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Abstract
In recent years, generative artificial intelligence (GenAI) systems
have assumed increasingly crucial roles in personnel recruitment
and candidate profiles analysis. However, using large language mod-
els introduces the risk of perpetuating and exacerbating existing
gender stereotypes in the labour market. This research aims to eval-
uate this phenomenon, analysing how a state-of-the-art generative
model (GPT-5) suggests occupations and represents ideal candi-
dates based on their gender, focusing on under 35 years old Italian
graduates. The study consists of two complementary experiments.
In the Candidate-driven experiment, the model is prompted to pro-
vide job suggestions for 24 synthetic candidate profiles, balanced
by gender, age, experience, and professional field. Results show
that, although no significant differences emerged in job titles, gen-
dered linguistic patterns exist in the adjectives attributed to female
and male candidates, indicating a tendency of the model to asso-
ciate women with emotional and empathetic traits, while men with
strategic and analytical ones. The Job-driven experiment employed
114 LinkedIn job advertisements as prompts to generate textual
and visual representations of ideal candidates. The analysis of the
outputs revealed a clear gender polarisation: the model assigned
71% of profiles to male and 29% to female gender. The strongest as-
sociation emerged in HR & People Operations occupations, assigned
exclusively to female candidates, and Operations, Technical & Man-
ufacturing jobs, assigned exclusively to male candidates. Visual
analysis confirms the perpetuation of gender stereotypes, depict-
ing women in more approachable postures and men in assertive
roles. These results suggest that, in the recruitment domain and
under the experimental settings of this study, GenAI models do
not simply reflect the gender biases of the training data, but also
amplify them. The research raises an ethical question regarding the
use of these models in HR decision support, highlighting the need
for transparency and bias mitigation strategies to ensure fairness
and inclusive representation.
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1 Introduction
Generative AI (GenAI) has emerged as one of the most transforma-
tive technologies of our time, rapidly redefining social dynamics,
economic structures and everyday life. In particular, the integration
of AI in the Human Resources (HR) sector has made GenAI tools in-
creasingly used in candidate recruitment, evaluation and selection
processes, promising time-saving capabilities [1], greater efficiency
and cost reductions [2], [3]. Although AI is considered a neutral
and objective technology, a critical analysis reveals this assumption
to be fallacious [4]. AI systems are inherently biased because they
are trained using data that inevitably reflect the social inequalities,
stereotypes and historical discriminations present in our society
[5]. Moreover, as designed artefacts, they also embed the values,
assumptions and design choices of their developers and deployers
[6]. As a consequence, AI has the potential to replicate and even
amplify gender bias, thereby exacerbating occupational segrega-
tion1 and wage disparities [8]. As Kate Crawford argues “AI systems
are not neutral artefacts, but material infrastructures embedded in
history and power" [9]. Understanding these mechanisms is neces-
sary beyond academic requirements: it represents a crucial ethical
challenge to make sure that technological progress leads to social
justice rather than reinforcing existing barriers. In addition, anti-
discrimination laws prohibit gender bias in employment throughout

1Gender segregation is defined as the division of occupations based on gender, where
women predominantly occupy roles in sectors like caring, cashiering, catering, cler-
ical, and cleaning, while men are more likely to work in fields such as engineering,
construction, or computing [7].
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the entire employment lifecycle (i.e. from job advertising and re-
cruitment to pay, promotion and dismissal). Existing laws prohibit
both direct discrimination, which is the explicit treatment of peo-
ple differently because of their gender, and indirect discrimination,
which is the neutral treatment of people that disproportionately
disadvantages one gender without objective justification. The use of
GenAI in HR can introduce both direct and indirect discrimination.
While traditional predictive AI systems are limited to analysing
existing data to predict outcomes, generative artificial intelligence
has a distinctive and transformative capability: the synthesis of
new information, textual content and visual representations. This
characteristic introduces greater complexity to the issue of algo-
rithmic bias. In the context of recruitment processes and selection
in the labour market, prejudice is not only about how candidates
are sorted or filtered; it also extends to the creation of content that
defines who is considered ideal for a given role. Kate Crawford
affirms that GenAI synthesises information from massive datasets
that often contain stereotypes, enabling the technology to produce
distorted content that appears credible and natural [9]. When these
systems are employed in job recruitment platforms and in selection
processes, a risk arises. For instance, if generative AI portrays an
ideal candidate for a CEO position as a white middle-aged man in a
suit and represents a nurse as a young, smiling and caring woman,
the system not only reflects pre-existing stereotypes but actively
reproduces them [10]. Both textual and visual outputs function
as mechanisms of discouragement, distancing women, non-binary
people, and minorities from leadership, technical, or traditionally
“male” roles, thereby increasing the gender gap in the labour market
[10], [11]. This study aims to examine how gender bias manifests in
the selection processes of young graduates in Italy using generative
artificial intelligence tools. The analysis is articulated around two
complementary experiments: the Candidate-driven experiment,
in which the model identifies the ideal job for given profiles of
job-seekers, and the Job-driven experiment, in which the model
defines the ideal candidate for real job advertisements. The objec-
tive is to identify textual, conceptual and visual biases and to assess
their impact on the distribution of opportunities and on social and
economic justice. In this context, the principle of fairness repre-
sents a key challenge, as it is necessary to prevent AI systems from
reinforcing gender roles and hierarchical structures. Accordingly,
this study investigates the presence of gender bias in AI-assisted
recruitment processes by asking a GenAI model to propose occupa-
tions to female and male job-seekers and to generate candidates’
descriptions starting from real-world advertisements. The aim is to
verify the dependence of model outputs on candidates’ gender and
to assess its influence on the suggested social roles. Starting from
a feminist perspective, this work aims to illustrate the necessity
of rethinking technology to uncover hidden biases and imagine
alternative, fairer digital futures [12].

