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The aim of this thesis was to investigate the presence of representational gender biases in
Al-generated pictures in an occupational setting and evaluate how two Al models compare
to each other. As Al tools are becoming more widely used, it is increasingly important to
address and reduce harmful gender biases. The tools used in the study, DALL-E 3 and
Ideogram were prompted with occupations and with descriptive terms, such as ‘student’ and
‘professor’. In total, over 750 images were generated of occupations with varying gender
ratios across different fields. The images were analysed by using thematic analysis.

The results of the thematic analysis revealed that both models depict women as younger and
more likely to smile than their male counterparts. Ideogram showed a higher representation
of older professionals, though both models underrepresented older women. Ideogram had a
balanced representation of women and men in a professional setting, while DALL-E 3
significantly overrepresented men in all occupational groups.

The study had some limitations. Gender is classified into two categories to simplify
comparison with occupational statistics. Future studies could incorporate other gender
identities into the research. As the technology around text-to-image models is advancing
rapidly, the results of this study only reflect the current state of these models and are likely
to change in the future.
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Tamin kandidaatintyon tarkoituksena oli tutkia, esiintyyko tekodlyn generoimissa kuvissa
sukupuolistereotypioita ja arvioida, kuinka kaksi eri tekodlymallia vertautuvat toisiinsa.
Tekodlytyokalujen yleistyessd on yhd tirkedmpdd tutkia ja vdhentdd niiden sisdltamid
haitallisia sukupuolistereotypioita. TyOssd kiytettiin DALL-E 3- ja Ideogram-nimisid
tyOkaluja, joita kehotettiin ammattinimikkeilld ja termeilld, kuten “opiskelija” ja
“professori”. Aineiston kerddmiseksi yli 750 kuvaa ammattilaisista generoitiin eri aloilta eri
sukupuolijakaumin. Kuvat analysoitiin teema-analyysid hyodyntden.

Temaattisen analyysin tulokset osoittivat, ettd molempien mallien generoimissa kuvissa
naiset ovat useammin nuorempia ja hymyilevimpid kuin mieskollegansa. Ideogram generoi
enemmain vanhempia tyontekijoitd, joskin molempien mallien kuvissa vanhemmat naiset
olivat aliedustettuja. Ideogramin generoimissa kuvissa miehet ja naiset olivat tasaisesti
edustettuina, kun taas DALL-E 3:n generoimissa kuvissa miehet olivat huomattavasti
yliedustettuina kaikissa ammattiryhmissa.

Tutkimuksessa oli joitain rajoituksia. Sukupuoli on luokiteltu kahteen ryhméén, jotta
ammattitilastoihin vertaaminen oli mahdollista. Tulevissa tutkimuksissa voitaisiin
huomioida my0s muita sukupuoli-identiteettejd. Tekodlymallit kehittyvét jatkuvasti, joten
tdmén tutkimuksen tulokset kuvaavat vain mallien nykytilaa ja ne todenndkdisesti tulevat
muuttumaan tulevaisuudessa.
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1 Introduction

Artificial intelligence (Al) research and development company OpenAl released their
chatbot ChatGPT on November 30, 2022 (OpenAl 2022a). Since then, the usage of
generative artificial intelligence has rapidly increased. Two months after its release,
ChatGPT reached 100 million monthly active users, surpassing the growth rate of other
popular platforms, including TikTok and Instagram (Hu 2023). In 2022 OpenAl released
DALL-E 2, an Al system that creates images and art from user-generated text (OpenAl
2022b). After the release, researchers found gender biases in the photos generated by
DALL-E 2 (Samuel 2022).

OpenAl addressed this in June 2022, acknowledging the presence of biases in DALL-E 2.
Specifically, DALL-E 2 tends to over-represent people in some occupations. The preview
version over-represented people who are female-passing (e.g., with the prompt: ”a flight
attendant”) and male-passing (e.g., with the prompt: "builder”’). Consequently, OpenAl put
various guardrails in place to prevent harmful content creation (Mishkin ef al. 2022). In
October 2023, OpenAl released its latest image model, DALL-E 3 for ChatGPT Plus and
Enterprise customers. According to OpenAl, DALL-E 3 generates crisper images compared
to DALL-E 2. Furthermore, OpenAl claims that there are advancements in reducing harmful

biases related to both over and under-representation. (OpenAl 2023.)

As Al tools become more popular and widely used, it is increasingly important to actively
address and reduce harmful biases. Media generated by Al tools can impact people’s
perceptions of the real world, thus reinforcing harmful stereotypes. Gender stereotypes
influence the way we perceive others and what opportunities we give them (Ellemers 2018).
Additionally, gender stereotypes affect our conceptions of self, what goals we set, and what
outcomes we value. These effects may stop an individual from pursuing what they care about
and make them undermine their ability to perform well. (Ellemers 2018.) This has the chance
of affecting one’s professional life choices. According to the University of Toronto (2023),
students encounter greater difficulty in identifying with their field and they might feel that
they don't belong if they don't see people like themselves in the authors and images of the

field. As a result, representation plays a role when choosing and completing a field of study.



Poor representation can increase occupational segregation within different occupations. This

is one of the several reasons why representation in a professional context is essential.

