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Abstract: Text-to-image generative models can create visual content from text
but often reflect biases in their training data. This study examines gender bias
in three widely used models—ChatGPT (DALL-E), Copilot, and Gemini—using
gender-neutral prompts in Spanish, an underexplored language in bias research.
A dataset of 300 images from 50 neutral prompts on health and well-being was
manually analyzed for gender representation biases. ChatGPT showed the highest
stereotyping and lowest neutrality, Copilot maintained strict neutrality, and Gemini
exhibited intermediate behavior. Across models, neutrality dropped when analyzing
the main subject (gender-target annotations) versus contextual elements (gender-
related annotations). These findings underscore persistent gender bias, even with
neutral prompts, and highlight the need for fairer Al systems through systematic
evaluation.

Keywords: Artificial Intelligence, Natural Language Processing, Text-to-Image
models, Gender Bias.

Resumen: Los modelos generativos de texto a imagen pueden crear contenido visual
a partir de descripciones textuales, pero suelen perpetuar sesgos de sus datos de
entrenamiento. Este estudio analiza el sesgo de género en tres modelos—ChatGPT
(DALL-E), Copilot y Gemini—usando indicaciones neutras en espanol, un idioma
poco explorado en esta drea. Se generaron 300 imagenes a partir de 50 prompts sobre
salud y bienestar, evaluadas manualmente para identificar sesgos. Los resultados
muestran que ChatGPT presenté méas salidas estereotipicas y menor neutralidad,
Copilot mantuvo estricta neutralidad y Gemini tuvo un comportamiento intermedio.
En todos los modelos, la neutralidad fue menor en el sujeto principal de la imagen
que en los elementos contextuales. Estos hallazgos resaltan la persistencia del sesgo
de género y la necesidad de sistemas de IA mas equitativos mediante evaluaciones
sistematicas.

Palabras clave: Inteligencia Artificial, Procesamiento del Lenguaje Natural, Mode-
los Texto-Imagen, Sesgo de Género.

1 Introduction tively producing vast amounts of images daily.
Furthermore, users often retain full rights to
utilize, distribute, and commercialize the gen-
erated content, applying it to various domains,
including children’s books, journalism, and
other creative projects (Villalba and Palomar,
2024). However, unbeknownst to many users,
these models are trained on extensive datasets
comprising images and text scraped from the
web, which are known to contain stereotypical,
toxic, and explicit content (Birhane, Prabhu,
and Kahembwe, 2021). Previous studies have

There has been a rapid rise in text-to-image
models capable of transforming user-provided
text descriptions into images (Villalba, 2024) ,
with several of these models now available for
anyone online to use. These models — such
as Stable Diffusion (Rombach et al., 2022)
and Dall-E (Ramesh et al., 2022) — often re-
quire little to no prior technical expertise and
can be used to generate thousands of images
in a few hours. The ease of access to these
tools has resulted in millions of users collec-
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highlighted substantial biases in earlier lan-
guage and vision models trained on similar
data (Burns et al., 2019; Wolfe and Caliskan,
2022; Wang, Liu, and Wang, 2021; Ross, Katz,
and Barbu, 2023; Weidinger et al., 2021), and
more recent research has begun to critically
examine the extent of these biases in image-
generation models (Bansal et al., 2022; Cho,
Zala, and Bansal, 2023; Wu, Nakashima, and
Garcia, 2023). Understanding and address-
ing biases in Al-generated content is a crucial
step toward developing more equitable and
representative artificial intelligence systems.

Therefore, this paper’s objective is to de-
sign and validate a methodology for examin-
ing gender bias in text-to-image generation by
analyzing the outputs of three language mod-
els—ChatGPT, Copilot, and Gemini—when
prompted with neutral sentences in Spanish
related to health and well-being, a domain
of societal relevance where biased represen-
tations can influence public perception and
access to care.

The specific contributions of this research
are as follows:

e The presentation of a methodology for ex-
amining gender representation in images
generated from gender-neutral prompts
in Spanish.

e The proposal of a dual annotation strat-
egy (target vs. related) for nuanced anal-
ysis on gender bias.

e The creation of a manually annotated
dataset on gender bias.

e The analysis of three state-of-the-art text-
to-image models: ChatGPT (DALL-E),
Copilot (Microsoft Designer), and Gem-
ini (Image 3).

