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A B S T R A C T

This study investigates how cognitive, affective, and behavioral variables related to artificial intelligence (AI)
build AI self-efficacy among university students. Based on these variables, we identify three meaningful student
groups, which can guide educational initiatives. We recruited 1465 undergraduate and graduate students from
the United States, the United Kingdom, and Germany and measured their AI self-efficacy, AI literacy, interest in
AI, attitudes towards AI, and AI use. Using a path model, we examine the correlations and paths among these
variables. Results reveal that AI usage and positive AI attitudes significantly predict interest in AI, which in turn
and together with AI literacy, enhance AI self-efficacy. Moreover, using Gaussian Mixture Models, we identify
three groups of students: ’AI Advocates,’ ’Cautious Critics,’ and ’Pragmatic Observers,’ each exhibiting unique
patterns of AI-related cognitive, affective, and behavioral traits. Our findings demonstrate the necessity of
educational strategies that not only focus on AI literacy but also aim to foster students’ AI attitudes, usage, and
interest to effectively promote AI self-efficacy. Furthermore, we argue that educators who aim to design inclusive
AI educational programs should take into account the distinct needs of different student groups identified in this
study.

1. Introduction

As artificial intelligence (AI) rapidly permeates our daily lives and
workplaces, university students must develop AI self-efficacy – the con-
fidence in their capabilities to effectively interact with, understand,
learn about, and use (when desired) AI technologies and applications.
Self-efficacy, in general, is central for students as it boosts their confi-
dence in their ability to successfully accomplish specific tasks (Ayllón
et al., 2019), influencing their aspirations, persistence, and achieve-
ments (Schunk & DiBenedetto, 2021). Domain-specific self-efficacy
likewise fosters engagement and aspirations within that domain
(regarding science, see: Lau & Roeser, 2002; regarding AI, see: Chen
et al., 2024), ultimately empowering students to navigate and partici-
pate in an AI-driven world.

However, self-efficacy does not develop in isolation; it is rather
influenced by variables like literacy, interest, attitudes, and use, as
described in many psychological theories across different educational
levels and throughout the learning process (e.g., see Eccles & Wigfield,
2002). Studies have shown, for instance, the influence of ability (Gainor
& Lent, 1998), anxiety, and prior experience (Johnson, 2005) on

self-efficacy. Research has further revealed that the effects of these
variables and their specific dynamics are often domain-specific (Pajares,
1997; Usher & Pajares, 2008).

For AI educators, it is thus crucial to understand the interplay be-
tween cognitive (AI literacy), affective (positive and negative attitudes
towards AI, AI interest), and behavioral (use of AI) variables and how
they affect AI self-efficacy. While recent studies have begun to reveal
correlations between several of these key constructs (Hornberger et al.,
2023; Carolus et al., 2023), there remains a lack of clarity on which
variables most significantly shape AI self-efficacy. Researchers are also
working to understand causal effects (Markus et al., 2024); however, to
date, we lack a comprehensive understanding of the specific variables
that influence self-efficacy in the domain of AI.

To address this gap, our study aims to derive and validate a path
model by drawing from existing general educational theories and
extending them to understand AI self-efficacy. These unveiled paths
between AI literacy, AI interest, attitudes towards AI, and use of AI,
ultimately fostering AI self-efficacy, can lead to the design of more
effective – and inclusive – AI educational programs.

In line with the concerns raised above, this study therefore aims to
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answer the following descriptive and exploratory research questions.

• RQ 1: How do key dimensions of AI education among students – AI
self-efficacy, AI literacy, AI interest, attitudes towards AI, and AI use
– correlate with one another?

• RQ 2: How do AI literacy, AI interest, attitudes towards AI, and use of
AI influence AI self-efficacy?

Regarding goals of inclusive education, stakeholders have argued
that AI self-efficacy is essential for all students, e.g., regardless of
discipline or gender to help students effectively integrate AI into their
future professional life and to navigate or even challenge the impact of
AI on their lives as citizens. As such, inclusive education must ensure
that AI learning programs offer equitable opportunities for all students
(Ng et al., 2021), sensitive to their individual challenges, attitudes, and
needs. Because cognitive (AI literacy), affective (attitudes towards AI, AI
interest), and behavioral (use of AI) variables might collectively influ-
ence students’ relationship with AI and ultimately contribute to AI
self-efficacy, we additionally investigate how AI self-efficacy and these
variables surrounding AI self-efficacy vary across different groups of
students. To better characterize potential groups, we examine de-
mographic and experiential variation, focusing on gender, discipline,
and access to AI education programs at students’ home institutions. We
aim to answer the following research questions.

• RQ 3: What student groups can be identified based on their AI self-
efficacy, AI literacy, AI interest, AI attitudes, and use of AI?

• RQ 4: How do factors like gender, discipline, and perceived access to
AI courses differ among these student groups, and what are the im-
plications for educational practice?

2. Conceptual foundation

2.1. Cognitive, behavioral, and affective variables related to AI self-
efficacy

Understanding the factors that influence students’ AI self-efficacy is
essential for designing effective AI programs. However, self-efficacy
does not develop in isolation. The literature in educational psychology
suggests that self-efficacy is influenced by cognitive, affective, and
behavioral variables (Eccles & Wigfield, 2002; Pajares, 1997). To un-
derstand and find effective ways to boost AI self-efficacy among stu-
dents, it is crucial to examine variables from each dimension. Table 1
provides definitions of key constructs related to variables in each
dimension.

2.2. Cognitive, affective, and behavioral variables affecting AI self-
efficacy

The interplay of variables like attitudes, use, interest, literacy, and
self-efficacy is described by many psychological theories on different
levels of the learner and across the learning process (e.g., see Eccles &
Wigfield, 2002). Many theories focus on some of the mentioned vari-
ables and indicate that these variables do not operate in isolation but
form a dynamic system.

The Interest Development Model (Hidi and Renninger, 2006) provides
a framework for understanding how interest develops and evolves. In
turn, Social Cognitive Theory (Bandura, 2004) highlights self-efficacy as
influenced by mastery experiences. In the following section, we will
describe how initial AI use (a mastery experience) and a positive attitude
might develop into sustained individual interest. This sustained indi-
vidual interest eventually leads to higher self-efficacy.