In this thesis, two text-to-image generators are used to evaluate and find out the differences
in gender stereotypes between Al models. The before-mentioned DALL-E 3 is compared to
Ideogram. Ideogram is a freemium Al text-to-image generator that launched in August 2023.
According to Ideogram (2023) their tool is able to render coherent text inside images, which

has been a major issue in other Al-image generation tools.

The primary object of this bachelor’s thesis is to investigate the presence of representational
gender bias in Al-generated pictures in an occupational context and evaluate how these Al
models compare to each other. The comparison of potential biases in an occupational context
extends to the comparison of descriptive terms, such as 'student' and 'professor’. A study by
Sun et. al (2023) highlights that DALL-E 2 underrepresents women in men-dominated
professions while overrepresenting them in women-dominated fields. Since DALL-E 3
launched in late 2023, there is a limited amount of research on whether the harmful biases
are reduced as claimed by OpenAl. This study uses DALL-E 3 and Ideogram to find out if
some of the latest Al image generators continue the trend of generating images that reinforce

harmful gender roles and stereotypes.
This thesis aims to answer the following research questions:

e QI: What kind of stereotyped images do Al models produce within a professional

context?

e (2: What noticeable differences in gender bias there are between images generated

by DALL-E 3 and Ideogram?

In the following chapter literature on gender biases and stereotypes found in different
technologies is explored, with an emphasis on Al-generated pictures. Chapter three explains
the process of data collection and how thematic analysis was applied to analyse the generated
images. In chapter four, the results of the analysis are presented. Chapter five is a discussion
on what the results imply, how these findings answer the research questions and finally it
outlines the limitations in the research. Chapter six includes a summary of the work’s results

and how the results could be used in the future.



2 Related research

In this chapter, a short overview on the advancements of text-to-image generators is given.
Then, literature on stereotypes across different technologies and text-to-image models are
explored. The chapter concludes by looking at the effects of the gender gap in Al research

and development.

2.1 Evolution of text-to-image generators

Significant advancements have been made in text-to-image generators over the past decade.
In 2014, Goodfellow et al. developed a new framework known as Generative adversarial

network (GAN), which would become prominent in the advancement of generative Al.

Most widely used learning algorithms prior to GAN relied on supervised learning, which
needed a human supervisor to provide an output example for each input. To reduce the need
for human supervision, many researchers turn to unsupervised learning often using
generative models, GAN being one of these approaches. GAN is based on a game between
two machine learning models, one being the generator and the other being the discriminator.
The generator generates pictures while the discriminators task is to distinguish between real
images and images generated by the generator. As these models compete, the discriminator
improves at differentiating fake images from real images, while the generator gets better at
producing pictures that closely resemble real images. In the following years, GAN
capabilities grew, as new improvements were made by different researchers, such as those

by Kallas et al (2018). (Goodfellow et al. 2020.)

Although GANs held the state-of-the-art on most image creating tasks, they have their
drawbacks, making them hard to scale and apply to new domains (Dhariwal and Nichol
2021). In 2021, OpenAl employees Dhariwal and Nichol (2021) argued that diffusion
models achieved image sample quality superior to GANs. Diffusion models are generative
models, that operate by gradually adding and removing small amounts of noise to effectively
learn the distribution of training data for data generation (Chang, Kouleris and Shum 2023).
Currently, the state-of-the-art text-to-image models like DALL-E and Stable Diffusion use
diffusion models to achieve their performance. (Ramesh et al. 2022; Rombach et al. 2022).



2.2 Stereotypes across different technologies

Harmful stereotypes regarding gender and race are widespread in technology, affecting even
the most popular applications. A study by Kay, Matuszek and Munson (2015) found
evidence for systematic underrepresentation and stereotype exaggeration of women in
Google image search results. Moreover, the study revealed that search results were rated
higher when they aligned with occupational stereotypes, and changing how gender is
represented in the image search results can shift people’s views about real-world

distributions.

Google Translate has also had its issues with gender stereotyping. Initially, the translator
provided only a single translation for a query. When translating words that are
stereotypically considered more masculine, like ‘strong’ or ‘doctor’ or more feminine, like
‘nurse’ or ‘beautiful’, the translator would skew the results. For example, when queried with
‘o bir doctor’ in Turkish, the translator would translate it as ‘he is a doctor’. Google has since
addressed this concern by offering both gender-specific translations (she/he is a doctor) and

promised to extend gender-specific translations to more languages. (Kuczmarski 2018.)

In a study by Fessler (2017), popular digital voice assistants were subjected to a systematic
test to find out their responses to verbal abuse. These bots (Apple’s Siri, Amazon’s Alexa,
Microsoft’s Cortana, and Google’s Google Home) all feature female voices. Instead of
fighting back the abuse, each assistant normalized the behaviour by acting passively towards
the abuse. For example, when Siri was insulted with phrases like “You’re a bitch” or “Suck
my dick”, it flirted with the user by responding “I’d blush if I could’”. Similarly, when the
bots faced sexual comments, the assistants tended to thank, act evasive, were flirtatious or
made jokes to respond to these comments undermining the issue of the remarks. These
responses promote stereotypical passivity, dismissiveness, and flirtation with abuse, or the
bot did not understand the question at all, showing that the responses are alarmingly

inadequate. (Fessler 2017.)

