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Abstract

Community Question&Answering (CQA) platforms, such
as Stack Overflow (SO), are valuable knowledge exchange
and problem-solving resources. These platforms incorporate
mechanisms to assess the quality of answers and participants’
expertise, ideally free from discriminatory biases. However,
prior research has highlighted persistent gender biases, rais-
ing concerns about the inclusivity and fairness of these sys-
tems. Addressing such biases is crucial for fostering equitable
online communities. While previous studies focus on detect-
ing gender bias by comparing male and female user charac-
teristics, they often overlook the interaction between genders,
inherent answer quality, and the selection of “best answers”
by question askers. In this study, we investigate whether an-
swer quality is influenced by gender using a combination of
human evaluations and automated assessments powered by
Large Language Models. Our findings reveal no significant
gender differences in answer quality, nor any substantial in-
fluence of gender bias on the selection of “best answers.” In-
stead, we find that the significant gender disparities in SO’s
reputation scores are primarily attributable to differences in
users’ activity levels, e.g., the number of questions and an-
swers they write. Our results have important implications for
the design of scoring systems in CQA platforms. In partic-
ular, reputation systems that heavily emphasize activity vol-
ume risk amplifying gender disparities that do not reflect ac-
tual differences in answer quality, calling for more equitable
design strategies.

Code — https://github.com/maddalena-amendola/Gender-
Disparities-StackOverflow

1 Introduction

Community Question&Answering (CQA) platforms have
become invaluable sources of knowledge and skill-sharing,
evolving from information-exchange platforms into tools
for showcasing expertise. One well-known example is
Stack Overflow! (SO), the largest programming community,
which is not only used by developers to find answers to ques-
tions but is also used by companies to identify and recruit
experts in specialized fields of computer science (Maftouni,
Dubois, and Bunt 2022). Recent studies have highlighted
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several challenges within SO, particularly concerning inclu-
sivity. The platform is perceived as unwelcoming to minority
groups, especially women, who make up only about 10% of
the user base (May, Wachs, and Hanndk 2019; Dev, Kara-
halios, and Sundaram 2019; Maftouni, Dubois, and Bunt
2022; Scheltens and Rigoni 2022). Aggravating the prob-
lem, SO’s reputation system (a core metric used to evaluate
and showcase user expertise) favors male users, who, on av-
erage, achieve SO-Reputation scores twice as high as their
female counterparts (Wang 2018; May, Wachs, and Hanndk
2019). While some studies attribute this disparity to men’s
higher activity levels, others suggest that the platform’s pre-
dominantly male user base may contribute to biased voting
and rating patterns (May, Wachs, and Hanndk 2019; Wang
2018). As a result, women may perceive SO as a hostile en-
vironment that discourages them from actively participating
and instead encourages them to adopt strategies such as en-
gaging with posts where other women are present (Morgan
2017; Ford, Harkins, and Parnin 2017). Online platforms
that embrace and do not hinder the participation of minority
groups, especially women, are necessary to foster inclusive
online spaces and increase the diversity and quality of the
content.

This study explores the interplay between answer qual-
ity, the selection of best answers (i.e., marked “accepted” by
askers), and perceived gender within the SO community. It
aims to determine whether the recognition of contributions
and the selection of best answers is driven solely by con-
tent quality or also influenced by the perceived gender of the
contributor. By addressing these questions, this work con-
tributes to understanding bias in SO and highlights ways in
which such platforms might promote greater inclusivity.

Because SO does not collect or display gender iden-
tities of platform users, we estimate perceived gender
based on usernames and country data using genderCom-
puter? (Vasilescu, Capiluppi, and Serebrenik 2012), a widely
adopted tool in gender bias studies. This approach, which
we acknowledge has the limitation of assuming a gender
binary, seems to approximate the kind of gender inference
that users themselves might implicitly perform when view-
ing other contributors’ usernames. In other words, our focus
is not on actual gender identity, which users do not declare

*https://github.com/tue-mdse/genderComputer



on this platform, but instead on exploring if and how gender
perceptions influence community behavior.

Additionally, given their strong reasoning and coding
capabilities, we leverage state-of-the-art Large Language
Models (LLMs) to assess the quality of male and female an-
swers concerning SO questions.

We first perform two human assessments to validate the
methodology intended to approximate human judgment: (i)
the accuracy of gender inference by genderComputer, and
(i) the assessment of answer quality for specific questions
provided by male and female users. The human evaluation
supports genderComputer’s effectiveness in inferring user
gender, achieving a precision of approximately 90% for men
and 80% for women. Furthermore, by comparing the selec-
tion of the “best answer” by SO users and LLMs to human
assessments, we observe that state-of-the-art LLMs achieve
alignment rates of up to 76%, indicating good reliability in
assessing answer quality.

Next, we conduct a statistical analysis on relevant aggre-
gated features (i.e., SO-Reputation, views, and downvotes)
to compare men’s and women’s behaviors. This analysis re-
veals that men generally have higher SO-Reputation and
higher average answer scores, aligning with their greater
overall activity. On the other hand, when we restrict our
analysis to questions with both male and female responses,
women show higher activity levels, supporting the hypothe-
sis of homophilic behavior.

Finally, we compare LLM-generated evaluations with
those from SO, assessing how often a male answer is ac-
cepted over a female one that the LLM selects as the best an-
swer, and vice versa. We find that (i) LLMs agree with SO’s
accepted answers between 47% and 68% of the time; and
(ii) the frequency of choosing a male-authored answer over
a female-authored one, or vice versa, shows no systematic
pattern, with differences in selection rates remaining below
2%. This result highlights that the asker’s subjective prefer-
ences may also influence discrepancies in selecting the best
answer.

The overall analysis reveals that male and female users
provide answers of equal quality, with disparities in recog-
nition metrics primarily linked to the different activity levels
and the design of the reputation system, which heavily em-
phasizes activity volume.

The main contributions of our study are the following:

* Analysis of Feature-Based Gender Differences: our
statistical analysis supports previously observed gender
disparities, including male dominance in key features,
and prior findings on women’s homophilic behavior.

* LLM-Based Evaluation of Answer Quality and Selec-
tion: leveraging LLMs, we analyze answer quality dif-
ferences across genders and investigate potential gender-
related biases in the selection of the “best answer.”

To our knowledge, this is the first study to directly com-
pare the quality and correctness of male and female answers,
while previous research primarily suggested bias based only
on a statistical analysis of user features, neglecting the qual-
ity of answers. The paper is structured as follows: Sec-
tion 2 reviews previous research on biases in SO. Sec-
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tion 3 introduces the SO datasets, details the gender in-
ference methodology using genderComputer, and describes
dataset partitions. Section 4 outlines our methodology, in-
cluding Features-based (Section 4.1) and LLM-based analy-
ses (Section 4.2). Section 5 presents human evaluations con-
ducted via Amazon Mechanical Turk®. Section 6 discusses
the results, while Section 7 concludes with key findings and
implications.

