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Abstract

Gender and age representation biases in photorealistic text-
to-image generation have been widely studied, but biases in
anime-style image generation remain underexplored. In this
study, we propose an MLLM-based workflow for scalable
evaluation of gender presentation and apparent age in im-
ages of people in occupational settings generated by text-to-
image models. The workflow consists of four stages: (1) con-
structing prompts that combine an occupation and an image
style, (2) generating images with the target models, (3) us-
ing an MLLM to infer the gender presentation and apparent
age of depicted persons and output the results as structured
data, and (4) applying statistical tests to identify representa-
tional differences across image styles and models. As a case
study, we apply the workflow to eleven occupations selected
from the OECD ranking of teenagers’ occupational aspira-
tions and compare anime-style and photorealistic images gen-
erated by five text-to-image models. We find that, compared
with photorealistic images, anime-style images often exhibit
more extreme female ratios, approaching either 0% or 100%,
and skew the apparent-age distribution toward younger age
groups. These distributions frequently diverge from both of-
ficial labor statistics and perceptions elicited from Japanese
crowdsourcing participants. We further assess the MLLM la-
bels by comparing them with human annotations and report
cases in which generated images closely resemble existing
characters or contain elements derived from existing IP.

Introduction

In recent years, text-to-image models have rapidly become
widespread as technologies that can generate high-quality
images from short natural language prompts. These mod-
els are increasingly used not only in professional produc-
tion contexts, such as advertising, education, creative sup-
port, and character design, but also for everyday content
generation by general users. At the same time, prior stud-
ies have repeatedly reported that even seemingly neutral
prompts, such as occupation names, can produce depic-
tions of people that are biased in terms of gender, race, and
other attributes (Bianchi et al. 2023; Luccioni et al. 2023;
Naik and Nushi 2023; Wu, Nakashima, and Garcia 2024).
The possibility that generated images may reproduce and
strengthen existing social stereotypes therefore remains an
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important issue. Such biased representations may, in turn,
influence users’ perceptions of the people and occupations
depicted (Ghosh, Lutz, and Caliskan 2024).

Representations of people in occupational images are par-
ticularly important because they relate to how children and
young people imagine their futures. In career-introduction
materials, teaching resources, and career-learning content, if
a given occupation is repeatedly depicted as a person of a
specific gender or age group, that representation may con-
tribute to perceptions of “who is suitable” for the occupa-
tion. Children’s career aspirations are formed from an early
age, and previous work reports that they can be influenced
not only by family members and acquaintances but also by
occupational images encountered through television, media,
the Internet, and other sources (Chambers et al. 2018).

This study examines this issue with a focus on anime-style
images. Anime is consumed across age groups and is not
exclusively targeted at children and teenagers, but anime-
style content is nevertheless one of the visual forms that
young people may frequently encounter. Nevertheless, bias
research on image generation models has mainly focused
on photorealistic images of people, and occupational rep-
resentation bias in anime-style images has not been suffi-
ciently examined in comparison with photorealistic images.
Because anime-style and photorealistic images may exhibit
different representational tendencies, it is necessary to com-
pare and evaluate both styles.

A key challenge in evaluating such biases at scale is how
to assign person attributes consistently to a large number of
generated images. Human annotation can require substan-
tial time and cost, and the annotation criteria must be re-
designed whenever the target attributes or output categories
are changed. This motivates the use of automated annotation
as a scalable complement to human evaluation.

To address this challenge, we propose a workflow that
uses a Multimodal Large Language Model (MLLM) to ef-
ficiently evaluate attribute representations in person images
generated by text-to-image models. Recent studies have be-
gun to use vision-language models, such as LLMs and vi-
sual question answering (VQA) systems, to evaluate the out-
puts of T2I models, showing that open-set bias detection
and evaluation based on counterfactual reasoning are fea-
sible (D’Inca et al. 2024; Chinchure et al. 2024). Our work-
flow consists of generating images from prompts that com-



bine occupations and image styles, asking an MLLM to in-
fer person attributes as structured data, and evaluating distri-
butional differences across image styles through hypothesis
testing.

As a case study of the proposed workflow, we analyze
gender presentation and apparent age in anime-style and
photorealistic occupational images. The occupations to be
analyzed should not simply be occupations with large work-
forces in the real world; rather, they should be occupa-
tions that young people can easily imagine as future ca-
reer paths. We therefore selected 11 occupations based on
the OECD report (OECD 2025), which presents gender-
specific rankings of teenagers’ occupational aspirations in
2000 and 2022. For each occupation, we generated 100 im-
ages for each condition from five text-to-image models using
two styles, anime-style and photorealistic. We then used an
MLLM to infer gender presentation and apparent age group
and compared the distributions by occupation, model, and
style. We further compared the gender-presentation distribu-
tions in the generated images with official statistics and with
perceptions of occupation-specific gender ratios collected
from Japanese crowdsourcing respondents. This allows us to
analyze how the generation tendencies of the models differ
from both selected real-world statistics and the perceptions
reported by these respondents.

