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ABSTRACT
Generative AI is a recent breakthrough in AI. While it has become
a hot topic in computing education research (CER), much of the
recent research has focused on e.g. issues of plagiarism or academic
integrity. One problem spot with Generative AI is its susceptibility
to various kinds of algorithmic bias. In this study, we collected data
from an introductory computing course, where students experi-
mented with text-to-image generative models and reflected on their
generated image sets, in terms of biases, related harms, and possible
fixes. Data were collected in Fall 2023 (pilot data in Fall 2022). Data
included reports from 163 students. The results show (1) a variety
of bias types observed by students related to gender, ethnicity, age,
as well as a variety of bias types not observed by students, (2) two
major types of attributions for the source of bias: bias caused by
biases in the society and bias caused by data or algorithms, and (3)
a number of potential harms associated with the biases, as well as
attributions of those harms in specific contexts and use cases.
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1 INTRODUCTION
Generative AI is one of the latest breakthroughs in AI. Various
types of generative models, such as large language models, text-
to-image generative models, and text-to-music models, became
consumer tools in the early 2020s with “low-floor / high ceiling”
applications such as Dall-E (2021), ChatGPT (2022), Midjourney
(2022), and Audiocraft (2023). This study focuses on one subclass
of generative AI, text-to-image generative models, which refers
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to AI systems capable of turning text prompts into visual images.
They have gained attention in the popular media for their ability
to provide a new medium for expressing one’s creative potential
(including a number of winning entries in art competitions), for
their potentially questionable data mining practices, and for their
practical use cases in fields from art and design to business [31].

One problem spot with generative AI, including text-to-image
generative models, is their susceptibility to various kinds of al-
gorithmic bias [14, 31]. Algorithmic bias refers to outputs that
systematically discriminate against certain groups, such as mis-
representations related to culture and ethnicity, gender and sex-
uality, class, disability, religion, age, and dialect [5]. The concept
is complex and complicated, but broadly recognized in the litera-
ture [3, 4, 7, 11, 14, 30]. The sheer size of datasets required to train
foundation models forbids manual curating, which has resulted
in commonly used training data sets to include troublesome and
explicit image-text-pairs that contain misogyny, pornography, and
malignant stereotypes [6]. Overviews have analyzed biases in text-
to-image models [5], and more focused analyses have pointed out,
for instance, how text-to-imagemodels amplify demographic stereo-
types [4], connect skin tones and genders with professions and
attributes [11], and stereotype and sexualize certain non-cisgender
identities [30]. Numerous biases have been detected e.g. in AI-based
generative art, which have been argued to contribute to false per-
ceptions about social, cultural and political aspects of past times,
and hinder awareness of historical events [27].

This study adopts a 2023 review of risks and harms associated
withmodern text-to-imagemodels, such as DALL-E andMidjourney
[5]. That study found significant gaps in understanding and treating
these risks and highlighted previously overlooked risks and gaps. It
identified 22 risk types from data bias to malicious use, divided to
three main types: (1) Discrimination and exclusion (culture, gender,
class, disability, religion, dialect); (2) Harmful misuse (sexual images,
sexualizing, violent or taboo content, privacy violation, copyright
violation); and (3) Misinformation and disinformation (misleading
harmful content, fraud and scams, polarization, miscommunication,
socio-political instability). That review [5] highlights a number
of observed or anticipated harms, categorized to representational
harms, financial loss, psychological harm, loss of privacy, emotional
harms, and incitement of violence, among others. This study uses
the framework [5] for interpreting the research data.