The remainder of the paper is organized as follows: Section II
provides background about the definition of Gender Bias and the
application of LLMs in the labour market; Section III defines the
research goals and questions of the study; Section IV describes
the methodology used in the experiments; Section V describes the
results of the experiments; Section VI discusses the findings; Section
VII analyses potential threats to the validity of the study; Section
VIII concludes the research and identifies possible future research

directions. All the results of the experimentation have been made
available as an online resource2.

2 Background
Gender bias refers to the discrimination against individuals based on
their gender. It manifests in various ways, like actions, policies, and
cultural norms that favour one gender over the others, resulting
in stereotypes and unequal treatment, most commonly against
women and non-binary people. Gender bias is one of the results
of patriarchy, a social structure that has historically put any kind
of power — political, social, familial, economic — in the hands
of men [13]. This power has shaped laws, social norms, cultural
expectations, familial relationships and economic opportunities.
Women and non-binary people have been confined to subordinate
positions in society as well as in the family, while men have always
held roles of dominance and leadership.

This is also seen in the field of technology, which reflects and
sometimes perpetuates existing gender bias. Technology is not a
neutral tool: it is shaped collectively by the values, assumptions and
hierarchies of power in the societies in which it is brought forth.
Feminist scholars such as Judy Wajcman argue that technology is
not developed in a vacuum [14], but is enmeshed in patriarchal
social and cultural conditions that women have historically been
denied influence or control.

The debate concerning the non-neutrality of technology has its
historical roots in feminist thought. In TechnoFeminism, Judy Wa-
jcman shows how technological innovation has historically been
shaped by cultures and priorities dominated by men [12]. This influ-
ence is not only about who creates technology, but also about how
technological systems incorporate values, social norms, and power
relations. For decades, engineering and computer science have been
associated with rationality and control ideals, qualities socially and
stereotypically classified as masculine, while competencies such as
collaboration and empathy, usually associated with women, have
been undervalued in technological environments [12]. Wajcman
suggests that a feminist approach could deconstruct and redesign
digital instruments, making them inclusive of different perspec-
tives [12], a principle this study aims to follow through a critical
examination of generative AI behaviour in recruitment processes.

The evolution and use of AI, often hailed as a significant step in
human development, are a double-edged sword. Indeed, on the one
hand, AI creates new opportunities for knowledge and efficiency;
on the other hand, it has the potential to become another domain
in which patriarchal logics are reinstated and automated. As Safiya
Umoja Noble [15] discusses in Algorithms of Oppression, search
engines and recommendation systems frequently reproduce and
reflect gender and race stereotypes and influence what is valued,
known, and represented in a digital context.

An analysis of how biases and discriminations are perpetuated
through automated systems has been developed by Ruha Benjamin
in Race After Technology, where she defines the concept of “New
Jim Code". Benjamin supports the thesis that many technologies
presented as neutral and innovative can in fact hide, perpetuate
and automate racial and gender biases: “Innovation that appears

2https://anonymous.4open.science/r/Gender-bias-and-propagation-of-stereotypes-
in-GenAI-assisted-recruitment-AE46/README.md
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to promote equity can still reproduce existing hierarchies when dis-
criminatory designs are embedded within systems" [16]. Similarly, in
her book Automating Inequality, Virginia Eubanks illustrates how
algorithms worsen social and economic inequalities, particularly
in public services [17]. The same mechanisms are at work in the
private sector, where it has been shown that recruitment algorithms
may actually undervalue women’s professional experience [18] or
direct them towards less remunerated occupations or care work
[19]. These processes reveal that algorithmic systems are deeply
influenced by historical and structured discriminations, which can
reinforce inequitable power dynamics when applied to the labour
market.

Conventional predictive systems, which are part of the auto-
mated CV screening process, have been criticised for the so-called
’assignment bias’. The empirical evidence presented by Manish
Raghavan et al. shows algorithmic hiring tends to systematically
replicate female or minority underrepresentation in certain sectors,
filtering candidates in an unfair way [10].

Gender bias extends beyond professions to a more delicate as-
pect of representation: the visual portrait of gender in AI-generated
pictures. Women are frequently depicted as highly sexualized, deli-
cately made-up, with smiling faces and soft postures, which are all
signs linked to submissive traits. By contrast, men are often por-
trayed as authoritative and assertive: older than women, elegantly
and formally dressed, with harsh and severe facial expressions,
never smiling. These biases are subtle but powerful, as they lead
people to reinforce societal stereotypes about what they should look
like and how they should behave based on their gender [20, 21].

