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Abstract

Artificial Intelligence (Al) technology developments are increasing the importance of accepting and utilizing
generative Al. Higher Education is one of the most common areas where Al tools are used. University students use
Al tools such as ChatGPT for various purposes (e.g., homework and projects). However, there is limited research on
the factors affecting university students' acceptance of Al. Al-related technology and literacy skills are effective in
promoting the acceptance of new technologies. Additionally, attitude towards Al and Al self-efficacy can promote
the acceptance of Al. Within this context, this study tested a hypothetical model to examine the relationships
among university students' attitude towards Al, Al literacy, Al self-efficacy, Al learning anxiety, and Al acceptance.
Data were collected from 356 participants (265 females) with a mean of 22.71 (SD= +3.72). Mediation and
moderation analyses were used to examine the role of Al literacy, Al self-efficacy, and Al learning anxiety in the
relationship between attitude towards Al and Al acceptance among Turkish university students. The research results
showed that the relationship between attitude toward Al and acceptance of Al can be explained by Al literacy
and Al self-efficacy. Moreover, Al learning anxiety can moderate the predictive role of students' attitudes towards
Al on Al acceptance. The study broadens and enhances the educational Al literature related to the factors that
complicate and facilitate Al acceptance.
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Introduction

Artificial Intelligence (AI) has provided countless
advances in many areas. These advances are increasing
exponentially [15, 115]. In recent years, Al, which has
become a powerful actor that has transformed many
areas from Education to health, transportation to pub-

lic services, offers important opportunities, especially
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[32]. Furthermore, by analyzing student engagement, Al
systems can identify at-risk individuals in real-time, thus
providing proactive intervention [95].

Al provides a customized learning environment that
addresses the specific learning needs of each student [92].
These features of Al enable the development of a positive
attitude towards it in higher Education. It has become
not only a technological innovation [79] but also an ele-
ment that transforms pedagogical and managerial prac-
tices [77], triggering a fundamental paradigm shift [62].
Contributions such as accelerated student enrollment
processes and more coherent curricula have increased
efficiency in the functioning of higher education insti-
tutions [60]. Moreover, the roles of faculty members are
undergoing significant changes, and Al-supported tools
are becoming central to teaching processes on online
learning platforms [70]. This transformation supports
autonomous learning by providing student-specific con-
tent tailored to learning styles, enabling students to have
more in-depth learning experiences [112]. However,
despite all these possibilities, human intervention is still
needed in complex areas such as language, culture, and
ethics [64]. This indicates that Al presents certain ped-
agogical, cultural, and ethical risks, in addition to its
benefits for education. Thus, Al and generative artificial
Intelligence (GenAl) have transitioned from a simple
technical tool in higher Education to a crucial element
transforming the very nature of Education. In this con-
text, it offers opportunities and challenges that require
careful consideration.

Recent development of Al and GenAlI systems has fur-
ther expanded the potential of Al in Education [37, 57].
GenAl tools are revolutionising teaching and learning
processes in higher Education. Academics and students
use Al tools for various purposes, including reading,
writing, preparing presentations, and conducting analy-
ses [68, 84]. However, the widespread use of Al tools
has brought with it debates on ethical issues, the risk of
plagiarism, and pedagogical compatibility. Such debates
can directly shape the acceptance of Al in Education
by influencing users' attitudes and perceptions towards
Al technologies [13]. At this point, technology accep-
tance models (e.g., Technology Acceptance Model, Uni-
fied Acceptance and Use Theory) developed to explain
how individuals approach new technologies provide an
important framework. The models emphasize that fac-
tors such as general attitude towards new technologies,
perceived usefulness, and ease of use play a critical role
in the acceptance process [25, 33]. As the popularity and
use of Al in public grows, effective cues are needed to
understand people's attitudes, perceptions, and opinions
towards Al and to accelerate Al adoption.