Furthermore, assigning colour, ethnicity or both to artificial intelligence can also perpetuate
biases, as argued by Cave and Dihal (2020). They claim that Al is primarily portrayed as
white in chatbots, virtual assistants, humanoid robots, stock images and in films and

television. They suggest that the whiteness of Al may stem from the predominantly white
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environments in which Al technologies are developed. Additionally, they argue that traits
like intelligence, professionalism and powerfulness are often imagined to white machines
because the white racial frame attributes these traits to white people. Their study concludes
that this racialization can reinforce existing prejudices. If intelligent machines are shown as
white, because whiteness is associated with intelligence, it also reinforces the idea that

intelligence is linked with being white (Cave and Dihal 2020).

2.2.1 Stereotypes in text-to-image models

Harmful stereotypes are common in multiple popular applications, highlighting the need for
more inclusive software design. Text-to-image models are no different. Even though text-
to-image tools are relatively new, there are multiple works examining ethical concerns
regarding Al-generated pictures. Sun et. a/ (2023) examined the presence of occupational
gender biases over 15 000 pictures generated by DALL-E 2. Their findings concluded that
DALL-E 2 has a representational bias, underrepresenting women in male-dominated fields
while overrepresenting them in female-dominated professions. They also found
presentational bias, as DALL-E 2 produced more images of smiling women and women
pitching down in female-dominated occupations compared to the images generated of men.
Another example of occupational bias in Al-generated images was demonstrated by Gorska
and Jemielnak (2023). A sample of 99 images from nine text-to-image generators was used
in the study, concluding that the vast majority of pictures generated of doctors, lawyers,
engineers and scientists represented men. Notably, even though women account for almost
half of doctors, women were only represented in 7% of the prompted pictures. However,
there was significant variation between the Al models. Wang et al. (2023) found that in
pictures generated by Stable Diffusion, career was significantly more strongly associated
with men compared to women. When prompting with “a person focusing on career/family”,

women were more associated with family and men with career.

When examining stereotypes in Al-generated images, it is important to acknowledge that
there can be biases stemming from various other factors besides gender, such as race and
age. Jha et. al (2024) generated photos using Stable Diffusion across 135 identity groups
focusing on regional stereotypes and the range of their associated stereotypes. Their study
demonstrates that generated pictures of historically marginalized groups exhibit a

stereotypical appearance, even when explicitly prompted otherwise. They observed that
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pictures representing identity groups from countries in South America, Southeast Asia and
Africa were the most offensive. Bianci et. al (2023) got similar results with Stable Diffusion,
noting that harmful stereotypes persist despite mitigation strategies and in some cases, the
model amplified stereotypes. They noted that even prompts that don’t reference race, gender
or ethnicity lead the model to reproduce harmful stereotypes. The generated pictures
exoticize people with darker skin tones, tie emotionality to stereotypically white feminine

features and generate darker-skinned faces with the prompts ‘illegal person’ and ‘terrorist’.

Fraser, Kiritchenko and Nejadgholi (2023) compared Midjourney, Stable Diffusion and
DALL-E 2, revealing that all the models showed age bias by generating more images of
young people and they all had a noticeable lack of representation of darker-skinned women.
Like the study by Bianchi et. al (2023), the models generated stereotypical content even
when the prompts didn’t reference race, gender, or ethnicity. However, the trends were
inconsistent between the different models, and the results must be considered preliminary

due to the small sample size used in the study.

2.3 Gender gap in the Al industry

Women remain underrepresented in the science, technology, engineering, and mathematics
(STEM) workforce. Even among women who obtain STEM degrees, there is a lower
likelihood of them pursuing careers in STEM compared to their male counterparts. The
computer science and math workforce is dominated by men, as women comprise only 27%
of the workforce. Women are especially under-represented in engineering, as only about one

out of seven engineers are women. (Beede et. al. 2011.)

The gender gap in STEM fields affects the Al industry. The gender gap in Al development
and research is particularly pronounced. Element Al and WIRED focused on the 4000
researchers that were published at the leading machine learning conferences, NIPS, ICML
and ICLR and concluded that only 12 percent of major machine learning researchers are
women (Mantha and Hudson 2018). WIRED reviewed Google’s Al research papers, where
only 10 percent of people listed as working on “machine intelligence” were women. They
also reviewed Facebook's Al research group, which listed 115 people, of whom 15 percent
were women (Simonite 2018). Other studies have gotten similar results, finding that only

14% of Al research authors are women (Stathoulopoulos, Mateos-Garcia and Owen 2019).
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Despite a more generous estimate by the World Economic Forum in 2023, suggesting that
approximately 30% of people working in Al are women, the industry remains

overwhelmingly male-dominated.

