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Abstract: Perceptions of the potential benefits and risks of artificial intelligence (AI) vary widely among people with different levels of
knowledge about the technology. By better understanding these variations, we can identify and address challenges in the adoption and
responsible use of Al for all. This study employs a qualitative approach to explore these differences through criterion sampling. A total of
15 participants who self-identified as belonging to one of three Al-literacy categories (Limited, Intermediate, and Expert) were interviewed.
The audio-recorded and transcribed interviews were thematically analyzed, identifying differences in understanding among different literacy
groups regarding Al’s impact on employment, creativity, bias, trust, data privacy, and the need for regulation and awareness. The study reveals
that varying levels of Al-literacy shape perceptions of bias, privacy, creativity, job security, and trust. A key finding was that participants with
limited Al-literacy did not link Al to data and therefore did not associate concerns like data privacy with Al, and also did not believe that Al
can be biased, as they viewed bias as a human quality rather than something a machine could possess. These findings underline the need for
initiatives that strengthen Al-literacy across different Al user groups to enable informed and equitable engagement with Al technologies, while
also highlighting the need for education, transparency, and policy measures that build trust and accountability. In addition, how diverse users
understand and interact with Al has important implications for developers, educators, and policymakers seeking to advance explainability and
inclusive literacy.
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1. Introduction to rate an algorithm as fairer if they received a more favorable
outcome, especially among participants who have attained a lower
level of education. Misconceptions and biases like these become a
barrier for people to embrace a technology that can make their lives
better in revolutionary ways. Perspectives on Al advancement vary
widely, particularly between Al developers and everyday users, who
often differ in both their understanding of the technology and their
expectations of its capabilities. For instance, previous literature
notes that many explainable Al (XAI) techniques seek to explain the
working of models to those with a background in data and technology
and do not cater to laymen [5]. This can lead to inequalities by not
adequately equipping some groups of users to leverage Al to access
the full scope of its benefits, thus slowing down socio-technological
progress. Therefore, to create more user-friendly services, there is a
strong need for more research to help developers of Al understand
how all their end users understand and interact with Al. Secondly, in a
. ’ R world where Al is rapidly advancing, governments need to think about
of AL, which may cause people to ignore the limitations of AT 1,y o help people become more Al literate so that they can adapt to

technology and demonstrate ‘automation bias’, that is, blindly trusting  ,.:, evolving workplace, as well as promote the safe and responsible
outputs from machines to always be accurate [3]. For example, Wang | <. (e a1

and colleagues’ [4] experimental study found that people with low
computer literacy provided lower fairness evaluations of algorithms
than people with high computer literacy and that there was a bias

Artificial intelligence (Al) advancements have brought about
transformative benefits for humans across various domains. Al is often
described as ‘the ability of machines to perform tasks that normally
require human intelligence’ [1]. However, this definition can be
confusing because there are many tasks that Al can perform in ways
human intelligence cannot, such as processing millions of data points
in seconds, and many tasks humans can do in ways that Al simply
cannot, such as critical thinking and reasoning based on real-world
experience, demonstrating empathy, etc. Perhaps this lack of clarity
about what Al is allows people to perceive Al in very different and
sometimes inaccurate ways. Fictional representations have painted an
image of Al taking over the planet and posing an existential threat to
humans [2].

On the other hand, news narratives or marketing efforts by
companies creating Al may overly emphasize the immense potential

To design effective interventions to improve the Al-literacy of
the diverse public, we need to know where they currently stand in their
understanding and use of Al. Few existing studies explore people’s
perceptions of Al and Al-anxiety [4, 6]. and the general perception
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Science, Artificial Intelligence and Modelling (DAIM), University of Hull, UK.  different levels of familiarity with Al technology perceive Al and the
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interviews. To the best of our knowledge, no existing studies have
undertaken comparisons across different Al-literacy categories, making
this study a novel contribution to the field. The analytical findings
revealed that participants across different Al-literacy levels expressed
both optimism and concern, with lower literacy groups showing
misconceptions about bias, data use, and privacy, while higher literacy
groups emphasized transparency and explainability. The study also
highlights that Al is seen as useful but raises issues around creativity, job
security, fairness, and trust, underscoring the need for education, clear
communication, and strong policies. Overall, the study demonstrated
that improving Al-literacy and accountability is essential to ensure
equitable and responsible adoption.

2. Literature Review

2.1. Narratives and their influence on public percep-
tion of AI

Portrayals of Al in popular culture can influence the way we
perceive Al. Al in fictional narratives is often portrayed in a humanoid
form [2], and this anthropomorphism can cause us to visualize Al as
more than just a tool. Fictional representations have caused people
to have either exaggeratedly utopian views of what Al can achieve
(e.g., eliminate poverty) or amplified dystopian views (e.g., robots
take over the world) [9]. In a survey study conducted by Cave
et al. [10] with a sample that was nationally representative of the UK
population, it was found that 55% of participants feared that Al would
make humans obsolete, and 44% feared that Al may enable computers
to become more powerful than humans. However, in recent years,
more practical and immediate concerns about Al have made their
way from academic debates into mainstream media. Ouchchy et al.
[11] examined the portrayal of various ethical issues relating to Al
in newspaper articles and found that more practical concerns (e.g.,
safety, data privacy) have been discussed in the media in recent years,
often catalyzed by widely discussed events such as the Tesla autopilot
accident. With the introduction of ChatGPT at the end of 2022, a new
record was set for the fastest user adoption of a new application [12]
and discussions around generative Al and large language models
(LLMs) became more popular. People’s understanding of the power
of Al expanded beyond what they had seen in movies and books, and
new concerns such as the accuracy of generated content and the lack
of transparency by companies building these models, were brought to
the forefront [10].