In particular, gender bias is evident in the HR sector, where
the utilisation of GenAI is rapidly increasing [22]. GenAI tools
are used because they offer greater cost reductions and efficiency
than manual procedures. However, their application raises ethical
challenges about fairness, transparency and accountability [22].
Moreover, their significant computational demands raise concerns
about the long-term environmental sustainability of widespread
AI adoption. Budhwar et al. showed that GenAI is transforming
HR management by automating tasks and improving efficiency
[23]. The paper reveals that AI systems used in recruitment have
shown gender bias, including evidence of tendencies against female
candidates, underscoring the need for responsible and transparent
deployment [23].

Additional recent studies have investigated gender and national-
ity biases in LLMs applied to recruitment and software engineer-
ing contexts. Nakano et al. analysed how LLMs evaluate candi-
date profiles from different regions of the world [24]. The study
shows how gender and nationality biases influence the model’s
responses, thereby affecting perceptions of competencies for cer-
tain roles. Similarly, Treude et al. explored gender bias in the LLM
assignment of software engineering roles, showing that the model
strongly associates male pronouns with technically intensive ac-
tivities, while tasks involving coordination and communication
skills show weaker male associations, revealing gender stereotypes
embedded in LLMs [25].

Building on previous studies of bias in algorithmic recruitment
and representational biases in generative models, this paper ex-
plores how these issues intersect in recruitment, focusing on how
generated outputs can shape expectations about candidates.

Table 1: Goal-Question-Metric template for the study

Analyze Occupational suggestions and candidate representa-
tions proposed by a state-of-the-art GenAI system

For the purpose of Identifying whether gender bias emerges in AI-
assisted job suggestions, textual descriptions and vi-
sual representations

With respect to Differences in suggested job titles, descriptive adjec-
tives, assigned gender and visual traits

From the viewpoint of Researchers interested in fairness, ethics and bias in
GenAI

In the context of Simulated job-seeker profiles of Italian graduates un-
der 35 and real-world job advertisements.

3 Research goal and Questions
This research aims to evaluate whether GenAI systems may repli-
cate or amplify gender bias in recruitment contexts, through textual
and visual outputs.

The overall research goal is defined by the Goal-Question-Metric
template [26], as shown in Table 1.

The research focuses on young Italian university graduates under
the age of 35: we focused on the early stages of a career because
algorithmic bias can act as a major gatekeeper at this stage. This
also enabled us to minimise the effect of different career paths.

The study is organised around two complementary phases, the
Candidate-driven experiment and the Job-driven experiment, ad-
dressing the following RQs.

• RQ1 (Candidate-driven experiment): Are GenAI out-
puts for job-seekers influenced by gender?
– RQ1.1: Do GenAI models suggest different job titles de-
pending on the job-seeker’s gender?

– RQ1.2: Do GenAI models suggest different adjectives to
describe job-seekers, depending on their gender?

• RQ2 (Job-driven experiment): Do GenAI models en-
code gender bias when generating ideal candidates
from real-world job advertisements?
– RQ2.1: Do GenAI models assign a specific gender to the
ideal candidate for real-world job advertisements, when
prompted with real-world?

– RQ2.2: Do GenAI models associate specific job titles with
a particular gender when generating ideal candidates for
real-world job advertisements?

– RQ2.3: Do GenAI models use different adjectives to de-
scribe the ideal candidate for real-world job advertise-
ments depending on the assigned gender?

– RQ2.4: Do GenAI models reproduce gendered visual rep-
resentations of the ideal candidate for real-world job
advertisements in graphical outputs?

The first research question (RQ1) and the two corresponding sub-
research questions (RQ1.1, RQ1.2) investigate whether the GenAI
model provides different job suggestions and descriptive adjectives
depending on the gender of synthetic job-seeker profiles, form-
ing the Candidate-driven experiment. The Job-driven experiment
consists of the second research question (RQ2) and the four cor-
responding sub-research questions (RQ2.1, RQ2.2, RQ2.3, RQ2.4),
which examine whether the model represents the ideal candidate
in a stereotypical or gendered way when prompted with real-world
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job advertisements, analysing both textual and visual outputs. Both
phases rely on prompt-based interactions with the same GenAI
system and share a common analytical framework.

4 Methodology
ChatGPT-5 was selected as the model for the study: in the first
experiment, it is used to generate job suggestions and candidate de-
scriptions based on fictitious job-seeker profiles, while in the second
experiment, it is used to assign gender, describe and graphically
represent the ideal candidate based on real-world job advertise-
ments. ChatGPT was selected for the study due to its widespread
use in both academic and industrial settings. All the requests are
submitted through the ChatGPT web interface, keeping the default
settings defined by OpenAI for the specific version of GPT-5 avail-
able at the time of data collection. No manual adjustments were
made to model parameters such as temperature, sampling strat-
egy or system-level instructions. The data was collected between
August and September 2025.

4.1 Candidate-driven experiment
The first part of the study is based on a set of 24 synthetic job-seeker
profiles, comprising 12 women and 12 men. All profiles represent
Italian graduates under 35 and are designed to systematically vary
across two additional dimensions: field of experience and level of
work experience. Due to the small sample size (N = 24), non-binary
identities were not included in the study.