Although artificial intelligence has experienced rapid
and transformative progress in education, research on
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higher education has focused on general attitudes, adop-
tion, and behavioral intentions [4, 59, 101]. However, in
terms of higher education, the driving force of education,
an untouched field examining Al literacy, self-efficacy,
and anxiety, remains to be explored [16, 49, 50]. Since
Al literacy is defined as students' knowledge about Al it
may influence their self-efficacy, which reflects their con-
fidence in using Al Al literacy and self-efficacy, interact-
ing with anxiety that results from individuals' emotional
reactions, can guide students' behavior in accepting and
utilizing AI. We have inferred from the literature that the
causal triad (literacy-self-efficacy-anxiety), which plays a
decisive role in student behavior during the learning and
teaching process, can serve as a milestone for the increas-
ing integration of Al into instructional processes and its
adoption for learning purposes. In this context, investi-
gating the Al literacy, self-efficacy, and anxiety levels of
university students together is crucial in identifying and
addressing an important gap.

Another gap that our research fills is the problem of
context and cultural similarity of existing studies. As
most Al-rooted existing studies have been conducted in
Western contexts [23, 105, 113], this results in limited
findings from countries with different demographic, cul-
tural, and structural characteristics, such as Tirkiye. So
our study's participants consist of university students in
Tirkiye. Tirkiye's rapidly digitalizing higher education
system, young population potential, and the increasing
importance given to artificial intelligence-based learning
make examining this topic even more meaningful [27].
Therefore, investigating how Turkish university students
use artificial intelligence tools, how they manage their
confidence and anxiety, and how their attitudes and self-
efficacy levels are shaped will make significant contribu-
tions not only to the local context but also to the global
scale by making comparisons with different cultures [26].

Al attitude and generative artificial intelligence acceptance
There is a fast-growing interest in Al technologies [98].
AI has transformed daily routines for individuals, pro-
fessionals, and education settings [61, 71, 94]. The pub-
lic's increasing concern for this new technology makes it
necessary to study the general attitudes of AI users [87].
The attitudes of individuals change the direction of their
decision to accept or reject the use of Al technology [44].
People with positive attitudes experience a more suit-
able technology acceptance process with factors such as
perceived usefulness and ease of use [53]. However, risks
and barriers such as data security, ethical issues, lack of
empathy, perceptions of Al's control over humans, job
loss, and accuracy of the information presented also lead
to negative attitudes toward AI [107]. Factors like per-
ceived risk, usefulness, ethical concerns, and social diffu-
sion significantly influence negative attitudes toward Al
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acceptance [2]. This dilemma renders the public's under-
standing of the Al acceptance process a critical issue. The
increasing public ambivalence (e.g., positive vs. nega-
tive) towards Al systems makes it necessary to know the
acceptance of new technologies (e.g., Al technologies)
[53].

Al has many uses in health, education, transporta-
tion, and business [6, 19]. The rapidly expanding use of
Al technology has been driving people to make various
decisions depending on their acceptance and usage atti-
tudes towards Al [80]. Positive attitudes are associated
with AI providing high-quality solutions and assistance
to users' demands. On the other hand, users with nega-
tive attitudes reject the use of Al technology for reasons
such as insecurity, hallucinatory information, and cogni-
tive control anxiety (human-or-machine decision) [82].
It is anticipated that a considerable disparity will emerge
in the near future between individuals who utilize AI and
those who do not [52]. While the benefits and oppor-
tunities presented by AI technology encourage greater
usage, anxiety and ethical concerns that lead to negative
attitudes create a paradoxical situation that distances
individuals from using AI technology [53]. Individuals'
attitudes toward new technology still exhibit uncertainty.
Increasing uncertainty regarding Al usage has intensi-
fied the debate, making it a significant agenda item. Since
the general attitudes of people play a dominant role in AI
usage, understanding the perspective of users and intro-
ducing the public to the many advantages of Al, such as
potential benefits and social impact, lies in the deep and
meaningful relationship between attitude and acceptance
[73, 75].