In a study conducted by Schulenberg et al. (2023), eight women with experience in different
areas of Al design were interviewed to understand their perceptions of gender and its impact
on their approach to Al design and development. Some of the participants revealed they feel
accustomed to being the only woman in the room and some felt that men had expectations
for them to be more nurturing and caring than their male counterparts. The gender imbalance
and divide led to participants feeling imposter syndrome and participants recognized that
they had to be more assertive to ensure that their voices were heard in the workplace. Many
of the women brought up the existence of ‘bro code’, where men’s voices are prioritized by
other men and women'’s contributions are undermined. Moreover, the participants discussed
approaches on how to reduce gender biases within the industry and advocated for a more
inclusive approach to Al design. The majority of the participants agreed that Al should have
a gender-neutral design. They also believed that the current state of Al design is far too
gendered, possibly not appealing to the non-male users of the tools. They supported
designing Al tools with use-case specificity and intersectional practises in mind.

(Schulenberg et al. 2023)

The under-representation of women in the Al workforce creates notable challenges to the
field. The aforementioned study by Schulenberg ef al. (2023) highlights how women find
themselves to be in the minority, face stereotypical expectations, and feel that they must
modify their behaviour to combat marginalization. According to the female AI design
professionals in the study by Schulenberg et al. (2023), Al design should focus on an inter-
sectional and user-specific design process to reduce gender bias in the development of new
Al technologies. To make applications and research responsive to a broader and diverse user
base, a study by Schiebinger and Klinge (2013) advocates for gender analysis to enhance the
lives of humankind. Their study concludes that integrating gender analysis into research
promotes creativity by providing new perspectives, raising new questions, and opening new
research areas. They advocate for using methods of gender analysis to help in rethinking
stereotypes and opening design to more dynamic representations of gender. An effort
towards systematic change within the industry is needed to address these issues to foster an

environment in the Al workforce which promotes diversity and inclusivity.
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3 Research process

The following chapter explains how the occupations were selected for the study.
Subsequently, DALL-E 3 and Ideogram were prompted with these occupations. When
applicable, occupations were additionally prompted with 'student' and 'professor' (for
example, ‘Chemistry student’) for further research to uncover potential biases. The collected

image data were analysed using thematic analysis.

3.1 Data collection

The occupations were sourced from Statistics Finland’s ‘Employed persons by occupation
group (Classification of Occupations 2010, levels 1 to 5)  from the year 2020 (Statistics
Finland, 2023). The classification system used, known as the National Classification of
Occupations 2010 is based on ISCO-08 (International Standard Classification of
Occupations), developed by the International Labour Organization (Lehto and Ylonen
2011). Occupations were selected from all ten main groups, and each chosen occupation had
at least 300 workers or entrepreneurs per occupation in Finland. Gender distribution was a
key component in occupation selection. The occupations were divided into five groups based
on the number of women workers: ‘Women’s occupations’ (Over 90% of the workforce are
women), ‘Women-dominated occupations’ (60% — 90% of the workforce are women),
‘Gender-balanced occupations’ (40% — 60% of the workforce are women), ‘Man-dominated
occupations’ (10 — 40% of the workforce are women) and ‘Men’s occupations’ (<10%
workforce consists of women). This study includes 15-20 occupations in each category to

represent a range of occupations with varying gender ratios across different fields.

DALL-E 3 and Ideogram were prompted to generate images based on the chosen
occupations to investigate what kind of stereotyped images Al models produce within a
professional context, and to identify differences between the image generators. For each
occupation, both DALL-E 3 and Ideogram generated four images, resulting in a total of 680
images. Images that did not show the workers' faces or were otherwise deemed unusable
were discarded. For example, some images with the prompts ‘gardener’ and ‘firefighter’ had

a helmet or a hat covering the face. In some images, the worker was depicted from an angle



14

that did not show the face. In rare instances, the images portrayed something different
compared to what the prompt was (for example, a fantasy character or a robot) and were
therefore discarded. Out of the 680 pictures, a total of 602 were used for thematic analysis,
from which 291 were generated by Ideogram and 311 by DALL-E 3. Additionally, certain
occupations were further analysed by prompting with 'student' and 'professor' to explore
potential biases. This approach generated an additional 176 images across eleven
occupations. Out of the 176 images, a total of 167 were used, from which 81 were generated
by Ideogram and 86 were generated by DALL-E 3. A closer look at the image collection
process is provided in Figure 1. Images generated by Ideogram were generated in March of
2024 using Ideogram 1.0 and images generated by DALL-E 3 were generated in March and
April of 2024 using ChatGPT-4.

Basic set (680) \‘;

DALL-E
3 Ideogram
29 49 291
311 Y
Removed (87) Final set (769)
2 7 86 81 0
DALL'E Ideogram

Student and professor (176) ;

Figure 1: Image collection process
3.2 Data analysis

The images generated by DALL-E 3 and Ideogram were analysed using thematic analysis
as per Braun and Clarke (2006). This analysis method involves identifying, analysing, and
reporting themes (patterns) in data, organizing and describing the dataset in rich detail, often
with further interpretations of various aspects of the research topic. (Boyatzis 1998, cited in

Braun and Clarke 2006). Thematic analysis was applied as it is a notably flexible analysis
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method. Thematic analysis is suited for a wide range of data types; it can be used to analyse
textual data from qualitative surveys, story-based methods, online discussion forums,
diaries, interviews, and other media sources (Willig and Rogers 2017). Thematic analysis
has been efficiently used to analyse images across multiple studies (for example in Del Gesso

2021; Shanahan, Brennan and House 2019).