According to the Interest Development Model, interest is triggered by
the initial attention facilitated by novel or appealing stimuli. In the field
of AI, these stimuli could be the students’ first encounters with AI sys-
tems like ChatGPT. Indeed, only after the release of ChatGPT in

November 2022 did we witness the highest user growth rates ever
measured in the tech industry (Reuters, 2023), indicating huge triggered
situational interest in this AI system. Building on this first situational
trigger, personal relevance of the content, novelty, and involvement
tend to be sources of maintained or longer-lasting individual interest
(Mitchell, 1993; Palmer, 2004; Renninger & Hidi, 2011). Through the
use of AI by students then, their perceived personal relevance is boosted,
novelty is experienced, and hands-on involvement is increased. Similar
to how technology toys have been shown to foster an interest in tech-
nology (Haddock et al., 2022), the use of AI systems like ChatGPT could
be a source of sustained individual interest. We state as a hypothesis:H1:
The use of AI leads to interest in AI.

Next, positive attitudes can facilitate the transition from situational
to individual interest by promoting engagement and persistence
(Renninger& Shumar, 2002). Negative attitudes, on the other hand, can
act as barriers, preventing situational interest from developing into a
deeper, more sustained individual interest. This leads to the second
hypothesis H2: Positive (negative) attitudes towards AI foster (inhibit) in-
terest in AI.

When learners have an established individual interest in a domain (e.
g., AI), they tend to have relatively higher levels of self-efficacy
(Renninger & Hidi, 2002; Nuutila et al., 2020; Renninger, 2010). This
effect is described in hypothesis H3: Higher interest in AI leads to increased
self-efficacy. AI interest, therefore, should serve as a mediator between
both AI attitudes and AI self-efficacy, as well as between AI use and AI
self-efficacy.

Another aspect to consider in shaping students’ AI self-efficacy is the
role of AI literacy. Focusing on the personal level, according to Bandu-
ra’s Social Cognitive Theory (2004), learners experience higher self-
efficacy when they achieve success themselves (that is, achieve

Table 1
Definitions of key constructs related to AI self-efficacy, AI literacy, AI interest, AI
attitudes, and AI use.

Key Construct Dimension Definition

AI self-efficacy Cognitive-
Affective

Self-efficacy is the belief in one’s ability to
successfully perform tasks and achieve goals in a
specific domain (Bandura, 1994). Wang and
Chuang (2024) define AI self-efficacy as
individuals’ general belief in their ability to use
and interact with AI. In the context of education
we define AI self-efficacy as students’
confidence in their capabilities to use and
interact but also to understand and learn about
AI technologies and applications.

AI literacy Cognitive Literacy is the ability to understand and
interpret information in a particular domain. AI
literacy can be defined as “a set of competencies
that enables individuals to critically evaluate AI
technologies; communicate and collaborate
effectively with AI; and use AI as a tool online, at
home, and in the workplace” (Long & Magerko,
2020).

Interest in AI Affective Interest is both a psychological state of attention
and affect towards a particular topic and an
enduring predisposition to reengage over time (
Harackiewicz et al., 2016). In the context of AI,
interest refers to students’ sustained affect
towards and engagement with AI systems and
more general AI-related topics.

Attitudes
towards AI

Affective Attitudes are evaluative judgments towards a
particular object, person, or concept (Vogel &
Wanke, 2016). In the context of AI, attitudes
refer to students’ positive or negative
evaluations of AI technologies and their
applications.

Use of AI Behavioral We understand use as the engagement with an
object, tool, or substance. In the context of our
study, the use of AI refers to how often students
interact with AI systems for learning as well as in
their daily lives.
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literacy). This influence on self-efficacy is identified, for example, by
Carmichael et al. (2010) regarding mathematical achievement. Findings
from Getenet et al. (2024) and Prior et al. (2016) indicate similarly that
digital literacy significantly contributes to students’ digital self-efficacy.
Regarding self-efficacy in learning AI in particular, a study by Chai et al.
(2021) indicates that AI literacy significantly predicts self-efficacy in
learning about AI. We therefore add AI literacy as a second potential
influence on AI self-efficacy to our theoretical model and propose
hypothesis

H4 Higher AI literacy leads to increased AI self-efficacy.
Rooted in the Interest Development Model and based on our derived

hypotheses, we propose a theoretical model describing the potential
paths between the use of AI, AI interest, attitudes towards AI, and AI
literacy, collectively leading to AI self-efficacy. The derived path model
is illustrated in Fig. 1.

2.3. Groups regarding their relationship with AI and technology

Building on prior research that identified groups associated with
variation in technology use and attitudes, we likewise aim to identify
student groups based on cognitive, affective, and behavioral variables
related to AI self-efficacy. Relatedly, research has already identified
various groupings based on affective and behavioral variables like
technology use and attitudes, which are closely linked to AI self-efficacy.
For instance, technology readiness and attitudes can be conceptualized
by two dimensions or parsed into as many as three or four major groups.
Technology readiness as understood by Blut&Wang (2020) is described
by a two-dimensional construct distinguishing between motivators such
as innovativeness and optimism and inhibitors like insecurity and
discomfort. Kerschner and Ehlers (2016) proposed a framework for at-
titudes toward technology, categorizing them into four main types:
Enthusiasm, Determinism, Romanticism, and Skepticism. Regarding
self-driving cars, Nielsen and Haustein (2018) identified three groups of
people according to their attitudes: skeptics (38%), indifferent stressed
drivers (37%), and enthusiasts (25%). Enthusiasts are typically young,
male, highly educated, and reside in large urban areas, while skeptics
tend to be older, more reliant on cars, and often live in less densely
populated areas. Indifferent individuals frequently have less access to a
car, highlighting the diminished relevance of self-driving technology in
their lives.

Views specifically towards AI among learners vary, from some in-
dividuals being optimistic to others holding negative views. Negative
perceptions of AI’s impact on humans and society are well documented
(Eagle et al., 2021; Ghotbi et al., 2022; Mertala et al., 2022; Oh et al.,

2017). Some have general or vague fears about AI (Antonenko and
Abramowitz, 2023; Lindner & Berges, 2020); yet there is also a sense of
optimism and promise for addressing problems or benefiting society at
large (Antonenko and Abramowitz, 2023; Teng et al., 2022). Mean-
while, some perceive AI as beneficial and a facilitator of personal ease
(Mertala et al., 2022). Regarding the development of these conceptions
over time, cross-country surveys report that global awareness of AI’s
potential impact is growing, with sentiment in Western nations slowly
improving despite overall pessimism about its economic effects (cf. AI
Index 2024 Annual Report: Maslej et al., 2024). In combination, these
conceptions indicate that there is a range from people who are generally
more skeptical towards AI to people who are more optimistic. Finally, in
the field of so-called security-related predictive machines, a subdomain
of AI, in a conceptual thought piece, Edwards (2015) described three
groups: enthusiasts, critics, and skeptics. By considering underlying
profiles that integrate cognitive, affective, and behavioral variables, we
might similarly identify distinct groups among students. These analyses
may unveil more comprehensive insights than focusing on just one
variable and can help identify groups with different characteristics - and
needs - based on cognitive, affective, and behavioral dimensions related
to AI self-efficacy.