The remainder of this paper is structured
as follows: Section 2 reviews relevant litera-
ture on bias in generative Al models. Sec-
tion 3 details the methodology, including the
general protocol, prompt design, image gen-
eration process, data organization, and an-
notation procedure. Section 4 presents the
experimental setup, results, and discussion,
highlighting key findings. Finally, Section 5
summarizes the main contributions of this
study and outlines directions for future re-
search.
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2 Related Work

While recent text-to-image generation models
have achieved remarkable success in synthesiz-
ing images from textual prompts, they exhibit
a critical limitation: the propagation of gender
biases inherent in their training data (Munoz-
Garcia, 2024b). This results in generated
images that perpetuate societal stereotypes
and contribute to representational disparities,
posing ethical concerns.

2.1 Text-to-Image Generative
Models

Text-to-image generation models translate
textual descriptions into visual content, but
this process is not neutral. Since these mod-
els learn from large-scale datasets, often con-
taining social, cultural, and demographic
biases, they risk inheriting and amplifying
such inequalities in their outputs (Munoz-
Garcia, 2024a). The composition of train-
ing data—images and captions—shapes how
models associate words with visual features,
directly impacting their ability to generate
fair and diverse representations.

2.2 Bias in Text-to-Image
Generative Models

The increasing application and accessibility of
data-driven technologies have raised concerns
about their social impact, bias, privacy, and
intellectual property (Wu, Nakashima, and
Garcia, 2023).

Text-to-image models exhibit a learned as-
sociations between demographic attributes
(e.g., gender and race) and semantic concepts.
A significant bias is gender stereotyping in
professions and roles (Consuegra-Ayala et al.,
2024). As shown in (Naik and Nushi, 2023)
some occupations are consistently linked to
specific genders. Gender bias also appears
in adjective associations. Other studies ex-
tend this analysis to domains such as object
depiction (Mannering, 2023), clothing and
fashion (Zhang et al., 2024), and nationalities
(Bianchi et al., 2023).

Models also exhibit bias in how they depict
cultural and geographic elements (Wolfe and
Caliskan, 2022). These findings highlight the
broad impact of biased associations in text-to-
image models, which results in the generation
of images that reflect existing societal stereo-
types (Wu, Nakashima, and Garcia, 2023).

Language models are inherently suscepti-
ble to data selection bias, introduced dur-
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ing corpus creation and persistent even in
large-scale datasets. This contributes to so-
cial stereotype amplification (Navigli, Conia,
and Ross, 2023)—where associations between
identities and roles are exaggerated beyond
their real world distribution. Such amplifi-
cation has been observed in both language
models and word embeddings (Bianchi et al.,
2023) (Garg et al., 2018) (Consuegra-Ayala
et al., 2025), highlighting the need for system-
atic, quantitative evaluation of these biases
to ensure responsible model development.

Recent studies have explored gender and
cultural bias in multilingual text-to-image
models. MAGBIG (Friedrich et al., 2024)
investigates gender bias across several lan-
guages, including Spanish, revealing incon-
sistencies in model behavior. Similarly, Cul-
Text2I (Ventura et al., 2025) analyzes cultural
representations in text-to-image models using
prompts in ten languages. While both include
Spanish, neither focuses on it nor on health-
related content. Our study addresses this gap
by providing a targeted analysis of gender
bias in Spanish prompts related to health, an
area that remains underexplored in existing
research.

3 Method

This section outlines our methodology for sys-
tematically evaluating gender bias in text-to-
image generation by analyzing gender rep-
resentation in images produced from gender-
neutral prompts in Spanish. The methodology
follows a structured approach to ensure repro-
ducibility and consistency. The methodology
includes dataset creation— source prompts,
image generation, data organization and
manually annotation of gender representa-
tion—and bias quantification through gender
distribution, disparity, error, and stereotype
analysis

3.1 Dataset creation:
Text-to-Image Generation

To mitigate potential memory-related biases,
each interaction with each model is limited to
a single request per chat session, and global
memory across requests is disabled. If the
gender of the person generated in an image
is ambiguous, it is classified as “neutral” and
assigned a value of 0 for both genders in the
binary annotation.
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3.1.1 Source Prompts

A set of 50 gender-neutral textual prompts
was created by a linguist expert, each re-
ferring to a person without specifying gen-
der and related to health and well-being.
These prompts were designed to elicit repre-
sentations from text-to-image models. They
were introduced with “Crea una imagen de
[prompt]” (“Create an image of [prompt|”), for
example: “Crea una imagen de una persona
con una alimentacion saludable” (“Create an
image of a person with a healthy diet”). While
the prompts are neutral in linguistic form,
they may still intentionally reflect stereotyp-
ical assumptions depending on the task or
situation described (see Section 3.1.4).