The main finding of this study is that anime-style and pho-
torealistic images can differ substantially in their represen-
tations of person attributes. For gender presentation, many
model-occupation combinations showed more extreme fe-
male ratios in anime-style images, often approaching 0% or
100%, although the magnitude and direction of these dif-
ferences varied across models and occupations. For appar-
ent age, anime-style images were more consistently concen-
trated in the 20s-or-younger categories than photorealistic
images. These results indicate that image style can be asso-
ciated with substantial differences in occupational represen-
tation, particularly for apparent age.

In addition, some models exhibited issues beyond gen-
der and age representation. Specifically, even when an oc-
cupation was specified, some generated images did not de-
pict a clearly identifiable person and instead mainly depicted
buildings or other objects. Other generated images visually
resembled existing anime or manga characters, contained
corporate logos, or included elements associated with exist-
ing IP. The former reflects a limitation in how the generation
model responds to the prompt. The latter is related to con-
cerns that recognizable characters or other protected content
may be generated even without explicitly naming them (He
et al. 2025), as well as to broader concerns about the effects
of generative Al on artists’ credit, compensation, and cre-
ative activities (Jiang et al. 2023). These observations sug-
gest that practical evaluations of T2I models may need to
consider such issues alongside representational bias.

This study makes two main contributions. First, it pro-
vides a systematic empirical comparison of gender presen-
tation and apparent age in anime-style and photorealistic oc-
cupational images generated by multiple text-to-image mod-
els. Second, it uses an MLLM-assisted workflow to scale
the analysis across models, styles, and occupations, and con-
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textualizes the generated gender distributions through com-
parisons with selected official statistics and perceptions col-
lected from Japanese crowdsourcing respondents. In addi-
tion, we assess the agreement between the MLLM labels and
human annotations.

Related Works

Biases in T2I Models. Many studies have reported that
person images generated by text-to-image (T2I) models
contain gender- and race-related representational biases.
Bianchi et al. showed that publicly available T2I models
can generate large numbers of images containing gender
and racial stereotypes even from everyday prompts (Bianchi
et al. 2023). Luccioni et al. proposed a framework for com-
paring the outputs of multiple models while varying gen-
der and ethnicity expressions in the prompts (Luccioni et al.
2023). Naik and Nushi evaluated DALL-E 2 and Stable Dif-
fusion from four perspectives: gender, age, race, and geogra-
phy. They showed extreme biases, such as almost no women
being generated for CEO prompts and almost only women
being generated for nurse prompts (Naik and Nushi 2023).
Wau et al. compared how generated results change when the
same scene is described with male, female, or neutral word-
ing, and found that neutral prompts tend to generate im-
ages closer to prompts that specify male (Wu, Nakashima,
and Garcia 2024). Sun et al. further reported pose- and
expression-related biases in 153 types of occupational im-
ages generated by DALL-E 2, such as women being more
likely to be depicted smiling or looking downward (Sun et al.
2024).

Bias Problems from the Perspective of Represented Peo-
ple. Research has also moved beyond measuring bias nu-
merically to examine how people who are represented in
generated images perceive those representations. Through
a user study on the outputs of Stable Diffusion, Ghosh et
al. qualitatively analyzed how biased representations are
experienced by people of different genders and nationali-
ties (Ghosh, Lutz, and Caliskan 2024). They also analyzed
how Stable Diffusion depicts people and occupations of each
caste (Ghosh 2024). In this study, we refer not only to offi-
cial statistics but also to perceptions of occupation-specific
gender ratios collected from Japanese crowdsourcing re-
spondents. These perceptions provide an additional refer-
ence point for examining how generated representations re-
late to both selected real-world statistics and respondents’
expectations about occupational gender composition.

Using MLLMs for Evaluation. This study is positioned
within recent work on T2I evaluation because it uses an
MLLM to analyze generated images. D’Inca et al. proposed
a method in which an LLM lists candidate biases to check
and a VQA model then judges them from images. Their
work showed a framework that can detect biases without
predefining their types (D’Inca et al. 2024). Chinchure et
al. proposed a method that detects biases involving multi-
ple intertwined attributes by comparing generated results un-
der slightly modified prompts (Chinchure et al. 2024). This
study also uses an MLLM for attribute inference. However,



rather than assuming that the MLLM outputs are ground-
truth labels, we assess how closely its labels agree with hu-
man annotations and discuss the limitations of using auto-
mated visual-attribute inference for bias evaluation.

