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Abstract: Artificial Intelligence (Al) has the potential to reshape work processes, yet its implications for
gender disparities remain unclear. This study investigates the adoption and impact of GitHub Copilot, a
generative Al tool, through a regression discontinuity design. While men are more likely to adopt and use
Copilot, the effect of generative Al on work patterns is much more pronounced for women. Compared with
men, generative Al induces women to reallocate the focus of their tasks towards core work and away from
project management to a greater degree. These findings reveal a "Generative Al — Gender Puzzle”: women
have the potential to benefit more substantially despite lower usage. This study highlights the need to ad-
dress barriers to equitable Al adoption and informs policies to ensure inclusive benefits of Al technologies.
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1 Motivation

Artificial Intelligence (Al) is predicted to substantially transform the economy and work pro-
cesses. The rapid adoption of Al technologies is expected to affect productivity, skill requirements,
and organizational structures across industries (Brynjolfsson, Rock, and Syverson, 2021). How-
ever, it is unclear how evenly distributed any potential returns to use of this new technology may
be. On the one hand, generative Al reduces the cost of access to expertise, and it may therefore
increase access to previously difficult-to-obtain just in-time assistance for disadvantaged groups
which can be viewed as democratizing access to mentorship. Multiple studies have shown the
potential for generative Al tools to narrow skill gaps by elevating the lesser skilled workers (see
Brynjolfsson, Li, and Raymond 2023; Dell’ Acqua et al. 2023; Hoffmann et al. 2024). Similarly,
Agrawal, Gans, and Goldfarb (2019) suggest that Al technologies can provide scalable support and
reduce access barriers to expertise. On the other hand, generative Al has been shown to produce
biased output which — if used at scale — may result in replicating pre-existing gaps in the workplace
or even an increase in gaps between disadvantaged groups and the majority. Studies such as the one
from Bender et al. (2021) emphasize that large language models and other generative Al systems
often encode and propagate systemic biases present in their training data, which could exacerbate
existing inequities in the labor market and the workplace. As such, it is crucial to better understand
the consequences of generative Al implementation on historically disadvantaged groups.

In science, technology, engineering, and mathematics (STEM) fields, women are typically
underrepresented: while women have an even representation at around 49.3% of the employed
population for non-STEM jobs, they make up only 29.2% of the workforce in STEM jobs globally
(World Economic Forum, 2023). Gender disparities are even more stark within the open source
software ecosystem, where only 5% of top projects have female core contributors (Trinkenreich
et al., 2022). Even beyond the level of representation, a broad literature documents a plethora of
gender gaps in the workplace. Women are less likely to be full-time employed (Goldin, 2014),
earn lower wages (Blau and Kahn, 2017), and are underrepresented in positions of leadership
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has identified closing gender gaps in the workforce as key to sustainable growth and innovation
(OECD, 2020, 2024b) and with Al as one of the technologies with the most transformation po-
tential (OECD, 2024a), it is an important question whether the effect of Al will be to reduce or
increase pre-existing societal gaps across gender.

Answering this question is crucial to better understand how policies could be established
around work and generative Al to broadly distribute its benefits across a broad swath of our society.
The most recent literature suggests that this technology follows a trend that has been observed for
past technologies, where substantial gaps in adoption and usage have been observed across men
and women (Acilar and Sebg, 2023). As such, a meta study by Otis et al. (2024) shows that women
are less likely than men to adopt and use generative Al. In another study, Humlum and Vestergaard
(2024) document this pattern in the context of Denmark for ChatGPT where they link survey data
on usage with administrative data. While these studies have made initial progress on the reasons
why women have lower rates of adoption and usage, we particularly think that interlinking the
adoption as well as usage with the consequences, and, as such, any anticipated benefits and costs,
can substantially enhance our understanding about technology adoption and usage, more broadly
construed.