3.1.2 Image Generation

Each text prompt was used to generate two
images from three different models:

o GPT-40 (DALL-E)
e Copilot (Microsoft Designer)
e Gemini 2.0 Flash (Image 3)

A total of 300 images were generated (100
per model), with each model producing two
images per prompt. When using models that
allow regeneration (e.g., GPT-40 and Gem-
ini), the second image was obtained through
the regenerate function. For models lacking
this option (e.g., Copilot), a new chat was
used. When the model generated two options
from one prompt, those two options were se-
lected. An overview of this generation process
is provided in Figure 1 (Appendix A).

3.1.3 Data Organization

Image files were named systematically to
prevent implicit gender associations. File
naming protocol: [prompt number with two
digits|-v[version number: 1 or 2].jpg (e.g.,
01_vl.jpg).

3.1.4 Annotation Procedure

Each generated image was manually anno-
tated to determine gender representation.
Initially, two expert annotators labeled the
dataset, and a third expert was later involved
to reach a consensus and ensure neutrality.
The following annotations were recorded:

e Stereotype: An analysis was conducted
to determine the presence and extent of
traditionally stereotypical biases within
the proposed textual prompts. These bi-
ases are assessed with respect to their
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alignment with societal stereotypes asso-
ciated with the labels “male”, “female”,
and “neutral”.

e Gender Identification (gender-
related): The perceived gender of the
individual(s) in the image. Annotations
were recorded numerically for binary
classifications: a value of 0 indicates that
the corresponding gender is not present
in the image, while a value of 1 signifies
that the specified gender is included.

e Target Gender Analysis (gender-
target): The gender of the main subject
in the prompt, excluding any extra ele-
ments in the image. The same numerical
binary annotation system was used as in
Gender Identification.

e Bias Classification: After analyzing
both generated images per prompt, bias
was categorized using the following la-
bels:

— Representation Bias: Only one gen-
der is depicted.

— Magjority Bias: One gender repre-
sents at least 90% of the image sub-
jects.

— Focus Bias: One gender is given
more visual emphasis.

— Role Bias: One gender is consis-
tently placed in specific roles.

— Quality Bias: Semantic differences
in the depiction of genders (e.g., dif-
ferences in clothing, accessories, or
settings that suggest different lev-
els of professionalism, authority, or
status).

This annotated data set provides valuable
information on gender bias in text-to-image
generation models using Spanish-language
prompts. A visual representation is provided
in Figures 2 and 3 (Appendix A). Moreover,
a sample from the dataset is shown in Fig-
ure 4 (Appendix B), illustrating the structure
followed in the annotations process.

3.2 Bias Quantification Strategy

After generating the dataset as described in
Section 3.1, we propose a methodology to
evaluate gender bias present in the original
language model used for text-to-image gen-
eration. Our approach involves quantifying
disparities in the representation of different
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gender identities by analyzing the generated
images and their corresponding annotations.

To systematically assess gender bias, we
define a set of measurable attributes and cor-
responding metrics. Below, we provide an
overview of our methodology:

1. Input Stereotype Analysis: We cat-
egorize the input texts based on their
annotated gender stereotypes—female-
stereotyped, male-stereotyped, or neu-
tral—and compute their respective fre-
quencies within the dataset.

2. Gender Distribution Analysis: We
examine the gender representation in the
generated images by analyzing two inde-
pendent sets of annotations:

o Gender-related annotations: Indi-
cate whether a generated image con-
tains male, female, both, or none.

e Gender-target annotations: Indicate
whether the subject explicitly tar-
geted by the input text appears as
male, female, both, or none in the
generated image.

3. Gender Disparity and Error Anal-
ysis: We quantify disparities and incon-
sistencies in gender representation based
on both gender-related and gender-target
annotations to assess potential biases.