2.2. Theoretical underpinnings: technology acceptance
model

While Al tools hold transformative potential, whether they
are effectively adopted or integrated ultimately depends on how
people perceive and engage with them. The most popular theoretical
framework exploring what affects our technology adoption and use
is the technology acceptance model (TAM). Originally proposed in
1989, the model outlined how perceived usefulness, perceived ease
of use determine if a technology will be adopted and used [11]. The
model has been continuously expanded over the years to include the
effects of variables like social influences, computer self-efficacy and
computer anxiety [12]. Drawing on this model, the present study seeks
to explore similar factors of social perceptions, trust in Al and Al-
anxiety to understand the unique challenges towards responsible Al
adoption. In a recent study by Schiavo and colleagues, variables such
as Al-anxiety and Al-literacy have been explored through the lens of
the TAM, demonstrating the influence of these variables in perceptions
of Al and, therefore, its acceptance and adoption [13].

2.3. Al-anxiety

Historically, new technology is often initially met with anxieties
over its potential. For instance, ‘automation anxiety’ became prominent
during the Industrial Revolution when machinery started replacing
manual labor, and ‘computer anxiety’ gained popularity in the 1980s
[13]. Johnson and Verdicchio [14] described Al-anxiety as the fear of
out-of-control Al but rejected its validity and indicated that Al-anxiety
is a result of misconceptions, such as a future fully controlled by Al
that leaves out human beings. This confuses what autonomy means
for humans (e.g., free will) with what autonomy means for a computer
(e.g., creation of data based on parameters inside the machine). Li
and Huang’s [13] study applied integrated fear acquisition theory
and conducted a confirmatory factor analysis of questionnaires to
identify the dimensions described below in Table 1, thus expanding our
understanding of Al-anxiety beyond just the fear of a futuristic world
controlled by Al. Similarly, Wang and Wang [15] created a tool to
measure Al-anxiety, and their factor analysis revealed four dimensions
— (1) the anxiety associated with learning and keeping up with various
uses of Al, (ii) the fear that Al will replace humans and cause people to
lose jobs, (iii) fears that Al will lead to loss of human control and robot
autonomy, (iv) and being intimidated by Al

Table 1
Li and Huang’s dimensions of Al-anxiety

Dimension of Al-anxiety Description

Anxieties associated with data
leakage

Privacy violation anxiety

Concern about Al that discriminates
unfairly

Bias behavior anxiety

Fears that Al will cause humans to
lose their jobs

Job replacement anxiety

Learning anxiety Anxieties due to feeling that Al is too

complex to learn and keep up with

Existential risk anxiety Worry that Al may harm humans to

achieve a goal or cause societal harm

Against ethics anxiety Disturbed that people may form
emotional bonds with Al, that Al can
be deceptive, etc.,

Artificial consciousness

anxiety

Anxiety that Al can achieve the same
level of consciousness as humans and
thus threaten the status of humans
Concerns that it is difficult to
understand why Al has made certain
decisions or where it has gone wrong

Lack of transparency anxiety

2.4. Al-literacy: why it matters

Al-literacy has been defined as an individual’s ability to critically
evaluate, use, and effectively communicate with Al [16]. Long and
Margeko provide a comprehensive Al-literacy framework identifying
five areas of competencies: knowing what Al is, how it works,
what it can do, how to use it ethically and understanding human—Al
interactions and perceptions [16]. Similarly, Ng et al. [17] conducted
a comprehensive review of Al-literacy literature and identified four
aspects: knowing and understanding Al, applying Al knowledge,
critically evaluating Al and understanding Al ethics. Building on these
frameworks, the present study examines perceptions of Al related to
bias, transparency, job replacement, and creativity across individuals
with varying levels of Al-literacy.
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People’s education and professional background tend to impact
their Al-literacy skills. For example, Sartori and Bocca’s study [18]
found that people with a computer science or IT background were
much more likely to correctly identify applications that use Al, which
indicates that individuals who study or work in a computer/information
technology field are more likely to have better Al-literacy skills. From
an Al developer perspective, it is important to understand how people
of different backgrounds interact with and understand Al so that these
applications cater to all users [19, 20]. Poor Al-literacy perpetuates
misconceptions about Al, and this is a major cause of Al-anxiety [13, 14]
which may hinder people’s acceptance of useful technology. People’s
perceptions of Al, which are affected by their level of Al-literacy [20],
could affect how Al tools are developed in the future and how they are
regulated [11]. Therefore, there is a need to improve Al-literacy among
the public to ensure the safe and responsible adoption of Al, and this
begins with understanding how perceptions differ across literacy levels.

3. Study Design and Setup Methodology

This study adopts an exploratory qualitative design to examine
how individuals with different levels of Al-literacy perceive Al,
particularly in relation to ethical concerns, perceived risks and benefits
and regulatory considerations. This study has been reviewed and
approved by the ethics lead at the University of Gloucestershire.

3.1. Sampling technique

Criterion sampling method was used in this study -individuals
known to the researcher and the research supervisor’s network were
invited to participate if they fit the following inclusion criteria:

1) Must be over the age of 18.

2) Must consent to the interview being audio recorded.

3) Must reside in the United Kingdom.

4) Should belong to one of the following categories: a. Having limited
knowledge and/or use of Al; b. Having an intermediate level of Al
knowledge/Regularly using some form of Al; or c. Expert in the
field of Al and data.