Building on Hoffmann et al. (2024), we study the use of generative Al in the context of
GitHub’s Copilot — a software development focused generative Al tool based on OpenAI’s Genera-
tive Pre-trained Transformer (GPT) models, which also underlie ChatGPT. Copilot was developed
jointly by OpenAl, an Al research organization, and GitHub, a subsidiary of Microsoft that offers
a decentralized software development platform which represents the world’s largest host of open
source software (OSS) projects. Copilot was trained on vast amounts of publicly available soft-
ware code, including that hosted as OSS on GitHub itself, and assists software development with
code completion and interactive chat features. Originally released under a limited access technical
preview starting in June 2021, it became more broadly available as a full product in June 2022. As
part of this roll out process, GitHub offered complimentary access to subsets of users, including

developers of top OSS projects hosted on GitHub. The characteristics of this roll-out process assist



us in identifying the causal effects of access to Copilot. By exploiting the introduction of Copilot
during the general access period through a dataset of top developers, we compare those that were
just eligible to receive access to GitHub Copilot for free to those that are not using a regression
discontinuity design. We further identified women and men using the full names of those develop-
ers and we verified that the share of women we identified is nearly identical to the share of women
when developers select their pronouns using a new feature on GitHub (16%).

In the setting of the generative coding Al GitHub Copilot, we find at the threshold of Al
eligibility that males are as likely to adopt generative Al than females but once they have adopted
it, males are using generative Al with a higher intensity. As such, while women use generative Al
slightly less than males, we can see a different pattern emerge on the consequences that generative
Al has after receiving it quasi-exogenously. We find that women increase their share of core work
(coding) by more than males and, similarly, they reduce project management by more than males.
Aside from showing important heterogeneity of the findings from Hoffmann et al. (2024) which
depict the average effect, this heterogeneity is important in conjunction with usage. While the
usage and adoption differential are a puzzle in itself, taken together with the stronger behavioral
response of women post usage is what we call the Generative Al — Gender Puzzle: why do women
not use generative Al as much as men but when they do, they are the ones who respond most
strongly when a generative Al tool reduces their cost of core work?

Our study makes three key contributions to the literature on artificial intelligence and its im-
pact on work. First, we document a novel Generative Al — Gender Puzzle, in which men are more
likely to adopt and use generative coding Al tools like GitHub Copilot, but women exhibit stronger
responses when they adopt the technology. Specifically, we find that women experience a larger
increase in the share of time spent on the core work of coding and a more pronounced decrease
in the non-core work of project management tasks compared to men. As an addition of part of
the puzzle we show that the share of women as top developers is around 15%. While low, this
is encouraging given that the literature points to substantially lower estimates. Second, by lever-

aging quasi-exogenous variation in access to generative Al, we provide causal evidence on the



gender-differentiated effects of Al tools on task allocation, shedding light on how generative Al
reshapes work patterns along gender lines. Finally, our findings suggest that the usage and impact
of generative Al are not uniform across demographic groups, raising important questions about the
factors driving adoption behavior and the downstream consequences of Al tools in workplace set-
tings. These insights are crucial for policymakers and organizations aiming to promote equitable
Al adoption and utilization while maximizing productivity gains.

The remainder of this paper proceeds as follows. Section 2 introduces the empirical setting
which includes the background and the method. In Section 3 we characterize our dataset and
discuss the construction of our sample. We hone into the set of developers that obtain Copilot
eligibility for free via an internal ranking. We then present our results by directly starting with
the estimation across gender using the regression discontinuity design (Section 4). Section 5 con-

cludes.