2 RELATEDWORK
The impacts of generative AI to computing education has recently
become a hot topic [13, 18, 22]. Recent research and discussions
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have focused on plagiarism, academic integrity, and related needs
to rethink teaching praxis, as well as on ethical use of generative
AI in learning tasks—especially where LLMs have started to out-
perform average students in novice tasks [13, 18, 22]. Much of the
recent research has focused on introductory programming courses
[13, 18, 22], e.g. in using generative AI to automatically create
multiple-choice questions (MCQs) for computing education tasks
[29], or reviewing students’ and instructors experiences and prefer-
ences about generative AI tools [32]. More generally, the viewpoint
has mostly been about the impact of generative AI to the current
teaching practices, rather than focusing on how such systems work,
and how they are designed. Also, while the importance of covering
broader societal impacts of generative AI in CER has become a
recognized issue [13], not much focus has been directed to it so
far. Indeed, less focus is directed to understanding the fundamen-
tal differences of designing modern AI systems, as compared to
design of more traditional rule-based systems, and related issues
of e.g. algorithmic bias, larger technological & societal impacts of
such systems and related ethical concerns. In computing education,
new concepts brought by large generative AI models and other
foundation models include, for instance, softness (the results do
not follow Boolean logic, but are rather a matter of degree), brittle-
ness (seemingly minor or insignificant changes in data may make
the model fail spectacularly), opacity (the models are black boxes),
data hunger (outside limited examples, many types of ML require
massive training data sets and computing power), spoofability (vul-
nerabilities of models are often easy to exploit), and shallowness
(models often transfer poorly) [28].

3 METHODS & DATA
The data were collected in Fall 2023 from the course Introduction to
Computing, which is among the first courses offered for computer
science students at the University of Eastern Finland. Pilot data were
collected in Fall 2022. Based on Brookshear’s textbook Computer
Science: An Overview [8], the course provides a broad introduction
to the discipline of computing, with weekly topics covering brief
introductions to topics like data representation, operating systems
and networks, algorithms, software engineering, data structures
and databases, artificial intelligence (AI), and theory of computation.
The course includes weekly assignments for each topic. As part
of their basic introduction to AI, students were given a learning
task that required them to watch a video about algorithmic bias,
and read a related short introductory text, then use a text-to-image
generative AI model, such as Midjourney, Dall-E, Bing, or Stable
Diffusion XL, to create a set of images on any subject of their choice.
The task included writing a report where they would freely reflect
on themes of (1) What biases can be recognized in the AI-generated
sets of images (2) What might be the causes and possible fixes of these
biases (3) What harms might be associated with the biases and (4)
What use cases and contexts the harms might be related to.

The research data consist of 163 student reports. The data were
analyzed following a qualitative thematic analysis process [20],
where the process involved familiarizing with the data, discern-
ing initial themes, examining data and perceptions, coding short
phrases, and assigning segments of data that capture its core mes-
sage, significance, and theme. For example, students’ freely-chosen

Figure 1: Domains that students explored in their prompting
assignment (some students explored multiple domains)

subjects were grouped, under which the different bias types, harms
and suggested fixes were then coded.

Analysis was performed with ATLAS.ti software by allowing
patterns and themes to emerge from the data [20]. The emerged
themes were contrasted with a review of risk and harms types [5].
All authors agreed on the themes and coding. The quotes were
translated from Finnish to English.

3.1 Research Questions
The main research question is: How do first year CS students perceive
bias in the context of text-to-image generative AI?, and is divided
into the following subquestions:

• What outputs did students perceive as biased (or non-biased)
in their generated image sets? (RQ1)
– How did students attribute the source of the bias and what
was their suggested fix? (RQ1.1)

• How did students reflect on potential harms caused by their
perceived biases? (RQ2)

4 RESULTS
4.1 Domains That Students Explored
Figure 1 shows the main domains that students explored in their
assignment. The most common category in the data was occupa-
tions (96 assignments), including occupations in sports, healthcare,
academic occupations (professors, scientists, computer scientists,
mathematicians), police officers, soldiers, and many others with
a total of 32 different occupations. Other categories included: so-
ciety roles, consisting of prompts such as “parent and child,” “rich
people”, “poor people”, “slaves”, and “feminist”. The category of
outlaws included prompts like “criminal”, “gang member”, “inmate”,
and “drug user”, while region-centric contained prompts such as
“Finland,” and religion included religious topics. The major seven
categories of biases are presented in Figure 2.