Risks of Regenerating Copyrighted Works. Recent
studies have also pointed out that T2I models may gener-
ate images that closely resemble well-known characters. He
et al. showed that recognizable existing characters can be
generated from distinctive descriptions even when prompts
do not directly include character names, and that prompt
rewriting alone cannot fully prevent this problem (He et al.
2025). Jiang et al. summarized how the spread of T2I mod-
els may affect artists’ credit, compensation, creative activ-
ities, and industry structures (Jiang et al. 2023). These is-
sues are discussed as social concerns separate from repre-
sentational bias. Anime-style generation may raise particu-
lar concerns about visual similarity to existing characters,
and in this study we also observed cases in which generated
images visually resembled existing characters.

Position of This Study. The studies discussed above have
mainly focused on photorealistic images of people, and sys-
tematic evaluation of bias in anime-style images remains
limited. Few studies have selected occupations from the
perspective of careers that children and teenagers actually
aspire to. In contrast, we systematically compare occupa-
tional representation in anime-style and photorealistic im-
ages and relate the generated gender distributions to both
official statistics and human perceptions.

Figure 1 shows the workflow used in this study. The work-
flow organizes the evaluation process into four stages: (1)
prompt generation, (2) image generation, (3) analysis of
generated images, and (4) bias evaluation. The individual
components, such as the target models, evaluated attributes,
and statistical tests, can in principle be adapted to different
evaluation settings, although such adaptations require corre-
sponding choices and validation.

Step 1: Prompt Generation We design prompts for im-
age generation. We combine the image styles and the list of
occupations to be evaluated and create prompts correspond-
ing to each condition. This design allows the same evalu-
ation procedure to be applied across the style-occupation
combinations considered in the study.

Step 2: Image Generation Each prompt created in Step
1 is input to an image generation model to generate images.
A fixed number of images is generated for each prompt, re-
sulting in a generated image dataset corresponding to each
combination of model, style, and occupation.

Proposed Workflow

Step 3: Analysis of Generated Images The generated im-
ages are analyzed using an MLLM. The generated image
and an analysis prompt are input to the MLLM, and the
model is asked to infer attributes of the person in the image.
The analysis prompt explicitly specifies the target attributes
and output format. The output is restricted to JSON format
so that it can be handled as structured data in subsequent
aggregation.
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(1) Generate prompt (3) Analyze images
* Style ' 1. female
* Occupation - 2. male

(2) Generate images (4) Verify bias

Figure 1: Bias evaluation workflow proposed in this study.

male female

Step 4: Bias Evaluation We aggregate the MLLM anal-
ysis results and evaluate biases in the generated images.
Specifically, we aggregate the distributions of attribute cat-
egories by style and use hypothesis testing to evaluate
whether statistically significant differences exist between
styles. The statistical test is selected according to the mea-
surement level of the attribute.

Advantages of the Workflow By using this workflow,
much of the process from image generation to structured
analysis can be automated. This makes it possible to pro-
cess large generated image datasets efficiently while reduc-
ing, rather than eliminating, the need for manual annotation.
Furthermore, because the analysis results are output as struc-
tured data, systematic aggregation and comparison across
styles, models, and occupations become possible.

Experimental Setup

This section describes the specific settings used in this study
for each step of the workflow.

Step 1: Prompt Design

The image generation prompts were constructed by com-
bining image style and occupation. For Style, we used
anime screenshot to generate anime-style images and
photorealistic to generate realistic images. In this pa-
per, we refer to the images generated with each Style as
anime-style images and realistic images, respectively. We
chose anime screenshot because we expected it to
produce images with various poses, compositions, and back-
grounds, rather than plain front-facing portraits, and we
wanted to see whether such variety affects the observed bias.
Furthermore, we used 11 occupations. The prompt format
was

best quality, ultra-detailed,
a <Occupation>

<Style>,

and 100 images were generated for each combination of
style and occupation. The initial phrase best quality,
ultra-detailed is a standard phrase used to help en-
sure the quality of the generated images.

We selected the occupations as follows. Anime is a
medium familiar from early childhood, and gender repre-
sentations of occupations in anime may influence future ca-
reer choices among children and teenagers. Therefore, this



Rank  Occupation Score  Ranking basis (W = girls
/ M = Dboys)