The role of Al literacy and Al self-efficacy

The increasing number of studies on Al indicates that Al
has been rapidly integrated and popularized worldwide in
recent years [80]. It requires users' intention to effectively
integrate Al technologies into their daily lives and atti-
tudes, which reflects an emotional and cognitive behav-
ioral orientation for conscious use [36]. As a positive
attitude affects the interest and curiosity of the person,
it affects the users to optimize their cognitive capacity
development to use and benefit from Al more actively
[78]. Competent and responsible use is prominent as a
positive attitude toward new technology requires talent,
ability, and deep understanding (Acosta-Enriquez et al.,
2024). Thus, it is necessary to develop Al literacy, which
refers to understanding, evaluating, and the ethical use of
Al (Xiao et al,, 2025) [99]. In addition, the use of Al in
many sectors, especially Education, to gain an advantage
in the increasingly competitive environment, brings Al
literacy to the agenda for higher education stakeholders
[10, 12]. As Al technologies and social transformations
are rapidly developing in all areas of life, the increasing
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integration of Al and other digital technologies in mod-
ern life requires sufficient knowledge about how these
systems work and how they are employed [69]. Users
lacking literacy about the functions of Al may suffer
while using it and will benefit from its advantages to a
limited extent [43]. That indicates that Al literacy is a sig-
nificant factor for Al acceptance [11].

Al attitude directs people's Al self-efficacy, vital in
shaping users' beliefs and behaviors about AI technol-
ogy [22], (Ji et al., 2024). Research has shown that self-
efficacy is a prominent factor in adopting new technology
such as Al [1, 17, 39]. A person with high AT self-efficacy
tends to be more open to and motivated by their beliefs
and perceptions of their capacities and abilities [29]. Al
self-efficacy is a milestone that also affects and activates
an individual's Al literacy. People with higher Al literacy
experience a desired performance in terms of self-effi-
cacy [106]. Thus, users with Al self-efficacy are more pro-
active in providing creative and adaptive solutions to new
technologies or complex situations [109]. Al self-efficacy
facilitates AI acceptance by influencing individuals' per-
ceptions of the benefits and usefulness of Al technologies
[14]. Individuals with strong Al self-efficacy are more
likely to view Al technology as an opportunity or advan-
tage rather than a challenge or threat [9, 103].

The moderator effect of artificial intelligence anxiety
Various ethical and technical issues raised by the rapid
development of Al technology have increased anxiety
about AI [28, 48, 89, 100]. According to earlier research,
autonomous systems like AI possess the potential to
drastically alter the community that exists today. It could
result in a significant impact on the labor market (Wang
& Wang, 2022, Zhan et al,, 2023) and raise issues with
security, confidentiality, monitoring, disinformation,
making ethical choices, reliability, and clearness [34, 89].
Therefore, the worry and fear of losing control over Al is
defined as Al anxiety [88]. The innovation and complex-
ity of Al, along with the new challenges it presents to
society, including an uncertain future, are causing anxi-
ety (Wang & Wang, 2022, Zhan et al., 2023). Concerns
about Al lead to anxiety about learning Al, which neg-
atively impacts one's perception of their ability to learn
AI technology. The term "AI learning anxiety" describes
people's low self-confidence when learning Al, which is
seen as challenging [48]. Since Al is a computerized tech-
nology, mastering this technology is considered compli-
cated. The fact that Al algorithms outperform the most
competent people in some sectors leads people to have
less confidence in learning Al [30]. Therefore, it is crucial
to consider how someone's readiness for change, that is,
their ability to adapt and accept Al, is impacted by their
unique Al anxiety, which is the affective component of
attitude.
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Present study

The Technology Acceptance Model (TAM) has been uti-
lized to conceptualize the present research. TAM pro-
vides a simple and extensible framework that explains
people's behavior towards technology based on cognitive
evaluations such as perceived use (PU) and perceived
ease of use (PEOU) [25, 42], (Lin & Xu, 2021). While the
strong influence of PU on the intention to use technol-
ogy has been highlighted in many studies [25, 83, 108],
the influence of PEOU may be more limited, especially
when users' familiarity with technology increases [56,
67]. Despite the existence of alternative conceptualiza-
tions such as UTAUT [97] and artificially intelligent
device use acceptance (AIDUA) [33], this study's focus on
examining the mediating and moderating roles of AlI lit-
eracy, Al self-efficacy, and Al anxiety in the relationship
between students' general attitudes towards Al and their
level of acceptance renders the structure of TAM, which
focuses on student perceptions, particularly suitable for
the present context. Furthermore, it has been established
that PU and PEOU perceptions are influenced by exog-
enous variables such as individual technology experience
[25]. These influences shape user acceptance of Al, and
the model was able to ground the relationships between
the study's variables theoretically.

