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Abstract

Women remain underrepresented in computer
science, yet little is known about how gendered
associations within the field have changed over
time. This study examines longitudinal patterns
in gender—competence associations across aca-
demic and practitioner discourse from 2010-
2025 using 210 Word2Vec models trained on
9.6 billion tokens from arXiv computer sci-
ence papers as well as Stack Overflow posts
and comments. Female-competence associa-
tions were measured using relative norm dis-
tance (RND) between female, male, and compe-
tence wordsets. In academic discourse, relative
female-competence associations decreased sig-
nificantly over time (7 = —0.717,p < 0.001),
reflecting a shift towards stronger relative-male
competence association. In contrast, practi-
tioner discourse showed no significant longi-
tudinal trend (7 = —0.250,p = 0.192). Aca-
demic gender-competence trends were signif-
icantly associated with women’s representa-
tion in the U.S. computer science workforce
whereas practitioner trends were not. These
findings demonstrate that gendered linguistic
associations have not evolved uniformly across
computer science and highlight the importance
of discourse context when evaluating longitudi-
nal changes in gendered language.

1 Introduction

The underrepresentation of women in computer
science is a long-standing issue which has persisted
since the 1980s (Abbate, 2012). Women make up
only 27% of computer scientists (National Science
Board, 2020), are core developers on 5% of open
source software projects (Trinkenreich et al., 2022),
and author only 16% of computer science research
papers (Frachtenberg and Kaner, 2022).

Existing work on gender biases in computer sci-
ence has examined women'’s representation through
citation disparities (Nakajima et al., 2024), and
women’s participation in open-source development
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(Trinkenreich et al., 2022). Qualitative studies pro-
vide evidence that gender biases persist (DuBow
et al., 2017), while research using the Implicit As-
sociation Test (IAT) has provided evidence of im-
plicit gendered associations in software develop-
ment (Wang and Redmiles, 2019). However, less
work has examined how gender and competence
are associated within computer science discourse
or how these linguistic associations have evolved
over time.

Word embeddings have been found to reveal so-
cial biases, with men being linked to computer
programmers and women to homemakers in gen-
eral corpora (Bolukbasi et al., 2016). Caliskan et al.
(2017) demonstrated that semantic associations en-
coded in word embeddings reflect human implicit
bias, finding through the Word Embedding Asso-
ciation Test (WEAT) that female names are more
associated with family than career compared to
male names. Caliskan et al. (2022) further iden-
tified a male default with 77% of frequently used
words being more associated with males than with
females in word embeddings. Garg et al. (2018)
demonstrated that word embeddings can be used
to trace gender and ethnic associations longitudi-
nally by comparing relative norm distance (RND)
across embeddings trained on text from different
time periods.

Embedding-based approaches have been used
to quantify gender associations within various do-
mains including Kenyan politics (Pair et al., 2021)
and coming-of-age literature (Koch et al., 2025).
Academic publications and practitioner discussions
represent two distinct contexts of computing dis-
course, each serving different purposes in the ex-
change of technical knowledge. However, previous
work has not used embedding-based approaches to
longitudinally quantify gender-competence associ-
ations and compare their trajectory across contexts,
particularly within computer science.

Based on the findings of previous word embed-
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ding research, the present study seeks to answer
the following questions: (RQ1) How have gender-
competence associations in the language of com-
puter science changed from 2010-2025? (RQ2)
How do trends differ across academic and practi-
tioner computing discourse? (RQ3) How are these
trends associated with women’s representation in
the U.S. computer science workforce?

2 Methods

2.1 Data Collection

Practitioner data, including questions, answers, and
comments from 2010-2025 was collected from the
Stack Overflow data dump. Deleted posts were
retained to prevent selection bias introduced by
moderation. After deduplication, the final corpus
amounted to 89,679,949 posts and 60,371,716 com-
ments. Full-text academic research articles from
the same period were collected from arXiv’s public
Amazon S3 source repository, amounting to a total
of 830,538 articles from cs. * categories.

Annual estimates of women’s representation in
the U.S. computer science workforce were gath-
ered through the Integrated Public Use Microdata
(IPUMS) American Community Survey (ACS).
Computer science occupations were identified us-
ing OCC2010 codes 1000-1100, and estimates
were calculated using the IPUMS person-level sam-
pling weight (PERWT). U.S. workforce data is
used due to its accessibility across the study pe-
riod, and these estimates provide a U.S.-specific
benchmark for comparison with the global textual
corpora.

2.2 Preprocessing

Stack Overflow preprocessing removed HTML
tags, Code blocks, URLs, DOIs, camelCase tokens,
hex strings, non-ASCII characters, and mixed al-
phanumeric tokens. For arXiv articles, LaTeX tags,
references, and bibliographies were removed. Both
corpora were lowercased, contractions were ex-
panded, punctuation and tokens containing it were
removed, and text was tokenized using NLTK’s
word_tokenize. After preprocessing, Stack Over-
flow and arXiv corpora amounted to 6.7 billion and
2.9 billion tokens respectively.