The researcher approached individuals who they deemed suitable
for each of the above categories (5 participants per category), but the
participants also self-identified their Al-literacy group in the short form
completed before participating in the interview (which matched our
estimation of their literacy levels in all 15 participants). As a small-scale
exploratory study to yield initial insights into differences in perceptions
of Al, non-probability criterion sampling is a pragmatic and relevant
choice as it targets individuals whose literacy level falls within the
inclusion requirements. Qualitative studies are known for their smaller
sample sizes in comparison to quantitative studies. Ritchie et al. [21]
explain that in qualitative research a phenomenon only needs to appear
once to form an analytical point; the frequency of incidence is not
necessarily a concern, as this study is not trying to establish statistical
significance. Also, to do justice to the immense amount of information
gained from a single data collection point, it is ideal and practical to
keep sample sizes small.

It is important to note that the present study makes no claims
of generalizability of its findings, as the 15 participants interviewed
in the study cannot reflect the entire diversity of views that the whole
population may have. The aim of qualitative research is never to
generalize in a strict sense, but it has been argued that once the presence
of an experience has been identified through qualitative research, we do
know that it is available within a culture or society, even if we do not
know exactly who and how many people experience it — and in this
sense, there is some conceptual expansion and generalizability [22]. The
goal of the present study is only to serve as a starting point to explore the
presence of differences in Al perceptions among people with different
backgrounds. The findings of the study will have important implications
in identifying objectives and points of exploration for larger studies.

3.2. Participants’ characteristics

A total of 15 participants were included in the study [23]. All
participants’ names have been changed to protect their anonymity.
Tables 2, 3, and 4 summarize the characteristics of the participants
and also their diversity, who together represent a broad spectrum of
individuals interacting with Al at different levels.

Table 2
Participants characteristics — limited AI knowledge (Group 1)

Pseudonym Gender Age Ethnicity Background
Betty Female 51 White/British Administrative assistant
Dave Male 20 White/British TV production student
Samuel Male 62 ‘White/British Church Minister
Aarti Female 26 South Asian/British South Asian Teaching assistant
Leela Female 23 South Asian/British South Asian Recent psychology graduate

Table 3

Participants characteristics — intermediate AI knowledge (Group 2)

Pseudonym Gender Age Ethnicity Background
Ahmed Male 29 Arab/Middle Eastern Data science student
Annie Female 38 White/British Business engagement head
Cathy Female 23 White/British Artificial intelligence student
Paul Male 27 Black/African Data science student
Ramya Female 25 South Asian/British South Asian Junior data scientist
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Table 4

Participants characteristics — advanced Al knowledge (Group 3)
Pseudonym Gender Age Ethnicity Background
Margaret Female 38 White/British Founder and CEO of Data Science Consultancy
Hrithik Male 42 South Asian/British South Asian ~ Engineer and PhD Data Science candidate
Sneha Female 36 South Asian/British South Asian ~ Digital data officer
Shankar Male 40 South Asian/British South Asian ~ Senior lecturer of data analytics
Dhruv Male 44 South Asian/British South Asian ~ Professor of Al

3.3. Data collection

3.3.1. Tools and procedure

Based on the research questions and previous literature,
relevant areas to explore with participants were identified, and
interview question guides were formulated accordingly. Care was
taken to ensure that all questions were open-ended, and participants
were encouraged to elaborate on their answers. The interview guide
was reviewed by an expert and deemed to be comprehensive and
suitable for the present study. Informed consent and demographic
information forms were distributed to all the participants, who
were briefed about the study and possible risks, and they had the
opportunity to ask any questions. Individuals who then voluntarily
agreed to participate signed the consent form and filled out a
short form that collects demographic information such as gender,
age, cthnicity, etc., as well as other information relevant to the
study, such as their professional background and the Al-based
applications with which they are familiar. Following this, a time
slot was agreed upon for the interview, either face-to-face or online.
Interviews were audio recorded (with participants’ consent) and
transcribed using Otter Al transcription software (basic version). The
transcripts were manually proofread, and any incorrectly transcribed
words or phrases were corrected. These transcripts were analyzed as
described below.

3.3.2. Reflexivity

A qualitative researcher needs to demonstrate reflexivity [24],
that is, to constantly examine their own biases, assumptions, values,
and perspectives and be aware of how they may affect the research
process [25]. In the present study, the primary researcher is aware
that characteristics such as her age, gender, ethnicity or being a
data science student, can unknowingly affect the way participants
respond to the interview questions — for instance, if a participant
was of a similar age to the researcher, it may cause them to be more
comfortable and respond more candidly. Some participants were
known acquaintances of the researcher, which may have had an impact
on the rapport during the interview and the way they responded to the
questions. The researcher is passionate about building unbiased and
ethical Al and strongly advocates for diversity in the data workforce
and for building explainable Al systems. Therefore, it is possible that
the researcher’s personal bias can assign more importance to views
that align with the researcher’s perception during the qualitative
analysis process. The researcher has made every effort to bracket off
this bias by avoiding any assumptions and performing qualitative
coding with an open mind to ensure that final themes are reflective
only of participants’ opinions and not her own. It is worth noting
that many experts believe that the researcher’s personal bias should
not be viewed as a demerit of qualitative work, but the subjective
interpretation of a researcher who is aware of their biases is the
essence of the qualitative research process that makes sense of the
findings [26, 27].