Users' perceptions of Al Acceptance can be influenced
by their PU, PEOU, and prior encounters with new tech-
nologies. Al literacy benefits how PU and PEOU are per-
ceived, influencing how widely Al-powered technology
is accepted [88]. Al literacy can improve self-confidence
in Al tools by increasing Al self-efficacy. This self-con-
fidence serves as a buffer against worry related to Al
learning. Hence, depending on the level of Al literacy,
learning anxiety, self-efficacy, and general attitude toward
Al people's adoption of AI may be simpler or more diffi-
cult. While many studies have examined the relationship
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[ Al Attitude
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between Al acceptance, attitude towards AI, Al anxiety,
and intention to use Al in terms of TAM [44, 55, 110],
very few have examined how Al learning anxiety, Al liter-
acy, and Al self-efficacy levels affect the general attitude
and acceptance of AL Therefore, there is a need to exam-
ine factors associated with the general attitude toward Al
in order to develop effective intervention strategies that
support Al acceptance. Moreover, university students
are also thought to have limited knowledge about the
effective variables in Al acceptance [90]. This research is
expected to contribute to a better understanding of the
factors predicting university students' acceptance of Al

We employed a serial mediation model, which is theo-
retically grounded in the Technology Acceptance Model
(TAM) developed by Davis [25]. TAM emphasizes that
individuals’ perceptions of a technology’s usefulness and
ease of use are the main determinants that will affect its
acceptance and adoption [85]. As individuals learn more
about the new technologies, such as Al their confidence
in applying it is more likely to increase [5]. The enhanced
confidence helps to reduce psychological barriers,
including uncertainty, lack of control, and anxiety. In this
context, Al literacy equips students with basic knowledge
about how Al systems function, thereby enhancing their
self-efficacy [8, 35]. Higher self-efficacy not only allevi-
ates Al-related anxiety but also fosters greater openness
to adopting and using Al [16]. Since these mediators are
interconnected and operate as a sequential psychologi-
cal mechanism rather than as separate factors, the appli-
cation of a serial mediation model is theoretically well
justified.

The present study proposed a new model based on
aforementined empirical and theoretical relation-
ships (see Fig. 1). Specifically, five hypotheses were
tested based on the model: (i) General attitude toward
Al predicts Al acceptance; (ii) Al literacy mediates the

Artificial Intelligence Self-
Efficacy

Generative Artificial

ntelligence Acceptance,

Artificial Intelligence
Anxiety

Fig. 1 Visualizing the proposed model
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relationship between general attitude toward Al and Al
acceptance; (iii) Al self-efficacy mediates the relationship
between general attitude toward AI and AI acceptance;
(iv) Al literacy and Al self-efficacy serially mediate medi-
ates the relationship between general attitude toward Al
and Al acceptance, and (v) Al learning anxiety moderates
the relationship between general attitude toward Al and
Al acceptance.

Method

Participants

A total of 356 university students from Tiirkiye partici-
pated in the study, of which 265 (74.4%) were female. The
participants' ages ranged from 18 to 46 (M =22.71+3.72).
When their grade level was examined, 73 (20.5%) were
freshmen, 64 (18.5%) were sophomores, 125 (35.1%) were
juniors, and 94 (26.4%) were seniors. In terms of self-
reported socio-economic status (SRSS), 61 (17.1%) of the
individuals were low, 288 (80.9%) were moderate, and 7
(2.0%) were high. The participants were from diverse
departments, including social science (n: 21, 5.9%), theol-
ogy (n:25, 7.0%), English language teaching (n: 26, 7.3%),
mathematic education (n: 35, 9.8%), preschool education
(n: 13, 3.7%), and guidance and psychological counsel-
ing (n:67, 23.3%), elementary teacher education (n:80,
22.5%), social studies education (n: 52, 14.6%), Turkish
language education (n: 37, 10.4%). Mothers of partici-
pants had the following educational levels: 10 were illit-
erate (2.8%), 88 had primary school degrees (24.7%), 176
had middle school degrees (49.4%), 47 had high school
degrees (13.1%), and 35 had university degrees or higher
(e.g., master's degree or Ph.D.) (9.8%). The participants'
fathers had the following educational levels: 4 were illit-
erate (1.1%), 66 had primary school degrees (18.6%), 119
had middle school degrees (33.4%), 83 had high school
degrees (23.3%), and 84 had university degrees or higher
(e.g, Ph.D. or master's degree) (23.6%). Participants
voluntarily participated in the study through conve-
nience sampling, which led to a gender imbalance (i.e.,
74.4% were female). Although the convenience sampling
method provides convenience in terms of accessibility,
time, and money, it creates limitations on the general-
izability of the sample. We acknowledge the potential
impact of this factor appearing in the sample on the
results.