Uncovering different groups regarding AI may indicate a need for a
broader variety of learning materials that cater to diverse backgrounds,
thus promoting inclusivity and accessibility in AI education. By identi-
fying groups such as the critics mentioned above by Edwards (2015)
among university students, there would be an indication that educa-
tional programs need to be designed to account for potential skepticism
or fear of AI (Bewersdorff et al., 2023), perhaps transforming it into
more informed caution and constructive criticism, thereby enhancing
students’ AI self-efficacy. In this context, it seems crucial not only to
identify potential groups regarding AI, but also to investigate basic
characteristics like the distribution of gender or disciplines among these
groups to better tailor educational programs to students’ needs.

3. Method

3.1. Sample

During December 2023 we recruited university students from the
United States (US), the United Kingdom (UK), and Germany (GER). We
focus on these three countries because they are global leaders in AI
innovation and adoption (Stanford, 2024), and represent diverse
educational systems and cultural and regulatory contexts within the
Western world. Additionally, the availability of prior research in these
countries enables comparative assessment for a substantial number of
variables – the instruments tested are available in English as well as in
German.1

The students were invited to participate in the web-based study via
the Prolific platform. Participation in the study was voluntary; as a
reward, participants received $5.90, about £4.5 or 5.30€ respectively. A
total of 1558 students from more than 512 universities and colleges
participated. Before analyzing the data, we excluded 93 invalid cases.
Fourteen participants were excluded because they failed both attention
checks. An additional 75 cases were excluded because they did not finish
the survey. Lastly, 3 participants were excluded because they completed
the survey too quickly (less than 5 min, Mdn = 19.1), which made it
implausible that they responded thoughtfully.

The final sample size was N = 1465 with NUS = 494, NUK = 499, and
NGER= 472. The mean age of the participants wasM= 28.4 (SD= 10.3).
Among the participants, 747 (51.0%) were male, 680 (46.4%) were fe-
male, 33 (2.3%) were non-binary, and 5 (0.3%) preferred not to disclose
their gender. The composition of disciplines can be found in Fig. 6 in

Fig. 1. Derived path model linking AI self-efficacy, AI literacy, AI interest, AI
attitudes, and AI use.

1 The same sample was used to investigate country-specific differences
regarding AI-related variables in Hornberger et al. (2024).
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section 4.3.3 and Table 2 in the Technical Report. 1010 students are
currently pursuing a bachelor’s or similar degree (68.9%), 393 (26.8%)
a master’s or similar, 61 (4.2%) of students are enrolled in other pro-
grams like graduate/Ph.D. programs, and one student did not indicate
their student status.

3.2. Instruments

To measure AI self-efficacy, we used a scale previously published
and validated (Hornberger et al., 2023). The scale is based on the
competencies described by Long and Magerko (2020) and consists of
eight items (e.g., “I have a good understanding of the basic principles of
AI.”). The response format consisted of a 5-point Likert scale from 1 =

strongly disagree to 5 = strongly agree. With α = .83, internal consis-
tency is good (Tavakol and Dennick, 2011).
AI literacy was measured using the AI literacy test instrument

developed by Hornberger et al. (2023) and validated with samples in the
US, UK, and Germany (Hornberger et al., 2024). The instrument builds
on Long and Magerko’s (2020) conceptualization of AI literacy and
consists of 27 4-choice items and one sorting item (arranging the steps of
machine learning in order). Internal consistency was acceptable (Cron-
bach’s α = .76).

To measure interest in AI, we used a scale we published in Horn-
berger et al. (2023). The scale builds on the 2015 PISA study (Mang
et al., 2019) which was originally designed to measure interest in sci-
ence. We modified the scale by exchanging the word “science” with
“artificial intelligence.” The scale consists of five items (e.g., “I generally
have fun when I am learning about artificial intelligence.”). The
response format is a 5-point Likert scale ranging from 1 = strongly
disagree to 5 = strongly agree. Internal consistency was good at α = .91.

We assessed positive and negative attitudes towards AI using
eight items from the General Attitudes Towards AI scale by Schepman
and Rodway (2020). We used four items measuring positive attitudes (e.
g., “There are many beneficial applications of Artificial Intelligence.”)
and four items measuring negative attitudes (e.g., “I think Artificial
Intelligence is dangerous.”). The response format was again a 5-point
Likert scale from 1 = strongly disagree to 5 = strongly agree. Internal
consistency was good, with α = .81 and α = .82, respectively.

We measured the use of AI with two items asking about the use of AI
systems in respondents’ personal lives as well as part of their education,
again on a 5-point Likert scale. With α = .79, internal consistency was
acceptable.

3.3. Analysis

3.3.1. Calculating IRT scores and correlations
For the analysis, we used Item Response Theory (IRT) scores to adjust

for variations in item difficulty and discrimination - the ability of items
to differentiate between respondents - allowing us to measure the un-
derlying trait more accurately. IRT is a method that examines how
people answer questions, and which links their answers to their level of
the measured trait. This approach takes into account both the difficulty
of the items and how well they distinguish between individuals, making

the measurement more reliable and precise (Embretson and Reise,
2013).

For AI literacy, we used person abilities estimated by a 3-PL model
with a 25% guessing rate. For all other scales described in 3.2, we used
rating scale models. For detailed information about the validation of the
IRT models and the calculation of the IRT scores, see Hornberger et al.
(2024). For correlations, we calculated Pearson’s r (Gupta & Kapoor,
2020) and associated significance levels.

3.3.2. Path model analysis
Following research question 2, we aim to investigate how AI literacy,

AI interest, attitudes towards AI, and use of AI influence AI self-efficacy.
To investigate basic relationships between these cognitive, affective, and
behavioral variables based on the conceptual foundation (see 2.2), we
conducted a path analysis, which is a specialized case of Structural
Equation Modeling (SEM: Ullman & Bentler, 2012). Path analysis is a
statistical technique employed to empirically examine the directional
relationships between multiple variables, allowing for the estimation of
both direct and indirect effects within a predefined model structure
(Lleras, 2005). At its core, path analysis involves specifying a model,
based on theoretical considerations and prior empirical evidence, which
outlines the expected relationships between observed variables. These
relationships are depicted as paths, with each path representing a hy-
pothesized direct influence of one variable on another. The strength and
significance of these paths are quantified through path coefficients,
which are estimated from the data.