3.4. Deductive thematic analysis

Thematic analysis (TA) is a method for identifying, analyzing,
and interpreting patterns of meaning, known as ‘themes’, within
qualitative data. We use the six-phase approach described by Bruan and
Clarke [27]: (i) Researcher reads the data and familiarizes themselves
with it, (i) assigns labels to segments of text based on content called
‘codes’, (iii) collates codes into themes based on meaning, (iv) reviews
themes and retains those relevant to research questions, (v) Ongoing
analysis to define and refine the themes, (vi) producing the final report
of findings/themes. This study uses deductive thematic analysis, that is,
previous literature provided a framework that informed the qualitative
coding process and interpretation of data to form the final themes. The
qualitative coding and analysis process was done manually without the
use of any software.

4. Results and Analysis

The transcribed data have been qualitatively analyzed under 7
main themes.

4.1. Impressions of Al and its potential

This theme was derived from participants’ responses to the open-
ended question “What first comes to your mind when you hear the term
Al or Artificial Intelligence?”

4.1.1. Al as a useful tool

Analysis of transcripts revealed that the majority of
participants across the three groups of Al-literacy saw Al as a
powerful tool that can make human life easier and more convenient.
While all participants acknowledged the usefulness of Al tools,
some participants noted that the user experience can be frustrating
at times, for example, when the Al tool does not understand their
accents (in the case of voice assistant devices) or when the content it
generates is inaccurate and lacks references (e.g., answers provided
by Chat GPT in some cases). Overall, participants acknowledged
that there are both positive and negative aspects to this technology,
but most showed optimism about AI’s potential. Figure 1 depicts the
word cloud that appeared from the transcribed dataset, highlighting
participants’ first impression of Al as a powerful tool associated with
advancement and convenience.

4.1.2. Al in people’s minds

Ramya, 25, a female junior data scientist, says, “The beauty
of it is that it’s become so user-friendly, and what we now call
Al is not as scary anymore. It’s not walking robots with their
intelligence. It’s just day-to-day things like creating a PowerPoint
presentation template or a simple chatbot.” ChatGPT appears to be
more commonly associated with Al than other applications, such as
voice assistants or recommendation systems, especially among the
participants in the low Al-literacy category, even though the latter
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Figure 1
World cloud of transcribed data highlighting the perceptions of AL
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kinds of applications have been used by the public for longer than
generative Al. Some category 1 participants (lower level of Al-
literacy) associated Al with things like futuristic robots, while such
associations were uncommon among other Al-literacy categories.
These findings highlight the emergence of generative Al as the most
prominent and widely recognized form of Al.

4.1.3. Al as a data system

Category 1 participants acknowledge that they do not fully
understand the world of Al and did not link Artificial Intelligence to
data and models being trained by data as illustrated in the following
quotes “My impression is that ChatGPT writes because it sucks
information out of the internet”. — Samuel, 62, male, Reverend. “I’'m
always concerned about the privacy of my data, but it’s just to do with
data generally. I don’t know how much of that is kind of tied to AI”
— Betty, 52, female, Administrative Assistant. The presence of these
views indicates a lack of understanding about the role of data in training
machine learning algorithms and Al among individuals with lower Al-
literacy backgrounds.

4.1.4. Future of Al

When it comes to what Al can potentially achieve in the future,
there was a consensus among participants that it is only likely to grow
further, and tasks will be performed by Al faster and cheaper. Group 1
participants seemed more unsure of what the future would look like.
Dave, a 20-year-old TV production student, expressed concern about
the possibility of Al taking over and threatening humans. Group 2
participants appeared most optimistic, described the possibilities as
“endless” and envisioned a society made better with Al, except for
Ahmed, a postgraduate data science student, who expressed concern
about Al doing more harm than good if we do not start taking Al
ethical issues more seriously. Group 3 participants believed that Al
will be increasingly used to perform a wide range of tasks, making life
quicker and easier, but do not endorse utopian views such as a world
where no one works, and Al does everything for us. Shankar, an Al
professor at a well-known UK university, believes that regulation and
policy surrounding the ethical use of Al might become more established
and talks about how some areas may see more advances than others:
“There will certainly be advances, but they will be restricted to specific
domains. For example, there is a lot of push to make chatbots more
responsive and efficient, which I think is achievable to some extent.
However, autonomous driving, for example, in certain conditions is
hard to achieve, just because of the unpredictability in road conditions
and road usage.” Dhruv believes that more domain-specific Large
Language Models (LLMs) will be made shortly, surpassing the abilities
of currently available LLMs and that the ultimate goal would be to build

an Artificial General Intelligence (AGI) that can perform high-order
functions. In summary, the majority of participants across all groups felt
that while it is unlikely for Al to go out of control and do things it was
not intended to do, it is possible for it to happen due to an error in its
design and that creators of Al should be more careful to put necessary
safeguards in place.

4.2. Creativity and Al

Participants make important points about how Al has the potential
to both enhance and hinder creativity, and how it would be up to us to
use it responsibly. Participants discussed three specific issues: whether
Al can match human creativity, whether it enhances or destroys creative
thinking, and whether creative works produced by Al are a threat to
artists’ livelihood.

Group 1 participants mostly had negative sentiments. Samuel,
who teaches a creative writing class at a university, states that Al-
generated works feel inauthentic and artificial and simply do not have
the same quality as content made by humans. He notes that content
generated by Al is not personal and not as creative as what a human
can write, but is cheap and fast, and that is where the threat to people
working in the creative industries lies. Dave, a TV production student,
worries about generative Al taking over creative jobs: “Let’s say
someone wants to make a new episode of The Simpsons, they put in
five seasons’ worth of scripts, and it can just write a whole episode
on its own very quickly. The fact that we are so close already is quite
worrying.” Aarti, a teaching assistant, acknowledges that while it can
be a positive thing that Al reduces our mental workload in many day-
to-day tasks, such as writing an email, it may also cause us to become
lazier in making efforts to be creative.