The background of each candidate has been defined using the
International Standard Classification of Occupations 2008 (ISCO-
08)3, which organises professions based on the concepts of skill
specialisation and level [27]. Among the ten occupational groups,
the Armed Forces group was excluded because it was not rele-
vant to the study’s scope. The remaining nine civilian occupations
were grouped into three macro-areas based on the principal skill
requirements and nature of the roles: Cognitive (Managers and
Professionals, roles focused on high-level strategic thinking and
problem-solving), Socio-Relational (Technicians and Associate Pro-
fessionals, Clerical Support Workers, Service and Sales Workers, roles
concerning administrative support and direct interaction with cus-
tomers) and Technical (Skilled Agricultural, Forestry and Fishery
Workers, Craft and Related Trades Workers, Plant and Machine Op-
erators and Assemblers, Elementary Occupations, roles involving
manual work, machinery operations, and fixed procedures). The
mapping of the occupational groups was performed by one of the
authors, drawing on the official ISCO-08 descriptions2. To ensure
balanced representation across all macro-areas and genders, each
synthetic profile was assigned a macro-area. Finally, each profile
was assigned a level of work experience: Junior (0–5 years) and
Senior (5+ years).

A standardised textual prompt was developed and submitted to
the model 3 times for each of the 24 candidate profiles, yielding
72 total observations. To account for output variability in genera-
tive models, each profile was prompted three times using the same
template. We retained all generations to obtain a more stable char-
acterisation of the model’s behaviour. The model was assigned the

3https://www.ilo.org/publications/international-standard-classification-occupations-
2008-isco-08-structure

role of an expert career advisor, and it was asked to produce the
output following a structured format to facilitate the data collection:

"Hello! You are an expert career advisor.
Your task is to analyse a candidate's
profile, suggest an ideal job and provide
a description of the candidate.
Gender: [Male/Female],
Age: [Precise Age, e.g., 23],
Educational Level: Graduated,
Nationality: Italian,
Field of Experience:
[Cognitive/Socio-Relational/Technical],
Work Experience Level: [Junior/Senior].
Provide your response following this exact format:
Job Suggested: [Job Title],
Adjectives: [List of 3 adjectives that could describe
this person]"

This standardised input generates two output variables, extracted
from the LLM’s outputs: suggested job and adjectives (a list of 3
items). An example of input and output is reported in Fig. 1. For each
category, the frequencies were collected and analysed separately
for female and male profiles. All unique occurrences of job titles
and adjectives were grouped into homogeneous categories based
on their functional or semantic similarity through open coding [28].
The procedure of open coding was conducted by an author of the
paper, and all codes were manually inspected and verified by the
other authors until a consensus was reached.

These categories were converted into dependent variables and
compared with the independent variable gender using 𝜒2 tests
to investigate significant gender differences in the distribution of
results. This process enabled the model’s qualitative outputs to be
translated into comparable data, allowing the presence of gender
bias to be statistically evaluated.

4.2 Job-driven experiment
The second part of the study complements the first one by shifting
the focus from the LLM’s intrinsic biases to its reaction to real-
world labour market data. This phase investigates biases in gender
assignment, job-occupation distribution, and the generation of tex-
tual and visual representations of ideal candidates from real job
advertisements. The input population consists of a set of real job
advertisements, collected from LinkedIn and selected in order to en-
sure consistency and continuity with the first part of the research:
the selection of job advertisements was based on the 19 unique
labels identified during the Candidate-driven experiment: Business
Analyst, Data Analyst, Product Analyst, Product Manager, UX Re-
searcher, QA Engineer, Management Consultant, Business Consultant,
Strategy Consultant, HR Business Partner, Talent Acquisition Special-
ist, Sales Manager, Account Manager, Key Account Manager, Sales
Development Representative, Process Engineer, Maintenance Techni-
cian, Quality Control Technician, Production Supervisor. As in the
previous step, the seniority level is divided into Junior (0-5 years of
experience) and Senior (5+ years of experience). For each combina-
tion of job title and experience level, three real job advertisements
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Figure 1: Sample input and results of the interaction with the GenAI (Candidate-driven experiment).

were selected following a standardised procedure: searches were
conducted on LinkedIn without user authentication, restricted to
job postings in Italy, and the three most recent advertisements
matching the predefined job title and seniority level were collected.
This process resulted in a structured dataset of job offers covering
all roles and experience levels considered. Each job advertisement
was used for a standardised prompt asking the model to act like an
expert HR recruiter and to generate a detailed profile and a portrait
of the ideal candidate based on the content of the job advertise-
ments:

"Hello! You are an expert HR professional and talent
recruiter. Your task is to analyse a job advertisement
and produce a detailed profile of the ideal candidate
that would fit the role based on the skills and
duties mentioned in the announcement.
Job advertisement: [Full text of the Job AD].
Please provide your response following this exact format:
Gender: [Female/Male],
Adjectives: [Provide 3 adjectives that could describe
this candidate].
Then generate an image of the portrait of the ideal
candidate and provide the ideal candidate image
description following this exact format:
Posture: [Describe the candidate's body posture
using 3 adjectives],
Facial expression: [Describe the candidate's facial
expression using 3 adjectives],
Clothing style: [Describe the candidate's professional
clothing style using 3 adjectives]."

