in the Results section.

Our third outcome survival captures the active participation of
users in the platform. Staying active by producing new work and
being engaged with the community, is necessary to be noticed
by recruiters or potential clients (18, 22). To quantify it, we revis-
ited both platforms 365 days after data collection closed and
checked whether the user had additional activity in that 365-day
interval. If the user did not leave any trace of activity within this
1-year time window, we marked the user as inactive, otherwise,
we marked the user as a survivor.

Because attention and success are considerably skewed to the
right, we apply a logarithmic transformation to the number of fol-
lowers, number of stars, and project appreciations. Thus,
log (attention + 1) and log (success + 1) are estimated with linear
models. For the estimation of survival, since it is a binary variable
(users who had activity marked with 1, while dropped outs are
marked as 0), we used a logistic regression model.

We enter the same set of control variables in each model, cor-
responding to relevant alternative explanations for gender differ-
ences in outcomes. Due to higher work-family conflict and
societal expectations, women generally have less time to main-
tain their professional presence; therefore, the level of activity
might benefit men more than women (80). Men are more likely
to join online portfolio sites earlier (81), and users with a longer
tenure are more likely to build larger audiences and accumulate
more visibility (attention) and success (82, 83). Thus, we control
for tenure (number of years since registration) and total activity
(number of repositories or projects, and total activity on sites).
Table 2 describes the variables used in modeling the impact of dir-
ect and behavior-based discrimination on the three outcomes.

We specified statistical models that examine the relationship
between direct and behavior-based discrimination and outcomes.
Therefore, our key variables, gender (binary, 1 = Female, 0 = Male),
and femaleness, are entered into the models separately and also
with their interaction. Figure 2 illustrates our hypotheses, separ-
ating theimpact of direct discrimination by categorical gender (in-
dicated by color) and behavior-based discrimination by gender
typicality (femaleness, on the x-axis) on the outcomes. If individ-
ual outcomes were only impacted by direct discrimination
(Fig. 2H1), only categorical gender would be a significant predictor
in our models, without any slope for femaleness. In the inverse
case, with only behavior-based discrimination (Fig. 2H2), female-
ness would be a significant predictor in models with a significant
slope, without difference between the two gender groups (equally
impacting both men and women). The outcomes are likely to be
influenced by a combination of direct and behavior-based dis-
crimination. When there is direct discrimination, the prediction
lines will have significantly different intercepts by gender, and
there will be no significant differences in the slopes due to
behavior-based discrimination, which means that it impacts
men and women in the same way (Fig. 2H3). Lastly, it is also pos-
sible that behavior-based discrimination will have a different
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GitHub
A attention B  success C survival
Model 1 Female 4 + 1 + 1 —+
Female 4 1 I 1
Femaleness 8 8
Female x Femaleness - | 1 . 8 .
_50 25 00 25 “20 -10 00 10 _75-50-25 00 25
Behance
D attention E success F survival
Model 1 Female 4 t 1 t 1 +
Female 4 1 ‘ 1 ‘
Femaleness 1 .

Female x Femaleness

—1.20-.80-.40 .00 .40

100 50 .00 .50

T
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Fig. 3. Point estimates of outcomes, with 95% CI, for variables related to gender. Attention and success models show coefficients from linear models
predicting the log. number of stars received and the log. number of project appreciations, while survival models show coefficients from logit models

predicting survival over a 1 year period following our data collection.

impact by gender, such that, for example, women will be penal-
ized when they follow female-typical behavior, but men will not
experience the same behavior-based discrimination (Fig. 2H4).
In such a case, the interaction term between direct and behavior-
based discrimination will be significant.