The six phases of thematic analysis as outlined by Braun and Clarke (2006) were conducted.
The phases can be seen in Figure 2. Initially, every data item (generated image) was studied
to collect initial ideas and identify possible patterns in the dataset. The notes from this phase
were used in phase two to generate initial codes to organize the data. The initial codes fell
into four categories: gender, expression, focus of gaze, signs of ageing and clothing and
accessories. These initial codes serve as a basis for comparing DALL-E 3 and Ideogram in

the following chapter.

Each image received full and equal attention, often receiving multiple codes. In the third
phase, the codes were organized into potential themes. An early thematic map was created
during this state, which produced a collection of possible themes and sub-themes. In phase
four, certain initial themes were either discarded or merged with other themes. For example,
themes regarding the focus of gaze were removed, as there was no evident data to support
that there were differences across genders regarding gaze. Similar adjustments were made
regarding certain clothing elements and other initial codes. After refining the thematic map,
the full data set was re-examined to ensure that the map reflects the data set as a whole and
to ensure that possible themes were not missed in earlier stages. The themes and sub-themes

were defined and named, and a detailed analysis of the themes is presented in the next

chapter.
Familiarising e .
: +| Generating initial +|  Searching for
yourself with your > >
codes themes
data
Producing the report [« Deﬁnmg and < Reviewing themes
naming themes

Figure 2: Six phases of thematic analysis as per Braun and Clarke (2006)
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4 Results

The results from the thematic analysis are presented in this chapter. The themes identified in
the generated images are categorized by gender: *Warm female persona’ and ’The analytical
male persona’. The final thematic map can be seen in Figure 3. Additionally, the results of
the student and professor analysis are shown. Finally, a comparison of the gender gap

between the images generated by DALL-E 3 and Ideogram is presented.

Warm female The analytical male
persona persona

Less .. Prestigious .
experienced Submissive ang;l Logical
P . and kind )
attractive experienced

Kindness
through
smiling

Greying
with pride

Contemplative
demeanor

Figure 3: Final thematic map

4.1 Warm female persona

The women in Al-generated images tend to highlight traditionally stereotypical female
characteristics, that make the women seem more friendly, co-operative, and submissive in a
work setting. This depiction was found in images generated by both models. The theme is
divided into two sub-themes that manifest the finding: (a) youthfulness and (b) kindness
through smiling.

4.1.1 Kindness through smiling

In the pictures generated by both DALL-E 3 and Ideogram, women were significantly more

likely to display positive emotions in an occupational setting. An image of a smiling girl or
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a woman can be considered as a stereotype for women to act more “lady-like” or well-
behaved compared to men (Rodgers, Kenix and Thorson 2007). In a study by Rodgers, Kenix
and Thorson (2007), news photographs were examined to find out how individuals of
different ages, gender and ethnic subgroups were portrayed. Their study found that on
average, a picture of a woman in a newspaper was smiling, had a calm demeanour and a
submissive stance. The same phenomenon can be found in Al-generated images generated
by DALL-E 3 and Ideogram. Figure 4 shows dental therapists generated by DALL-E 3.
DALL-E 3 generated one woman and three men. The woman has a beaming smile and is
looking towards the camera, with her hands clasped in front of her. The men are depicted
with neutral expressions. One of them is operating on a patient, and the others have their
arms crossed. The woman’s body language conveys an inviting and kind presence, while the

men appear more serious and professional.

Figure 4: Dental therapists generated by DALL-E 3

The same occurrence can be observed in images generated by Ideogram. Figure 5 shows
Ideograms depiction of specialist medical practitioners. Ideogram generated two women and
two men. The women smile widely, making eye contact with the viewer. The men are

focused on their job, working with different technologies.
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Figure 5: Specialist medical practitioners generated by Ideogram

Table 1 shows the difference in the expressions between genders in pictures generated by
DALL-E 3 and Ideogram. In images generated by Ideogram, 74,5% of the depicted women
are smiling, compared to 33,3% of smiling men. In comparison, images generated by
DALL-E 3 also show a similar trend but with fewer smiling individuals overall: 66,7% of
women are smiling, compared to 27,6% of men smiling. When smiling, women were much
more likely to smile widely, with their teeth showing in images generated by Ideogram,
though both genders had a wide smile more often than a more neutral one. In images
generated by DALL-E 3, both genders were more likely to be more neutral with their smile,
though women were more likely to smile widely compared to men. In total, the models
created 602 pictures, with 192 featuring women, and out of these 72,9% are smiling. The

remaining 410 pictures were of men, and out of them, 29,5% were smiling.