Power analysis

A power analysis was utilized to calculate the required
sample size to reveal the interaction between variables
using the G* Power packet program (version 3.1.97). A
medium effect size of f*=0.15 has been established based
on the conventional significance level of 0.05 (a err prob)
and the predetermined power of 0.95 (1- err prob) [21].
After analyzing the data, it was determined that 119
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samples were required. After obtaining an adequate sam-
ple size, we conducted a post-hoc power analysis to cal-
culate the sample's power. It was found to be 0.99 (1-f err
prob). Based on the obtained results, the sample size was
determined to be adequate for analysis.

Measures

Al Attitude Scale (AIAS-4)

The 4-item AIAS-4 [31] assessed the general attitude
toward Al Participants rated items such as "I believe
that AI will improve my work” on a ten-point Likert
scale ranging from 1 (not at all) to 10 (completely agree).
AIAS-4 was translated and adapted into Turkish for use
in this study. The scale was translated into Turkish by
four field experts who applied the translation-reverse
translation procedure, and four field experts also com-
pleted the reverse translation. A final implementation
form was evaluated by four field experts and finalized.
In this study, Cronbach's alpha coefficient was 0.89, and
McDonald's @ was 0.89. Moreover, confirmatory fac-
tor analysis showed that the model fitted the data well:
X2/df=2.52, RMSEA = 0.06, CF1=0.99, TLI=0.99 [45, 91].

Artificial Intelligence Literacy Scale (AILS)

The 12-item AILS [99], Turkish version: [24] was used to
assess the Al literacy. Items (e.g., "I can use Al applica-
tions or products to improve my work efficiency") are rated
on a seven-point Likert scale from 1 (strongly agree) to
7 (strongly disagree). The total score ranges between 12
and 84. The higher the score, the higher the Al literacy.
In this study, Cronbach's alpha coefficient was 0.76, and
McDonald's @ was 0.78. Moreover, confirmatory fac-
tor analysis showed that the model fitted the data well:
X>/df=3.06, RMSEA =0.07, CFI=0.95, TLI=0.93 [45, 91].

Artificial Intelligence Self-Efficacy Scale (AISES)

The 5-item Technology Self-Efficacy Scale (Montag,
2023) assessed the technology self-efficacy. The items in
the technology self-efficacy scale replaced "technology”
with "artificial intelligence technologies/products.” Par-
ticipants rated items such as "I am unsure about my abil-
ity to use artificial intelligence technologies/products" on
a seven-point Likert scale ranging from 1 (do not agree
at all) to 7 (completely agree). AISES was translated and
adapted into Turkish for use in this study. Four field
experts translated the scale into Turkish by applying the
translation-reverse translation procedure, and four field
experts also completed the reverse translation. A final
implementation form was evaluated by four field experts
and finalized. In this study, Cronbach's alpha coeffi-
cient was 0.77, and McDonald's w was 0.79. Moreover,
confirmatory factor analysis showed that the model fit-
ted the data well: x*/df=3.28, RMSEA =0.08, CFI=0.94,
TLI=0.86 [45, 91].
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Generative Artificial Intelligence Acceptance Scale (GAIAS)
The 20-item GAIAS [111] assessed Al acceptance. Items
(e.g., "Generative Al applications help me get things
done faster") are rated on a five-point Likert scale from
1 (strongly disagree) to 5 (strongly agree). The total score
ranges between 20 and 100. The higher the score, the
higher the AI acceptance. In this study, Cronbach's alpha
coefficient was 0.92 and McDonald's » 0.92. Moreover,
confirmatory factor analysis showed that the model fit-
ted the data well: x?/df=3.02, RMSEA =0.07, CF1=0.92,
TLI=0.91 [45, 91].