We initiated our analysis by defining a path model structure aligned
with our theoretical expectations (see section 3) and previous empirical
findings (see Hornberger et al., 2023). This process was facilitated by the
use of the Python-based SEM tool semopy (Igolkina & Meshcheryakov,
2020). For all variables, normality of the distribution was checked
visually via histograms and Q-Q-plots. Visual inspection showed all
variables are roughly normally distributed (see Technical Report, B.1.).
To assess the fit of our path model, we investigated multiple fit indices,
each offering insights into different aspects of model evaluation. Fit
indices investigated were: Degrees of Freedom (DoF) and DoF Baseline,
Chi-squared (χ2) test and its associated p-value, Comparative Fit Index
(CFI), Adjusted Goodness of Fit Index (AGFI), the Normed Fit Index
(NFI) and the Tucker-Lewis Index (TLI), the Root Mean Square Error of
Approximation (RMSEA), the Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), and Log-Likelihood (LogLik). A
detailed description of the fit indices can be found in the Technical
Report, section A.1. For an introduction to fit indices and path models,
refer to Hu and Bentler (1999), McDonald (1996) and Stage et al.
(2004).

To additionally investigate generalizability of our path model, we aim
to validate the model using the overall sample as well as country-specific
subsamples from the United States, the United Kingdom, and Germany.
A path model demonstrating a good fit across multiple datasets (cross-
validation) is likely to generalize well and would support the model’s
overall validity and reproducibility.

3.3.3. Component analysis with Gaussian Mixture Models
Following research question 3, we aim to identify distinct student

groups based on their AI literacy, AI self-efficacy, AI interest, attitudes
towards AI, and AI use. To explore these potential groups of similar
cognitive, affective, and behavioral patterns among students, we chose
Gaussian Mixture Models (GMM: Bishop & Bishop, 2024). A GMM is a
probabilistic model that represents the presence of components (also
called groups or profiles) within an overall dataset by modeling the data
as a mixture of multiple Gaussian distributions. For all analyses
regarding GMM, we used R and the mclust package (Fraley et al., 2024).

To choose and validate a model, we split the dataset into two
randomly selected subsets referred to as the training dataset and vali-
dation dataset (Fig. 2). As the BIC/AIC scores are sensitive to the sample
size, to sustain comparability between training and validation data, we

Table 2
Correlations between AI literacy, AI self-efficacy, AI interest, positive and
negative attitude towards AI, and use of AI.

AI
literacy

AI
interest

Pos. att.
tow. AI

Neg. att.
tow. AI

Use of AI

AI self-effic. .14*** .49*** .33*** − .14*** .29***
AI literacy ​ .06* .13*** − .13*** .00
AI interest ​ ​ .65*** − .32*** .56***
Pos. att.
tow. AI

​ ​ ​ − .44*** .51***

Neg. att.
tow. AI

​ ​ ​ ​ − .25***
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choose to split the dataset into equal sizes. On the training data, for 1 to
6 components, we ran all 14 GMMs available with the mclust package
with configurations ranging in their variances and covariances for one to
six components. For each specified number of components, mclust picks
the best-fitting model according to its BIC value. This gives us the best
models according to BIC for every specified component structure from 1
to 6, and leaves us with one model for each parsing of components. Out
of these six final models, we determined the best-fitting model by
evaluating and comparing these models based on their fit indices,
including BIC, ABIC, AIC, and CAIC. More information about the fit
indices can be found in the Technical Report, section A.2.

The model and identified number of components is then validated
with the validation data (see Fig. 2). A model with a specific number of
components that shows a good fit for both training and validation
datasets suggests that the model is likely generalizing well to new data.
Consistency in performance across both subsets would indicate the
absence of overfitting and support the validity of the model.

For further insights into the data and components, the total dataset
was used. Z-scores were calculated for all cognitive, affective, and
behavioral variables to standardize the data. This transformation allows
for the comparison of variables on a common scale, which makes the
results more accessible for interpretation. Next, using MANOVA, we
performed an analysis to check if the profiles/groups identified by GMM
significantly differ from each other (Tabachnick & Fidell, 2011).

Following research question 4, to investigate differences in socio-
demographic variables and perceived AI course availability among
members of different groups, we calculated descriptive statistics,
including total counts and percentages.

4. Results

4.1. Correlations (RQ1)

Table 2 shows the correlations among cognitive, affective, and
behavioral IRT scores regarding AI.

The correlation table reveals strong positive relationships between
AI interest and positive attitudes towards AI (0.65) and between AI in-
terest and use of AI (0.56). Additionally, there is a high negative cor-
relation between positive and negative attitudes towards AI (-0.44),
suggesting that as positive attitudes increase, negative attitudes
decrease. In contrast, AI literacy shows weak correlations with most
other variables and is not correlated with the use of AI (p = .86).

4.2. Path analysis (RQ2)

4.2.1. Model fit, validation, and generalization of the path model
To confirm the fit and parsimony of our theoretically derived path

model (see 2.2), we conducted evaluations using the total sample and
country-specific subsamples from the United States, the United
Kingdom, and Germany (Table 3). By keeping the model complexity
consistent across all groups, evidenced by uniform Degrees of Freedom
(DoF) set at 14, our analysis revealed a very good match with the

observed data, particularly within the total sample and the US sub-
sample. This finding is strongly supported by a χ2 value of 3.102 in the
total sample and an exceptionally high p value of .999, indicating a very
good fit of the model. Further validation comes from the Comparative
Fit Index (CFI) surpassing the threshold for excellence, along with nearly
perfect Goodness-of-Fit Index (GFI) and Adjusted Goodness-of-Fit Index
(AGFI) scores, reinforcing this conclusion. An RMSEA of zero for a
sample might usually raise overfitting concerns. However, as the model
shows an RMSEA of zero for both the total and the US subsample but a
very good non-zero RMSEA for the UK and the German sample, it overall
seems to highlight the model’s fit.

Looking at the UK and German subsamples, there is a noticeable
change in how well the model fits. Increased χ2 values for these metrics
point to a robust but slightly less ideal fit compared to for the total
sample and US subsample. However, the CFI values, though slightly
lower, still confirm a good fit of the model. GFI and AGFI scores,
although the lowest among the samples, remain within acceptable
ranges. Notably, the RMSEA values for these subsamples, which is non-
zero for both the UK and Germany, still suggest a close match and offer a
nuanced picture of the model’s applicability across varied demographic
contexts.