4. Comparison of Gender Annotations:
We compare the results obtained from
gender-related and gender-target analy-
ses to highlight discrepancies and pat-
terns in bias manifestation.

The following subsections provide the spe-
cific formulations used for these analyses.

3.2.1 Gender Distribution Analysis

To assess gender representation in the gener-
ated images, we analyze the distribution of
both gender-related and gender-target annota-
tions across different conditions. Specifically,
we consider three independent cases for each
type of annotation:

e First image version: The gender an-
notation corresponding to the first gen-
erated image.

e Second image version: The gender
annotation corresponding to the second
generated image.



An Analysis of Gender Bias in Text-to-Image Models Using Neutral Prompts in Spanish

e Aggregated annotation: The combi-
nation of gender annotations from both
image versions, where an image is consid-
ered associated with a particular gender
if at least one of its versions is annotated
as such:

(1)
(2)

Each of these cases is analyzed separately
for both gender-related annotations (which
indicate whether the image includes a male,
female, both, or none) and gender-target an-
notations (which indicate whether the subject
explicitly targeted by the input text appears
as male, female, both, or none).

female,ggr = female,; V female,s,

male,ger = male,; V male,s.

Step 1: Counting Gender Categories
For each annotation type (gender-related and
gender-target) and for each of the three cases
above, we compute the total number of ele-
ments falling into the following categories:

e Female: The element is associated with
the female category. In the aggregated
case, this means at least one of the two
image versions is (not necessarily exclu-
sively) female.

e Male: The element is associated with
the male category. In the aggregated case,
this means at least one of the two image
versions is (not necessarily exclusively)
male.

e Just-female: The element is female but
not male. In the aggregated case, this
means at least one image version is fe-
male, while neither version is male.

e Just-male: The element is male but
not female. In the aggregated case, this
means at least one image version is male,
while neither version is female.

e None: The element is neither male nor
female. In the aggregated case, this
means both image versions are not as-
sociated with any gender.

e Both: The element is both male and fe-
male. In the aggregated case, this means
at least one image version is male and at
least one is female.

Step 2: Grouping by Gender Stereo-
type We further categorize the counts above
based on the gender stereotype of the input
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text: female-stereotyped, male-stereotyped, or
neutral-stereotyped. This allows us to analyze
whether different stereotypes influence gender
representation in the generated images.

Step 3: Computing Relative Occurrence
Scores For each gender category, we com-
pute its relative occurrence score with respect
to both the total number of elements and each
gender stereotype group. Given a gender cate-
gory X and a stereotype group Y, the relative
occurrence score is defined as:

Count of elements in category X within stereotype Y

Bxy = Total count of clements in stercotype Y
3)

We compute these relative occurrence
scores for all six gender-related and gender-
target categories across the three stereotype
groups, as well as relative to the overall
dataset.

By comparing the gender-related and
gender-target distributions, we can examine
how gender representation aligns with the in-
tended depiction in the input text, identifying
potential biases in the model’s outputs.

3.2.2 Gender Disparity and Error
Analysis

To further investigate biases in the generated
images, we analyze gender disparities and an-
notation errors based on the aggregated ver-
sion of gender-related and gender-target an-
notations. This analysis builds on the gender
distribution results by quantifying imbalances
in gender representation and measuring incon-
sistencies in the model’s outputs.

Step 1: Aggregated Gender Distribu-
tion Analysis We first perform the gender
distribution analysis described in Section 3.2.1
using the aggregated annotations from both
image versions. This provides the necessary
relative occurrence scores for each gender cat-
egory.

Step 2: Computing Disparity and Er-
ror Measures For each gender stereotype
group (female-stereotyped, male-stereotyped,
neutral-stereotyped) and for the overall
dataset, we compute the following three mea-
sures:

(i) Distribution Disparity This mea-
sure captures the difference in relative occur-
rence scores between female and male cate-
gories, providing insight into overall gender
representation imbalances.

(4)

Ddist,Y = Rfemale,Y - Rmale,Y
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where Dg;st ranges from [—1, 1], with negative
values indicating a higher representation of
male images and positive values indicating a
higher representation of female images.