Results

We found that there is a significant baseline gender difference in at-
tention, success on both platforms, and survival on GitHub. The
Mann-Whitney U tests (MW) revealed that men have a significantly
higher number of followers (GitHub: IQR,, = [1, 12], IQR,, = [0, 10],
MW, =0.000—not significant via ordinary least squares (OLS)
regression model, Behance: IQR,, =[41;928], IQR, =[25, 401],
MW, = 0.000) and are more successful (number of stars on GitHub
IQR,, =0, 1],IQR,, = [0, 0], MW, = 0.000, number of project appreci-
ations on Behance IQR,, = [66,2264], IQR,, = [47,980], MW, = 0.000)
on both platforms. Men have a higher average survival rate on
GitHub (average survival; Avg, =0.93, Avg, =0.88, MW, = 0.000)
but their advantage is not significant on Behance (Avg, =0.45,
Avg,=0.417 MW, =0.128). (See Table S1 for Mann-Whitney U
test results.)

Still considering the gross difference between gender categor-
les (without separating direct and behavior-based discrimination),
but also entering controls for activity level, tenure, and fields, we
still see a baseline categorical difference for gender in most out-
comes. All variables are measured on the scale 0-1, making esti-
mates comparable. Figure 3 model 1 for each of the six panels
from A to F shows the relative difference for female developers
in all outcomes and platforms, once we take controls into account.
With the exception of attention on GitHub, where there is no sig-
nificant difference (P = 0.186), all results show a significant female
disadvantage (all P =0.000).

Figure 3 model 2 (across all panels from A to F) shows point esti-
mates after including femaleness in the models. After introducing
behavior-based discrimination, the gender category in itself (being
female) is no longer significant. (This only means that at the zero

value of femaleness, which is fully male-typical behavior, there is
no difference between gender categories in outcomes.) However, fe-
maleness is a significant negative predictor of outcomes in all cases,
except survival on GitHub. This indicates that behavior-based dis-
crimination is a significant predictor of differential results between
men and women in attention and success on both platforms and
in survival on Behance. Our models also indicate that only on
Behance in the case of attention and success (Fig. 3D and E) female-
ness is associated with men and women significantly differently:
Women with high femaleness are predicted to receive more atten-
tion and have more project appreciations, suggesting that men are
more penalized for exhibiting highly female-like behavior.

Our results are consistent across all five samples. Femaleness
remains significant in gender-swapped datasets with error rates
5% in 70-87% of the cases (out of 100 reruns) and with error rates
10%, 55-86% on GitHub and 81-90% on Behance. Simulations with
25% gender swapping are less consistent with significant cases;
<50% remains significant. (See Model Tables S2 and S3 for five
samples and gender-swapped simulations in Supplementary
material, Table S7, and Fig. S6 for a model and marginal prediction
with an alternative success metric.)

Figure 4 shows the predicted values of attention (first column),
success (second column), and survival (third column) along the
range of femaleness by gender categories on GitHub (first row)
and Behance (second row). Although the negative impact of fe-
maleness put both men and women in disadvantage in all models
(negative slope), in some cases categorical gender predicts out-
comes differently. In the case of attention, the difference between
women (orange) and men (green) increases along the range of fe-
maleness, predicting a higher level of attention for women users
with highly female-like behavior than men. This trend holds for
predicting the number of project appreciations on Behance, while
there is no significant gender difference between women and men
on GitHub by femaleness. Our alternative success metric, avail-
able only for GitHub, the number of merged pull requests, yielded
similar results: Femaleness is a strong negative predictor, while
categorical gender is not a significant variable in the negative
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Fig. 4. Marginal predictions of outcomes from model 2 from Fig. 3, with fixing all other variables at their means. Vertical dashed lines indicate medians of

femaleness, and shaded vertical bars show the interquartile range (IQR).

binomial regression model (see Table S7 and Fig. S6). Categorical
gender is not associated with the survival of Behance users, while
female GitHub users face a disadvantage compared to men at the
higher end of the femaleness spectrum.

Figure 4 allows us to test our hypotheses described in Fig. 2. The
presence of behavior-based discrimination is shared across all
panels of Fig. 4. Thereis no clear evidence of direct discrimination;
however, the degree of behavior-based discrimination varies by
gender and outcome.