The AIC and BIC metrics across different samples illustrate the bal-
ance between model simplicity and its ability to fit the data accurately.
In particular, the metrics from the US subsample show lower AIC and
BIC values, indicating a good mix of simplicity and compatibility with
the data.

Additionally, we tested the model for a non-linear relationship be-
tween AI literacy and AI self-efficacy, considering the potential influ-
ence of the Dunning-Kruger effect (Dunning, 2011). Both linear and
non-linear models fit well overall. While the linear model demon-
strates slightly better fit statistics, the non-linear model shows margin-
ally improved AIC and BIC values, indicating better parsimony.

Fig. 2. Process of selecting and validating the GMM and the number of components.

Table 3
Fit indices of the path model for the total sample and country-specific sub-
samples from the United States, the United Kingdom, and Germany.

Index Value (Total
Sample)

Value (US
Sample)

Value (UK
Sample)

Value (GER
Sample)

DoF 14 14 14 14
DoF
Baseline

19 19 19 19

χ2 3.102 1.502 20.694 14.689
χ2 p-value 0.999 1.000 0.110 0.400
χ2

Baseline
2222.967 825.830 856.557 656.358

CFI 1.005 1.015 0.992 0.999
GFI 0.999 0.998 0.976 0.978
AGFI 0.998 0.998 0.967 0.970
NFI 0.999 0.998 0.976 0.978
TLI 1.007 1.021 0.989 0.999
RMSEA 0.000 0.000 0.031 0.010
AIC 13.996 13.994 13.917 13.938
BIC 51.023 43.412 43.405 43.037
LogLik 0.002 0.003 0.041 0.031

A. Bewersdorff et al. Computers and Education: Artiϧcial Intelligence 8 (2025) 100340 

5 



However, given that the path coefficient in the non-linear model is
non-significant (p = .99), we opted for the linear model, which provides
an excellent fit and avoids introducing a non-significant term.

4.2.2. Unveiled relationships between cognitive, affective and behavioral
variables

Based on the theoretically-derived hypotheses, we fitted our model
using the entire sample to describe the potential pathways leading to AI
self-efficacy. In line with our hypothesis H2, a positive attitude towards
AI is significantly and positively linked to AI interest, with a sizable path
coefficient of 0.618. On the other hand, the influence of negative atti-
tudes towards AI seems to negatively (− 0.057) impact AI interest, but
only to a very marginal degree. However, the lack of statistical signifi-
cance (p = .12) for this relationship questions the viability of negative
attitudes in reliably forecasting interest in AI. This is a deviation from
the hypothesized model.

Next, use of AI is a strong (0.434) and significant (p < .01) predictor
of interest in AI, confirming H1. This finding, with important practical
implications, emphasizes the role of AI interaction in cultivating AI
interest.

As predicted in H3 and H4, AI self-efficacy is indeed positively
affected by both AI literacy and AI interest. AI literacy shows a modest
yet positive (0.144) and significant (p < .01) impact on AI self-efficacy,
suggesting the presence of other influential factors not accounted for in
the current model. The significant (p < .01) path coefficient of 0.245 for
the impact of AI interest on AI self-efficacy highlights another robust
influence on AI self-efficacy. All paths and their coefficients are dis-
played in Fig. 3.

The results unveil robust paths from positive attitudes towards AI
and from AI use to AI interest, as well as paths from AI interest and AI
literacy to AI self-efficacy. Conversely, there is only a small and statis-
tically insignificant influence of negative attitudes toward AI on interest.

We additionally tested the direct effects of both positive and negative
attitudes towards AI, as well as use of AI, on AI self-efficacy. All direct
effects were non-significant, confirming that AI interest serves not just as
a medaitor, but as a full mediator between both AI attitudes and AI self-
efficacy, as well as between AI use and AI self-efficacy.

4.3. Student groups regarding AI (RQ3 & RQ4)

4.3.1. Model fit, validation, and generalization of the GMM
To identify the preferred number of distinct student groups, we fitted

multiple GMMs for one to six components (Fig. 2). A variety of fit indices
were evaluated for the selection of the model and appropriate number of
components (groups). Generally, the model showing the best fit across
all fit indices (see 3.3.3) should be chosen.

The BIC/ABIC scores of our training dataset suggest that the best
fitting model for our data is the "VVE" model with three components.
The "VVE" model is a flexible yet constrained approach that allows the
covariance ellipsoids of each component to have different volumes and
shapes while sharing the same orientation (see the mclust package,
Fraley et al., 2024). The fit of this model is confirmed by the AIC/CAIC of
our training dataset as well as by the AIC/CAIC of our validation data
(Fig. 5). Only the BIC/ABIC (Fig. 4) for the validation dataset prefers a
model with only two components. This can be explained by the BIC
generally having an emphasis on parsimony but a tendency towards
underfitting (Dziak et al., 2020). Further, the AIC and CAIC are more
likely to favor models with more components for larger datasets because
the improved fit often outweighs the penalty for additional parameters.
This explains why the AIC and the CAIC of the total dataset indicate five
components over three components. Overall, the BIC/ABIC of the full
dataset (test and training dataset combined) supports the choice of three
components or student groups.

The fit indices BIC, ABIC (Fig. 4), as well as the AIC and CAIC (Fig. 5)
of the training as well as the validation dataset favor the three-
component “VVE” model.

4.3.2. Major components revealed by the GMM
In the previous section, 4.3.1, we identified distinct groups within

our data based on clusterings with respect to AI literacy, AI self-efficacy,
AI interest, attitudes towards AI, and AI use. We now aim to further
investigate differences among these groups regarding these variables. In
particular, the analysis with GMM revealed three different components
(groups) of students (Fig. 6). 703 of 1465 students (47.99%) can be
labeled as ‘AI Advocates.’ This group shows above-average AI literacy,
AI self-efficacy, AI interest, and positive attitudes toward AI, coupled
with below-average negative attitudes and high usage of AI. The group
of ‘Cautious Critics’ (305 of 1465, 20.82%) shows below-average AI
literacy, AI self-efficacy, AI interest, and positive attitudes toward AI,
coupled with high negative attitudes and low usage of AI. Finally,
around three of ten students can be described as ‘Pragmatic Observers’
(457 of 1465, 31.19%). This group has scores close to the mean in most
variables, suggesting a balanced and moderate relationship related to
AI. A table of the group labels, sizes, and mean z-scores across variables,

Fig. 3. Path model of the interplay of attitudes, use, interest, literacy, and self-
efficacy regarding AI (N = 1465).