(ii) Annotation Disparity This mea-
sure assesses the imbalance between just-
female and just-male categories, focusing on
cases where only one gender is present.

min(Rj ust-female Rjust—male)

max (Rjust—female ; Rj ust-male )

Rannot =1- (5)

where Rannot ranges from [0,1], with 0
indicating no disparity and 1 indicating the
maximum possible disparity.

(iii) Annotation Error Since all input
texts are neutral (i.e., they may be stereotyp-
ical but do not explicitly restrict gender), we
define annotation error based on the occur-
rence of none and both categories. A high
error score suggests that the model often fails
to generate gender-neutral or gender-inclusive
images.

E=1- (Rnone,Y + Rboth,Y) (6)
where F ranges from [0, 1], with 0 indicating
no errors and 1 indicating the maximum
possible error.

Step 3: Computing Meta Disparity
Measures To analyze disparities across gen-
der stereotype groups, we compute the pair-
wise differences of the disparity and error
scores between different stereotype categories:

Axy =Sx — Sy (7)

where Sy and Sy represent any of the dis-
parity or error measures for stereotype groups
X and Y, respectively. We compute these
differences for the following pairs:

o Female-stereotyped vs. Male-stereotyped.
e Female-stereotyped vs. Neutral.

o Male-stereotyped vs. Neutral.

The magnitude of these differences indi-
cates the intensity of disparities across stereo-
type groups, while the sign denotes which
stereotype class exhibits greater disparity.

By examining these measures, we can quan-
tify and interpret how the generative model’s
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biases vary depending on the gender stereo-
type of the input text.

3.2.3 Stereotype Analysis

To evaluate how often the generated images
reinforce, counter, or remain neutral to gen-
der stereotypes, we analyze the occurrence of
stereotypical, counter-stereotypical, and neu-
tral outputs based on the aggregated annota-
tions from both image versions. This analysis
helps determine whether the model tends to
align with, challenge, or ignore gender stereo-
types present in the input text.

Step 1: Categorization Based on Stereo-
type Class For each stereotype category
(female-stereotyped, male-stereotyped, neutral-
stereotyped), we classify generated images into
one of the following three categories:

e Stereotypical: The generated image
aligns with the gender expectation sug-
gested by the stereotype.

o Counter-stereotypical: The generated
image depicts the opposite of the ex-
pected gender.

e Neutral: The generated image does not
reinforce a single gender stereotype, ei-
ther because it does not depict any gen-
der or because it includes both genders.

Step 2: Computing Stereotype Mea-
sures We compute stereotype measures
based on whether the input text is stereotyped
(i.e., female-stereotyped or male-stereotyped)
or neutral-stereotyped.

Let:

e C € {f,mn} be the stereotype
class, where f, m, and n stand for
female-stereotyped, male-stereotyped, and
neutral-stereotyped, respectively.

e |C| be the total number of elements in
the stereotype class C.

e G be the gender associated with C, if
applicable.

e ( be the binary opposite of G.

Using these definitions, we compute the
relative occurrence scores for each category:

e Stereotypical:

Rjust—Q,C
|
Rj ust-male,C + Rjust—female,c
C]

Rstereo =

if C € {f,m}

ifC=n
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e Counter-stereotypical:

Rjust—g c .
st G.C e 0 ()
Rcounter = |C|
0 ifC=n
e Neutral:
Rnone,C + Rboth,C
Rneutral =

€|

Step 3: Interpretation of Stereotype
Measures By comparing these measures
across different stereotype classes, we can as-
sess whether the generative model tends to:

e Reinforce existing gender stereotypes by
frequently generating stereotypical im-
ages.

e Challenge stereotypes by producing
counter-stereotypical images.

e Remain neutral by generating images
classified as mone or both.

This analysis helps quantify the extent to
which the model perpetuates, mitigates, or
neutralizes gender biases in response to differ-
ent input stereotypes.

4 Experiments

This section summarizes the findings from
our experimental evaluation. Section 4.1 out-
lines the experimental setup, Section 4.2 then
presents the experimental results, and Sec-
tion 4.3 explores the implications of these
findings.

4.1 Experimental Setup

The experiment was conducted using the
dataset and methodology described in Sec-
tion 3. A set of 50 gender-neutral prompts
in Spanish!’ was used to evaluate three
text-to-image generation models: ChatGPT
(DALL-E), Copilot (Microsoft Designer), and
Gemini (Image 3). For each model, two image
versions were generated per prompt, which en-
hances the representativeness and reliability
of the findings, resulting in a total of:

50 prompts X2 versions X3 models = 300 images

This setup allowed us to compare outputs
both across models and within multiple gen-
erations of the same model, enabling a more
robust analysis of bias consistency and vari-
ability.