To quantify women'’s disadvantage, we take the prediction of
the outcomes of men at their median femaleness and deduct
the predicted value of women at their femaleness. On GitHub
women have an attention gap of 1.62 followers. Relative to the
predicted number of men’s followers, at men’s median female-
ness, itis a 4% gap. The disadvantageis so small, because men suf-
fer more from behavior-based discrimination than women (men
lose 17 followers between their and women'’s femaleness median,
while women lose only 15), and women have a direct gender ad-
vantage in attention (13 more followers than men at men’s me-
dian). Women suffer a total attention disadvantage of 26%
relative to men on Behance. Although women have a direct gender
advantage compared to men, it cannot compensate that they are
more affected by behavior-based discrimination.

On GitHub women have a total success disadvantage of 6%, of
which 90% is due to behavior-based discrimination and 10% due to

direct. On Behance women have a 37% total disadvantage compared
tomen’s in success, which is entirely caused by behavior-based dis-
crimination and mediated by 20% by a direct advantage of women.
In predicted survival, women suffer a total disadvantage of 6%
on GitHub, of which 74% is due to behavior-based discrimination
and 26% due to direct discrimination. The trend is similar on
Behance with a total of 11% of women'’s disadvantage, composed
of 60% behavior-based and 40% direct discrimination. (See
Table SI.4 for prediction results at men's and women'’s femaleness
medians by outcomes, and calculated direct and behavior-based
discrimination in exact numbers and percentages.)

Conclusion

Collaborative platforms show consistent behavior-based gender
discrimination, while categorical gender discrimination is only oc-
casional and small. Our findings indicate that behavior-based
gender discrimination, presentin career choices and online activ-
ity, is present both on GitHub (a considerably male-dominated
platform) and also on Behance (a platform with higher ratio of
women). We found that a significant portion (60-90%) of women'’s
disadvantage in attention, success, and survival can be associated
with behavior-based discrimination.

Behavior-based discrimination negatively associated with both
genders; furthermore, in the more gender-balanced design
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community, men are penalized even more for female-typical be-
havior, compared to women. Although design careers are often
considered more feminine than software development, and have
a higher ratio of women professionals (28%), masculine career
choices have previously been associated with greater success
(39). Although empirical studies suggest that shorter tenure and
lower participation rates are the main factor behind lower wages
and success in creative fields (31), the case of Behance suggests
the opposite: In this case, higher participation of women does not
automatically diminish behavior-based gender discrimination.

We found evidence consistent with the visibility paradox of
women in technical fields. Women attract considerably more at-
tention, but are often not recognized as experts (57). Although fe-
maleness is negatively related to attention on both fields, and
women suffer from even higher behavior-based discrimination
on Behance, they have a categorical gender advantage in atten-
tion. Female developers on GitHub are extremely visible, they en-
joy almost a nine times higher gender advantage compared to
men. On Behance, the visibility gap caused by femaleness is
only reduced by 45% due to categorical gender.

The higher attention that women attract on online collabora-
tive platforms is a double-edge sword. On the one hand, women
could use this increased visibility to build a larger audience and
promote their work, which can eventually help them succeed
through more visible role models (84, 85). On the other hand, in-
creased attention also has negative consequences for women.
Women are more likely to be harassed online and increased visi-
bility could also attract verbal violence (86-88), making women
less likely to participate (89) and dropping out at higher rates.