All prompts were submitted through the ChatGPT web inter-
face using default settings, without manual control over generation
parameters. This procedure produced two sets of outputs: textual
outputs — including the assigned gender and the three descriptive
adjectives, and visual outputs — consisting of generated portraits
and the associated descriptive adjectives for posture, facial ex-
pression and clothing style. In addition, each portrait was manually
analysed to indicate the presence or absence of a smiling expres-
sion, a visual indicator of social expectations regarding gender in
the professional context [20]. Women usually show greater general

Table 2: Results of the statistical analysis

Hypothesis p-value Decision

𝐻10: The gender of the job-seeker has no impact
on the outputs about job-seekers

𝐻1.10: The gender of the job-seeker has no impact
on the suggested job title

2.70 × 10−1 Accept

𝐻1.20: The gender of the job-seeker has no impact
on the suggested candidate adjectives

2.00 × 10−3 Reject

𝐻20: Gender bias has no impact on the outputs of
ideal-candidate generation

𝐻2.10: The content of job advertisements has no
impact on the gender assigned to the ideal candidate

< 1.00 × 10−5 Reject

𝐻2.20: The job title has no impact on the gender
assigned to the ideal candidate

< 1.00 × 10−5 Reject

𝐻2.30: The assigned gender has no impact on the
adjectives used to describe the ideal candidate

8.00 × 10−5 Reject

𝐻2.40: The assigned gender has no impact on the
visual representations of the ideal candidate:

Reject

- Posture 5.00 × 10−5
- Facial expression 1.16 × 10−3
- Smiling presence < 1.00 × 10−5
- Clothing style 9.50 × 10−3

facial expressiveness, smiling and crying more than men, but this
difference is shaped by specific gender norms, social roles, and sit-
uational constraints [29]. A schematic example of input and output
is reported in Fig. 2.

For each variable, frequencies were collected and analysed sepa-
rately for female and male profiles. The distribution of the assigned
gender was analysed with respect to the job titles, treated as inde-
pendent variables, provided in the job advertisements. All unique
occurrences of textual and visual descriptors were grouped into
homogeneous semantic categories based on functional or concep-
tual similarity, using open coding [28]. The open coding procedure
was conducted by one author and subsequently manually reviewed
by the other authors until agreement was reached, ensuring con-
sistency and reliability. The resulting semantic categories were
treated as dependent variables and compared with the independent
variable gender using 𝜒2 tests. This approach enabled the transfor-
mation of qualitative textual and visual outputs into comparable
quantitative data, allowing the statistical assessment of gender bias
and stereotyping in the model’s representations.
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Junior UX Designer position
Bachelor’s degree in
Human-Computer
Interaction, Computer
Science or a related field
Strong communication and
collaboration skills
Full time
Milan, Italy

LinkedIn Job Advertisement Ideal candidate textual description
and visual representation 

Gender: Female
Adjectives: Analytical,
Creative, Empathetic
Posture: Straight, Confident,
Attentive
Facial Expression: Focused,
Approachable, Determined
Clothing Stylle: Modern,
Professional, Stylish

Figure 2: Sample input and results of the interaction with the GenAI (Job-driven experiment).

Figure 3: Distribution of suggested Job title classes by Gender
(Candidate-driven experiment).

5 Results
In this section, we report our findings divided by research question.
The results of the statistical analysis for the hypotheses used to
answer the RQs are illustrated in Table 2.

5.1 Candidate-driven experiment
The analysis of the suggested job titles shows some tendencies that
align with gender stereotypes, as shown in Fig. 3. Female candidates
prevail in HR & People Operations roles (5 women and 1 man, out
of 72 observations), while male profiles are over-represented in
Operations, Technical & Manufacturing (6 men and 3 women, N=72).
Despite these results, the 𝜒2 test of independence does not allow
for the rejection of the null hypothesis (𝑝 = 0.27). More balanced
categories, such as Product, Data & Research (12 female and 12 male
candidates, N=72), show that the model does not systematically
segregate genders, but it reproduces subtle asymmetries reflecting
cultural patterns present in the training data.

The analysis of the Adjectives associated with the job-seekers
reveals clear gender differences. As illustrated in Fig. 4, women are
mostly described through Relational & Emotional traits (27 female
vs. 11 male candidates, out of 216 output adjectives), including ad-
jectives, such as approachable, empathetic and supportive, while men
are strongly associated with Leadership & Influence characteristics
(25 men vs. 13 women, N=216) — such as influential, persuasive and
ambitious — and Practical & Reliability traits (37 men vs. 21 women,
N=216), like determined, experienced and responsible. The 𝜒2 test
of independence results in 𝑝 = 0.00176 and confirms the statistical
significance of gendered differences.

Figure 4: Distribution of suggested adjective classes by Gen-
der (Candidate-driven experiment).