Fig. 4. BIC and ABIC for Gaussian Mixture Models (GMM) with 1–6 compo-
nents.
Note. The y-axis for the training and validation data differ from the y-axis for
the full dataset. However, for better visualization and comparison, all three
datasets are plotted on a single graph. With the mclust package, values closer to
zero for all indices indicate better fit (Wardenaar, 2024).
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as well as a visualization of the groups by their first principal compo-
nent, can be found in the Technical Report (B.2., Table 1).

The MANOVA results, summarized using Pillai’s trace, confirm sig-
nificant differences between the three groups (F = 53.44; p < .01).
However, the Pillai’s trace value (0.180) suggests that the groupings
explain a relatively modest proportion of the overall variance in the
dependent variables.

4.3.3. Distribution of disciplines among student groups
In the full sample, the most prevalent discipline is Engineering and

Technology, constituting 29.42% of individuals, followed by students of
Social Sciences at 25.94%, and Art and Humanities at 20.00%. In
comparison with the total sample, the three subgroups exhibit distinct
disciplinary profiles. ‘Cautious Critics’ primarily consists of students
enrolled in Arts and Humanities (30.16%) and Social Sciences (29.51%),
diverging from the overall trend with less presence in technical fields.
Conversely, ’AI Advocates’ stand out with a strong majority in Engi-
neering and Technology (38.69%), highlighting a significant deviation
towards more technical disciplines in contrast to the total sample.
Finally, ‘Pragmatic Observers’ display a mostly balanced disciplinary

distribution. Results are displayed in Fig. 7 and Table 2 in the Technical
Report.

4.3.4. Distribution of gender among student groups
In the total sample, gender distribution leans slightly towards males

at 50.99%, with females representing 46.42% of the respondents, indi-
cating a fairly balanced but slightly male-skewed demographic. Among
the groups, ‘Cautious Critics’ have a majority female representation at
61.97%, contrasting with ‘AI Advocates’ where males constitute
62.78%, indicating a notable gender disparity in these groups. ‘Prag-
matic Observers’ show a balanced gender distribution, with females at
54.05% and males at 44.64%. Results are displayed in Fig. 8 and Table 3
in the Technical Report.

4.3.5. Perceived course availability among student groups
Within the total sample, there is notable uncertainty about AI course

availability, with 32.63% of students indicating they’re "not sure" if
course availability is sufficient. The next largest group, 27.85%, say
there are not enough courses, suggesting a general perception of either
uncertainty or insufficient AI course offerings. More than half of the
‘Cautious Critics’ report unawareness of potential AI courses (55.41%).
They are likewise most skeptical about the sufficiency of suitable courses
(15.08%). On the other hand, ‘AI Advocates’ are the groupmost satisfied
with the course offerings (34.00%), though a significant portion still
perceive there could be more courses (30.01%). Results are displayed in
Fig. 9 and Table 4 in the Technical Report.

5. Discussion

5.1. Discussion of the derived path model: fit, accuracy, and
generalizability

Based on prior theoretical findings, we derived and validated a po-
tential path model - though we acknowledge there might be alternative
models which lead to better theoretical as well as empirical fit. This is
especially plausible in this domain as many observed relationships are
sensitive to tasks and content characteristics (Nuutila et al., 2020).
Indeed, it’s important to keep in mind that studies often report mixed
and inconclusive results, depending on the models used and the vari-
ables and their definitions.

Yet, despite slight variations in fit indices, the strong fit indices in all
four (sub)samples suggest the model’s validity and its ability to effec-
tively capture the intended constructs across diverse settings in Western
countries. This analysis reinforces the model’s theoretical and empirical
utility, enhancing our confidence in its applicability and generalizability

Fig. 5. AIC and CAIC for Gaussian Mixture Models (GMM) with 1–6 compo-
nents.
Note. The y-axis for the training and validation data differ from the y-axis for
the full dataset. However, for better visualization and comparison, all three
datasets are plotted on a single graph. With the mclust package, values closer to
zero for all indices indicate better fit (Wardenaar, 2024).

Fig. 6. Component means and standard derivations across variables.

Fig. 7. Distribution of disciplines among the total sample and identified stu-
dent groups.
Note. Percentages <5 are not labeled.
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across varied contexts in Western nations. Nevertheless, while our
model has shown validity and good fit across three prominent Western
countries, we recognize that it may not be directly applicable to coun-
tries worldwide. More research is needed to explore model fit in other
educational systems as well as other potential models, as this model,
though theoretically grounded, represents only one possible approach
that could be considered.

5.2. Fostering AI self-efficacy: the interplay of AI literacy, AI interest, use
of AI, and attitudes towards AI

The core variable studied here - AI self-efficacy, AI literacy, AI in-
terest, attitudes towards AI, and use of AI - show significant correlations,
unveiling complex interconnected dynamics across these variables. As
expected, negative attitudes towards AI correlate negatively with the
other more ’positive’ metrics. Our findings also indicate that AI literacy
has weaker correlations with variables like AI interest compared to what
has been reported in other studies (e.g., Hornberger et al., 2023).
Notably, AI literacy is not at all correlated with the use of AI, which
strongly cautions that there may be no meaningful direct relationship
between AI literacy and use of AI. This could mean that students may use
AI tools without developing understanding of the underlying concepts
and suggests that casual use of AI doesn’t contribute much to a deeper
understanding of AI. This finding aligns with the debunked myth of
’digital natives,’ who were often imagined as having deep knowledge of

technology when, in reality, they are often limited to basic skills and
uses of technology (Kirschner & De Bruyckere, 2017). This finding is
somewhat contradictory to arguments made by Koch et al. (2024), who
suggest that individuals who use AI might become more competent
regarding AI. One possible reason for this contradiction is the difference
in the operationalization of ’use of AI.’ While Koch et al. (2024) focused
on structured educational settings, our study incorporated casual use,
which may not contribute significantly to AI literacy, but nonetheless
may constitute a major portion of AI use.

With our path model, we demonstrate that fostering AI self-efficacy
seems to be a multi-step process involving cognitive, affective, and
behavioral variables. Confirming our hypothesis H1, use of AI has a
strong and significant influence on AI interest. This aligns with the In-
terest Development Model (Hidi and Renninger, 2006; see also 2.2)
stating that the initial capture of attention due to novel or appealing
stimuli triggers interest. The finding here emphasizes the role of
(first-time) interaction with AI specifically in fostering an interest in AI.
Hands-on experiences seem to make AI more tangible and accessible,
thereby sparking interest. One example is the introduction of AI systems
like ChatGPT and Gemini in late 2022 and early 2023, which sparked a
significant increase in AI interest. Google searches for the term ’artificial
intelligence’ increased about six to tenfold from September 2022 to
mid-2023 (Google Trends, 2024). AI education should thus might (e.g.,
at the beginning of a course) incorporate interaction with AI systems to
kindle student interest - especially among students who might not
otherwise use AI in their daily lives (see 4.3).