Group 2 participants Annie and Cathy believe that Al can be a
source of inspiration to come up with new ideas and can thus enhance
our creativity. On the other hand, Ahmed had views similar to Aarti
from group 1 and suggested that increased reliance on Al tools will
stop us from using our creative thinking potential. Paul believes that
while Al can give humans a run for their money at first, humanity
will evolve, and we will find ways to use Al to enhance our creativity.
Group 3 participants, Margaret and Sneha, both hold that Al simply
learns from data and repeats patterns, which cannot replicate human
creativity that often embodies feelings and emotions and is thus not a
threat or comparable in any way. Shankar and Ramya express concern
that Al-generated art could make traditional art less valuable and that
artists who created the original content that was used to train Al may
not be properly credited. They advocate for policies that protect artists
and their artworks.

4.3. Job replacement

There was a mix of concerns regarding how Al may change work
life; however, most participants did not believe their entire job roles
would cease to exist. While some participants across all groups did
express concern about people, especially those in administrative roles
losing jobs because of Al, Betty a group 1 participant, who works as an
administrative assistant, says that the systems, at present at least, would
need human intervention to run smoothly, to know what tasks need to
be picked up from where, to ensure timely and accurate communication
with different stakeholders and so on. She therefore does not feel that
Al threatens her job. Samuel notes the possibility that AI may free
up humans to perform more important tasks and have more leisure,
which can be positive for society. Group 2 participants believed that
new jobs would open up because of Al (e.g., cybersecurity experts and
Al ethicists), and people would be required to upskill and adapt to Al
Participants also acknowledged that Al taking over certain kinds of
jobs, such as working in war zones, is good for humanity, but Al taking
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over low-risk everyday jobs may have a harsh economic impact on the
common people.

Group 3 participant Margaret emphasized that advancements in
Al do not mean that entire job roles would cease to exist, but just that
certain tasks are removed from people, giving them more time to spend on
other productive tasks. Participants also suggested that human expertise
and connection are important in many job roles, and human oversight
will always be needed in case technology fails. Shankar discusses the
importance of education and policy to minimize the economic impact
on people who may lose jobs due to rapid Al advancements: “There is
no question that Al will impact workforces. The question is how we
will collectively handle the impact. Countries and governments may
start looking into investing in things like universal credit for people
to gain additional training to better acclimatize to the digital and Al
world.” Group 3 and Group 2 participants tended to emphasize the need
for people to upskill and improve their Al-literacy to cope with the
changing world, more than Group 1 participants did.

4.4. Bias in Al

Group 1 participants were more likely to believe that Al is
unbiased, as they view it as a machine that is programmed to be neutral.
“I suppose Al shouldn’t be able to treat people unfairly; it should be
programmed to look past any kind of biases humans may have. So, where
humans can judge people based on a whole range of characteristics, in
theory, a computer should have the ability not to do that, I think.” —
Betty. However, Group 2 and Group 3 participants were more aware
of the issues of bias in Al due to poor data quality used for training Al
systems. Margaret stresses the importance of data quality and expresses
concern about people using Al without understanding that Al is only as
good as the data you feed into it and that the world is filled with flawed
data. While it may not be possible to remove bias in the natural world
or control for unknown biases, participants suggest various strategies to
mitigate bias: (i) Using carefully created balanced and updated training
data sets, (ii) Thorough testing and repeated refining of Al tools before
rolling out to the market, (iii) doing random checks with the output, (iv)
using these tools sensibly with human instinct and alongside other tools
to make better informed and fairer decisions, (v) and encouraging more
women and individuals from other minority groups to take up careers
in data and AL

4.5. Data privacy

When it comes to data privacy, most of the participants were
concerned about their data privacy and security, but the level of concern
varied. Group 1 participants did not connect data and, therefore, data
privacy, with Al developments. Betty and Aarti both said that while
they have always been concerned with data privacy, they do not see
how that relates to Al. Leela feels uncomfortable with the fact that her
phone is always ‘listening’ and feels that it is too invasive. On the other
hand, Dave feels that our data is already out there, and if one has not
done anything wrong and has nothing to hide, they should not worry
too much.

Group 2 participant Ahmed expresses concerns about data
leakage and cyber-attacks, and how they can be harmful to the public.
Participants in this group hold that tech companies should be stricter
about data security, only collect and access data that they need, and follow
the GDPR (General Data Protection Regulation) and other relevant
guidelines strictly. Paul says that if he knows that a certain company
or brand is not very big on data security, he will switch to a competitor
that values data privacy more. While most Group 3 participants believe
that data security is a concern, they also acknowledge that there may be
a trade-off between convenience and privacy concerns, as can be seen
in the following quotes:

“My phone recognizes my face and unlocks it — this is driven
by AL It has data about my facial features, and I’'m allowing access. |
haven’t really looked into how or where or in what form this data is
stored. But I still make use of it because of the convenience it brings.
Now, if I had to unlock my phone and, in the process, get a one-time
password (OTP) to another phone or write a long, complicated password
each time I’'m unlocking it, it’s a huge inconvenience. So, there is this
balance of convenience and privacy. Also, I am somehow assured to
some extent that the data is going to stay on my phone in an encrypted
format and that it may store certain recognizable features of my face
and not entire images.” — Shankar.