2 Related Work

CQA platforms, such as SO, are designed to promote knowl-
edge sharing and user engagement. These platforms are of-
ten perceived as meritocratic and free of gender barriers due
to their openness and transparency (Wang 2018). However,
research indicates that SO tends to be a male-dominated en-
vironment (Wang 2018). Ford et al. (Ford et al. 2016) con-
ducted semi-structured interviews and surveys, uncovering
that women face several more barriers than men. These bar-
riers include doubts about their expertise and feeling over-
whelmed by the competitive environment. Jay Hanlon, vice
president of community growth at SO, acknowledged the
presence of race and gender biases, stating that many per-
ceive SO as hostile or elitist, particularly newer coders,
women, people of color, and other marginalized groups
(Hanlon 2018). SO has frequently been criticized for being
a harsh and unfriendly environment (Maftouni, Dubois, and
Bunt 2022).

SO included analysis on gender in its Developer Sur-
vey* only between 2015 and 2022. During this period, the
share of women respondents remained stable at approxi-
mately 10%. This persistent imbalance has been a recur-
ring theme across the surveys. For instance, the 2019 sur-
vey confirmed that all developer categories had dramatically
more men than women, in line with broader research show-
ing that women leave tech jobs at higher rates than men.
Moreover, SO asked nearly 80,000 users what aspects of the
platform they would most like to change, revealing gender-
based differences in perceptions: men associated the plat-
form with terms like “officia”, “complex”, and “algorithm”,
while women described it as “condescending,” “rude,” and
“assholes” (Brooke 2019). The 2020 survey further under-
scored the importance of inclusion and retention. When
asked about desired changes to SO itself, women were more
likely than men to highlight the need for better communi-
cation norms. Finally, the 2022 survey reported that women
were less likely to consider themselves part of the SO com-
munity, illustrating how the platforms perceived inclusive-
ness remains a concern. Since 2023, questions about gender
have been removed from the survey due to privacy concerns.
Anecdotal reports also portray SO as unwelcoming, with fre-
quent criticisms of reputation-based elitism and harsh com-
munication practices.’

3https://www.mturk.com/
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Common challenges women face include fear of nega-
tive feedback, lower confidence in their programming skills,
an unwelcoming environment, inappropriate language, the
competitive nature of the platform, and lack of peer support
(Scheltens and Rigoni 2022). Furthermore, evidence sug-
gests that men benefit more from the current reputation sys-
tem, which is biased against women. This disparity arises
from gender differences in participation: women are more
likely to ask questions, while men are more likely to provide
answers and cast votes. The system favors answering ques-
tions, disadvantaging women due to their higher tendency to
ask questions (Wang 2018; May, Wachs, and Hanndk 2019).
Studies show that the average woman has roughly half the
SO-Reputation points of the average man (May, Wachs, and
Hannak 2019; Brooke 2021). In fact, male users tend to re-
ceive higher scores for their answers, suggesting that biases
in scoring contribute to gender disparities in SO-Reputation
(Brooke 2021). Additionally, votes on questions and an-
swers are influenced by SO-Reputation bias, where users are
more likely to vote positively on content from users with
higher SO-Reputations, regardless of content quality (Deyv,
Karahalios, and Sundaram 2019). Finally, Ford et al. (Ford,
Harkins, and Parnin 2017) suggest that the presence of more
women in a thread creates a supportive environment, boost-
ing female participation and fostering a sense of belonging.
Women become more active after engaging in peer parity
posts, defined as interactions where individuals can identify
with at least one other peer (Morgan 2017). Brooke (Brooke
2021) concludes that SO users tend to interact with others of
the same or similar gender, indicating a gender-based orga-
nization in user interactions.

In conclusion, while SO aims to be an open and merito-
cratic platform, significant gender biases persist, affecting
user experiences and outcomes. Addressing these biases is
crucial to creating more inclusive and supportive communi-
ties. Despite increased research efforts over the past decade,
women’s representation on SO remains low (Scheltens and
Rigoni 2022). Proposed solutions include adjusting the repu-
tation system to value question contributions as highly as an-
swers (Wang 2018). Such a redesign could reduce the gender
gap in SO-Reputation scores by nearly half (May, Wachs,
and Hanndk 2019), promoting a more balanced and inclu-
sive experience.

To our knowledge, this is the first study that focuses ex-
plicitly on the quality and correctness of the answers pro-
vided by male and female SO users. By leveraging human-,
feature-, and LLM-based evaluations, we show that (i) there
are no quality differences in answers provided by male and
female users; (ii) askers’ selection of the best answer is not
influenced by gender bias but rather by subjective and objec-
tive factors; and (iii) recognition disparities stem from differ-
ences in participation patterns and a reputation system that
heavily favors high activity levels.

3 Data Collection and Annotation

In this section, we describe the structure of the SO commu-
nity, outline the methods for gender inference, and explain
the process of creating curated datasets tailored to our anal-
ysis.
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3.1 The Stack Overflow community

SO, the most extensive and widely-used programming com-
munity, is the largest community of the StackExchange® net-
work, a group of CQA portals that provide quarterly data
dumps’ of community activity, covering all content from the
creation of each site to the present.

SO registered its first question in 2008 and hosts over 24
million questions, 36 million answers, and 26 million users.
Users on SO post questions by specifying a title, a detailed
body, and a set of tags chosen from a predefined list, which
categorize the question’s topic. By using tags, community
members can quickly find open questions where they can of-
fer help in solving problems. As technology evolves rapidly,
the distribution of tag usage follows a power-law distribu-
tion (see Figure 2 in (Chen, Coogle, and Damevski 2019)):
a few tags are used frequently, representing the major topics
discussed on the platform, while the majority are used in-
frequently, typically reflecting more specific or niche prob-
lems. Finally, the community can upvote or downvote ques-
tions and answers, and importantly, only one answer can be
marked as accepted, thus identifying the best solution for
the asker. As users receive more upvotes and have their an-
swers accepted, their SO-Reputation score increases, reflect-
ing their expertise and ability to provide high-quality solu-
tions.

A comprehensive overview of the features available in the
SO dataset is presented in the Appendix.

3.2 Gender Inference

SO does not require users to specify their gender, leading
researchers interested in gender-based analysis to develop
tools and methodologies to infer this information. The gen-
derComputer tool is designed to infer a user’s gender (i.e.,
male, female, or unknown) based on their name and coun-
try (Vasilescu, Capiluppi, and Serebrenik 2012). It relies on
statistics about the occurrence of names in specific countries
and can even handle modified usernames, such as “w3513y”.
We adopt genderComputer in our work as it is widely used
in research studies focusing on gender biases in SO (Wang
2018; Scheltens and Rigoni 2022; May, Wachs, and Hanndk
2019; Brooke 2021; Ford, Harkins, and Parnin 2017).

Our aim is not to classify users’ actual gender identities,
but rather to approximate the perceived gender that a typical
platform user (e.g., an asker) might infer based on personal
information like name and country. In real-world settings,
this perception is likely to be binary and based on cultural
assumptions. Thus, using binary gender labels provides a
pragmatic proxy for understanding how biases may manifest
in a community where such perceptions influence behavior.