Next, in line with our hypothesis H2, positive attitudes regarding AI
are a significant predictor of interest in AI. Attitudes can foster indi-
vidual interest by promoting engagement and persistence (Renninger &
Shumar, 2002). However, contrary to our expectations, the influence of
negative attitudes on interest in AI was found to be non-significant. One
possible explanation is that the positive aspects of AI might overshadow
negative attitudes, thereby diminishing the impact of negative attitudes
on overall AI interest. There might also be a potential methodological
issue of collinearity between positive and negative attitudes, which
could have obscured the unique contribution of negative attitudes in our
model, resulting in non-significant findings. However, Schepman and
Rodway (2020) demonstrated that their positive and negative attitude
scales load onto two distinct factors, thereby mitigating concerns
regarding collinearity. Thus, AI education programs which focus on
building positive attitudes toward AI could promote higher AI
self-efficacy and greater AI interest. However, educators should also
grapple with how to present balanced information about AI’s benefits
and risks so that students are empowered to make their own informed
decisions about when to use – or not use – AI.

Along these lines, as per Renninger and Hidi (2002) and hypothesis
H3, students with interest in AI have relatively higher levels of AI
self-efficacy. Education strategies should, therefore, aim to maintain and
grow AI interest.

Finally, the relationship between AI literacy and AI self-efficacy
modestly supports hypothesis H4 that understanding AI concepts can
increase AI self-efficacy. That is, the modest size of this coefficient
(0.144) implies that AI literacy alone does not account for the majority
of variance in AI self-efficacy. Focusing solely on AI literacy may not be
sufficient. Instead, educators should combine AI literacy efforts with
fostering attitudes and interest as well as interaction with AI systems.

Summarized, the validated path model suggests that providing more
opportunities for direct interaction with AI, coupled with fostering a
positive attitude towards it, can significantly enhance interest in AI. In
turn, interest, in combination with fostering AI literacy, can boost AI
self-efficacy.

5.3. Three groups regarding AI: AI Advocates, Cautious Critics, and
Pragmatic Observers

Based on the fit indices BIC and ABIC (Fig. 4) as well as AIC and CAIC

Fig. 8. Distribution of gender among the total sample and identified student
groups.
Note. Percentages <5 are not labeled.

Fig. 9. Perceived course availability by the total sample and the three
different groups.
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(Fig. 5), from both the training and validation datasets, empirical data
prefer a three-component model. This three-component spectrum of
groups aligns both with theoretical frameworks (Edwards, 2015) and
prior research regarding people’s attitudes toward self-driving cars
(Nielsen & Haustein, 2018). Given the empirical evidence and its
alignment with prior findings in the literature, we selected a model with
three components: AI Advocates, Cautious Critics, and Pragmatic Ob-
servers. This decision to prefer a three-component model instead of a
five-component model is further supported by the principle of parsi-
mony (often referred to as ‘Occam’s Razor’; Braithwaite, 2007), which
advises choosing the simplest model when multiple models demonstrate
adequate fit. However, despite our preference for the three-component
model, we acknowledge the possibility that a greater number of com-
ponents might reveal more nuanced insights into our dataset.

Although the variance in AI self-efficacy explained is modest - sug-
gesting few fundamental differences among many members - the groups
still represent a meaningful division along a continuum of socio-
cognitive relationships with AI. This finding reflects the nuanced and
dynamic nature of students’ relationships with AI. From a statistical
perspective, the modest proportion in how much of AI self-efficacy is
explained could be due to the shared variance among the often corre-
lated variables, which can reduce the distinct contribution of each
variable to the overall effect. Nevertheless, the three groups provide a
useful framework for understanding differences in student engagement
with AI education.

For instance, one of the key findings is that AI literacy manifests
through only minor differences across the three groups, indicating that it
plays a less significant role in shaping students’ relationship with AI.
This suggests that focusing exclusively on improving AI literacy might
not be enough to fully engage students, particularly those with low self-
efficacy or negative attitudes toward AI. The weak correlations between
AI literacy and self-efficacy (see section 4.1) instead highlight the need
for a broader approach to AI education that considers not only knowl-
edge acquisition but also students’ emotional and cognitive relation-
ships with AI.

Caveats asid, the three groups - AI Advocates, Cautious Critics, and
Pragmatic Observers - do represent distinct relationships with AI. AI
Advocates, nearly half of the students (47.78%), are characterized by
high AI literacy, self-efficacy, interest, and positive attitudes toward AI,
alongside high usage of AI. This group’s enthusiasm suggests they are
likely to engage deeply with AI education, though there is a risk that
their optimism could lead to underestimating potential risks or ethical
concerns associated with AI technologies. Educational strategies for this
group should maintain their enthusiasm while introducing critical per-
spectives on the ethical, societal, and security-related aspects of AI.
Cautious Critics (20.82%) exhibit low AI literacy, AI self-efficacy, and AI
interest, coupled with negative attitudes and low engagement with AI.
This group aligns with the ’Critics’ in security-related AI contexts
identified by Edwards (2015), who may hold apprehensions about the
implications of AI technologies. For this group, educational initiatives
should prioritize building AI interest and addressing their concerns
directly, potentially through more accessible and relatable AI content
that demystifies the technology and highlights its practical, safe appli-
cations and the prospects for the students themselves to responsibly
develop and use of AI in light of concerns. Pragmatic Observers
(30.17%) fall near the mean across most variables, showing a balanced,
moderate attitude toward AI. Their lack of strong opinions or engage-
ment resembles the ’Indifferent’ group noted by Nielsen and Haustein
(2018), indicating a passive, observant approach to AI. This group could
benefit from targeted educational programs that encourage deeper
exploration and engagement without overwhelming them with either
overly technical content or with accentuated promises or fears about
AI’s benefits or risks.

The identification of distinct student groups thus highlights the need
for differentiated educational strategies in AI curricula. Current AI
programs, which often emphasize technical skills and AI literacy alone,

may fall short in addressing the diverse cognitive, affective, and
behavioral aspects of students’ relationships with AI. Identifying these
student groups enables educators to better allocate resources and
develop support systems that directly target the barriers each group
faces. For instance, AI Advocates, with their high AI literacy, AI self-
efficacy, and positive attitudes, might thrive in traditional AI courses
that focus on technical knowledge. For AI Advocates, the challenge
might be in maintaining their engagement while encouraging critical
reflection on AI’s societal and ethical implications. Cautious Critics
might need support in building AI self-efficacy and AI interest, poten-
tially throughmore accessible, relatable content and active participation
with AI. Pragmatic Observers, who exhibit moderate engagement and
balanced attitudes, may require additional motivation and tailored
content to deepen their involvement and interest with AI learning. By
applying such tailored approaches, educators can foster more inclusive
AI programs that focus on the diverse needs of all students, ensuring no
group is left behind.