2 Empirical Setting

We leverage a setting from GitHub, the largest open source software platform in the world.!
GitHub decided to provide top developers of the open source software ecosystem with a free gen-
erative coding Al named Copilot. GitHub Copilot is a code completetion tool based on GPT-3
transformer series and was created jointly by Microsoft and Open Al. It was launched in the beta
phase in the summer of 2021 and entered the general access phase in the summer of 2022. During
that phase anyone was able to purchase a monthly ($10) or yearly subscription ($100 per year)
to gain access to the coding generative Al. Aside from paid access, GitHub provided numerous
other channels to obtain free access to the coding AI. Among them, they allowed top developers
to obtain free access to the generative Al. They ranked top developer eligible projects (reposito-
ries) and they then created a threshold to decide who is eligible for GitHub Copilot. Individuals

below the threshold could obtain free access through the top developer channel and the ones above

!GitHub Inc. is owned by Microsoft Corp. since 2018.



would not obtain access through this particular channel. In line with this empirical setting, we use

a regression discontinuity design and employ the following model:

Yit = ag + ay 1 Eligible;; + as Ranking;, + asFEligible;; X Ranking; + €;

where Yit is the outcome including GitHub Copilot adoption, usage, coding and project manage-
ment. Ranking;, is the cumulative minimum Ranking across each eligible repository of a devel-
oper. Eligible; is defined as 1(Ranking < 0) which is a parameter of interest from which we
identify a change of the outcome at the normalized ranking threshold while considering a band-
width of A € [—100, 100] (see Hoffmann et al. (2024) for further details, including results for the

average developer at the threshold and robustness checks).

3 Data

For the time period from July 2022 to July 2023, we use granular data on work processes, a
proprietary ranking from GitHub and their threshold information, as well as name-based identifi-
cation to better understand differences across gender. We create a measure of coding based on the
coding tab on the project website of GitHub - which includes activities such as creating a project
(repository) and uploading (pushing) code to the platform. Similarly, we use the issues tab on a
project website of GitHub to define project management. On the issues tab developers coordinate
with each other and the community about bug fixes and feature request and, crucially, assign each
other to engage in work on a project (see Hoffmann et al. (2024) for further details).

For this project, it is crucial to identify gender. This is a daunting task. While a feature has
been introduced during our intervention period in March 2023 by GitHub for developers to report
their preferred pronoun (e.g. he/him/his or she/her/hers), its coverage is relatively low. As such,
we rely on predicting gender based on first and last name and conduct a validity check using the

pronouns.



— Table 1 about here —

Table 1 provides descriptive statistics for the sample of top developers within our bandwidth
who provided a first and last name. Based on our name-based prediction measure of gender, We
find that sixteen percent of those developers are women.?> This is consistent with the sample top
developers that report pronouns consistent with identifying as female (16.6%).

The Table further shows descriptive statistics across the outcome variables of interest from
coding, project management as well as adoption and usage. Across gender those measures appear
to be relatively similar. The only pronounced difference appears in the cumulative Copilot days.
Purely for descriptive purposes, we display skill-based measures that have been used in Hoffmann
et al. (2024). The number of days (tenure) that a developer is on the platform is higher for males
than females and consistent with this idea, male developers have a higher number of achievements
on the platforms (batches provided by GitHub). Interstingly, women seem to have more followers
than men, but they are on average not as central to projects when measured by core work as coding

contributions to projects.

4 Results

We inspect heterogeneous determinants and consequences of generative Al across gender.
— Figure 1 about here —

Figure 1 shows treatment effects at the threshold for males and females and the difference of
the two groups for a range of outcomes from weekly and cumulative days of Copilot usage, the
intensity of usage — the number of Copilot active days over the number of GitHub active days —
as well as the extensive margin of adoption in terms of ever usage. It becomes evident across all
usage and adoption measures that males (light green bar) are more active than females (dark green

bar) which results in a negative female-male difference in usage and adoption (blue bar). While the

2This share is not changing for top developers independent on the bandwidth.