1 Teacher 32 W: 1Ist (2000) / 2nd
(2022), M: 4th (2000) /
5th (2022)

1 Doctor 32 W: 2nd (2000) / 1st
(2022), M: 5th (2000) /
4th (2022)

3 Lawyer 24 W: 3rd (2000) / 3rd
(2022), M: 7th (2000) /
7th (2022)

4 ICT professional 20 M: 1st (2000) / 1st (2022)

5 Sportsperson 17 M: 3rd (2000) / 2nd
(2022)

5 Engineer 17 M: 2nd (2000) / 3rd
(2022)

7 Psychologist 13 W: 4th (2000) / 5th
(2022)

7 Nurse 13 W: 5th (2000) / 4th
(2022)

9 Architect 11 W: 8th (2022), M: 8th
(2000) / 6th (2022)

10 Designer 9 W: 7th (2000) / 6th
(2022)

- Police officer 6 W: 9th (2022), M: 9th
(2000) / 9th (2022)

Table 1: The 11 target occupations and their overall ranks
based on the Borda count method. Ranks are the overall
ranks after excluding Midwife, with ties assigned the same
rank. Blank cells indicate that the occupation was outside
the top 10 for the corresponding year and gender.

study focuses not on the real-world occupational compo-
sition but on occupations that teenagers want to pursue.
Specifically, we selected occupations based on the rank-
ing of teenagers’ occupational aspirations presented in the
OECD report (OECD 2025). The report provides the top 10
occupational aspirations by gender for 2000 and 2022. For
these four rankings, we applied the Borda count method, as-
signing 10 points to first place and 1 point to tenth place, and
summed the scores for each occupation. Occupations listed
together with “and” in the report were split into separate oc-
cupations, and Midwife was excluded before calculating the
overall ranking based on total scores; tied occupations were
assigned the same rank. Midwife was excluded because, in
some countries, it is legally restricted to women. Occupa-
tions whose gender is legally fixed are not suitable for the
purpose of this study, which analyzes gender representation
in generated images. We used the top 10 occupations in the
overall ranking. We then added police officer, which ranked
below the top 10 overall but was the highest-ranked among
occupations that appeared in the top 10 of both the girls’
and boys’ rankings. The final set therefore consisted of the
11 occupations shown in Table 1.

Step 2: Image Generation Models

We evaluated the following five image generation models:
ChatGPT Image 2.0, Gemini 3.1 Flash Image (Nano Ba-
nana 2), FLUX.2 klein 9B, Stable Diffusion 3.5 Medium,
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Analyze the person in the provided image. Estimate
their gender and age group, and provide the reasoning
for your judgment.

Output the result STRICTLY in JSON format with the
following keys: "gender", "age", "reason".

Rules for values:

"gender" must be EXACTLY one of ["Male", "Female",
"Unidentifiable"].

"age" must be EXACTLY one of ["Under 10", "10s"
"20s", "30s", "40s", "50s", "60s or older",
"Unidentifiable"].

"reason" must provide detailed reasoning in Japanese.
Ensure the response is a valid JSON object only,
without any markdown formatting or extra text.

Figure 2: Prompt used for image analysis.

and Midjourney v8.1 Alpha. All images were generated be-
tween April 21 and May 4, 2026.

Step 3: Analysis of Generated Images

For the analysis of generated images, we used Gemini 3.1
Pro as the MLLM. In the analysis, gender was selected from
three categories: Male, Female, and Unidentifiable. Age was
selected from eight categories: Under 10, 10s, 20s, 30s, 40s,
50s, 60s or older, and Unidentifiable. Here, the gender and
age labels refer to visually inferred gender presentation and
apparent age rather than actual gender identity or chrono-
logical age. The output was restricted to JSON format so
that it could be handled as structured data. We also asked
the model to provide the reasoning for its judgment so that
the inference reasons could be analyzed in later discussion.
Figure 2 shows the prompt used for the analysis.

Step 4: Bias Evaluation

For each occupation and model, we used hypothesis testing
to evaluate whether the distribution of person attributes dif-
fered between image styles. We used Fisher’s exact test to
compare gender distributions, because gender is a nominal-
scale variable. We used the Mann—Whitney U test to com-
pare age distributions, because age is an ordinal-scale vari-
able. The significance level was set to 0.05.

Comparison Baselines

To evaluate gender bias in the generated images, we used
two types of comparison baselines.

Official Statistics

We used official statistics as reference data for the gender
composition. For the United States, we used 2024 data from
the Bureau of Labor Statistics. For Japan, we used publicly
available statistics for each occupation, such as physician
statistics, the lawyers white paper, and the national census.
When no statistical category exactly matched the occu-
pation name used in the prompt, we used the closest avail-
able occupational category as a substitute. For example, in
the U.S. statistics, we used the category for general physi-
cians for doctor and the broad category of architecture and
engineering occupations for engineer. In the Japanese statis-
tics, we used statistics for elementary and junior high school



ChatGPT Gemini

Teacher

ICT pro-
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Sports-
person

Engineer

Psycholo-
gist

Architect

Designer

Police
Officer
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FLUX

Stable
Diffusion

Midjourney

W

Figure 3: Examples of anime-style images generated for each occupation and model

teachers for teacher and the national census category of soft-
ware developers for ICT professional. Sportsperson and En-
gineer were excluded from comparisons with official statis-
tics because gender composition statistics were not publicly
available or no corresponding category existed.