RQ1 response

The analysis of the Candidate-driven experiment showed
no significant evidence of gendered attribution of job titles
to job-seekers, leading to a negative answer to RQ1.1: al-
though some descriptive tendencies were noted for job titles,
no statistically significant segregation of the candidates in
specific roles was detected. Instead, it provided evidence of
segregation in the assignment of the adjectives, leading to an
affirmative answer to RQ1.2, showing a statistically signifi-
cant bias in the association of personality traits with simulated
candidates.

5.2 Job-driven experiment
By considering all the possible combinations of 19 job titles, 2 work
experience levels, and 3 job advertisements, a total of 114 profiles
were generated for the Job-driven experiment.

The overall analysis of gender assignment reveals a clear dis-
parity, as shown in Fig. 5: out of 114 profiles, the model assigned
male gender to 81 ideal candidates and female gender to only 33
profiles. The 𝜒2 goodness-of-fit test rejects the null hypothesis of
equal distribution (𝑝 < 0.00001), indicating a significant association
between job advertisements and the gender assigned by the model.
This result highlights a systematic bias favouring male candidates
when prompted with real-world job advertisements.

The distribution of the AI-assigned gender was analysed across
job-advertisement job titles to identify occupational gendered
patterns. The 𝜒2 test shows a significant dependence (𝑝 < 0.00001),
indicating that the assigned gender varies systematically according
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Figure 5: Overall distribution of AI-assigned Gender for ideal
candidates (Job-driven experiment).

Figure 6: Normalised distribution of Gender by Job title
classes (Job-driven experiment).

to occupations. As illustrated in Fig. 6, the most evident polarisation
concerns HR & People Operations occupations, assigned exclusively
to female candidates and Operations, Technical & Manufacturing,
assigned exclusively to male candidates, suggesting a segregation
between roles perceived as relational and caring (feminised) and
technical and operational (masculinised).

The analysis of adjectives associated with ideal candidates re-
veals differences in the descriptions of personality traits by assigned
gender. Female candidates are strongly associated with Collabora-
tion & Communication and Creativity & Style traits, such as commu-
nicative, empathetic and creative. By contrast, male candidates are
mostly described with adjectives from the Reliability & Execution
and Initiative & Drive classes, including reliable, disciplined, and de-
cisive. The 𝜒2 test of independence leads to 𝑝 = 0.00008, confirming
the statistical significance of these differences and the reproduction
of gendered traditional schemes in the model-generated language.
Results are shown in Fig. 7.

The visual representation of ideal candidates is analysed along
four dimensions — posture, facial expression, smiling presence
and clothing style — to verify whether the model systematically
attributes specific visual traits to profiles according to their gender.
In all cases, the 𝜒2 independence test highlights a statistically sig-
nificant dependence between gender and descriptive class: posture
(𝑝 = 0.00005), facial expression (𝑝 = 0.00116), smiling presence
(𝑝 < 0.00001) and clothing style (𝑝 = 0.00950).

Figure 7: Normalised distribution of suggested Adjective
classes by Gender (Job-driven experiment).

Figure 8: Normalised distribution of suggested Posture
classes (Job-driven experiment).

In terms of posture, women are more often associated with
Openness & Approachability descriptors, while men are over- rep-
resented in Confidence & Authority, with descriptors such as ap-
proachable and open for the former, assertive and confident for the
latter. Results are illustrated in Fig. 8.

Similar patterns emerge for facial expression: as shown in Fig. 9,
women fall more frequently into Openness & Approachability traits
with adjectives that emphasise friendliness and helpfulness, such
as friendly and warm, while men dominate Focus & Reliability and
Drive & Motivation classes, with frequent descriptors like focused
and serious.

The presence of a smile is the most polarised dimension: the
majority of women are depicted smiling (26 out of 33), while men
are predominantly shown not smiling (59 out of 81), reinforcing a
visual dichotomy between female social warmth and male rigour
and neutrality. Results are shown in Fig. 10.

Finally, in terms of clothing style, women are more frequently
described with Elegant & Refined characteristics like chic and stylish,
while men are more present in Professionalism & Formality and
Functionality & Practicality classes, with frequent adjectives like
corporate (style), functional and technical, as illustrated in Fig. 11.

To illustrate the AI visual bias, some portraits generated dur-
ing the experiment have been selected and are presented in Fig.
12 and Fig. 13. These pictures visually highlight the differences
in the representation of female and male candidates: women are
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Figure 9: Normalised distribution of suggested Facial expres-
sion classes (Job-driven experiment).

Figure 10: Normalised distribution of smiling presence by
Gender (Job-driven experiment).

Figure 11: Normalised distribution of suggested Clothing
style classes (Job-driven experiment).

depicted mainly as smiling, in line with emotional warmth and
approachability, while men maintain serious expressions associated
with authority and control in professional contexts. This visual
dichotomy serves as illustrative evidence of role segregation.

Figure 12: AI-generated portraits of the three ideal candidates
for Talent Acquisition Specialist Senior position (Job-driven
experiment).

Figure 13: AI-generated portraits of the three ideal candidates
for Product Analyst Senior position (Job-driven experiment).