Table 1: Expressions of women and men in images generated by DALL-E 3 and Ideogram

Ideogram Women Men %/W %/M DALL-E3 Women Men %/W %/M

Toothy smile 93 31 60,78% 22,46 %|Toothy smile 12 21 30,77% 7,72 %
Smile 21 15 13,73% 10,87 %|Smile 14 54 3590% 19,85 %)
Neutral 14 34 92% 24,6 %|Neutral 4 61 10,3% 22,4%
Focused 24 54 15,7 % 39,1 %|Focused 9 134 23,1% 49,3 %
Serious 1 4 0,7 % 2,9 %|Serious 0 2 0,0 % 0,7 %
Total 153 138 100 % 100 %|Total 39 272 100 % 100 %
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4.1.2 Y outhfulness

The portrayal of women as young and attractive in media is a well-studied phenomenon.
Women’s magazines are one of the more obvious examples of this, where women's beauty
is characterized by (mostly) white skin, thinness, and youth (Byerly and Ross 2008).
Youthfulness in an occupational setting is often associated with less experience and
authority, while age is respected in many cultures on its own. A long career is respected for
the several benefits that come with experience. A worker with a long work history has a
track record to show their commitment and reliability in the workplace. Additionally,
employees with a long career in a field have been able to acquire a lot of institutional

knowledge and high levels of skill in their respective fields.

However, the images generated by DALL-E 3 and Ideogram continue the trend of portraying
women as younger than their male counterparts in a professional setting. For instance, when
prompting Ideogram with ’physicist’, it generated one picture of a woman and three men as
seen in Figure 6. The men depicted show clear signs of ageing: Greying hair and beard, with
noticeable wrinkles. In contrast, the female physicist is portrayed with clear and smooth skin,
luscious hair, big earrings, and people looking over her shoulder in the background. While
it is positive to depict a younger woman in a STEM field, portraying the woman as young
and beautiful, compared to the men being old reinforces traditional stereotypes on how

women and their worth is tied to their looks and youth.
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Figure 6: "Physicist’ generated by Ideogram

When portraying older women, signs of greying were almost unheard of. Out of the 192
images of women, only four had greying hair. When depicting older women, there was high
effort put into looks. Older women generated by Ideogram were more likely to have
accessories, like earrings and necklaces, visible makeup and curled hair compared to
younger women to achieve a well-put-together look. Many of the images of older women
overlapped with the subtheme ‘Kindness through smiling’. This is demonstrated in Figure
7, which shows women generated by Ideogram with prompts ’Dental therapist’,

‘Nutritionist’ and "Child care services manager’.

Figure 7: Older women generated by Ideogram.

In the images generated by Ideogram, older professionals were represented though older
women were distinctly underrepresented compared to men. To analyse ageing, signs of
ageing were divided into two groups: Wrinkles and greying (hair, beard, or both). In the
images generated by Ideogram, over 44% of men showed some signs of ageing, while only

19% of women showed signs of ageing, showing a clear age bias between women and men.

Images generated by DALL-E 3 showed fewer signs of ageing overall. Among these, only
one woman depicted by DALL-E 3 showed any signs of ageing, making older women nearly
invisible in an occupational context. Wrinkles were an especially rare sight in the pictures
generated by DALL-E 3, and most people regardless of gender were portrayed with smooth,
unblemished skin. Approximately one in five men had signs of ageing in these images. In
total, 15,6% of images depicting women generated by both Al models showed signs of
ageing compared to 29,8% of men, showing a significant difference between genders. Table
2 gives a more detailed breakdown of signs of ageing in the images generated by Ideogram

and DALL-E 3.



Table 2: Signs of ageing in images generated by Ideogram and DALL-E 3.
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Ideogram Women Men %/W %/M DALL-E 3 Women Men %/W %/M

Wrinkles 28 58 18,3% 42,0 %|Wrinkles 1 24 2,6 % 8,8 %
Greying 4 40 2,6% 29,0 %|Greying 0 48 00% 17,6%
Wrinkles or greying 29 62 19,0% 44,9 %|Wrinkles or greying 1 60 2,6 % 22,1%

4.2 Analytical male persona

The men generated by Al models are often depicted as older and expressing emotions in a
more neutral manner. Portraying men in this way makes men seem more experienced and
contemplative, making them appear more analytical and experienced compared to women.
The theme is divided into two subthemes: (a) greying with pride, and (b) contemplative

demeanour.

4.2.1 Greying with pride

Contrary to images of women where signs of greying were almost non-existent, the models
effortlessly generated images of older men. In images generated by Ideogram, 29% of men
have greying hair or beards, compared to 17.6% of men in images generated by DALL-E 3
(Table 2). Older people, especially women, are underrepresented in media. Research such as
Edstrom (2018) shows that age and gender intersect with media coverage. The study by
Edstrom found that in Swedish media, women are more likely to be visible the younger they
are, compared to men whose prime time in media is in their thirties and early forties.
Additionally, women who are over the age of 45 were less showcased in the media compared
to men. The same phenomena can be found in Al-generated images, where the
representational bias reflects the biases in the broader media landscape. There is evidence
that age is associated differently between genders in an occupational setting, favouring older
men over women. For instance, a study by Garcia-Mainar, Montuenga and Garcia-Martin
(2018) found that men receive more prestige as they age, while women receive the same
amount or less. Consequently, both models portray men as older, which could continue the

trend of representing men as more experienced and prestigious in professional settings.