We cannot test the casual hypothesis that attention leads to
success and survival (as our platform data do not offer the oppor-
tunity for quasiexperimental setups), but we do see indications
that survival correlates with both attention and success on both
platforms, with a stronger association observed on Behance
((corrgipmuy = 0.51, P=0.00, corTgengnee = 0.93, P=0.00). (See Fig. S3
for correlations among outcome variables). We applied a quadrat-
ic regression model to examine whether there is a U-shaped rela-
tionship between attention and survival on Behance. Our findings
suggest that users with higher femaleness are more likely to re-
main active when they have very few followers or a large follower
base, regardless of their gender. This pattern may imply that users
with highly female-typical behavior could navigate behavior-
based gender discrimination by either maintaining a low profile
or capitalizing on greater visibility. In contrast, users with lower
femaleness have a near-linear relationship between attention
and survival, suggesting that high attention does not appear to
lead to negative consequences for them (see Fig. S5 and Table S6).

It is important to emphasize that on online collaborative plat-
forms, not only user interests and interactions shape the presence
of inequalities, ranking algorithms, and popularity-based recom-
mendation systems can fuel behavior-based segregation (90, 91).
On both Behance and GitHub users have two roles: a “creator,”
who create art and code, and a “consumer,” who view, like, appreci-
ate, and in the case of GitHub fork (use) projects. This duality needs
to serve both personas by exposing users’ work “fairly” and offering
inspiring new projects and artists to follow (92). Recommendation
systems have been shown to be biased toward more popular items,
for which many times the inherit bias of the users is blamed (90).
Although both platforms recommend content to expose certain
works, the algorithms in place are not transparent. Since most com-
mon recommendation algorithms (e.g. content-based and collab-
orative filtering) employ content similarity and taste homophily to
predict projects to watch, they are likely to contribute to behavior-

based segregation of underrepresented groups who have already
specialized in subfields (38). Although we cannot eliminate the effect
of recommendation algorithms, we are aware that they might con-
tribute to the observed phenomena.

Another aspect of platform design that may influence our re-
sults is gamification, which involves integrating game-like fea-
tures, such as points, rewards, and contests, to encourage user
engagement (13). GitHub uses gamification (e.g. visual showing
daily activity streak counts in user profiles), which tends to motiv-
ate men more than women (36, 93), potentially leading to gender
difference in consistency and activity. If this gamified reward sys-
tem would have a significant disparate influence on men and
women’s engagement, we would expect to see categorical gender
discrimination as a significant predictor in our survival model in
the case of GitHub. Only model 1 which tests for categorical gen-
der discrimination shows a significantly lower survival probability
for women compared to men, but when behavior-based discrim-
ination is included in the model, this difference disappears.
Furthermore, we see similar trends on Behance, where there is
no explicit gamification is implemented. We have two potential
explanations, gamification might not impact men and women dif-
ferently within our sample (active users), or it’s impact is already
captured by the gender typicality of behavior and thatis why cat-
egorical gender is not significant. Our current data does not allow
us to further unpack the differential impact of gamification on
men and women, since we did not collect information about
users’ rewards and achievements.

Since the launch of ChatGPT, large language models have be-
come a key tool for asking programming-related questions and
creating digital arts (94). These models were trained on data
from the Internet and have been shown to reproduce the biases in-
herent in their data sources (95). If behavior-based discrimination
is highly associated with success in online platforms, products
created via such Al systems might prefer solutions and creative
outputs generated by users with less female-like behavior.
There are already signs that self-learning algorithms would
propagate existing gender disparities in the labor market (96),
search engines (97), and produce images in a sexist fashion (98,
99). As these models would not have the capacity to recognize
and resist gender stereotypes baked into their training data sour-
ces, solutions built with them will carry over such stereotypes. As
Al solutions become wide spread, we fear that it will become al-
most impossible to detect and evade behavior-based gender dis-
crimination. The only way to mitigate the impact of Al-amplified
behavior-based discrimination would be to put into place a mon-
itoring mechanism that constantly measures direct and behavior-
based discrimination to alert the public to intervene against
harms to underrepresented groups.

Notes

“See https://googlegendercase.com/
Phttps://pypi.org/project/gender-guesser/

“See https:/github.com/trending and https:/www.behance.net/
search/projects/TRENDING
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