2.3 Model Training

For each year of data within each corpus, texts
were randomly partitioned into non—overlapping
30-million-token slices. A Word2Vec model was

trained for each of these slices using the Gen-
sim library with parameters vector_size = 300,
min_count = 5, epochs = 5, seed = 42,
workers = 6, window = 10, sg = 0. Residual
slices with token counts less than 15 million were
discarded. A total of 210 models were trained.

2.4 Analysis

For each model, gender—competence association
was quantified using relative norm distance (RND)
from the Word Embedding Fairness Evaluation
(WEFE) library. Following Garg et al. (2018), fe-
male, male, and competence word lists were used.
Words that were not present in all models were ex-
cluded to ensure consistency across years. Final
wordlists consisted of: female (she, her, mother,
female, sister, women), male (he, him, father, male,
brother, men), and competence (adaptable, intu-
itive, analytical, sage, smart, clever, logical, intelli-
gent, apt, wise). RND measures the difference in
distance between competence—word embeddings
and the embeddings of female and male target
groups. In this case, positive RND scores indicate
a stronger association of women with competence.

Temporal trends in annual mean RND
scores were assessed separately for each
corpus  using the  Mann—Kendall test
(pymannkendal). A one—sided Mann—Whitney U
test (scipy.stats.mannwhitneyu) was used to
test whether annual mean RND scores were greater
in Stack Overflow than in arXiv. Spearman’s rank
correlation (scipy.stats.spearmanr) was used
to assess associations between annual mean RND
scores and the percentage of women in the U.S.
computer science workforce. Nonparametric tests
were used because data were not assumed to be
normally distributed.

3 Results

3.1 Female—competence association,
2010-2025

Academic female-competence association de-
creased from 2010 to 2025 (r = —0.717,p <
0.001; Figure 1), shifting from a positive asso-
ciation in 2010 to a predominantly negative as-
sociation after 2015. Conversely, practitioner
female-competence association showed no signifi-
cant change from 2010 to 2025 (7 = —0.250,p =
0.192; Figure 1). Academic discourse exhib-
ited lower relative female—competence associations
than practitioner discourse (p = 0.011).
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Figure 1: Practitioner vs Academic Associations from
2010-2025. Shading indicates standard error for years
where multiple models were available.

3.2 Female-competence association with
workforce representation

Academic female—competence associations were
positively correlated with the percentage of women
in the U.S. computer science workforce over time
(p = 0.775,p < 0.001; Figure 2a). Contrastingly,
practitioner associations were not significantly cor-
related with the percentage of women in computer
science over time (p = —0.061, p = 0.8298; Fig-
ure 2b).

3.3 Robustness of Academic and Practitioner
Trends

A leave-one-out word ablation was conducted to
assess robustness across male, female, and compe-
tence terms (22 variants; Table 1). The decreasing
academic trend was robust across 21 of 22 abla-
tions, with the sole exception being the removal of
"mother" (7 = —0.350, p = 0.065). Of the practi-
tioner ablations, 19 of 22 trials continued to show
no significant trend. Three ablations, namely the re-
moval of "sister," "him," and "intelligent", resulted
in significantly decreasing female-competence as-
sociation trends (7 = —0.467, —0.383, —0.417,
respectively; p < 0.05). Overall, the academic
trend was largely robust to individual word removal,
while practitioner results showed some sensitivity
to specific terms.

4 Discussion

4.1 Shifts in gendered associations

Results indicate that gender—competence associa-
tions have not evolved uniformly across computer
science discourse. Female-competence association
significantly decreased in academic discourse from
2010-2025, whereas practitioner discourse showed
no significant longitudinal trend. This decline in

SO arXiv
Wordlist / ablation T P T p

Full wordlist (baseline) —.250 .192 —.717 < .001
Ablations that flip trend classification:

mother —.133 500 —.350 .065
sister —.467 .013 —.533 .005
him —.383 .043 —-.767 <.001
intelligent —.417 027 —717 <.001

Remaining 18 ablations: all consistent with baseline
(SO: no trend; arXiv: decreasing, p < .01)

Table 1: Summary of leave-one-word-out ablation re-
sults (22 variants) for Stack Overflow (SO) and arXiv.
Full results in Appendix A.

academic contexts suggests a shift towards stronger
relative male-competence association, consistent
with prior work which has identified continued bias
against women in computer science (Wang and
Redmiles, 2019).

The decreasing association of women with com-
petence in academic contexts is particularly rele-
vant given evidence that gender stereotypes can af-
fect women’s sense of belonging and participation
in computer science (Master et al., 2016). While
the current study doesn’t measure stereotype threat,
gender-competence associations in language may
represent one component of the broader cultural
environment in which such stereotypes operate.

4.2 Corpora-specific Contexts of
Gender-Competence Associations

To contextualize quantitative trends, qualitative ex-
amples from each corpus were explored to illustrate
the linguistic contexts in which gender-competence
associations occur (Table 2). These examples are
intended to illustrate potential contexts rather than
provide a representative sample of either corpus.