difference for men relative to women goes into the same direction, it is not statistically significant
for the adoption measure of ever use of Copilot throughout our sample period. We conclude that
women do not differently adopt GitHub Copilot from men but once they adopt, they do not use
it as much as men. The literature documents substantially lower rates of Al usage & adoption
for females relative to males (Otis et al. 2024; Humlum and Vestergaard 2024) and as such our
findings are only partially consistent with the prior literature. While providing the tool for free has
a similar effect across gender through a change in adoption there may be some inherent differences
in the way the tool is used during work across gender which may explain the differential intensity

of usage.
— Figure 2 about here —

Figure 2 shows treatment effects at the threshold for males and females and the difference of
the two groups on the core work of coding and the non-core work of project management.’ We
find that women (dark green bar) respond substantially stronger than males (light green bars) when
they have access to Copilot and that they exhibit a larger relative increase in the share of coding
and a substantially larger drop in the share of project management (blue bars). While the usage and
adoption differential are a puzzle in itself, taken together with the stronger behavioral response of
women post adoption and usage creates the Generative Al — Gender Puzzle: why do women not
use generative Al as much as men but when they do, they are the ones for a responds most strongly

when a generative Al tool reduces their cost of core work?

5 Conclusion

We document gender differences of generative Al determinants and its consequences through
a natural experiment that was established by GitHub where top developers received access to a free

coding Al called Copilot at a threshold and others did not receive access through this channel. By

3We define coding and project management for each project and developer on the GitHub platform as activities visible
on the coding and issues tab, respectively. We follow the definitions established in Hoffmann et al. (2024).



identifying gender by first and last name, we establish that the share of women among top devel-
opers is around 16% (and there are around 84% men). We then used the regression discontinuity
design and for those developers, we find that women are as likely as men to adopt the coding Al
but they are using it less frequently than men. In contrast, once they have generative Al available,
women are increasing their core work of coding and reducing their project management share by
more than men. We call this pattern the Generative Al - Gender Puzzle since one may conclude
that women - while they are using the technology less - are actually the ones who are potentially
benefiting more from it.

In this paper we not only establish a new Generative Al - Gender Puzzle but we also put the
well known technology gap of usage across gender in a new light. The findings indicate that the
usage patterns of generative Al differ significantly between genders. Potential reasons that ought to
be explored is that women may intentionally use Al as a mentor when barriers present themselves
but otherwise they may not lean on it. Alternatively, the tasks that women are engaging in may be
more favorable for input from the generative Al or women may simply be making more effective

use of generative Al than men.
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Figures and Tables

Figure 1: ADOPTION OF GENERATIVE Al ACROSS GENDER

Male Female [ Female-Male Difference

Copilot days (weekly)

T T T t T T
—0.12 —0.08 —0.04 0.00 0.04 0.08 0.12

Copilot days (cumulative)

T T T
-1.8 -1.2 -0.6 0.0 0.6 1.2 1.8

Copilot Intensity

T T T T
—-0.03 —0.02 -0.01 0.00 0.01 0.02 0.03

Ever Use Copilot

—012 —0.08 —0.04 0.00 0.04 0.08 0.12
Effect of Program Eligibility on Copilot Usage

Note: The figure shows intent-to-treat effects at the eligibility threshold across mea-
sures of GitHub Copilot generative Al usage and adoption.
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Figure 2: CODING AND PROJECT MANAGEMENT GENDER-DIFFERENCES OF GENERATIVE Al

Male Female [ Female-Male Difference

Coding

-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15

Project Management

-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15
Effect of Program Eligibility on Task Allocation

Note: The figure shows intent-to-treat treatment effects at the eligibility threshold
across measures of core work of coding and non-core work of project management.
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Table 1: Descriptive Statistics

Pooled Male Female
Gender Measure
Female 0.16 0 1
Outcome Measures
Coding (Share) 0.45 045 046
Project Management (Share) 0.36 0.35 0.38
Copilot Days (Weekly) 0.11 0.11  0.10
Copilot Days (Cumulative)  4.57 4.67 3.99
Ever Copilot 0.12 0.12  0.11
Copilot Intensity 0.03 0.03  0.02
Skill Measures
Tenure (days) 967 990 820
Number of Achievements 9.01 9.12 8.32
Number of Followers 96 96 100
Project Centrality 0.36 0.37 0.27
N 4,342 3,732 610

Note: The table shows mean statistics for a range of vari-
ables for the overall sample and split by males and females.
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