RQ2 response

The analysis of the Job-driven experiment resulted in the
rejection of all the null hypotheses of independence. All the
dimensions analysed — the assignment of gender, the influ-
ence of job titles on assigned gender, the descriptive adjectives
and all the visual traits — led to a clearly affirmative an-
swer to RQ2.1, RQ2.2, RQ2.3, RQ2.4, and, consequently, to
RQ2. It states that the GenAI model encodes and amplifies
stereotypical social roles through both textual and visual rep-
resentations, in which female candidates are associated with
relationships and aesthetics, while men are described in terms
of competence, rigour and professional traits.

6 Discussion
The results reported in this study provide evidence that the GenAI
model encodes, reproduces and, in specific contexts, amplifies gen-
der bias in recruitment-related processes. By combining the Candidate-
driven and the Job-driven experimental designs, the analysis reveals
two complementary mechanisms of bias related to the model’s in-
trinsic linguistic associations: the first one investigating whether
the job-seeker’s gender influences the model’s outputs (i.e., the
suggestion of job titles and the adjectives used to describe the candi-
dates) and the second one addressing whether gender bias emerges
when the model generates ideal candidates from real-world job
advertisements (i.e., how gender is assigned and distributed across
job titles, the adjectives used to describe the ideal candidates and
the visual traits produced in the portraits).
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The Candidate-driven experiment, built on female and male syn-
thetic profiles of job-seekers, shows no statistically significant dif-
ferences in the job title suggestions across candidate genders. How-
ever, the analysis of adjectives associated with the profiles reveals a
tendency consistent with traditional stereotypes: female candidates
are described with relational, empathetic and cooperative traits,
while male candidates are associated with characteristics related
to rationality, leadership and analytical skills. The bias does not
primarily emerge in the job titles suggested, but in how candidates
are described and evaluated. This linguistic distinction reproduces
gender stereotypes and occupational segregation [7], confirming
how the GenAI model can serve as a vehicle for bias [30]. Addi-
tionally, gendered phrasing in the model’s outputs may align with
perfection bias [31]: whereas male candidates are primarily eval-
uated in terms of competence, female candidates are often asked
to satisfy a broader set of expectations that combines competence
with relational and moral traits.

The Job-driven experiment, based on real-world job advertise-
ments, reveals more pronounced patterns. When the model is
prompted with real job advertisements, gender bias becomes ex-
plicit and statistically significant across all analysed dimensions.
The disproportionate assignment of male gender to ideal candidates,
particularly in technical and operational roles, and the exclusive
association of HR occupations with female candidates indicate that
the model internalises and reinforces labour market segregation
patterns. In this phase, the model does not merely reproduce lin-
guistic stereotypes, but it actively polarises gender representations,
suggesting that the model encodes gender-occupation associations
during training and reflects them consistently when prompted
with real-world job advertisements. This pattern is consistent with
recent studies showing that, even under equal qualifications, LLM-
based candidate selection may perpetuate systematic biases against
women — especially for high-paying positions — thereby linking
representational bias to potentially consequential recruitment out-
comes [32].

The visual analysis supports this evidence: smiling expressions,
approachable posture and aesthetic refinement are frequent in fe-
male portraits, while male pictures show more serious, author-
itarian and formal attitudes, demonstrating that gender bias in
generative AI extends beyond textual outputs. These visual rep-
resentations align with consolidated stereotypes about gendered
expectations and risk legitimising them in the context of corporate
communication and, more broadly, within society as a whole.

The portraits observation suggests that generative visual outputs
may encode intersecting dimensions of bias that are not explicitly
requested by the prompt. For instance, although the analysis did not
focus on candidates’ apparent age, qualitative observations of the
AI-generated portraits reveal a potential age bias associated with
gender. By observing portraits of female and male candidates for
the same position and seniority level, women tend to be represented
with a younger visual appearance compared to men. This finding is
connected to the gendered age discrimination, which affects primar-
ily women in labour-market contexts. Existing literature shows that
society is obsessed with the youth and attractiveness of women,
especially in public and professional contexts [33]. Women showing
signs of ageing often become subject to a decline in the percep-
tion of their competence [33]. By contrast, masculine ageing is

usually associated with positive qualities in the work environment,
indicating accumulated experience and prestige [34].

These findings highlight a critical challenge for software engi-
neering, where Non-Functional Requirements (NFRs) - including
fairness - are usually paid less attention than the Functional Re-
quirements (FRs). Fairness should not be viewed as an additional
feature, but as a key NFR, which is essential for the overall system’s
quality and social acceptability. Specifically, it should be consid-
ered in the entire development process: this means addressing it
upstream during requirements elicitation, clearly defining how the
system should handle diversity, and downstream through rigorous
software testing to identify and correct biases in the generated
results.

Overall, these results show that the generative model learns,
reproduces and reinforces the cultural structures and existing in-
equalities of our society. This effect is particularly critical in HR
processes, where it can lead to mass automated discrimination.
Stereotypical outputs, such as candidates’ suggestions and repre-
sentations can influence perceptions, professional decisions and
expectations, consolidating gender segregation. In particular, when
the model is exposed to input drawn from real-world advertise-
ments, which may already contain linguistic and structural bias,
the distortion increases. This mechanism aligns with the concept
of GenAI operating as an echo-chamber in HR recruitment: biased
linguistic signals embedded in job advertisements can be absorbed
by the model and re-emitted in a more polarised and stereotyp-
ical form, thereby reinforcing the patterns present in the initial
input [35]. In other words, GenAI is not only a reflection of social
language: it also acts as a feedback loop that amplifies bias and,
therefore, discrimination.