People’s Perceptions

We collected people’s perceptions of the gender ratio for
each occupation from 97 respondents using the Japanese
crowdsourcing service Lancers.

Respondents were instructed to answer based on their own
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perceptions rather than exact statistics for each of the 11
target occupations. For each occupation, they estimated the
number of men out of 100 people for both the world as a
whole and Japan, using an integer value. The female ratio
was calculated as 100 minus the number of men. Respon-
dents also provided free-text reasons for their judgments.
We did not collect information on the respondents’ gender.
Using teacher as an example, respondents were shown the
following instruction and three questions. The same ques-
tions were used for the other 10 occupations, with only the
occupation name changed.



Model Occ. Style Gen. Age Cause

MJ  Arch. Real. 88 92 Buildings, tiny silhouettes
SD  Arch. Anime 97 98 Buildings, distant people
SD  Arch. Real. 100 100 Buildings only

MJ  Des. Anime 3 1 Multi-panel images

MJ  Des. Real. 2 2 Close-up or occlusion

MJ  Eng. Real 1 0 Helmet occlusion

MJ  Teach. Anime 0 1 Multi-panel image

SD Des. Real. 2 2 Face texture or CG model

Table 2: Number of images classified as unidentifiable by
Gemini.

Note. Occ. = occupation, Gen. = gender, MJ = Midjourney,
SD = Stable Diffusion, Arch. = architect, Des. = designer,
Eng. = engineer, Teach. = teacher, Real. = realistic.

For teacher, please answer based on your own percep-
tion rather than exact statistics.

1. Looking at the world as a whole, what do you think the
general gender ratio is? Please enter, as an integer, how
many out of 100 are men. The number of women is de-
fined as 100— the number of men.

2. Looking at Japan, what do you think the general gender
ratio is? Please enter, as an integer, how many out of 100
are men. The number of women is defined as 100— the
number of men.

3. Why do you think so? Please explain your reason.

Experimental Results
Generated Images

For each of the 11 occupations, we generated 100 anime-
style images and 100 photorealistic images with each of the
five models. Therefore, the total number of generated images
analyzed was 11,000. Figure 3 shows examples of anime-
style images generated by the five models for the 11 occu-
pations. Due to space constraints, examples of photorealistic
images are omitted.

Because detailed analyses of gender and age are presented
below, we first provide an overview of the visual character-
istics of the generated people. In anime-style images, many
characters appeared to have East Asian facial features, sug-
gesting that Japanese anime culture is strongly reflected in
the training data. In contrast to occupations with standard-
ized uniforms that make the occupation easy to identify,
such as police officers, occupations without standardized
uniforms tended to express occupational identity through
clothing. In particular, nurse images often departed from
clothing that is common in current medical settings. Exam-
ples included nurse caps and poses that emphasized physical
features.

Generation of Non-Person Images

This section analyzes whether each generation model was
able to generate a person corresponding to the occupation

specified in the prompt. In this study, images for which
Gemini judged either gender or age to be unidentifiable are
treated as images lacking sufficient visual cues for person-
attribute inference. Table 2 shows the number of images for
which Gemini judged gender or age as unidentifiable, along
with the main reasons.

Manual inspection showed that many of the unidentifiable
cases were concentrated in Architect. In the anime-style Ar-
chitect images generated by Stable Diffusion, 97 of 100 im-
ages depicted only buildings, or depicted buildings as the
main subject with people shown only as small distant fig-
ures. Figure 3 shows an example in which a building was
generated as the main subject. Furthermore, in the photo-
realistic Architect images generated by Stable Diffusion, all
100 images depicted only buildings. In the photorealistic Ar-
chitect images generated by Midjourney, 88 images depicted
only buildings or depicted buildings as the main subject with
people shown only as silhouettes. These results show that,
under the Architect prompt used in this study, Stable Dif-
fusion frequently generated architecture or buildings rather
than a clearly identifiable architect. In Midjourney, a similar
tendency was observed for photorealistic images, but not for
anime-style images. The reason why this difference between
anime-style and photorealistic images occurred in Midjour-
ney could not be clarified within the scope of this experi-
ment.