! Available at: https://zenodo.org/records/15517144
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4.2 Results

Table 1 shows the percentage of stereotyped,
counter-stereotyped and neutral generations
for each of the three models —ChatGPT,
Copilot and Gemini— based on two annota-
tion types: gender-related and gender-target.
Each row in the table corresponds to one
of the three categories, explained in Section
3.2.3: stereotypical, counter-stereotypical and
neutral.

Table 2 presents a comparative analysis of
stereotype presence in three language mod-
els: ChatGPT, Copilot, and Gemini. The
data is categorized into “Related” and “Tar-
get” groups, further divided by gender (Fe-
male, Male, Neutral). Each model’s re-
sponses are classified as stereotypical, counter-
stereotypical and neutral (as explained in Sec-
tion 3.2.3), with their corresponding percent-
age distributions.

In Table 3, a comparative analysis of dis-
tribution disparity, annotation disparity, and
annotation error across the three aforemen-
tioned models can be found. The data is also
divided into “Related” and “Target” groups,
with each category further broken down by
global, female, male, and neutral prompts.

Table 4 shows the distribution of semantic
bias across ChatGPT, Copilot, and Gemini
categorized by bias type (Representation, Ma-
jority, Focus, Role, and Quality) and gender
(Female, Male). The percentages indicate the
occurrence of each bias type for male and
female subjects within each model.

4.3 Discussion

As shown in Table 1, the three models ex-
hibit distinct behaviors regarding gender bias
in response to neutral prompts. ChatGPT
shows the lowest neutrality—62.93% in re-
lated and 54.24% in target annotations—and
the highest rate of stereotypical outputs. In
contrast, Copilot achieves the highest neu-
trality (92.42% related, 90.4% target) and
is the only model that produces no counter-
stereotypical generations. Gemini displays
intermediate behavior, with neutrality rates
of 87.37% (related) and 83.59% (target), and a
small proportion of counter-stereotypical out-
puts (5.56%). Across all models, neutrality
consistently decreases in target annotations
compared to related ones, indicating that gen-
der bias is more likely to appear in the de-
piction of the main subject of the prompt.
Overall, ChatGPT emerges as the most bi-
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Related Target
ChatGPT Copilot Gemini ChatGPT Copilot Gemini
Stereotypical 31.51%  7.58%  9.85% 40.2% 9.6%  10.86%
Counter-stereotypical 5.56% 0% 2.78% 5.56% 0% 5.56%
Neutral 62.93%  92.42% 87.3™% 54.24%  90.4%  83.59%

Table 1: Response type distribution by model for related and target prompts.

ChatGPT Related Target

Female Male Neutral Female Male Neutral
Stereotypical 33.33% 40% 21.21% 33.33% 60% 27.27%
Counter-stereotypical 16.67% 0% 0% 16.67% 0% 0%
Neutral 50% 60%  78.79% 50% 40%  72.73%

(a) Stereotype Analysis for ChatGPT.

Copilot Related Target

Female Male Neutral Female Male Neutral
Stereotypical 16.67% 0% 6.06% 16.67% 0%  12.12%
Counter-stereotypical 0% 0% 0% 0% 0% 0%
Neutral 83.33% 100% 93.94% 83.33% 100% 87.88%

(b) Stereotype Analysis for Copilot.

Gemini Related Target

Female Male Neutral Female Male Neutral
Stereotypical 8.33% 0%  21.21%  8.33% 0%  24.24%
Counter-stereotypical ~ 8.33% 0% 0% 16.67% 0% 0%
Neutral 83.33% 100% 78.79% 75% 100%  75.76%

(c) Stereotype Analysis for Gemini.

Table 2: Model Comparison Regarding Stereotypes.

ased model in this evaluation setting.