However, we acknowledge several ethical implications
and limitations when using a tool that infers (binary) gen-
der based on names and country-specific statistics. Firstly,
the tool assumes that usernames are based on real names
and that users disclose their actual location. Some individ-
uals, particularly women, may use pseudonyms or adopt
male-sounding usernames to hide their gender and avoid

®https://stackexchange.com/
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bias or stereotypes (Bruckman 1996; Szell and Thurner
2013). Moreover, names can have different gender associ-
ations across cultures or linguistic groups within a country.
A tool relying on name statistics from specific countries may
misinterpret names in multicultural contexts, leading to in-
correct inferences. As gender identification often depends
on nuanced, contextual aspects, we employ a human eval-
uation process in Section 5.1 to evaluate the genderCom-
puter’s accuracy. While binary simplification excludes non-
binary and fluid identities, it aligns with our focus on mea-
suring potential bias in the gendered perception of contribu-
tors. The goal of our research is to promote inclusiveness in
these platforms. Recognizing their mechanisms and limita-
tions can help understand how biases against women can be
addressed, which is a step in that direction.

Hereafter, we omit the adjective “perceived” before gen-
der for brevity, though we always refer to inferred gender as
the one most likely perceived by the community.

3.3 Data sampling

Given LLMs’ complexity and resource-intensive nature, we
streamline the dataset by considering only the questions and
the answers posted from 2017 to the present. Moreover, we
perform several pre-processing steps.

First, we use genderComputer to infer the gender of all
platform users and discard those whose gender cannot be in-
ferred. The entire dataset consists of 22 million users, but
only 3 million contributed as answerers. From this subset,
we excluded users without a recorded name or location, re-
sulting in approximately 1 million users. Using genderCom-
puter, we inferred the gender of 622,995 users, about 11% of
whom were female. We consider the answers from the users
selected in the previous step and the corresponding ques-
tions. At this point, we have all the questions with at least
one user for which we may infer the gender.

To determine whether individuals exhibit bias when se-
lecting accepted answers, we consider all questions with at
least one male and one female answerer in the answer thread.
Specifically, we refine the answer set to include only those
responses the asker might have seen at the time of accep-
tance. This requires establishing a time threshold to decide
which responses should be considered relevant for a given
question, excluding responses posted as much as a year later.
This process results in the creation of two distinct datasets:

* AccDate: In the absence of an exact acceptance time,
we assume that users select the best answer when it
is posted, based on the assumption that they generally
seek timely solutions, actively monitor responses to their
questions, and may receive notifications when an answer
is posted.

* AcclDay: We relax the constraints of the AccDate
dataset by including all answers posted within one day
of the accepted answer, allowing for a broader analysis
of responses received in close temporal proximity.

Table 1 presents statistics for the entire period along-
side the two final datasets used in our analysis. Consid-
ering the entire community period 2008-2024, female
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Questions Answers Users 9%F
2008-2024 10,640,406 14,176,892 622,995 10.97
2017-2024 4,255,489 5,095,104 418,157 11.00
AccDate 24,496 53,571 23,230 32.12
AcclDay 48,268 111,214 37,436 29.25

Table 1: Number of questions, answers, users, and percent-
age of female (%F) users across datasets.

users (%F column) account for approximately 11% of an-
swerers, consistently with previous findings (May, Wachs,
and Hannak 2019; Dev, Karahalios, and Sundaram 2019;
Maftouni, Dubois, and Bunt 2022; Scheltens and Rigoni
2022). Focusing on a more recent period (2017-2024) halves
the number of questions and answers while maintaining a
consistent percentage of female users. Limiting the dataset
to questions with both male and female respondents be-
fore the accepted answer (AccDate) retains only 0.58% of
questions; extending the window by one day (AcclDay) in-
creases this to 1.13%. Notably, in both datasets, the propor-
tion of female respondents rises to approximately 30%. The
same trend is observed when selecting questions with both
male and female respondents over the entire period, poten-
tially reflecting prior findings of homophilic behavior among
women (i.e., a greater likelihood of responding when other
female users have already participated), thereby increasing
their presence in these threads (Morgan 2017; Ford, Harkins,
and Parnin 2017). We further investigate this in Section 6.1.

Given the large scale of the SO dataset and the result-
ing computational complexity, we restrict our comparison of
the AccDate and AcclDay subsamples to the 2017-2024
dataset, from which both are derived. Table 2 presents the
topic coverage of the selected datasets across different per-
centiles (Pct column), based on tag occurrences in the full
2017-2024 dataset. At the 500 percentile, all tags with
at least 9 occurrences are included, representing a broad set
of tags with relatively low frequency. For lower percentile
values, topic coverage is limited. However, as previously
highlighted, the field of computer science evolves rapidly,
resulting in an exponential increase in tags with shallow fre-
quency. In analyzing topic coverage, we aim to ensure that
the main topics, identified by tags with very high occur-
rences, are represented. Substantial coverage starts from the
90™ percentile, which includes nearly all of the primary top-
ics discussed on the platform.

4 Methodology

To assess gender disparities on SO, we adopt a twofold ap-
proach: (i) we first perform a Feature-Based Analysis to
statistically compare user features, identifying patterns and
trends that may indicate disparities; (ii) we then analyze gen-
der differences by evaluating the quality of answers provided
by male and female users, leveraging state-of-the-art LLMs.
In this section, we outline the methodology adopted for both
analyses.



Pct  Min. Occ.  #Tags Coverage (%)

AccDate AcclDay
50.00 9 26,772 22.98 29.22
75.00 37 13,224 41.13 50.69
90.00 164 5,269 71.55 80.98
95.00 424 2,630 89.54 94.33
97.50 1,019 1,315 97.49 99.16
99.00 2,697 528 99.81 100.00

Table 2: Topic coverage of the AccDate and AcclDay
datasets relative to the 2017-2024 dataset across differ-
ent percentile thresholds.

4.1 Features-based Analysis

Previous research (Brooke 2019, 2021; Ford et al. 2016;
Wang 2018) has highlighted the presence of gender biases
on SO, specifically against women, mainly by analyzing
recognition metrics on the platform. Building on this body
of work, we aim to statistically compare the distributions of
key user-level features across genders and also assess how
dataset filtering impacts the composition and characteristics
of the resulting subsamples.

We consider the following features computed for each
user over the entire available time span 2008-2024: Rep-
utation, profile Views, number of UpVotes and DownVotes
cast, number of Answers and Accepted Answers, average
answer Score, and Average Delay, defined as the mean re-
sponse time in hours. This allows us to contextualize the ac-
tivity, visibility, and recognition of users included in each
sample relative to the broader platform population.

To statistically assess the differences, we apply the Mann-
Whitney U test, a non-parametric test used to evaluate
whether two independent samples come from the same dis-
tribution. The test is conducted using commonly applied sig-
nificance levels of a: 0.05 and 0.01. When the p-value is
lower than «, the test rejects the null hypothesis, suggest-
ing that the distributions of male and female users belong to
different populations. Given the large user set and the sig-
nificant dominance of male users, we enhance the test accu-
racy by performing 5,000 permutations and the Bonferroni
correction (Dunn 1961).

Finally, we analyze homophily in the answerer-asker net-
work by measuring (i) gender assortativity (Newman 2002)
with the Spearman rank correlation, and (ii) the likelihood
of users responding to questions from askers of the same
gender, while accounting for the overall gender imbalance.