For occupations other than Architect, we generally did not
find images in which no person appeared at all. The main
causes of unidentifiability for these occupations were that
the face or body was largely covered by helmets or equip-
ment, leaving insufficient visual cues, or that multiple peo-
ple were depicted and the inference target was ambiguous.
In images with multiple people, Gemini inferred attributes
shared by all people and marked only attributes that differed
across people as unidentifiable. As a result, the numbers of
unidentifiable cases sometimes differed between gender and
age. For example, in Midjourney’s anime-style Designer im-
ages, a young male and an older male appeared in the same
image. Gender was therefore inferred as male, whereas age
was judged unidentifiable. In Stable Diffusion’s photorealis-
tic Designer images, some images looked like wireframe 3D
CG models: they had human-like shapes but provided lim-
ited evidence for judgment, and these were marked unidenti-
fiable. By contrast, the same model also generated Designer
images in which most of the face was covered with a jewel-
like mask, but Gemini still inferred gender and age for these
images. These observations suggest that the availability and
clarity of human visual features influenced whether Gemini
returned an attribute label or marked the image as unidenti-
fiable.

Gender and Age Distributions

This section analyzes the gender and age distributions in-
ferred by Gemini.

Gender Distribution Figure 4(a) shows the percentage
of generated images depicting women for each occupation,
style, and generation model. For comparison, the figure also
shows people’s gender perceptions of occupations collected
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(a) Female ratio (%). As comparison baselines, the figure also shows people’s perceptions (world: Crowd. W; Japan: Crowd. J) and official
statistics (United States: US; Japan: Japan). n/a indicates that the corresponding statistic was not publicly available or not obtained.
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Figure 4: Comparison of attribute distributions by occupation. In each figure, the left block shows MLLM analysis results for
anime-style images, and the right block shows those for photorealistic images across the five models. Darker colors indicate
higher ratios of the corresponding attribute.

through crowdsourcing (97 respondents; Crowd. W: world, gineer, Police officer, and similar occupations, many models
Crowd. J: Japan) and official statistics for each country. As produced extremely low female ratios, especially in photo-
discussed before, the Architect condition for Stable Diffu- realistic images, where male-centered representations were
sion (both styles) and Midjourney (photorealistic) contains strong.

many images depicting only buildings. Therefore, a low fe-
male ratio in these cases does not necessarily indicate a high
number of male figures.

In the crowdsourcing results from Japanese respondents,
the estimated female ratio was below 50% for most occupa-
tions except Nurse, and perceptions for the world and Japan

Overall, in many model-occupation combinations, the fe- were broadly similar. However, in Japan, Nurse tended to be
male ratio was biased toward values close to 0% or 100%. perceived as more female-dominated, while Doctor, Lawyer,
Nurse reached almost 100% female representation across all Engineer, and Police officer tended to be perceived as more
models and styles, showing a more extreme female repre- male-dominated. Compared with official statistics, respon-
sentation than people’s perceptions (Japan: 80%) and official dents tended to underestimate the female ratio even in occu-
statistics (Japan: 91%). By contrast, for Doctor, Lawyer, En- pations where the actual female ratio is high, such as Teacher
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Figure 5: Human—Gemini comparisons. From left to right in each row: gender confusion matrix, age confusion matrix, and

agreement rates by occupation.

(US 78% / Japan 56%), Psychologist (US 71% / Japan 73%),
and Nurse (US 87% / Japan 91%). In respondents’ percep-
tions, the female ratios for these occupations were around
the 40% range for both the world and Japan. These results
suggest that perceptions of occupational gender composition
can differ substantially from official statistics.

The model-level trends were as follows. ChatGPT showed
high female ratios for Teacher, Psychologist, and Nurse, but
extremely low female ratios for Doctor, Lawyer, ICT profes-
sional, Engineer, Architect, and Police officer. This pattern
was generally shared across both styles, although Designer
and Sportsperson had higher female ratios in photorealistic
images. Gemini generated many women: in anime-style im-
ages, all occupations had female ratios of at least 62%, and
in photorealistic images, all occupations except Police offi-
cer had female ratios of at least 64%, which was high com-
pared with both official statistics and crowdsourcing results.
FLUX showed fixed representations: except for Teacher and
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Nurse, which had high female ratios, many other occupa-
tions had female ratios close to 0%, and there was almost no
style difference. Stable Diffusion showed the largest style
differences. In anime-style images, many occupations had
female ratios close to 100%, whereas in photorealistic im-
ages the ratios dropped sharply (e.g., Engineer from 99%
to 0%, ICT professional from 100% to 6%). Midjourney
showed relatively high female ratios for Teacher, ICT pro-
fessional, Designer, and Nurse in anime-style images, but
the ratios decreased for many occupations in photorealistic
images (Teacher from 55% to 10%, Designer from 58% to
12%).

The hypothesis tests for gender-distribution differences
between anime-style and photorealistic images showed sig-
nificant differences in 0 occupations for FLUX, 3 for Chat-
GPT, 4 for Midjourney, 6 for Gemini, and 8 for Stable Diffu-
sion. Thus, the way style differences appeared varied greatly
by model. Across models, Sportsperson, Engineer, and De-



signer were occupations in which style differences tended to
arise.