Figure 8 shows Ideogram’s and DALL-E 3’s depictions of older men. The top row

(geologist, specialist medical practitioner, economist) is generated by DALL-E 3, and the
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bottom row (Building caretaker, locomotive engineer, construction manager) is generated
by Ideogram. The models differ significantly in their representation of age. DALL-E 3 tends
to show age by greying hair, omitting wrinkles, making the men seem younger compared to
the men depicted by Ideogram. Men generated by DALL-E 3 often conform to conventional
media beauty standards, by having a chiselled jawline, thick eyebrows, and a more youthful
appearance. Thick eyebrows and a well-defined jawline tend to be perceived as masculine
and attractive in male faces (Mogilski and Welling, 2018). In contrast, the men depicted by
Ideogram are more varied and realistic by showing clear signs of ageing. While the models
have a different way of showing ageing, both feature men with greying hair substantially

more than women.

Figure 8: Older men by DALL-E 3 (top row) and Ideogram (bottom row)

422 Contemplative demeanour

While over half of the women generated by the models are smiling, over half of the men are
depicted with a neutral or focused expression. The emotions that women are stereotypically
expected to show in the workplace are associated with powerlessness, such as compassion,
which contradicts the emotions expected to be displayed by leaders, such as pride (Shields
2010, cited in Taylor et al. 2022). One explanation for the difference between genders is that
women are more likely to work in an occupation that is higher in emotional labour demands,

like healthcare, which emphasizes nurturing skills (Taylor et al. 2022). To take the
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occupational differences in emotional labour better into account, the number of smiling men
and women in occupations that have a higher number of women are compared in Tables 3
and 4. Smiling is indeed more apparent in these occupations in images generated by both
models, though women are still more likely to smile compared to men. As shown in Table
3, in images generated by Ideogram, the number of women smiling in occupations where the
majority are women is ~82%, compared to ~74% in all occupations, and men jump from

~33% to 50%.

Table 3: Quantity of smiling workers by gender, Ideogram

Ideogram Women Men %/W %/M
Women-dominated Smile 6 3 13,04 % 12 %
occupations Toothy smile 32 9 69,57% 36 %
Women’s Smile 7 1 12,50 % 100 %
occupations Toothy smile 39 0 69,64% 0%
Total 84 13  82,35% 50,00 %

In images generated by DALL-E 3, the number of women smiling goes from ~67% to ~72%,

and men from ~28% to ~40% as shown in Table 4.

Table 4: Quantity of smiling workers by gender, DALL-E 3

DALL-E 3 Women Men %/W %/M
Women-dominated [Smile 0 18 0,00% 25,00 %
occupations Toothy smile 2 9 28,57% 12,50%
Women’s Smile 14 9 48,28% 27 %
occupations Toothy smile 10 6 34,48% 0%
Total 26 42 72,22% 40,00 %

The stereotype of women being more emotional, as well as emotionally expressive (e.g.,
smiling) is well-documented (Lewis, Haviland-Jones and Barrett 2008). This stereotype may
influence men to not show their emotions, especially in a professional setting where violating
these gender stereotypes may lead to rejection and discrimination. In some studies, men
report expressing pride and confidence more frequently compared to women (Lewis,
Haviland-Jones and Barrett 2008). These qualities are expected from leaders and as such are
often viewed positively in a professional context, reinforcing gender roles in workplaces.
Consequently, women showing these traits, that are stereotypically more masculine may face
negative social consequences. A thoughtful expression portrays the men as logical and

analytical in the workplace, while the women are shown as more submissive and kind.
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43 Student and professor analysis

The student and professor analysis was done on eleven occupations. The differences between
Ideogram and DALL-E 3 can be seen in Table 5. Both models generated professors as older,
and students as younger. The biggest difference between the models is the gender gap.
DALL-E 3 generated considerably fewer women professors and students compared to
Ideogram (Table 5). Ideogram generated a more balanced gender ratio, though most
professors are portrayed as men while most students are portrayed as women. In the images,
men have a higher academic status, and women are shown as less experienced learners. On
the contrary, portraying more students as women may be because nowadays women are

increasingly enrolling into higher education.

Table 5: Gender ratio and signs of ageing in ‘professor’ and ‘student’ images.

Ideogram Women Men Wrinkles Greying |DALL-E 3 Women Men Wrinkles Greying
Professor 13 (30%) 30 (70%) 38(88%) 34 (79%)|Professor 1(2%) 42 (98%) 26 (60%) 33 (77%)
Student 21(55%) 17 (45%) 0 o[Student 1 (2%) 42 (98%) 0 2(5%)
Total 34 (42%) 47 (58%) 38 (47%) 34(42%)|Total 2(2%) 84 (98%) 26(30%) 35(41%)
4.4 Gender representation between the models

The occupations were divided into five groups based on the share of women as described in
Chapter 3.1. to compare the gender representation between the models. The occupations are
divided by the occupational statistics from Finland, and some professions may fall into a
different category depending on the country. The ‘student’ and ‘professor’ images are left

out of this comparison, as they were analysed in the previous chapter.

Ideogram achieved a balanced representation of women and men in an occupational setting.
Four out of five categories fell into the real-life distributions, and women were slightly
overrepresented in ‘Man-dominated’ occupations compared to Finnish statistics (34,78%
instead of 10% — 30%). Overall, 153 images out of 291 images (52,58%) portrayed women,
representing both genders fairly in an occupational context. Figure 9 shows the gender
representation across occupational groups in images generated by Ideogram. The number of

women in each category is labelled on top of the columns.
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Ideogram
56
Women's occupations (>00%)
46 98,25%
Women-dominated occupations (60%-90%) _ 64,79%

31

Gender-balanced occupations (40%-60%) _ 48,44%
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Man-dominated occupations (10%-30%) | NG|GTcT 3:73%

4
Men’s occupations (<10%) [l 7.55%
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Figure 9: Gender ratio in images generated by Ideogram across occupational groups.