4.2 Bias (RQ1)
4.2.1 Occupations. One popularly explored occupation was ath-
letes (10 instances). Among those who explored how genAI presents
sports, gender bias and ethnicity bias were the mostly reported bi-
ases. Football (soccer) players in the sets of images were found to be
light-skinned young males, basketballers were mostly dark-skinned
males, skateboarders and dancers were mostly female, and students
considered all those as gender biased. Golfers were reported to
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be mostly older white men in image sets (age bias, ethnicity bias),
swimmers mostly light-skinned, and one set of images contained
people, but none of them appeared Asian to the student (ethnicity
bias). A set of generated images of professional athletes was found
to contain only women, who were engaged in specific individual
sports, such as high jump, long jump, or gymnastics (gender bias).
Students pointed out a bias in outlook, clothing, and wealth, which
they considered to loom in images of soccer players, who were all
found to be wearing fancy and expensive-appearing clothing. One
student found that none of the swimmers had tattoos, which the
student found to be not well reflective of reality.

All students who generated image sets of a “nurse” (11) reported
a gender bias: all or most images of nurses were female, and stu-
dents considered this to misrepresent reality (e.g. Figure 3). Many
reported an ethnicity bias in cases where all nurses appeared to be
white-skinned. Other reported biases regarding nurses included age,
appearance, and clothing, whereby all nurses depicted in generated
images sets appeared young, often attractive, and attractively clad.
An image set of “midwife” included only young females (age bias,
gender bias), mostly dark skinned (ethnicity bias), and the student
perceived the image sets to present a narrow view of the profession
of a midwife (narrow view of domain): “midwives are depicted all
smiling, together with newborn babies, [incorrectly] presenting an
impression of an easy profession filled with happiness.”

Students reported gender biases with female majorities in image-
sets about “dancer” (2 instances), “ballerina”, “flight attendant”,
“officeworker”, and “bankmanager”. A student reflected: “I was quite
surprised about the image set I got. I assumed that images of bank
managers would be of older men. But no, the image set contained only
images of young women. In addition, the women look quite western
in style, all have brown hair, and the women look very attractive and
do not represent an average person at all.” (biases identified by the
student: narrow representation of gender, ethnicity, appearance,
clothing, age).

Occupations where male-majority gender biases were reported
included builder (1), construction worker (2), electrician (1), fire-
fighter (3), plumber (1), police officer (3), soldier (4), taxi driver (1),
and truck driver (2). An image set of “taxi driver” showed images
of taxi-drivers in scenes, which the student reflected to resemble
“American mafia and gangster scene,” and including only white male

Figure 2: Major categories of biases detected by students in
image-sets generated using text-to-image generative models

Tehtävä 7 

 

Syötteenä nurse.  

Kuvissa voi huomata selvästi, että kuvat keskittyvät siihen, että nurse on naissukupuolinen 
eikä mies.  

Vinoumaan ei välttämättä liity mitään haittaa, ja vinoumaa voi helposti perustella sillä, että 
tilastollisesti nursen roolissa on enemmän naissukupuolisia kuin miessukupuolisia. Tietysti, 
jos mietitään missä tästä vinoumasta voisi olla haittaa, niin ehkä jos halutaan ylipäätään 
käyttää näitä työkaluja kuvastamaan tätä työkuvaa kaikille, mutta ei pystytä, koska lähes 
kaikki saadut kuvat sisältävät naisen eivätkä miehiä. Haittana on siis ehkä pienenlainen 
diskriminointi, mutta pääosin en usko tämän haittaavan, koska pääosin se on totta, että 
hoitajina toimii naissukupuolinen henkilö ja haittaa tästä ei muuten koidu. 

Figure 3: Image set generated with prompt: “Nurse”

drivers in mafia-like situations, presenting an unrealistic view of the
profession (narrow view of domain). One exercise submission about
images of truck drivers found that: “All images were of bearded men.
After several attempts, AI generated some images of women truck
drivers, but they were all holding pride flags next to them.” (represen-
tational harm related to gender, identity [5]).