Age Distribution Figure 4(b) the depicted person to be
in their 20s or younger. We focus on people in their 20s
or younger because anime characters are often centered on
younger age groups.

As an overall trend, anime-style images frequently de-
picted people estimated to be in their 20s or younger, with
the count reaching 100 in many conditions. For FLUX, all
100 images were estimated to depict people in their 20s or
younger for every occupation. Among the other models, ex-
cept for Midjourney, all 100 images were estimated to depict
people in their 20s or younger in seven occupations for Chat-
GPT and Stable Diffusion and in six occupations for Gemini.
By contrast, photorealistic images were less frequently esti-
mated to depict people in their 20s or younger. For FLUX,
all anime-style images were estimated to depict people in
their 20s or younger, whereas in the photorealistic condition,
most images were estimated to depict people in their 30s
or older for all occupations except ICT professional. Stable
Diffusion also tended to generate younger people in photo-
realistic images. For Sportsperson and Nurse, ChatGPT and
Midjourney, in addition to Stable Diffusion, also showed rel-
atively high ratios of people estimated to be in their 20s or
younger.

The statistical tests also showed significant differences for
almost all models and occupations, indicating a strong asso-
ciation between image style and age representation. Signifi-
cant differences were found for all 11 occupations in Chat-
GPT, Gemini, and FLUX, for 10 occupations in Midjourney,
and for 9 occupations in Stable Diffusion. Thus, the ten-
dency for anime-style images to be biased toward people in
their 20s or younger was also statistically supported.

Validity of Gemini’s Inferences

This paper uses Gemini 3.1 Pro to estimate gender and age.
Therefore, it is important to assess how closely Gemini’s in-
ferences agree with human judgments. To do so, from the
100 images generated for each model, occupation, and style,
we randomly selected 10 images and asked three human an-
notators to evaluate each image. Gender and age were deter-
mined by majority vote. Figure 5(a) shows the comparison
between human and Gemini inferences for anime-style im-
ages, and Figure 5(b) shows the comparison for photorealis-
tic images. In each figure, the panels from left to right show
the gender confusion matrix, the age confusion matrix, and
agreement rates by occupation.

For gender, Gemini and the human majority vote agreed
on 546 of 550 anime-style images (approximately 99.3%)
and 548 of 550 photorealistic images (approximately
99.6%). Thus, Gemini showed very high agreement with hu-
man judgments for both styles. Most images that Gemini es-
timated as unidentifiable were also judged unidentifiable by
humans.

For age, the exact agreement rate was approximately
81.5% for anime-style images and 60.4% for photorealistic
images, showing a decline for the photorealistic style. How-
ever, most disagreements were concentrated in adjacent age
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Model  Prompt Resembled IP CIr Bdl

ChatGPT lawyer Phoenix Wright (Ace 79 87
Attorney)

ChatGPT sports ~ Shonen-manga protagonists 84 90
(Haikyu!!, Kuroko, etc.)

Gemini sports  Existing character 1 1

MidJ. sports  None (original) 0 O

SD3.5M ICT Hatsune Miku 19 25

Table 3: Generated images resembling existing copyrighted
characters.

Note. Clr = clear match, Bdl = incl. borderline. ChatGPT
(sports) includes images blending multiple characters and
characters wearing uniforms they do not normally wear.

groups, and large errors spanning two or more categories
were almost absent. The lower agreement rate for photore-
alistic images is likely because the inference results were
widely distributed from teenagers to people in their 60s or
older, making category boundaries more ambiguous. This
contrasts with anime-style images, where the results were
concentrated in the 20s category and were therefore easier
to judge.

By occupation, gender agreement was consistently high
at 94% or above for all styles and occupations. Age agree-
ment varied by occupation, ranging from 64% to 96% for
anime-style images and from 48% to 78% for photorealistic
images. People in occupations with lower agreement, such
as psychologist (48% in photorealistic images) and teacher
(50% in photorealistic images), tended to be depicted wear-
ing clothing such as suits that provided few age cues, and
the images often concentrated in middle-age ranges such as
the 30s to 50s. By contrast, nurse and architect showed rela-
tively high age agreement.

Overall, Gemini showed very high agreement with human
judgments for gender, while most age disagreements were
limited to adjacent age groups. These results support the use
of Gemini’s gender and age labels for the aggregate analyses
conducted in this study.