“I use certain social media apps, even though I have heard of
instances where our data in these apps has been misused. My friends
and family live abroad, and these platforms make it very easy to connect
with them. When they introduced more security features, I turned those
settings on and that did give me some peace of mind.” — Sneha. An
exception was Margaret (group 3), who has a background in marketing.
She feels that public perception of data breaches is exaggerated and that
companies only use data to market things to you. She says that even in
case of breaches, there are usually simple ways to seek remedies (e.g.,
calling your bank and blocking your credit card) and it is not as scary as
popular media makes it out to be.

4.6. Trust in AI

Regarding trust in Al, Group 1 participants say that having a
vague understanding of how Al works can help them trust it more.
Aarti and Leela say that while they do not fully understand how Al
works, the output it provides seems logical, which is enough for them
to trust and use it. Samuel discusses the need for us to acknowledge
that Al is not flawless, and question it, rather than blindly trust it.
When it comes to trusting Al to make decisions, most participants in
this group preferred the ultimate decision to lie with humans. Leela
says that humans can think in deeper ways than a robot can, and
thus decisions in important areas should be made by humans. Group
2 participants acknowledged that it may not be possible to always
understand the technical workings of Al systems which can be sensed
in Annie’s comment: “Unless you are a technical expert, I don’t think
you’ll ever fully know how an AI makes its decisions, unless you
understand how neural networks are built or things like that. What I"d
want is evidence to show that the decisions it’s making are correct.
So, if there was some validation saying that this Al system has been
used for the last two to three years and correctly predicted these things
and has had positive impacts in these ways — that would give me
confidence in it.”

Participants in Group 2 also said that they would be more
confident in using an Al-based tool if subject experts were involved in
the development of Al systems (e.g., doctors involved in developing
Al tools for healthcare) and if there was evidence of scrutiny and
vigorous testing in the development process. They also preferred
human intervention for final decisions to be made in areas like
healthcare, justice or finance. Group 3 participants advocate for the
need to understand how Al works. Margaret says that she would want
to see evidence of data quality control checks and statistical indicators
of performance to trust an Al system. Shankar and Dhruv advocate for
building more explainable Al (XAI) to understand and build trust in
black box models. While Margaret believes that Al could have better
accuracy in making healthcare decisions, Sneha and Shankar talk about
how human intervention is needed to make sure that the Al systems
are not enhancing biases existing in society. Dhruv points out that
healthcare systems are overburdened and having human oversight
to make each decision may not be possible. He believes that human
oversight should be at the stage where Al is being trained to ensure that
it functions without bias.
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4.7. Need for awareness and regulation

When it comes to awareness and regulation, participants across all
groups of Al-literacy unanimously agreed that it is essential to develop
regulations and policies specific to the use of Al. Group 1 participants
express concern about certain people or companies misusing Al for
personal gain in ways that harm more vulnerable people. For example,
Leela discusses how deepfakes have been used in problematic ways
to destroy the reputation of many successful women. Participants
identify regulation as the only solution to minimize the harm. Group 2
participants also agree that regulations are essential for the responsible
development and use of Al and identified the importance of laws such
as GDPR and the EU Al Act, but many also advocated for a globally
or at least regionally agreed-upon, domain-specific framework, for
the safe use of Al technology, developed in consultation with various
stakeholders and experts.

Group 3 participants felt that regulation should focus on
increasing awareness about Al, improving transparency and reducing
misuse. They emphasized the importance of people understanding the
basics of Al, where it works well and where it does not, and the fact that
it is not perfect but only as good as the data it was trained on. Sneha
suggests that raising awareness among the public should be a shared
responsibility of the government, Al developers, teachers, and domain
experts (e.g., doctors for healthcare Al tools). Shankar acknowledges
that it can be difficult to operationalize guidelines sometimes, but
developing the guidelines is an important first step. Dhruv emphasizes
the need for regulations not to be so restrictive that they stifle innovation,
especially for smaller organizations that do not have the resources to
work within heavy restrictions.

5. Discussions

Many previous studies have established that a higher digital
literacy is associated with more positive attitudes towards the use of
computer systems [28-31]. Being well-literate in AI would not only
entail being able to use Al-based applications but also being able to
critically think about these systems and the various ethical issues they
present [17, 32]. In this study, participants belonging to three different
Al-literacy categories (limited Al knowledge, intermediate, and expert)
shared their views on various aspects of artificial intelligence. Existing
literature has indicated that those with limited Al-literacy are likely to
subscribe to dystopian views, such as a world fully controlled by Al that
leaves out humans [14, 16].

5.1. Perceptions of Al

While Dave, amember of the limited Al-literacy group, did discuss
his fears of Al eventually controlling everything, most of the interviews,
regardless of Al-literacy levels, demonstrated more immediate concerns.
While some of the interview questions may have caused participants
to focus on realistic concerns, the initial questions were left open-
ended for participants to freely talk about any apprehensions about Al
that came to mind. Recent developments in the field, such as ChatGPT
and other platforms, have likely allowed people’s perceptions to move
beyond fictional narratives. With Al being much more tangible now,
very dystopian views have likely become less common. However, there
were some inaccuracies in how some Group 1 (limited Al-literacy)
participants perceived Al. For instance, they were not aware that Al is
trained by using lots of data and thus do not connect the issue of data
privacy to Al and did not believe that Al can treat people unfairly, as
computer programs should be objective and not biased the way humans
do. These misconceptions can be unsafe and risky in a world that is
increasingly adopting Al as people may blindly trust Al systems without
asking questions about important issues such as data quality or bias.