5.4. Socio-demographic characteristics of the student groups regarding AI

5.4.1. Distribution of disciplines among student groups
Building on the identification of these groups, we further explored

the socio-demographic characteristics to understand the underlying
factors influencing AI relationships. The distribution of disciplines
among students reveals insights into how different academic back-
grounds shape relationships to AI. The finding that Cautious Critics are
predominantly from Arts and Humanities (30.16%) and Social Sciences
(29.51%) is in line with prior research (Mercader & Gairín, 2020; Stöhr
et al., 2024). It might point to a potential disconnect between AI edu-
cation efforts and non-technical fields. This group’s skepticism towards
AI might be rooted in the perception that AI is not relevant to their
disciplines, and beyond their ability to exercise agency. However,
demonstrating the applicability of AI in their disciplines could address
this gap. Projects that integrate AI into real-world applications within
these disciplines may encourage more interest and participation from
non-technical students. On the other hand, AI Advocates are primarily
from Engineering and Technology (38.69%), which reflects their
increased comfort and familiarity with AI. However, their significant
representation in Social Sciences (23.47%) shows growing interest in
non-technical fields. Promisingly, this provides an opportunity for uni-
versities to foster interdisciplinary collaborations between technical and
non-technical students in AI education. Lastly, pragmatic Observers are
distributed more evenly across various disciplines, suggesting that they
may take a broader, more practical ’wait-and-see’ approach to AI. Their
heterogeneous academic backgrounds call for AI education that is
relevant to a wide range of fields, including individuals who are not
likely to specialize in AI.

5.4.2. Distribution of gender among student groups
The gender distribution within the groups also highlights noteworthy

differences in how men and women perceive AI. The male dominance
among AI Advocates (62.87%) reflects broader trends seen in
technology-related fields, where men are traditionally overrepresented
(Verdugo-Castro et al., 2022). In contrast, the female majority among
Cautious Critics (61.97%) suggests that women are more likely to be
skeptical of AI and experience lower AI self-efficacy and AI interest. Our
findings align with Stöhr et al. (2024), who report in a study on the
perception of students of AI chatbots that males have higher usage, more
positive attitudes, and less concern than females. This gender gap
additionally aligns with societal and cultural factors often discouraging
women from engaging with technology (Cheryan et al., 2017). To
address this gap, universities should work to break down these barriers
by making AI education more inclusive. For example, they could add
courses to the existing curriculum that highlight the relevance of AI in
fields where women are traditionally more represented, such as
healthcare, education, and social services. Alternatively, existing
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courses could be transformed to incorporate more gender-relevant
content.

5.4.3. Perceived course availability among the student groups
The findings on perceived AI course availability reveal significant

challenges in ensuring that students have access to AI education. The
fact that 32.63% of students are unsure about course availability sug-
gests a communication gap between universities and students. This lack
of awareness could be due to insufficient promotion of AI courses or
inadequate integration of these courses into broader curricula. To
address this, universities need to enhance their outreach strategies to
ensure that students across all disciplines are well-informed about the AI
courses available to them. Improved course advertising, collaboration
between departments, and better visibility of AI-related opportunities
are essential steps in bridging this gap.

Cautious Critics are the most uncertain, with 55.41% unsure about
course availability and 17.38% stating that no AI courses are offered.
This group’s lack of awareness and lackluster feelings towards AI
coursework highlights the need for more targeted outreach and AI
courses that show the relevance of AI in their respective domains. On the
other hand, AI Advocates are generally more satisfied with course
availability, though a notable 30.01% still report a lack of courses. This
suggests that even students who are already inclined toward AI see room
for improvement in the course offerings.

Finally, while we analyzed the student groups regarding AI by course
availability, discipline, and gender, we note that there may be additional
underlying patterns influencing these relationships worth exploring that
we did not examine here. For instance, Hong (2022) demonstrated that
social status influences AI self-efficacy and intentions to use AI.

6. Conclusion

This study highlights the critical role of cognitive, affective, and
behavioral variables in shaping university students’ AI self-efficacy. We
derived and validated a path model that describes interconnections
between these variables.

The findings emphasize the importance of fostering positive attitudes
toward AI, creating opportunities for hands-on interaction, and
addressing the specific concerns of students with lower AI self-efficacy
or skepticism. While AI literacy remains important, the results suggest
that AI interest, use of AI and positive attitudes also play a ssubstantial
role in fostering AI self-efficacy. Furthermore, we identified three
distinct groups of university students regarding AI: ’AI Advocates,’
’Cautious Critics,’ and ’Pragmatic Observers,’ each representing
different levels of interest in and engagement with AI, as well as varying
attitudes toward AI. This underscores the need for differentiated AI
programs that meet the diverse needs of these students, ensuring that no
group is neglected when key educational design choices are made.
Overall, this research contributes to the literature by identifying distinct
student profiles concerning AI engagement, highlighting the limited role
of AI literacy alone in fostering AI self-efficacy, and indicating other
viable pathways for promoting AI self-efficacy.

Several limitations should be acknowledged. First, the research was
conducted exclusively in Western countries, which might limit the
generalizability of the findings to non-Western contexts with different
cultural and educational systems. Second, the study employed a cross-
sectional design, capturing data at a single point in time. This
approach does not account for changes and developments over time,
important given the dynamic nature of AI technically and socially.
Third, we used the platform Prolific to generate our sample, but did not
rely on representative samples given our focus on cross-national com-
parisons. The sample thus is unlikely to fully represent all demographics,
e.g., by socioeconomic status, especially given our focus on university
studients. This potential lack of diversity could influence the results, as
these factors might play a significant role in AI self-efficacy and attitudes
toward AI.

Future studies should investigate the impact of tailored educational
interventions on the AI self-efficacy of the individual groups identified
here, such as the Cautious Critics, over time. Additionally, examining
cultural factors in non-Western contexts could reveal whether certain
patterns are universal or culture-specific. For a more comprehensive
understanding, research should also investigate how socioeconomic
status, access to resources and other surrounding variables influence
socio-cognitive relationships with AI, further providing insights for the
development of effective AI programs accessible to all. Finally, this
research should be extended to other populations, like non-students.
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