More submissions with gender bias of majority of males in image
sets included: airline pilot (1), successful banker (1), businessman
[sic] (1), doctor (1), investor (1), and judge (1). On the topic of “phar-
macist” (1), a set of images that contained mostly men was reflected
by a student as a gender bias, because the image set, according to the
student, is not representative of the statistical division of genders
in that occupation in Finland—whereas the situation varies by the
country: “I am not aware about the gender division in other countries,
but at least in Finland, a large part of pharmacists are female. Thus,
this set of images is not representative of the genders in the profession.”
Other exercise work about occupations, dominated by male-images,
and flagged as gender-biased by students, included: “president” (4),
“politician” (2), “sergeant”, and “world leader.”

In the domain of academic occupations, three submissions were
about “scientists”. All of them reported an ethnicity bias, where “All
researchers seem to be from European or North American contexts”,
but no gender bias: “AI has generated a set of researchers, which are
recognizable as men and women, or genderless. Some of the creatures,
however, look more like nightmare material than humans.” Three
students explored how genAI drew “professor”, and all reported
a gender bias, ethnicity bias, and age bias, where the image sets
mostly contained elderly white men. Also, an outlook/clothing bias
was reported, where all professors in the images were dressed in a
formal way in suits and neckties, while the student reflected that
this is nowadays not always the case.

One exercise submission on the topic of “genius mathematician”
included images of older men, in formal clothing, with white skin
(biases identified: narrow representation of gender, age, ethnicity,
outlook/clothing).
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Figure 4: Generated with prompt: “Computer scientist”

Figure 5: Generated with prompt: “Senior programmer”

Many students explored IT professionals. One submission of
“software engineer” yielded white slim-bodied females with eye-
glasses and earphones (student-reported biases: gender, ethnicity,
outlook/clothing). All other experiments with IT professionals re-
ported an opposite gender bias, where all or most images were of
males. Study participants wrote that the images presented a one-
sided view of the profession (narrow view of domain): “The first
thing that caught my attention was the darkness in the images. The
darkness creates a sense that the job of a programmer either consists
of working alone in a dark room, or that the work of a programmer
is so hard that one has to continue working until late hours.” — “The
images are dark, the faces of the people seem to be perhaps sad, or
depressed. All the images give a sensation of programmers being alone,
and therefore they present an impression of loneliness or depression.
In some of the pictures the people wore a hood, without their face
showing, which made them look frightening.”

Several students reported that they identified no bias or got
mixed results. One submission on the topic of “leader” reported
no biases, but a good representation of different-looking people
gender-wise, nationality-wise, and ethnicity-wise. One person re-
ported the results on “CEO” to show only black females, but all with
serious or angry expressions, while another reported for “CEO” a
good representation of different looking people, but a narrow pre-
sentation of the profession: “My conclusion is that a bias is found in
the appearance of these people. All have serious or angry expressions
on their face, and wear dark suits or other formal clothing, which I do
not believe is always true. Many leaders nowadays dress in a more
relaxed manner, and smile much more.” One submission on “doctor”
prompt reported a rich representation of different kinds of people
in the set of images, with no bias.

4.2.2 Outlaws. A number of exercise submissions were on the
category of outlaws or criminals. The topics included: “arrested for
homicide”, “criminalmugshot”, “criminal”, “gangmember”, “inmate”,
“drug users on the streets”, and in almost all cases, students reported
that their sets of images contained only dark-skinned people, or
people students for one reason or another interpreted to be of other

than European or North-American origins. In other cases, image
sets created with the word “criminal” were found to include only
people with heavy tattoos (outlook/clothing bias), or only men
(gender bias). A set of images of “illegal immigrant” was found to
contain only dark skinned people (ethnicity bias), and the student
reflected as follows: “If we consider immigration from a historical or
geographic perspective, the bias is strong. Before the collapse of the
former Soviet Union, illegal immigration took place within Europe
from East-block countries to Western Europe. Nowadays, many illegal
immigrants travel from North-Korea to China. AI clearly sees the
phenomena of illegal immigration from a Western viewpoint.” In one
work, prisoners or being in prisonwas considered to be depicted in a
grim and hopeless tone (narrow view of a domain -bias): “Conditions
for prisoners can vary much based on the countries (e.g. Finland or
Thailand). But it is good that prisoners are depicted in a dark context
so that the view of imprisonment is negative, and people understand
not to break the law.” The student perceives these images to work
well to scare people off from a criminal path. One submission on the
topic of “terrorist”, resulted in image sets of dark, bearded men with
specific ethnic backgrounds (ethnicity bias), while another work
on the topic of “thief” resulted in a set of non-human creatures.