5.2. Al and creativity

Al has the potential to reshape human creativity. Cremer et al.
[32] suggest three possible futures: one where there is a bloom of Al-
assisted innovation, one where machines monopolize creativity or one
where human-made creative works command a premium due to their
authenticity. While some participants in this study expressed concern
that human-generated art may lose its value with the rise of Al-generated
art, there is research evidence indicating the opposite. Horton et al.
[33] found that people devalue art labelled as Al-generated and tend to
consider human works more creative. Zhou and Lee [34] found that the
visual novelty of Al-generated artworks declines over time and tends to
have a similar style. They note that artists who can produce novel works
regardless of their use or non-use of Al tend to be evaluated favorably.
Elfa and Dawood [35] suggest that Al can examine existing works and
patterns very quickly and generate patterns, which can save a lot of
cognitive effort for artists, and the work generated by Al can inspire
artists to build new things. The participants in our study suggest that
adapting to new ways of thinking that utilize Al to build creative works
and policies that protect human artists and their artworks, might be the
best way forward.

5.3. Al and job replacement

When it comes to fear of losing jobs, a previous study [36]
highlighted that young people, non-regular employees and those
working in clerical and manufacturing jobs perceived the highest
subjective risk of being replaced in their jobs by Al, while people with
higher education, especially in science and engineering, and those in
jobs that require professional qualifications or licenses perceived the
least subjective risk of losing their jobs. While many participants
believed that administrative tasks could be performed by Al easily,
the interview with an actual administrative assistant revealed that they
did not fear Al taking over their jobs any time soon because a lot of
their role involves coordination with multiple stakeholders, and the
systems are not advanced enough to perform those tasks yet. Most of us
have had at least one experience with customer service chatbots, often
repeating the same information and not providing us with an actual
solution. This would indicate that humans are still required to do these
jobs until the time comes when Al can be more efficient at these tasks.
Regardless, it is undeniable that Al is increasingly being integrated into
the workplace, and we must invest in upskilling and improving our
Al-literacy to become more comfortable with the use of Al. The study
also pointed out that governments must strategize ways to manage the
rapid progress of Al developments without economically impacting the
common people. Some suggestions made by other academics [37] as
well as experts in the present study include the introduction of Basic
Income or Universal Credit schemes to cushion the economic impact
for people in at-risk occupations, accompanied by the introduction
of training programs to equip individuals with the required skills to
integrate into the changing workspace.

5.4. Al and bias

Out of the five participants in this study belonging to the limited
Al-literacy group, two participants said that they do not believe that Al
can treat people unfairly, and one participant believed that Al should
be fairer than humans since it cannot have the kind of bias we do, and
only two participants believed that Al could be biased due to flaws in its
design or that Al could embody the biases that its creators have. One of
the reasons why people are likely to believe that Al would be unbiased
is due to the lack of awareness that Al algorithms need to be trained
with data, and this data can often be biased, which is aligned with
multiple instances of unfairness in Al systems that have been previously
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documented. For example, many facial classification systems are more
accurate for light-skinned and male faces than dark-skinned female
faces because the training data was predominantly made up of white
male images [38, 39]. Similarly, an algorithm used to determine who
should qualify for extra healthcare facilities used the cost of healthcare
expenses as a predictor, which was biased against minority communities
who had much higher healthcare needs but accessed healthcare services
less frequently due to lower incomes [40]. In these regard, this study
supports the argument that we must start educating everyone about the
issue of fairness so that they are equipped with the knowledge and skills
to use Al responsibly.

5.5. Al and data privacy

One of the core components of Al applications is the need for a lot
of data to build an application, and there needs to be security measures
and privacy preservation techniques applied at various levels of the data
architecture [41]. Participants in the lower Al-literacy category did not
seem to connect data to Al or demonstrate an understanding that data
privacy issues are also linked with Al. Previous studies have suggested
the need for an ethical trade-off to build efficient Al systems, where
data privacy and access are balanced [42]. Furthermore, participants
in our study also acknowledged that there is a trade-off between
allowing access to personal data and the convenience we get because
of it (e.g., personalized recommendations on Netflix), but emphasized
the importance of companies taking steps to comply with at least the
minimal industry standards for data privacy and security. We would
also suggest that companies take the initiative to explain what data is
being collected and how it will be used to improve the systems in a user-
friendly manner, without technical jargon.

5.6. Trusting AI and accountability

When it comes to trusting Al, there are two different takes.
Many of the participants in this study who belong to the higher
literacy categories work in the Al field and therefore consider it very
important for them to know how a system works or make decisions
to use it or recommend it to their clients. On the other hand, some
participants feel that it is not possible to understand the technical details
of every Al system, and what is more important is evidence that the
system is indeed efficient and accurate. However, Group 3 participants
are optimistic about being able to better understand the workings of
deep learning, highlighting more recent research into explainable Al
techniques (XAI) that work to break black box models and understand
the workings of these models. Nonetheless, they have also shown
concern about existing XAl methods (e.g., Local Interpretable Model-
Agnostic Explanations (LIME), and Layer-wise Relevance Propagation
(LRP) as they tend to have more technical explanations and do not cater
to the layman [5]. This highlights the need for policies that encourage
makers of explainable Al to have simplified explanations that can be
understood by all and are freely available to any user. This is aligned
with the study of Ehsan et al. [20] where participants with an Al and
non-Al background were exposed to three different types of explainable
Al: Arationale-generating (RG) robot that explains the reasoning behind
its decisions in natural language, an Action Declaring (AD) robot that
states its decisions without providing reasoning, and a Numerical-
Reasoning (NR) robot that “thinks out loud” by simply outputting the
numerical Q-values for the current state with no language component.