4.2 LLM-based Analysis of Answers Quality

In this section, we evaluate the quality of answers provided
by male and female users on SO. By analyzing the propor-
tion of cases where male answers were accepted over female
answers and vice versa, we aim to uncover gender-based dis-
parities in accepted answers.

Evaluating answer quality is a daunting task, as SO ques-
tions span diverse domains and a complete human assess-
ment is impractical due to the large dataset. Instead, we use
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LLMs to compare the quality of multiple answers to user
questions.

LLMs have demonstrated proficiency in tasks closely re-
lated to humans, namely ranking and relevance judgment.
In the context of ranking, models based on Instructed Large
Language Models (ILLMs) have shown effectiveness in or-
dering answers by their relevance to a given query and are
acknowledged as the state-of-the-art solution. Regarding rel-
evance judgment (i.e., the task of assessing the relevance
of an answer given a user query), LLMs have proven to be
highly effective (Faggioli et al. 2023), sometimes even pro-
viding more consistent judgments than humans.

Hence, we frame the task of selecting the best answers
among those provided for a certain question as a ranking
problem, where LLMs evaluate and order answers based on
their relevance and quality concerning each question. This
ranking allows us to identify the top answer for each ques-
tion and compare it to the community’s accepted answer,
providing a basis for assessing potential biases in selection.
We choose to employ two different kinds of LLM-based
models, namely Re-ranker models and ILLM:s.

Re-Rankers. The role of a re-ranker is to enhance the qual-
ity of a ranked list, typically by refining the selection made
by the retriever or a preceding simpler ranking function
(Pradeep, Sharifymoghaddam, and Lin 2023b). We use three
state-of-the-art re-ranker models:

* MonoT5 (Nogueira, Jiang, and Lin 2020): It adapts the
TS5 model (Raffel et al. 2020) to the problem of predicting
query-document relevance scores.

* RankVicuna (Pradeep, Sharifymoghaddam, and Lin
2023a): The first open-source LLM for listwise rerank-
ing in zero-shot scenarios.

* RankZephyr (Pradeep, Sharifymoghaddam, and Lin
2023b): A state-of-the-art, open-source LLM for listwise
zero-shot reranking that, in some cases, surpasses propri-
etary models such as RankGPT4.

Instructed Large Language Models. We employ two state-
of-the-art open-source ILLMs, namely:

» LLama-3-8B® (Dubey et al. 2024): it achieves state-of-
the-art performance across various benchmarks, often
comparable to leading models like GPT-4.

* Mistral-7B® (Jiang et al. 2023): focused on efficiency, it
outperforms larger models like Llama 2 13B.

To minimize potential biases from answer order (Liu et al.
2024), we shuffle the answers for each question and create
three distinct permutations of the set of answers. Each model
generates a ranking for each permutation. Importantly, mod-
els receive only the question content (title and body) and
answer text with no user information to avoid possible bias
propagation through the model evaluation.

ILLMs can produce malformed answers that do not at-
tain the provided instructions (Pradeep, Sharifymoghaddam,
and Lin 2023a) (e.g., returning different sets of answers or

8https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
*https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.1



providing only a textual description). To ensure a fair com-
parison, we (i) set a low temperature of 0.1 to promote de-
terministic outputs, and verified on a small subsample that
indeed repeated runs consistently yielded identical answer
rankings, and (ii) discarded all responses that did not fol-
low the prompt instructions. Across both datasets, a portion
of the questions was discarded during preprocessing due to
inconsistent or incomplete model outputs. After generating
rankings across permutations, we aggregate results for each
model individually. To keep the probability of agreement by
chance below 5%, we retained questions with fewer than five
answers only if the same answer was ranked first in all three
permutations, and questions with five or more answers only
if the same answer appeared in the top position in at least
two out of three permutations.

5 Human Evaluation

We conduct a human evaluation to carefully assess two piv-
otal aspects of our study: (i) the accuracy of the gender-
Computer tool in inferring users’ genders, and (ii) the LLM-
based selection of the best answers provided by male and fe-
male users for a given question. For this purpose, we employ
Amazon Mechanical Turk (MTurk), a well-known crowd-
sourcing platform where tasks are delegated to a distributed
workforce who complete them remotely for payment. To en-
sure ethical compensation, we adhered to a minimum wage
equivalent to at least $8 per hour for participants.

Each task in our experiments consists of ten questions,
including one attention-checking question designed to en-
sure that participants carefully read and understood the task
instructions. The use of attention-checking questions is es-
sential for maintaining the reliability of the evaluations, as
MTurk workers are typically incentivized to complete tasks
quickly since they are paid per completed task, not by the
hour (Gibson, Piantadosi, and Fedorenko 2011). This cre-
ates a natural tendency to prioritize speed over thorough-
ness. For each task, we exclude from the analysis the assess-
ments of workers who either failed the attention-check ques-
tion or consistently selected the same answer. Moreover, to
enhance the robustness of our analysis, we selected Masters
workers who have consistently demonstrated high accuracy
and reliability across various tasks.

Finally, for both tasks, we assess inter-rater reliability
between human and non-human annotators using Krippen-
dorft’s alpha (Krippendorff 2004), which is well-suited for
varying numbers of raters and missing data.

5.1 Gender Inference Assessment

In this section, we present the human evaluation conducted
to assess the effectiveness of genderComputer in gender in-
ference. While it is a widely used tool, this evaluation pro-
vides a more detailed analysis of its performance, allowing
for the quantification of errors across different genders.

We selected 440 user names, including 44 widely recog-
nizable attention-checking names (such as “John = male”),
with a distribution of 80% male, 10% female, and 10%
unknown, following the proportion of the entire dataset.
The names were divided into 44 tasks, each containing ten
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Acc. (%) P (%) R (%) Fl (%)

(Overal 84__ 70 __ 70 ____-.
“Male” - 93 90 92
“Female” - 79 59 68
“Neither” - 39 61 48

_ Corrected Overall 86 T ™ -
“Male” - 90 94 92
“Female” - 80 83 81
“Neither” - 61 44 51

Table 3: Accuracy (Acc.), Precision (P), and Recall (R)
of genderComputer in comparison to human evaluation for
gender inference. Class-level metrics also include the F1-
score (F1). The Corrected Overall row shows updated met-
rics for genderComputer after manual corrections to human
evaluation concerning the Female class.

names, including one attention-checking name. Each task
was completed by five workers, who classified names as
“Male”, “Female”, or ‘“Neither” and rated their confidence
as “Very”, “Fairly”, or “Not confident”. To assign a final
gender to a name, we compute scores based on confidence:
2 for “Very”, 1 for “Fairly”, and O for “Not confident”. The
gender with the highest score was taken as the final assign-
ment, while tied or nearly tied scores (i.e., one point dif-
ference) were categorized as “Neither” to reflect a lack of
consensus.

Table 3 highlights the genderComputer’s strong over-
all performance with 84% accuracy. However, genderCom-
puter shows notable disparities between genders: the male
class achieves an F1-score of 92%, while the female class
achieves 68%, reflecting challenges in accurately classify-
ing female names.