In Table 2, ChatGPT varies significantly
in neutral responses across the three types of
stereotypes. Specifically, in neutral prompts,
80% of the responses are classified as such,
whereas in stereotypical prompts, the per-
centage of neutral responses decreases (see
Subtable 2a. This pattern is not observed
in the other models, where the distribution
of neutral responses remains relatively sta-
ble (Subtable 2b and 2c). These results hold
consistently across both the related and tar-
get annotations. Throughout the entire ex-
perimentation process, counter-stereotypical
responses were only observed in the case of
stereotypically feminine prompts. The ab-
sence of such responses in stereotypically mas-
culine prompts may be attributed to the lower
number of prompts of this type. Notably,
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Copilot is the only model in which no counter-
stereotypical responses were observed at all
(Subtable 2¢). When comparing the results
for related and target annotations, a slight
increase in the percentage of stereotypical re-
sponses is observed in the target category.
This difference is most prominent in neutral
prompts, while remaining relatively stable in
the case of both stereotypical female and male
prompts.

Table 3 reveals a slight global overrepre-
sentation of men, as indicated by negative
values in the “Global” column across all sub-
tables and annotation versions. Exceptions
include Copilot, which slightly overrepresents
women, and Gemini, which maintains a bal-
anced distribution. However, across all six
scenarios analyzed, distribution disparities re-
main minimal. Similar trends appear in non-
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Related Target
ChatGPT Global Female Male Neutral Global Female Male Neutral
Distribution Disparity (diff) 6%  16.7% -40% -9.1% 8%  16.7% -60% -9.1%
Annotation Disparity (ratio) 33.3% 50% 100% 60% 36.4% 50% 100% 50%
Annotation Error (non-neutral)  30% 50% 40%  21.2% 36% 50% 60%  27.3%

(a) Annotation and Distribution Disparity Analysis for ChatGPT.

Related Target
Copilot Global Female Male Neutral Global Female Male Neutral
Distribution Disparity (diff) 0% 16.7% 0%  -6.1% -4% 16.7% 0%  -12.1%
Annotation Disparity (ratio) 0% 100% 0% 100% 50% 100% 0% 100%
Annotation Error (non-neutral) 8% 16.7% 0% 6.1% 12%  16.7% 0%  12.1%

(b) Annotation and Distribution Disparity Analysis for Copilot.

Related Target
Gemini Global Female Male Neutral Global Female Male Neutral
Distribution Disparity (diff) 2% 0% 0% 3% -2% -83% 0% 0%
Annotation Disparity (ratio) 20% 0% 0% 25% 16.7%  50% 0% 0%
Annotation Error (non-neutral)  18%  16.7% 0%  21.2%  22% 25% 0%  24.2%

(¢) Annotation and Distribution Disparity Analysis for Gemini.

Table 3: Model Comparison Regarding Disparity.

Bias Type ChatGPT Copilot Gemini
Female Male Female Male Female Male
Representation  12% 12% 2% 4% 10% 10%
Majority 2% 0% 6% 0% 4% 0%
Focus 0% 4% 10% 2% 4% 4%
Role 6% 4% 4% 4% 6% 6%
Quality 0% 0% 2% 2% 0% 0%

Table 4: Gender-based semantic bias across ChatGPT, Copilot, and Gemini.

stereotypical (neutral) prompts, aligning with
global patterns (“Neutral” column). Chat-
GPT overrepresents the corresponding gender
in stereotypically male or female prompts,
while Copilot does so only in female prompts.
Gemini shows no significant disparity except
in the “target” category, where men are coun-
terintuitively overrepresented in stereotypi-
cally female prompts.

Regarding annotation disparity, ChatGPT
exhibits the highest discrepancies across both
stereotypical and non-stereotypical prompts,
particularly in stereotypically male sentences,
where non-neutral responses are exclusively
male. Neutral prompts show disparities of
60% and 50%, with one gender appearing
more than twice as often. Copilot displays
annotation biases in stereotypically female
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and neutral prompts, assigning non-neutral
responses to a single gender. Gemini main-
tains relatively low annotation disparities,
with stereotypically female prompts being the
most affected.

Annotation errors—misclassifying neutral
situations as gendered—occur in all three
models, with ChatGPT demonstrating the
most frequent and pronounced errors. Copilot
and Gemini exhibit no errors in stereotypi-
cally male prompts, consistently producing
neutral responses (“Male” column, “Anno-
tation Error” row, values = 0%). Copilot’s
errors are more frequent in female prompts
and to a lesser extent in neutral prompts,
while Gemini’s errors are evenly distributed
between neutral and female prompts.