The arXiv examples (Table 2) illustrate that
gender-competence associations can emerge when
authors discuss or critique gender stereotypes
rather than endorse them. In contrast, selected
Stack Overflow examples contain direct evaluations
of individuals’ technical competence. Together,
these examples show how gender-competence as-
sociations can arise in different linguistic contexts
across academic and practitioner discourse, em-
phasizing the importance of considering corpus-
specific contexts when interpreting these measure-
ments.

4.3 Connection to Workforce Trends

Academic gender-competence associations were
significantly correlated with women’s represen-
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Figure 2: Corpus associations vs. workforce trends from 2010-2025. Shading indicates standard error for years

where multiple models were available.

Year
2013

Corpus
Stack Overflow

Example

"she is very smart and can read
code"

"she is a smart engineer"

"she used the below which is
smart to save some lines"
"experiments using name and
gender variations on resumes
have found that both male and
female faculty members tend
to rate male applicants as more
competent, more hireable, and
worthy of more mentoring than
female applicants”

"whereas hostile work norm
involves assuming women in-
competent or talking over them
in formal meetups, benevolent
work practice includes assign-
ing women more mundane or
simpler assignments"

"women are often seen as in-
trinsically less capable than
men in their companies”

2019
2022

Stack Overflow
Stack Overflow

arXiv 2016

arXiv 2021

arXiv 2024

Table 2: Examples of gender-competence language in
the Stack Overflow and arXiv corpora.

tation in the U.S. computer science workforce,
whereas practitioner associations were not. This
matter is of interest because academic researchers
constitute only a subset of the broader computing
workforce, yet academic rather than practitioner
discourse is associated with changes in women’s
workforce representation. However, this analy-
sis cannot establish whether linguistic change in-
fluences workforce representation, demographic
change influences language, or both reflect other
factors.

5 Conclusion

Relative female-competence linguistic associations
decreased significantly in academic computer sci-
ence discourse from 2010-2025, while practitioner

discourse showed no significant trend. Academic
but not practitioner associations were correlated
with women’s representation in the U.S. computer
science workforce, highlighting differences in gen-
dered linguistic trends across contexts. Continued
examination of gendered language across comput-
ing communities is therefore important for under-
standing how linguistic representations of women
evolve alongside broader efforts towards gender
equity.

Limitations

This study measures linguistic associations in writ-
ten text rather than the attitudes or lived experi-
ences of women in computer science. Previous re-
search has identified limitations in using word em-
beddings to measure social bias. Gonen and Gold-
berg (2019) demonstrated that reductions in gender
bias according to embedding-based metrics may
leave underlying gender-related structure intact,
while Van Loon et al. (2022) showed that word-
frequency differences can influence relationships
between embedding-based bias measures and exter-
nal measures of prejudice. Consequently, changes
in RND scores over time may partly reflect shifts in
word frequencies rather than changes in underlying
associations. These findings highlight the impor-
tance of interpreting RND scores as measures of
distributional association. Domain-specific poly-
semy may affect word representations as words
like "mother" can have computing-specific mean-
ings that differ from their usage as general terms.
In addition, arXiv and Stack Overflow capture
only subsets of academic and practitioner discourse
and may not represent these communities as a
whole. These textual corpora are global, whereas
workforce representation is measured using U.S.
data, so associations with workforce demograph-



ics shouldn’t be interpreted as direct demographic
characteristics of the corpus populations. Finally,
this study’s methodology focuses on a gender bi-
nary, while future research should examine linguis-
tic associations in relation to a broader range of
gender minorities to ensure that analyses of equity
in computer science remain inclusive.
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A Leave-One-Out Ablation Results

Stack Overflow arXiv

Ablation T D T D
Full (no ablation) —0.250 .192 —-0.717 < .001
Female: she —0.233 .224 —0.550 .003
Female: her —0.217 .260 —0.633 < .001
Female: mother —0.133 .500 —0.350 .065
Female: female —0.233 .224 —0.800 < .001
Female: sister —0.467 .013 —0.533 .005
Female: women —0.117 .558 —0.717 < .001
Male: he —0.250 .192 —0.600 .001
Male: him —0.383 .043 —-0.767 < .001
Male: father —0.233 .224 —-0.717 < .001
Male: male —0.317 .096 —0.583 .002
Male: brother 0.050 .822 —0.717 < .001
Male: men —0.367 .053 —0.700 < .001
Attribute: adaptable —0.367 .03 —0.700 < .001
Attribute: intuitive —-0.217 .260 —0.767 < .001
Attribute: analytical —0.283  .137 —0.667 < .001
Attribute: sage —-0.233 .224 —-0.667 < .001
Attribute: smart —0.233 .224 —0.717 < .001
Attribute: clever —0.250 .192 —-0.733 < .001
Attribute: logical —0.283 .137 —0.733 < .001
Attribute: intelligent —0.417 .027 —0.717 < .001
Attribute: apt —0.067 .753 —0.650 < .001
Attribute: wise —0.317 .096 —0.683 < .001

Table 3: Leave-one-out ablation results for Stack Overflow and arXiv. Bold values represent ablations where trends
differed from the full word-list result for the same corpus.