A manual analysis of cases where humans disagreed with
genderComputer’s predictions for females (18 out of 44
names) revealed that genderComputer correctly inferred the
gender in 9 instances. We corrected the human assessment of
these instances, increasing the overall accuracy to 86%, the
female recall from 59% to 83%, and the F1-score to 81%.

The “Neither” class remains challenging, with an F1-
score of 48% initially, rising to 51% after corrections, in-
dicating difficulties in handling ambiguous names. Inter-
estingly, human annotators tend to assume men as a de-
fault (Perez 2019), which can be seen in their categoriza-
tion of ambiguous or fantasy names, contrasting with gen-
derComputer, which relies on statistical matching. In fact,
in 17 cases where genderComputer could not assign a gen-
der, humans labeled 14 names as Male and 3 as Female. For
the purposes of this study, however, only male and female
classifications are considered.

Finally, we computed Krippendorff’s alpha to assess
inter-rater agreement among both human and non-human
annotators. We included LLama-3-8B and Mistral-7B as ad-
ditional annotators for the binary gender inference task, ap-
plying the same procedure as above. LLama-3-8B achieved
an accuracy of 88%, with an overall precision and recall of



78%. 1t performed well across genders, yielding F1-scores
of 94% for males and 78% for females. By contrast, Mistral-
7B reached 80% accuracy, with a precision of 77% and a
recall of 66%. Howeyver, it showed a markedly lower recall
for females (33%, F1-score 49%), reflecting a tendency to
under-identify female names by often classifying them as
Neither.

Among human raters, we observed a moderate agreement
(o =0.52). Incorporating the two LLM:s slightly reduced the
agreement to 0.50, suggesting that LLMs perform similarly
to humans on this relatively straightforward task.

In conclusion, the human evaluation supports the accu-
racy and reliability of genderComputer in inferring gender.

5.2 Answer Quality Assessment

The purpose of the human evaluation of answer quality in
relation to their corresponding questions is twofold. First,
unlike SO, human evaluators are presented only with the tex-
tual content of the questions and answers. This removes the
user’s metadata information, which can introduce biases. By
eliminating these factors, the evaluation aims to determine
whether SO users have occasionally selected an answer as
the “best” due to unrelated factors, even when a better alter-
native exists.

Second, human evaluation serves as a benchmark for
LLMs’ ability to perform the answer quality assessment.
LLMs have demonstrated strong reasoning skills, particu-
larly in complex problem-solving domains like program-
ming. By comparing human judgments with LLM-generated
assessments on a curated subset of questions, the evaluation
can help validate LLMs’ reliability in this task. Given the
resource-intensive nature of large-scale human evaluation,
this benchmarking step is essential for enabling scalable and
trustworthy analysis across the entire dataset.

We analyzed 220 questions, including 22 attention-
checking questions to assess MTurk worker reliability.
Questions were selected from the AccDate dataset, assum-
ing the asker accepted the answer immediately upon post-
ing. To simplify the task, we included only questions with
two answers and limited the text length to 1,000 charac-
ters for both questions and answers. Questions containing
direct links to SO were excluded to prevent evaluators from
identifying the source and ensure unbiased assessments.
Attention-checking questions were chosen where all LLM
models and SO agreed on the best answer. Finally, we main-
tained a balanced gender distribution, selecting 110 ques-
tions with female-provided accepted answers and 110 with
male ones.

We targeted workers with information technology-related
jobs to align with the analysis’s specific domain (i.e., cod-
ing questions). As done for the gender inference assessment,
each task consisted of ten questions, each assessed by ten
workers. Users were asked to select the best answer for each
question and rate their confidence as “Very”, “Fairly”, or
“Not”. The final assessment was assigned to the answer with
the highest cumulative confidence score.

We excluded all workers who failed the attention check
or always selected the same answer, resulting in a final set
of 184 evaluated questions. For each LLM-based model, we
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Source/Model Acc. (%) P (%) R (D) #Q
Stack Overflow 66 67 66 184
MonoT5 54 54 55 183
RankZephyr 59 59 59 130
RankVicuna 62 62 62 146
LLama-3-8B 76 76 76 104
Mistral-7B 68 68 69 127

Table 4: Accuracy (Acc), Precision (P), Recall (R), and
number of questions successfully elaborated (#Q) of each
Source/Model when compared to human assessment of the
best answer.

included only the questions where the model consistently
selected the same best answer across three runs with shuffled
answer orderings (as described in Section 4). This resulted
in varying numbers of evaluated questions across models, as
shown in Table 4.

Human evaluations serve as the ground truth to assess the
performance of various sources (e.g., SO) and methods (e.g.,
LLM-based models) for selecting the best answers. Table 4
presents the Accuracy (Acc.), Precision (P), and Recall (R)
for each ranking source, expressed as percentages, together
with the number of questions (#Q) each model successfully
elaborated. SO achieves an accuracy of 66%, indicating that
community-selected “best answers” align with human eval-
uations about two-thirds of the time. While this suggests a
reasonably reliable process, the remaining 34% of disagree-
ments deserve further investigation, particularly to explore
potential biases arising from the community’s exposure to
answerer metadata.

Among the LLM-based models, LLama-3-8B achieves
the highest accuracy at 76%, followed by Mistral-7B with
68%. RankVicuna and RankZephyr, both based on LLaMA-
v2 (Touvron et al. 2023) and fine-tuned for ranking, follow
with accuracies of 62% and 59%, respectively. MonoTS5,
a traditional document ranking model, performs the worst
with an accuracy of 54%, likely due to its limited suitability
for technical CQA answer evaluation. Precision and recall
across all sources remain stable, indicating their ability to
identify relevant answers without disproportionately includ-
ing incorrect ones.

To further analyze model behavior, we examined perfor-
mance by gender using the Fl-score. Since each question
includes at least one male and one female-authored answer,
disagreement with human labels allows us to see whether
a model tends to favor one gender over the other. LLama-
3-8B demonstrates balanced performance, with Fl-scores
of 77% for female-authored and 75% for male-authored
answers. Mistral-7B shows similar behavior: 69% for fe-
males, 68% for males. In contrast, SO shows an opposite
trend with 67% for males and 66% for females. RankVicuna
and RankZephyr show relatively balanced results across
genders, while MonoT5 performs the worst, especially on
female-authored answers (53% F1). Overall, models like
LLama-3-8B and Mistral-7B exhibit consistent performance
across all metrics, closely matching human evaluations. This



consistency suggests that their assessments remain stable
and reliable when scaled to larger datasets.

Finally, the inherently subjective nature of this task is re-
flected in the inter-rater agreement. While the gender clas-
sification task yielded moderate agreement (Krippendorff’s
« = 0.52 among humans), the answer quality task achieved
a much lower o = 0.30, dropping to v = 0.26 when in-
cluding LLMs. This confirms that selecting the best answer
is inherently ambiguous, often involving multiple valid op-
tions and subjective preferences.

6 Experimental Results

This section presents the results of the Features- and LLMs-
based analysis. Our experiments ran on a server with two In-
tel Xeon Platinum 8480CL CPUs and an Nvidia H100 GPU.