Aggregating results across all prompts,
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Copilot exhibits the least bias in gender-
associated images within the “related” cate-
gory but performs worse in “targeted” images.
ChatGPT shows the highest bias across all
scenarios, making it the most disparate model
overall.

As shown in Table 4, the three models
show different patterns of gender bias across
the five annotated categories. ChatGPT and
Gemini show the highest rates of represen-
tation bias (12% each), indicating that one
gender is often completely absent from the
generated image. In contrast, Copilot demon-
strates lower representation bias (2-4%) but
shows a higher presence of focus (10% female
vs. 2% male) and majority bias (6% female
vs. 0% male), pointing to a visual imbalance
in which female figures receive greater em-
phasis in images that otherwise include both
genders.

Role bias is relatively consistent across
models and genders (4-6%), indicating the
persistence of stereotypical role assignments
regardless of the model. Meanwhile, quality
bias is minimal or nonexistent across models.

5 Conclusion

This paper introduces a systematic evalua-
tion protocol to study gender bias in text-to-
image generation by analyzing the outputs of
three language models (ChatGPT, Copilot,
and Gemini) when prompted with neutral
sentences related to health and well-being.
Through this approach, our findings indicate
that:

1. ChatGPT generates significantly fewer
neutral images and more stereotypical
representations than Copilot and Gemini,
across both annotation types.

2. Copilot is the only model that does not
produce counter-stereotypical outputs,
suggesting a strict adherence to neutral
or stereotypical representations.

3. Across all models, neutrality decreases in
gender-target annotations compared to
gender-related ones, indicating that bias
is more prevalent in the main subject of
the image than in its context.

4. Annotation disparities are more pro-
nounced in ChatGPT, particularly for
male-stereotyped prompts, where the
non-neutral outputs align exclusively
with male representations.
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Main contributions of this study in-
clude: (1) proposing a reproducible evalu-
ation methodology tailored for bias detection
in Spanish-language prompts; (2) introducing
a dual annotation strategy (target vs. related)
for nuanced analysis; (3) providing a manu-
ally annotated dataset that supports future
research on fairness in generative models; and
(4) analyzing three state-of-the-art text-to-
image models: ChatGPT (DALL-E), Copilot
(Microsoft Designer), and Gemini (Image 3).

We expect this work to contribute to
the development of more equitable text-to-
image systems and encourage the commu-
nity to adopt richer, more context-aware
frameworks for evaluating representational
bias. To support transparency and further
research, the dataset is publicly available at:
https://zenodo.org/records/15517144.

5.1 Future Work

While our analysis offers valuable insights into
gender bias in text-to-image generation, sev-
eral avenues remain open for future explo-
ration. First, apply this evaluation protocol
to a wider range of domains beyond health-
related prompts, such as professions, educa-
tion, or leisure—could reveal additional pat-
terns of bias across contexts. Second, incor-
porating intersectional dimensions (e.g., race,
age, body type) into the annotations would
allow a more comprehensive assessment of
representation fairness. Third, developing au-
tomatic or semi-automatic tools to support
annotation and bias quantification would im-
prove scalability and reproducibility. Finally,
future work will involve expanding the dataset
to encompass a broader range of prompts, en-
abling more comprehensive evaluations.
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A Examples of prompt-based
generations and annotations

Figure 1 shows an example of the prompt
structure alongside the corresponding genera-
tions across the three models.

Figure 2 shows an example of the manual
annotation process of the generated images.

Lastly, Figure 3 shows an example of the
different categories for the gender bias cate-
gories used in the dataset.

B Annotation structure of the
dataset

Figure 4 shows the structure of the annotated

dataset in the GPT-40 version, illustrating

how the prompts and outputs are labeled to

facilitate bias analysis.
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“Crea una imagen de [una persona S
haciendo gimnasia ritmical” §
(“Create an image of [a person
doing rhythmic gymnastics]”)
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Figure 1: Prompt structure and corresponding generated images.

“Crea una imagen de un grupo de personas
en una competicién de rugby”
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Figure 2: Manual annotation process of generated images.
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Figure 3: Examples of gender bias categories annotated.
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aire libre
una persona
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plato nutritivo
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Figure 4: Sample from the annotated dataset of GPT4o.
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