4.2.3 Religion. Few works were on religous topics, one created
with the prompt “God.” The student reflected as follows: “We can
observe an algorithmic bias, when we ask the program to generate set
of images of God. The data shows that God is presented in a way that
the largest religion (Christianity) presents it. This bias is likely caused
precisely by the fact that Chistianity is the largest religion, which
makes the program think it is the correct presentation.” (narrow view
of domain-bias). Another work on “religious woman” considered
the outlook of the people in the dataset to be biased with only
thin people (outlook/clothing bias). Another work on “christianity”
found the image set to contain different unrelated items, some of
them not at all or only remotely associated with Christianity (noise).

4.2.4 Region specific: Finland and Nordic. A group of student works
focused on region-centric topics, in this case topics related to Fin-
land or Nordic Countries. Works on the topics “Finland”, “Finnish
man spending time on his backyard”, “Finnish family portrait”,
“Finnish person”, “Finnish woman” reported image sets with win-
tery backgrounds, in cold weather, with visible aurora borealis, or
with forests including only spruces but not other types of trees,
including people of only white skin, blue eyes, and men looking
depressed: “Maybe the most remarkable bias in these images is, that
all men look more or less depressed.” Women were described by a
student in a set of images to always be skinny, with white hair, blue
eyes, and “with an emotional expression of misery” (biases identified:
gender bias, body type, ethnicity bias, narrow view of domain-bias,
emotional expression bias). Student works on the topics “Nordic
people” included skinny people, mostly women with long hair.

4.2.5 Societal Roles. Several submissions (4) were about images of
rich or poor people (including image sets of “rich person”, “rich peo-
ple”, “poor people”, “wealthy people”). Gender biases and ethnicity
biases were flagged in sets of images, in which “poor people” con-
tained mostly images of black people, while images of “rich people”
contained white and what students considered western-looking
people. Also, biases of age were detected in sets of images of “rich
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people”, which consisted of only young-looking people, with spe-
cific presence, such as with jewelry and watches (outlook/clothing
bias). Another set of images of “a wealthy person” was found to
contain mostly white men of age (gender, ethnicity, age).

An ethnicity bias was reported in a work on a set of images
of “slaves”, together with in-depth reflections about the history
of slavery. Another form of “ethnicity bias” was observed in a set
of images of “racists”, containing images of dark-skinned people,
against the student’s expectation of a racist being depicted as a
white person. The student was perplexed: “I had expectations that
AI would draw images of middle-aged white male, but the result was
not at all what I expected. AI drew nine images of people of color. As if
a racist would be the same thing as a black person.” Gender bias and
age bias were observed in image sets depicting “homeless people”,
containing mostly older men.

Another student generated a set of images on “parent and child.”
The image set was found to contain exclusively images of a mother
with a child, which the student considered a narrow view of family,
a gender bias, and a gender-role bias. Biases were flagged in images
of “a couple on a beach”, containing only people with a light skin
(ethnicity bias), and only couples of men and women (which the
student flagged as a narrow view of relationships).

Biases of narrow representation of gender, biases related to out-
look and clothing of people in images, biases of emotional expres-
sions (e.g. all images of “feminists” looking angry or otherwise
negative), and biases related to representing healthy individuals (as
e.g. very muscular) were observed in works on the topics of “heavy
metal woman”, “feminist”, “middle aged man”, “ingelligent human
in a rocking chair”, “middle-aged finnish straight man”, “healthy
male”, and “succesfull person.”

4.3 RQ1.1 Source of bias and fix
The attributions for the source of bias were divided into two cate-
gories. Some students considered algorithms and training data to
be the primary cause of bias in the models. For example, massively
biased data sets were identified as a root cause: “Are text-to-image
generative AI models racist? If the data has 1000 pictures of criminals,
out of which 990 are black, I think in that case AI creates an image
of a black criminal.” Another student reflected: “The main reason is
bad data. This means availability bias, biased training data, sampling
bias. The model does not work because it is based on wrong data, in
this case data from only Western origins.” One student wrote: “The
bias is probably caused by the size of religion: in statistical terms, God
in Christianity is mostly present, which directs AI to think it is the
correct presentation of God.”