6.1 Features-based Analysis Results

We report the results of our features-based analysis (Sec-
tion 4.1) in Table 5. For two datasets, namely 2017-2024
and AccDate, we present the mean value of each considered
feature for male and female users, together with their per-
centage difference (%Diff), where a “+” indicates an advan-
tage for males, and a “~" for females. Table 5 also reports the
p-value derived from the Mann—Whitney U test, conducted
at commonly applied significance levels of «. To enhance
readability, we omit the statistics for the AcclDay dataset,
which are identical to those of AccDate.

Over the 2017-2024 period, we find statistically sig-
nificant differences between male and female users across
all features, with male users consistently exhibiting higher
mean values. For instance, male users have on average 36%
higher reputation and 35% more accepted answers compared
to female users. In the AccDate dataset, the same trends
emerge, except for the AvgDelay feature, which is higher for
female users. Since all features are computed considering
each user’s entire activity history (2008-2024), Table 5
also highlights that the AccDate dataset captures the most
active users (i.e., higher reputation, visibility, and volume
of contributions, both in the number of answers provided
and in response times). Furthermore, our statistical analy-
sis of question-level features (Score, Views, and number of
Answers) reveals that the sets of questions included in Ac-
cDate and AcclDay have significantly higher mean values
across all dimensions, indicating that these subsamples also
concentrate on more popular questions.

Moreover, unlike the results reported in Table 5, if we re-
compute features such as the number of Answers and Ac-
cepted Answers, AvgScore, and AvgDelay using only the
data from the AccDate and AcclDay subsamples, the pic-
ture changes. In these cases, female users display higher ac-
tivity levels, with %Diff values of 4+83.98 and +94.42 for
the number of provided answers and +121.43 and 4100
for the number of accepted answers, respectively. This phe-
nomenon can be explained by two factors. First, as shown
in Table 1, restricting the dataset to questions with both
male and female respondents increases the proportion of fe-
male users to about 30%. Filtering in this way alters the
sample composition, disproportionately affecting the ma-
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jority group (males) and effectively concentrating the anal-
ysis on questions where females are already active. Sec-
ond, when we replicated this analysis on questions from
the 2008-2024 and 2017-2024 periods but restricted to
those involving both male and female respondents, we ob-
served the same pattern: female users consistently showed
higher activity and contributed more accepted answers.

It is important to emphasize that this filtering process does
not introduce bias into our analysis but is instead a necessary
methodological step. Our central research question is to in-
vestigate whether, when both a male and a female answer
are available for the same question, the community system-
atically favors one gender over the other in the selection of
the accepted answer. To address this, we must restrict our
dataset to cases where at least one male and one female re-
sponse co-occur in the same thread. Without such filtering,
the analysis would be dominated by questions answered ex-
clusively by male users, reflecting the overall gender imbal-
ance on the platform rather than the decision-making pro-
cess of askers when presented with alternatives. Thus, the
apparent increase in female activity and recognition in the
AccDate and AcclDay datasets is not an artifact of bias but
a direct consequence of focusing on the subset of questions
that have answers written by men and women.

Homophily. The behavior emerging in AccDate aligns
with prior findings (Morgan 2017; Ford, Harkins, and Parnin
2017), suggesting homophilic tendencies among women:
they are more likely to answer questions where other fe-
male users are involved, thereby amplifying their presence
in these question threads. To assess gender homophily in
answering behavior, we first computed two standard Social
Network Analysis metrics: attribute assortativity and Spear-
man rank correlation on answerer-asker gender pairs.

Results for both datasets (AccDate and AcclDay) show
negligible values (assortativity< 0.01, p < 0.01) and non-
significant correlations (p > 0.67), indicating no detectable
gender-based assortative mixing in the directed interaction
network. However, we note that these measures are normal-
ized relative to a random mixing baseline, and may fail to
capture homophilic patterns in cases of strong gender imbal-
ance such as ours. In fact, while the proportion of answers is
relatively balanced among genders (53.78% of answers by
males in the AccDate dataset), the distribution of questions
is highly skewed, with male askers accounting for approx-
imately 80% of questions in both datasets. This imbalance
highlights the need to carefully account for the baseline ex-
pectation when analyzing homophilic tendencies in answer-
ing behavior.

For this reason, we further investigate homophilic tenden-
cies by computing the probability of users answering ques-
tions posed by male or female askers. To assess same-gender
answering preference, we calculate the expected behavior,
assuming users answer questions without regard to the gen-
der of the asker. For each user u, we compute the User An-
swering Ratio (UAR), which is defined as
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||

where A" is the set of answers provided by u, while A} is

UAR (u)
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2017-2024 SO-Reputation  Views UpVotes DownVotes Answers AcceptedAns AvgScore AvgDelay
Male 1,529.21 186.43 145.36 20.57 29.64 10.51 2.04  6,924.80
Female 972.99 145.90 110.21 18.44 20.18 6.74 1.69  6,723.13
JoDiff +36.37 +21.74 +24.18 +10.35 +31.88 +35.87 +17.16 +2.91
p-value < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01
AccDate  SO-Reputation  Views  UpVotes DownVotes Answers AcceptedAns AvgScore AvgDelay
Male 10,410.07 1,492.72 604.61 243.01 261.71 114.91 2.13  2,725.58
Female 3,068.12 429.19 290.40 95.80 76.99 29.96 1.92  3,678.96
JoDiff +70.53 +71.25 +51.97 +60.58 +70.58 +73.93 +9.86 -34.98
p-value < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 0.34

Table 5: Results of Mann—Whitney U test (5,000 permutations and Bonferroni correction) comparing features between genders
on two different SO-based datasets. For each feature and each gender, we report the mean value, the difference in percentage
(“%Diff”), and the p-value. For “%Dift”, a “+” indicates an advantage for males, and a “-” for females.

the set of homophilic answers for u, i.e., where the gender of
the asker corresponds to the gender of u. With this premise,
we define the Answering Ratio for a gender g as the mean of
the UAR of users with gender g, formally defined as

1 n
Answering Ratio(g) = - Z 1 (gender(u;) = g) - UAR(u;)
9 =1

@)
where 1(gender(u;) = g) is 1 if the gender of the i-th user
is g and 0 otherwise, n4 is the number of users with gender
g, and n is the total number of users. Similarly, we define
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Question Ratio(g) = 3)

which represents the proportion of questions asked by users
of a specific gender g in the dataset. If answering behavior
is gender-unaware, the Answering Ratio(g) should equal the
Question Ratio(g). This equality serves as the baseline for
gender-unaware answering behavior. Accordingly, to quan-
tify homophilic tendencies, we define a "same-gender an-
swer preference” metric Py computed as the ratio between
Eq. 2 and Eq. 3. A value of P, > 1 indicates a preference
for answering questions from individuals of the same gen-
der, while a value less than 1 suggests a preference for the
opposite gender.

The results reveal that males exhibit balanced answer-
ing behavior, with P,,, = 1.01 in both datasets. In con-
trast, for female users, homophily emerges: they are more
likely to answer female askers, with a P, = 1.19 for the
AccDate dataset and P,, = 1.32 for the AcclDay dataset.
These results indicate that the observed higher activity and
recognition levels among female users are driven by both
the dataset’s compositional effects and a pronounced ho-
mophilic tendency, amplifying their visibility and influence
within specific subsets of interactions.