It was found that even the group that had a non-Al background
trusted the numbers generated by the NR robot more, without
understanding what they meant, just because it seemed smart and
calculated. While numerical metrics such as accuracy can be good
indicators for the reliability of a model, they can also be unreliable in
cases where training data quality is substandard, causing models to

overfit. Therefore, amateur users need to develop skills to understand
what these metrics mean and critically evaluate the reliability of research
that claims high accuracy. With regards to trusting Al to make decisions
in healthcare, finance, and criminal justice, most participants felt that
they would need a combination of both Al and human experts. Having
human oversight would act as a safety net in case of poorly developed
Al systems that show bias, while powerful Al systems can process
data rapidly and simplify people’s jobs in these fields. Therefore, a
combination would be the most responsible way to use Al at present.

5.7. Implications

This study has many strong implications for Al developers,
policymakers and educators. Firstly, our findings provide valuable
insights into the key areas where people have misconceptions or a lack
of awareness about how Al systems work. For instance, many users
are unaware of the critical role that data plays in shaping Al outputs
or believe that Al systems are inherently unbiased. This highlights
the need for targeted awareness campaigns aimed at correcting these
misconceptions. Educators must prioritize teaching common people
the skills necessary to critically evaluate Al tools, ensuring they can
make informed decisions in a data-driven world. Policymakers should
consider supporting initiatives that promote Al-literacy and data
transparency, creating an informed public that can engage with Al
systems more confidently and responsibly. Secondly, for Al developers
aiming to maximize their user base, building user trust is essential. Our
findings show that people are more likely to trust Al systems when they
are provided with evidence of the system’s accuracy, even if they do not
fully understand the underlying technical mechanisms. This highlights
the importance of transparency. By openly publishing performance
metrics and outcomes in layman’s terms, Al companies can foster
greater trust among users. Moreover, this transparency can bridge the
gap between expert and non-expert users, ensuring broader accessibility
and adoption. Thirdly, the study’s findings illustrate the critical
importance of privacy and cybersecurity in shaping user behavior.
Users are highly sensitive to how their data is handled, and a perceived
lack of robust security measures can lead to a significant loss of trust.
If Al developing companies fail to invest adequately in cybersecurity,
users are not only less likely to engage with their products but are
also more inclined to switch to competitors that demonstrate stronger
privacy protections. This highlights that maintaining high standards
of cybersecurity is not just a legal requirement but a key competitive
advantage in the Al marketplace. For policymakers, these findings
emphasize the need for stronger regulations focused on data protection,
ensuring that organizations are held accountable for safeguarding user
information. By implementing policies that mandate transparency in
data practices and enforce strict cybersecurity standards, governments
can help build a more secure and trustworthy Al ecosystem.

6. Conclusions

This study explored a range of opinions of people of diverse Al-
literacy backgrounds. Most participants saw Al as a tool that makes life
very convenient and believe that Al will be increasingly integrated into
various aspects of our lives in the near future. Some common concerns
expressed by participants included bias due to poor data quality, people’s
lack of awareness about the accuracy of Al predictions, misuse of Al
tools by bad actors, and managing the economic impact on individuals
whose jobs are at risk due to Al automation. The study found that
participants with lower Al-literacy levels were unaware of the link
between data and Al. The lack of understanding in how Al is built also
led them to think that Al cannot be biased, as they think of bias as a
quality only humans exhibit. This study makes a unique contribution to
existing literature as it is one of the first studies to qualitatively examine
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ethical considerations with Al in a diverse Al-literacy population. It
also has many practical implications for Al developers and educators.

6.1. Limitations and directions for future research

Akey limitation of the present study is the use of a non-probability
sampling method, which can sometimes lead to a less representative
sample. For example, all participants classified as having limited Al-
literacy in this study still possessed at least basic digital literacy (i.e.,
comfortable with using computers for basic functions like web browsing,
email and others), which may skew the results toward those who are
somewhat familiar with technology. This creates a potential bias, as the
findings would have likely indicated a much larger gap between expert
and amateur users in understanding and adopting the use of Al if we had
included participants who also had lower levels of digital literacy or less
exposure to technology. To address these limitations in future research,
it is crucial to include more diverse samples with individuals of varying
levels of digital literacy. Cultural factors can also influence attitudes
about Al. For instance, Pew Research Centre’s 2020 survey [43] noted
Eastern countries like Japan showing more positive attitudes towards
Al than Western countries like the US. Therefore, future research with
international and cross-cultural samples could offer valuable insights
into how perceptions of Al ethics, trust, and transparency vary across
different societies, which may also inform region-specific policy
development. While the present study included a variety of industry and
academic experts, there were no policymakers in the sample. Including
participants directly involved in shaping Al governance in future
research would provide valuable insight into the practical challenges
of establishing regulations. Their perspectives would complement those
of the general public, offering a fuller understanding of how ethical
principles are translated into policy and how trust in Al can be fostered.
In terms of methodology, if larger qualitative datasets are collected in
future studies, machine learning—based sentiment analysis models could
be explored as a means of analyzing these responses. While such models
can efficiently detect patterns across large datasets, their limitations,
particularly in handling linguistic nuance and capturing the full depth of
human emotion, must be acknowledged and carefully addressed.
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