The second type of explanation was to attribute the cause of
the bias to society: “The bias is caused by the statistical fact that
majority of nurses are women.” — “The cause is that computer science
has already for a long time been male-dominated discipline.” — “The
fix should start from the human community. If the real and statistical
fact is that out of one hundred leaders, only one is a woman, then we
can not expect that AI would understand this differently. Otherwise,
we should change the philosophy of AI towards a more constructive
direction, where it would modify existing states of things, and in this
way create the future. In this case, we need to ask, who would be the
ones to define the kind of future we want.”

4.4 Perceived Harms (RQ2)
Students reflected on a number of possible harms related to the
biases they identified. The most common type of harm identified
by students was the harm of amplification of stereotypes or prej-
udices, followed by discrimination, and negative impact to career
choices. Other common identified harms included those of: feel-
ings of exclusion, unfairness and lack of diversity, wellbeing, mental
health, manipulation, and misinformation and propaganda. Figure 6
presents a breakdown of harms found in student reflections.

Reflections about specific contexts and related use cases were
diverse, ranging from using images in political decisions, in recruit-
ment materials, marketing, newspapers, school books, as inspira-
tion to select a specific career, in media and press, and in other
cases: “Images generated by AI could be used to present a specific
group of people in a negative light, with the purpose to lower the value
of this group of people in the eyes of a specific target group, which
would further be used as a “justification” for discrimination. The most
frightening thing here is, that this most likely is already happening.”

Other use cases included using images in career advertising ma-
terials: “The use of the images in materials that present specific career
choices to young people could strengthen those young peoples’ stereo-
types towards specific professions or career choices.”, in advertising,
or educational materials: “Things become harmful if these images are
used in advertising, newspapers, or school books”, or by public media:
“Things can become problematic, if media and news press use such
images. If science is presented as only natural scientific laboratory
work, that can have a negative impact to funding decisions for other
fields of science.”

5 DISCUSSION
The main research question of this research was: How do first year
CS students perceive bias in the context of text-to-image generative
AI?, which was broken down to subquestions. The first research
question (RQ1) asked: What outputs did students perceive as biased
(or non-biased) in their generated image sets? The result reveal a rich
variety of phenomena in the images that were flagged as biases by
the students. Only in a few cases did students report no bias on
their image sets. Several specific observations can be made. Firstly,
by far the most common category of biases flagged out by students
was gender, followed by ethnicity, clothing & outlook, age, mood,
and narrowly representing an occupation, relationship, parenting,
or a role in society. The dominance of gender, ethnicity, and age in
the recognised biases might be explained by the common societal

Figure 6: Breakdown of perceived harm types
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discourses of discrimination, which often look at discrimination
via lenses of gender, sexual orientation, or ethnicity—while ignor-
ing many other prevalent forms of discrimination. The previous
research findings show how generative AI, and AI and machine
learning in general, are indeed vulnerable to these specific types of
biases and related harms [3–5, 7, 11, 14, 30].

Secondly, the richness of students’ reflections about biases re-
garding, e.g., science, religion, mental health, and culture, revealed
the complexity of the concept of bias in this domain. The findings
highlight the need to increase learning tasks of this kind in comput-
ing education, which aligns well with earlier related research and
recommendations [19, 25]. The importance of societal and environ-
mental awareness in computing education has been recognised a
long time ago [10], yet computing still today often gets seen as a
value-neutral topic [17, 19]. Thirdly, many bias types recognized
by students, such as ageism or religion -related biases, have been
highlighted as currently understudied, but important future areas
for research [5]. The subquestion (RQ1.1) asked How did students
attribute the source of the bias and what was their suggested fix? The
results showed two major attributions for the sources of bias: (1)
bias is mostly caused by biases in the society, and (2) bias is caused
by data and algorithms.