Finally, even within these subsets, males still achieve
higher average scores, supporting the hypothesis proposed
by (Brooke 2021), indicating a subtle bias in scoring that
disadvantages female contributors.
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6.2 LLM-based Analysis Results

Table 6 presents the results for the AccDate and AcclDay
datasets. The #Questions column reports the number of
questions the models successfully elaborated. All models,
except MonoT5, failed to elaborate on some questions,
which reduced the size of the datasets. In our experiments,
error rates ranged from 1.41% to 18.34%. After the prepro-
cessing (explained in Section 4) in AccDate, the percentage
of discarded questions ranged from 25.92% (RankZephyr)
to 58.34% (Mistral-7B). Similarly, in AcclDay, the loss
ranged from 27.14% (RankZephyr) to 61.76% (Mistral-7B).
While this filtering step removes a non-negligible share of
data, we believe it ensures the most robust and interpretable
foundation for the analysis. Importantly, we verified that
loosening or tightening the preprocessing criteria leads to
comparable final results and conclusions, reinforcing the sta-
bility of our findings.

The models agree with SO’s best answer (P@ 1 SO-Match
column) in 48.80% to 68.16% of questions for the AccDate
dataset and in 47.58% to 63.65% for the Acc1Day dataset. In
cases of model-SO mismatch, we analyzed whether a female
user wrote the accepted answer with the model preferring a
male-authored response (Top Ranked Male - Accepted Fe-
male column) or vice versa (Top Ranked Female - Accepted
Male column). Percentages for both configurations are con-
sistently close across models and datasets, with differences
in percentages (A column) ranging from 0.08% to 1.55% for
the AccDate dataset and 0.02% to 1.69% for the Acc1Day
dataset.

In the AccDate dataset, most models more frequently
rank male answers above female-accepted ones, with the
exception of MonoT5, which shows a small opposite ef-
fect. In contrast, the AcclDay dataset shows a consistent
trend across all models, where LLMs more often rank fe-
male answers above male-accepted ones. Given that the
AcclDay dataset includes answers posted within a day of
the accepted answer, this could suggest that female users of-
ten provide high-quality answers after initial responses from
male users. This behavior is supported by our analysis: in the
2008-2024 and 2017-2024 periods, male users posted
the first answer in over 91% of cases. Even in the more bal-



P@1

Top Ranked Male Top Ranked Female

Dataset  Model #Questions (5 Match)  Accepted Female (%)  Accepted Male (%) 2 (%)
MonoT5 16,520 48.80 23.92 24.00 0.08
RankVicuna 13,839 56.26 20.83 20.27 0.56

AccDate  RankZephyr 18,146 54.73 21.42 21.01 0.41
LLama-3-8B 14,355 68.16 15.63 14.32 1.31
Mistral-7B 10,204 62.21 19.25 17.70 1.55
MonoT5 32,804 47.58 22.51 24.20 1.69
RankVicuna 26,431 55.40 19.74 20.71 0.97

AcclDay RankZephyr 34,937 54.72 20.02 20.81 0.79
LLama-3-8B 26,679 63.65 16.58 16.60 0.02
Mistral-7B 18,357 59.88 19.37 19.51 0.14

Table 6: LLMs-based analysis results for each dataset and model. The column #Questions indicates the number of questions
the model elaborated correctly. The P@/ (SO Match) column reports the percentage of questions where the models agree
with SO’s best answer. The Top Ranked Male - Accepted Female and Top Ranked Female - Accepted Male columns report the
percentages of cases where the model’s top-ranked answer differs from SO’s accepted answer based on the answerer’s gender.
The A column shows the percentage difference between the two cases.

anced subsets used in AccDate and AcclDay, where each
thread includes at least one male and one female answer,
we still observe that male users were first to answer in ap-
proximately 53% and 55% of cases, respectively. With SO’s
emphasis on quick responses, females’ later answers might
be less likely to be accepted.

Overall, the minimal A values suggest that SO users pri-
oritize solution quality over the answerer’s gender, reinforc-
ing the platform’s meritocratic nature. Instead, observed dis-
crepancies in recognition, such as SO-Reputation, are likely
due to differences in response timing and activity levels
rather than inherent gender bias.

As an additional check for potential bias in answer selec-
tion, we analyzed whether earlier answers were overlooked
in favor of later ones from a different gender. Since we lack
the exact timestamp of acceptance, we approximated it using
the timestamp of the accepted answer. In the 2017-2024
sample, both male and female accepted answers had an av-
erage delay of approximately five days, showing no timing
advantage by gender. We then examined cases where an ear-
lier answer was ignored in favor of a later accepted one. In
8.1% of cases, a female answer was accepted after a male
had already answered; in 7.9%, a male answer was accepted
after a female. These near-identical values, combined with
the small and mixed A values reported earlier, do not indi-
cate a systematic bias in favor of one gender over the other
in the community’s acceptance behavior.

Moreover, in addition to the knowledge-sharing nature of
SO, users are often motivated by self-serving goals, such
as providing high-quality answers to enhance their reputa-
tion within the community. As a result, answers to the same
question are frequently of high quality. In such cases, the de-
cisive factors in selecting the best answer may be subjective.
To investigate this, we analyzed whether the selection of the
best answer was correlated with answer length or the SO-
Reputation of the responder (which is visible to the asker).
For the AccDate dataset, 63% of the time, the accepted an-
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swer was the longest, averaging 1160 characters compared
to 754 for non-accepted answers. Similarly, in 56% of cases,
the top responder had a higher SO-Reputation, with an aver-
age of 71,137 compared to 44,485 for others. Similar trends
were observed in the AcclDay dataset. While answer length
plays a stronger role, reliance on SO-Reputation may intro-
duce unintended bias, as male users generally have higher
reputation scores. Although reputation can serve as an indi-
cator of reliability, it risks reinforcing gender disparities.

An important consideration is that some or all of the mod-
els used in this study may have been trained on SO data,
given its availability as a public dataset. This overlap raises
the possibility that the models might indirectly know the
ground truth answers from SO, potentially influencing their
ability to rank answers in a way that aligns with SO’s ac-
cepted answers. However, as demonstrated by the results in
Table 6, the models do not simply replicate the accepted
answers from SO. Instead, they exhibit a notable degree of
generalization beyond the potentially observed data, as evi-
denced by the cases where model rankings diverge from the
answers chosen by the SO community. This divergence sug-
gests that while the SO data may inform models, models
perform their own relevance evaluation that can lead them
to alternative rankings, often counteracting the accepted an-
swer in cases where they consider different responses more
relevant or informative. In conclusion, human selections and
LLM rankings suggest that answers from men and women
are comparable in quality. This finding contrasts with SO’s
scoring system, which favors men due to higher activity lev-
els and contribution quantity rather than quality. While the
community and LLMs prioritize merit, the reputation sys-
tem inadvertently emphasizes quantity, contributing to gen-
der disparities in recognition.