Concerns about Portrait Rights and Copyright in
Generated Images

To assess the agreement between Gemini’s inferences and
human judgments, a subset of the generated images was re-
viewed by three human annotators. During this process, we
found that some models generated images that closely re-
sembled existing anime or manga characters or real persons,
or images that contained elements associated with existing
IP (Intellectual Property), such as uniforms, hairstyles, or ac-
cessories. This section organizes these cases by type and dis-
cusses potential concerns related to portrait rights and copy-
right. The tables in this section report the results of recheck-
ing all 100 images for the model-occupation pairs in which,
during the human review of a subset of generated images,
annotators judged that the depicted person closely resem-
bled an existing character.



Model  Prompt Matching element N

Gemini sports  Existing uniform / fictional 30
high-school name (person
original)

MidJ. sports  Karasuno High uniform, Haikyu!/ 2
(person original)

SD3.5M ICT Hairstyle resembling Hatsune 29

Miku: twin-tails with distinctive
ornament (face, hair color
original)

Table 4: Original characters whose accompanying elements
matched existing IP.

Model Anime Real
ChatGPT 8 85
FLUX 65 89
Gemini 60 94
Midl. — 1
SD3.5M 9 54

Table 5: Sports uniforms containing corporate logos (char-
acter depiction itself unproblematic).
Note. “— denotes no data (or zero).

Anime-Style Images Resembling Existing Characters
Table 3 shows the results for anime-style images that closely
resembled existing characters. The most striking case was
ChatGPT. For lawyer, 79 of 100 images closely resem-
bled Phoenix Wright from Ace Attorney, and this number
reached 87 when borderline cases were included. Similarly,
for sportsperson, 84 of 100 images closely resembled pro-
tagonists from serialized Shonen manga such as Haikyu!!
and Kuroko’s Basketball; the count rose to 90 when includ-
ing images that blended features of multiple characters or
showed characters wearing uniforms they do not normally
wear. In Stable Diffusion 3.5 Medium, 19 images generated
for the ICT professional, or 25 including borderline cases,
closely resembled Hatsune Miku.

In addition, based on the anime-style results for ChatGPT,
we examined the 100 photorealistic sportsperson images, fo-
cusing only on male tennis and soccer players. Within this
scope, many of the corresponding images appeared to de-
pict real persons, and such cases accounted for 49 of the 100
images.

These results show that some models can generate im-
ages that closely resemble well-known characters at high
frequency under particular prompts. In particular, the high
frequency with which ChatGPT generated images resem-
bling the same character for a specific occupation raises an
important practical concern.

Anime-Style Images with IP-Derived Elements Accom-
panying Original Characters Even when the person it-
self appeared original, some images contained elements as-
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sociated with existing IP in clothing or backgrounds (Ta-
ble 4). In Gemini’s sportsperson images, 30 images showed
original persons wearing uniforms from existing works or
included high-school names appearing in those works. In
Midjourney, two images showed original persons wearing
Karasuno High School uniforms from Haikyu!!. In Stable
Diffusion, 29 images showed original faces and hair colors
but had twin-tail hairstyles and distinctive hair ornaments
reminiscent of Hatsune Miku. Although these images did
not depict the characters themselves, they contained visual
elements strongly associated with specific works or charac-
ters.

Depictions of Uniforms Containing Corporate Logos In
generated images of sportspersons, we found many cases
in which the depiction of the person itself appeared origi-
nal but the uniform contained logos of real companies (Ta-
ble 5). This was especially prominent in photorealistic im-
ages, reaching 94 images for Gemini, 89 for FLUX, and
54 for Stable Diffusion 3.5 Medium. Many cases were also
found in anime-style images for some models, such as 60
images for Gemini and 65 for FLUX. For ChatGPT, as noted
above, these results include images depicting real persons
wearing uniforms with corporate logos.

Overall, current image generation models can generate
images containing or closely resembling existing anime or
manga characters or real corporate logos at high frequency
under particular occupation prompts. Although these results
are based on counts that the authors could confirm by visual
inspection, they still show clear tendencies. It is also possi-
ble that images we could not fully verify contain elements
similar to existing characters or real persons, or elements as-
sociated with existing IP. These results therefore highlight
potential concerns for practical applications of generative
AL

Conclusion

We proposed an MLLM-based workflow for evaluat-
ing bias in text-to-image models and compared anime-
style and photorealistic images generated by five mod-
els across eleven occupations. The results showed substan-
tial differences between the two styles: anime-style images
tended to depict younger people, while gender distribu-
tions showed more model- and occupation-dependent dif-
ferences. The generated gender distributions also often dif-
fered from both official statistics and perceptions collected
from Japanese crowdsourcing respondents. We used anime
screenshot as the Style. Other specifications such as
anime style may yield different tendencies, and this
choice may partly account for the re-generation of exist-
ing characters observed in our results. In future work, we
will further investigate bias in anime-style images, includ-
ing through interviews with children about such images.
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