7 Threats to Validity
We describe the threats to the validity of our study according to
the classification provided by Feldt et al. [36].

Threats to construct validity lie primarily in the set of 24 synthetic
profiles in the Candidate-driven experiment, which not capture the
full complexity of real job-seekers. For example, gender was op-
erationalised as a binary variable (male/female), which does not
reflect the full spectrum of gender identities. This binary repre-
sentation excludes non-hetero-normative identities and limits the
representativeness of the findings. In both experiments, outputs
were constrained to a fixed format (e.g., exactly three adjectives for
candidate descriptions, three adjectives for each visual dimension
and three job advertisements per combination of job title and senior-
ity level), to ensure measurement consistency across prompts and
conditions. This reduces variability, facilitates consistent coding and
supports frequency-based comparisons. However, the constraint
may limit lexical richness, may influence the observed distribution
of descriptors and may not fully capture the diversity of job ads
wording for each role. Job titles and textual/visual descriptors were
grouped into semantic classes through manual qualitative open
coding, thus introducing a source of subjectivity. Even if controlled,
manual open coding may still introduce subjectivity and reduce
the accuracy of the interpretation of outputs. We mitigated such
subjectivity by following established procedures for grounded the-
ory studies. Larger sets of profiles might allow the inclusion of
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additional values for the gender variable. Finally, in the Job-driven
experiment, smiling presence was manually annotated from the
generated portraits; although the criterion is fairly clear, manual
labelling can still introduce subjectivity.

Threats to internal validity are related to the utilisation of the
GPT-5 model for data collection, with default parameters. Possible
model updates or model tailoring to user’s prompt history could in-
fluence consistency or replicability. To address output variability, in
the Candidate-driven phase each profile was prompted three times
using the same template. However, repeated generations refer to the
same profile and residual randomness may still influence observed
distributions. In the Job-driven phase, differences in outputs may
also be driven by specific characteristics of job ads that may vary
with sector and may influence gender assignment and descriptors.

Threats to external validity are related to the focus of the study
on Italian, under-35 and graduate job-seekers, which narrows the
applicability of the results to broader populations, age groups, edu-
cational background and cultural contexts. The Job-driven dataset
was collected from LinkedIn job advertisements located in Italy
and sampled as three ads per job title/seniority combination, which
may not represent other platforms, organisations, time windows
or labour markets. Additionally, the evaluation was limited to one
LLM model (GPT-5), on one prompting strategy and on a specific
set of job advertisements, which may not capture variability across
models, languages and sectors.

Threats to conclusion validity lie in the sample size constraints
and in the uneven distribution of observations across coded cate-
gories, which may reduce statistical power or stability of estimates
in 𝜒2 tests. Furthermore, in the Candidate-driven phase, analysing
three repeated generations per profile to capture the model’s vari-
ability, rather than aggregating them, means observations are not
strictly independent and this may affect p-values.

8 Conclusion and Future Work
The empirical evidence shown in this study demonstrates that
gender bias in generative AI manifests in both textual descriptions
and visual representations of candidates. The results indicate that
the model contributes to the reproduction and amplification of
stereotypical social roles: women are more frequently associated
with relational and aesthetic traits, while men are described through
competence and authority-related characteristics, with segregation
patterns evident in the textual and visual domains.

From a theoretical perspective, this work contributes to the
emerging field of AI Ethics and Gender Studies, providing a replica-
ble experimental design for evaluating gender bias in generative
systems. The combined use of quantitative analysis, through 𝜒2

tests, and qualitative analysis, through open coding, integrates a
statistical perspective with a semantic one, enabling a more com-
prehensive account of discriminatory mechanisms.

From a practical perspective, the findings raise concerns about
using GenAI in sensitive areas such as recruitment. When prompted
with labour market data, the model tends to exacerbate biased
patterns, creating highly polarised representations of suitability and
professional identity across candidates. This represents a challenge
in HR processes, where algorithmic outputs can influence access

to opportunities, shape expectations and legitimise existing power
asymmetries in the labour market.

Future research should extend to other generative models and
settings in order to evaluate the stability of the observed patterns.
The scope should extend beyond binary gender, including non-
binary identities, and should investigate additional intersectional
biases such as race, age and class. In addition, it would be useful
to study how human users interpret and act based on the gener-
ated content, to assess the perceived impact of algorithmic bias on
recruitment decision-making.

From a broader perspective, to ensure the fair and inclusive de-
ployment of AI in recruitment, technical efficiency must be coupled
with research into the social responsibilities associated with algo-
rithmic systems. The challenge goes beyondmitigating bias through
technical adjustments, extending to defining rules, responsibilities
and controls for using AI in high-risk decision-making processes.
Therefore, it is not only a question of how to design more ethical
AI systems, but also of whether and under what conditions such
technologies should be used in sensitive contexts such as hiring and
selection at all, given current gender inequalities. This problem can
only be properly addressed through an interdisciplinary approach
combining computer science, sociology and gender studies.
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