The second research question (RQ2) asked: How did students
reflect on potential harms caused by their perceived biases? Three cat-
egories dominated their reflections: Strengthened stereotypes and
prejudices, discrimination, and negative impacts to career choices.
The identified harm types align well with previous research [5].
However, some categories in the literature [5] were not commonly
recognized, including harmful misuse, sexual images, sexualizing,
violent taboo content, privacy and copyright violations, misinforma-
tion, fraud and scams, polarization, political instability, or violence.
This lack is partly explained by the topic choices (e.g. heavy focus
on occupations). Use cases in text-to-image generative AI in the
contexts of false evidence, nationalism, populism, and misinfor-
mation have been recognized as research gaps [5], and students’
reflections on these topics were indeed mostly missing from our
research data.

5.1 Limitations
The themes and codes of the qualitative analysis were discussed and
agreed by the authors of this article, and are clearly visible in the
presentation of the results. The analysis was guided by a framework
of biases and harms [5]. Using an alternative framework, a different
method of data collection (such as in-depth interviews) or analysis,
might have resulted in alternative insights. Future research could
take a more in-depth data collection and analysis approach, which
might increase the depth of the analysis and bring more insight. In
this study, validity and reliability can’t and shouldn’t be interpreted
in a statistical sense, as e.g. free selection of topics in students
exercise work had an influence on the types of biases and harms
that they detected.

6 CONCLUSIONS
Generative AI is one of the latest breakthroughs in AI research,
with potential massive future impacts. It has triggered investors’
enthusiasm in numerous projects, where estimates by McKinsey

predict three quarters of business uses falling in customer oper-
ations, marketing and sales, software engineering, and research
and development [26]. In 2023, large companies spent considerable
efforts experimenting with generative AI, and estimates based on a
survey by KPMG show four in five firms planning to increase their
investment in it by over 50% by mid-2024—a massive amount given
that in 2023 venture capitalists invested over $36 billion in it [24].
Those who warn about an AI bubble have argued that the current
hype cycle may be an “AI Summer” mainly for those profiting from
building these systems, but for some others, including the exploited
workers supplying, labeling, and moderating content to filter out
toxic material, to marginalized groups living in overpoliced surveil-
lance states because of AI, it is a nightmare with no end in sight
[15]. What is more, some predict that as much as 90% of online
content will be AI-generated by 2025 [2].

In addition to great potential benefits from technology, societies
are also witnessing new technology- driven harms, some of which
are disrupting the basic fabric of societies by amplifying falsehoods,
inequities, injustices, and biases—while, at the same time, degrading
people’s ability for collective sense-making, critical thinking, and
learning. That risks weakening democracy, destabilizing free press,
and diverting people’s attention from important global and existen-
tial challenges. Over history, computing cultures have tended to
prefer techno-solutionist and rational over social aspects in tech-
nology development [9], while many have acknowledged the need
of technology professionals well-versed both in social realities and
computing methodologies [23], as well as the need to bring un-
derstanding of communities, habits, and cultures into technology
development and computing education [1, 16, 21, 23].

Computing education celebrates creating, but often fails to demon-
strate how the field’s practices are not neutral: programs can be
powerful but also perilous, data imperfect and biased, and software
encodes the values, ideas, and beliefs of its creators [12, 17]. In
many classrooms, computing is still introduced and experienced as
value-neutral and independent from society [19]. It has become cru-
cial to teach students about the potential harms that technologies
may cause, convince them about their responsibility over their cre-
ations, and create pathways for students to work for organizations
that prioritize social good [17]. Students need to be educated with
the skills to more deeply reflect about what technologies should
be created, and how to evaluate the potential impact of new tech-
nologies. In this study we have shown results from a qualitative
analysis of one specific learning task, in which computer science
students reflectively worked on the important topic of algorithmic
bias in the context of generative AI, aimed at revealing to them
some of the hidden sources of social injustice, marginalization,
and amplification of the prevailing power dynamics. Our current
activities and future plans include a series of learning tasks and
teaching experiments for advancing computing education research
and pedagogical practice on this front.
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