DALL-E 3 exceedingly overrepresented men in an occupational context across all five
groups. Women were almost invisible in occupations dominated by men and in occupations
that are gender balanced. Even when generating pictures of occupations where over 90% of
the workforce are women, less than half of the images generated by DALL-E 3 portrayed

women. A closer look at the gender ratio is provided in Figure 10.

DALL-E3

29

Women’s occupations (>90%) _ 46,77%

7
Women-dominated occupations (60%-90%) - 8,86%

2
Gender-balanced occupations (40%-60%) l 3,23%

0
Man-dominated occupations (10%-30%) 0,00%

1
Men’s occupations (<10%) I 1,75%

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Figure 10: Gender ratio in images generated by DALL-E 3 across occupational groups.
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5 Discussion

In this bachelor’s thesis, DALL-E 3 and Ideogram were used to explore the presence of
representational gender biases in Al-generated pictures in an occupational setting. The
results of the analysis answered the research questions: Q1: What kind of stereotyped images
do Al models produce within a professional context? and Q2: What noticeable differences

in gender bias there are between images generated by DALL-E 3 and Ideogram?

The models differ notably in the number of women depicted in Al-generated pictures. A
possible explanation for this difference could be that OpenAl has significantly reduced the
number of images DALL-E 3 generates from a single prompt. Ideogram generated four
images per prompt with more diversity. In comparison, DALL-E 3 had to be prompted
multiple times to generate four pictures. Related studies have shown that DALL-E 2
underrepresents women in an occupational setting and with prompts that are visually under-
specified (Sun et al. 2023; Fraser, Kiritchenko and Nejadgholi 2023). This study shows an
even greater underrepresentation of women in an occupational setting compared to the
findings of Sun et al. (2023). Men represented 68% of the images in this study, aligning
closely with the study of Gorska and Jemielniak (2023), where men represented 76% of
professional images across nine image tools. Ideogram had a balanced gender ratio that
reflected the real-life gender distribution in occupations, suggesting that it is possible to

generate realistic and representative gender ratios.

The results from the thematic analysis align with related studies. DALL-E 3 and Ideogram
portray women more than men with smiling faces in an occupational setting, similar to the
study by Sun et al. (2023) with DALL-E 2. Thematic analysis revealed that Al-generated
images depict women stereotypically. Women were younger and smiled more compared to
men who were typically older and more neutral with their demeanour in a work setting.
DALL-E 3 showed fewer signs of ageing in images of both genders compared to Ideogram,
though both models depicted men as older than women. The previous version, DALL-E 2
was shown by Fraser, Kiritchenko and Nejadgholi (2023) to prefer younger age and the
results indicate that this bias persists in DALL-E 3. This study contributes to existing
literature, confirming that stereotypical gender depictions are prevalent in Al-generated

images.
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The study has some limitations. It does not consider factors like race or body weight and
focuses mostly on gender stereotypes. A more intersectional approach could provide a
deeper understanding of the underlying stereotypes in Al-generated images. Gender is
classified into two categories (men/women) in the study to simplify comparison with
occupational statistics. Future studies could incorporate other gender identities into the
research. Finally, as the technology around text-to-image models is advancing rapidly, the
results of this study only reflect the current state of these models and are likely to change in

the future.
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6 Conclusions

In the last few decades, technology has advanced significantly. Simultaneously, harmful
gender stereotypes have been observed even in the most popular applications. As text-to-
image models have seen rapid advancements in recent years, it is increasingly important to

assess what kind of stereotyped images these Al models produce.

This study compared DALL-E 3 and Ideogram to uncover gender biases in images generated
by Al models. The primary object was to investigate the presence of representational gender
biases in Al-generated pictures in an occupational setting and compare these Al models to
one another. Over 750 images were generated of occupations with varying gender ratios

across different fields. The images were then analysed by using thematic analysis.

The results of the thematic analysis revealed that both models represent women as younger
and more likely to smile than men. Over half of the women generated by the models were
smiling, while over half of the men were portrayed with a neutral or focused expression.
Ideogram showed a higher representation of older professionals, though both models
underrepresented older women. When depicting older women, greying hair was rarely seen.
Ideogram had a balanced representation of women and men in a professional setting, while

DALL-E 3 considerably overrepresented men in all occupational groups.

The results indicate that Al models reinforce gender roles by portraying women as younger
and more likely to smile than their male counterparts. Men were more likely to be portrayed
as older in an occupational context, possibly depicting them as more experienced and
professional. DALL-E 3 and Ideogram underrepresent older women, which is a known

phenomenon in media.

The findings show that continuously evaluating new and existing text-to-image generators
is important. Future studies could reveal if the stereotypical portrayal of genders continues.
Increasingly more images in media are Al-generated, and future research could examine the

possible effects of Al-generated imagery on a larger scale.
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