7 Conclusion and Discussion

In this study, we advanced the analysis of gender dispari-
ties on SO by comparing the quality of answers provided by



male and female users to the same questions. We assessed
answer quality using state-of-the-art LLMs across questions
with male and female respondents. We conducted two hu-
man evaluations to validate key aspects of this study: (i)
the inference of users’ gender and (ii) the use of state-of-
the-art LLMs as a proxy for human evaluation in assessing
answer quality. The human assessment supports the accu-
racy of the genderComputer tool in inferring binary gen-
der, achieving 84% overall accuracy, with F1 scores of 92%
for male names and 81% for female names. Additionally,
both SO and LLMs demonstrated reasonable alignment with
human evaluations, with accuracy ranging from 54% for
MonoT5 to a maximum of 76% for LLama-3-8B. Next, we
performed a statistical analysis showing that male users gen-
erally have higher values in features related to recognition
of their contributions, greater activity levels, and shorter de-
lays in answering. Moreover, the LLMs-based analysis in-
dicates that LLMs-based models align with SO’s accepted
answers for approximately 57% of the questions on average,
reaching up to about 68% in some cases. In instances where
model rankings differ from SO’s choice, the proportion of
cases favoring male versus female answers is balanced, with
a maximum discrepancy of only 1.69%. These results sug-
gest that SO users seem to evaluate answer quality indepen-
dently of the perceived gender of the answerer. Additionally,
the findings suggest that a combination of subjective and ob-
jective factors (i.e., clarity of explanation and correctness)
influences the selection of the best answer. In many cases,
questions have multiple answers that are highly relevant, and
our experiments do not show any specific criterion, from the
ones examined, that determines their choice in these cases.
However, timing plays a significant role, as high-quality re-
sponses posted after another answer has been accepted may
be overlooked.

In conclusion, we show that both men and women equally
provide high-quality answers. The observed bias in recogni-
tion metrics is likely tied to SO’s reputation system, which
emphasizes the quantity of activity, favoring more active
users, typically men. Moreover, as reported in Section 2,
SO is often perceived as an elitist, reputation-based platform
that primarily, and possibly by design, rewards high-volume
contributors. This underscores the need for more refined rep-
utation criteria that move beyond simple activity metrics.
Currently, reputation is awarded mainly through voting ac-
tivity (upvotes on answers or questions +10 points) and ac-
cepted answers (+15 points) '°, a mechanism that tends to
favor users with higher posting volumes. We argue that de-
coupling activity volume from reputation scores and adopt-
ing a multi-dimensional descriptor of user roles would better
capture the diversity of contributions to the community and
prevent scores from indirectly favoring men over women.
For instance, welcoming newcomers or mentoring users on
how to ask and answer effectively could be recognized as
valuable non-technical contributions. In the long term, such
an approach would foster a healthier and more inclusive en-
vironment, while also benefiting the platform commercially,
as perceived elitism may discourage participation from new

"%https://stackoverflow.com/help/whats-reputation
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and female users.

Limitations and Future Works. Our analysis focuses ex-
clusively on SO, the largest CQA platform and the one most
commonly studied in prior research. While its scale and rel-
evance make it a strong case study, we acknowledge that
platform-specific dynamics may limit the generalizability of
our findings. Extending this analysis to other CQA platforms
represents an important direction for future work. Moreover,
a central limitation concerns gender inference. Because SO
does not provide gender information, our study relies on
name- and country-based inference tools to estimate gender.
This approach yields a binary categorization (male/female),
which does not capture the full spectrum of gender identi-
ties. We recognize that gender is a complex and socially con-
structed concept that cannot be reduced to name-based as-
sumptions. Moreover, users may intentionally obscure their
gender or adopt pseudonyms that do not correspond to real
names or binary categories. However, our intent is not to as-
sign or assume users’ actual gender identities, but rather to
model the likely perception of gender by other users. Since
community behavior is shaped by such perceived signals
(e.g., usernames), analyzing the effects of inferred gender
remains meaningful for studying bias in recognition.

In future work, we aim to address these limitations by us-
ing other methodologies, possibly qualitative, to study the
experience of various gender identities. This is fundamen-
tally different from the research in this paper, which is about
potential biases stemming from gender perceptions. More-
over, future work could explore two promising directions:
(i) extending the Social Network Analysis to better under-
stand community dynamics, e.g., by employing Exponen-
tial Random Graph Models (Lusher, Koskinen, and Robins
2013) to statistically validate our findings on gender-related
homophily; and (ii) conducting user studies to investigate
which factors influence the selection of the best answer.

Code and data availability. All code used in this study is
publicly available to ensure full reproducibility. To protect
user privacy, gender inference data are shared in an aggre-
gate and anonymized form.

Licensing and Attribution. We utilized content from SO,
licensed under CC BY-SA 4.0. The models employed in
our research include MonoT5 (Apache 2.0), RankVicuna
(Llama 2 CL), RankZephyr (MIT), LLama-3-8B (Meta
Llama 3 CL), and Mistral-7B (Apache 2.0). All resources
were used in compliance with their respective licenses.
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Appendix A: Posts and Users Data

This study relies on the Posts and Users tables from
the Stack Exchange public data dump''. Posts are di-
vided into Questions and Answers according to the field
PostTypeld.

Posts
Common fields (both Questions and Answers):
e Id:unique identifier of the post;
* PostTypeId: distinguishes the post type (1=Question,
2=Answer);
* CreationDate: timestamp when the post was created;
* Score: net score (upvotes minus downvotes);
* Body: full content of the post in HTML,;

e OwnerUserId: identifier of the user who created the
post (NULL if deleted);

* OwnerDisplayName: fallback display name when the
owner is deleted;

e LastEditorUserId: identifier of the most recent ed-
itor;
* LastEditDate: timestamp of the last edit;

* LastActivityDate: last time the post was active
(e.g., comment, edit, new answer);

e CommentCount: number of comments associated with
the post;

e ContentLicense: license under which the content is
released;

* DeletionDate: date when the post was deleted (only
available in Post sWithDeleted).

Question-specific fields (PostTypeId=1):

* AcceptedAnswerId: identifier of the answer ac-
cepted by the author;

e ViewCount: number of times the question has been
viewed;

e Title: title of the question;

* Tags: tags assigned to the question;

¢ AnswerCount: number of (non-deleted) answers;

e FavoriteCount: number of times the question was
favorited/bookmarked;
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* ClosedDate: date when the question was closed (if ap-
plicable);

* CommunityOwnedDate: date when the post became
community wiki (if applicable).

Answer-specific fields (Post TypeId=2):
* Parent Id: identifier of the corresponding Question.

Users
The Users table contains metadata for each account:

* Id: unique identifier of the user;
* Reputation: total reputation score of the user;

e CreationDate: date when the user account was cre-
ated;

* DisplayName: chosen username displayed publicly;

* LastAccessDate: timestamp of the most recent user
activity;

* WebsiteUrl: user-provided website link;

e Location: self-declared location;

* AboutMe: user-written biography;

* Views: number of times the user profile was viewed;

* UpVotes: total number of upvotes cast by the user;

* DownVotes: total number of downvotes cast by the
user;

* ProfileImageUrl: link to the user’s avatar image;

e Account Id: network-wide identifier across Stack Ex-
change sites.

Posts are linked to Users via the field OwnerUserId.