Artificial Intelligence Anxiety Scale (AIAS)

The 21-item AIAS [104], Turkish version: [93] assessed
the Al anxiety. This scale comprises learning, job replace-
ment, Al configuration, and socio-technical blindness
sub-dimensions. The learning sub-dimension, consisting
of 9 items, was used for this study. Items (e.g., "Learn-
ing to use Al techniques/products makes me anxious.”)
are rated on a seven-point Likert scale from 1 (never) to
7 (completely). The total score ranges between 9 and 63.
The higher the score, the higher the Al learning anxiety.
In this study, Cronbach's alpha coefficient was 0.91, and
McDonald's @ was 0.91. Moreover, confirmatory fac-
tor analysis showed that the model fitted the data well:
X2/df=1.61, RMSEA =0.04, CFI=0.99, TLI=0.98 [45, 91].

Procedure

Data collection was conducted using Google Forms,
which included scales and demographic data. First, con-
tent was provided describing the study's content and
duration. After this information was presented, partici-
pants were asked to confirm that they participated vol-
untarily. The survey was not available to participants who
did not participate voluntarily. Furthermore, all partici-
pants were permitted to leave the study at any time with-
out giving any explanation. The inclusion criteria were
being over 18 years of age and participating voluntarily.
All stages of the research were carried out following the
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Declaration of Helsinki. This research was also approved
by the Siirt University Review Board (reference number
6965). Convenience sampling was used to select the par-
ticipants. Using convenience sampling, participants are
chosen based on availability and accessibility (e.g., stu-
dents conveniently located in a specific location). The
study was conducted in collaboration with public insti-
tutions, and students enrolled at these institutions were
invited to participate.

Data analysis

First, the data was cleaned to ensure that it was valid. Pre-
liminary analysis was performed to determine whether
the data were normal, multicollinear, multivariate nor-
mal, or linear. It was observed that the assumptions
required to perform regression-based analyses were met.
The data's descriptive and correlational statistical analy-
sis was conducted using SPSS 26.0. The following analy-
sis used Hayes' PROCESS macro (version 3.0) [81]. 5000
bootstraps were used to construct 95% confidence inter-
vals (CIs). In addition, the JASP package program (ver-
sion 0.18.3.0) was used for confirmatory factor analyses
to investigate the validity of the scales.

Results

Descriptive statistics

Table 1 shows the relationships between variables and
descriptive statistics. A moderate or low level of corre-
lation appears to exist between all variables. Al Attitude
had a low relationship with Al literacy (r=0.12, p <0.05),
a low positive relationship with AI self-efficacy (r=0.23,
p<0.001), and a moderate positive relationship with
generative Al acceptance (r=0.57, p<0.001). Al anxiety
had a negative relationship with AI Attitude (r=-0.18,
p<0.001), AI self-efficacy (r=-0.28, p<0.001), and gen-
erative Al acceptance (r=-0.14, p<0.05).

Table 1 Pearson correlations and descriptive statistics among variables

1 2 3 4 5 Value
Al Attitude (7) - -
Artificial Intelligence Literacy (2) 12" - Low with 1
Artificial Intelligence Self-Efficacy (3) 23" -16" - Low with 1,2
Generative Artificial Intelligence Acceptance (4) 57" a2 33" - High with 1; low with 2; medium with 3
Artificial Intelligence Anxiety (5) -18" 227 -28" 14" - Low with 1,2,3,4
Mean 26.64 4596 2148 68.58 2829
Std. Deviation 7.81 10.65 5.14 12.04 10.77
Skewness -49 -07 -19 -36 42
Kurtosis 07 -45 72 1.09 =11

The value column outlines the correlation's strength according to Cohen's [20] criteria:.10-.29 =Low,.30-.49 =Medium, >.50=High

" p<.001
'p<.05
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Table 2 The indirect effect of Al attitude on Al acceptance
through Al literacy and self-efficacy

Path Coefficient 95% Confi-

dence interval

LL UL Decision
Al Attitude => Artificial .02 .00 14 Sup-
Intelligence Literacy ported
-> Generative Artificial
Intelligence Acceptance
Al Attitude = Artificial .09 05 14 Sup-
Intelligence Self-Efficacy ported
-> Generative Artificial
Intelligence Acceptance
Al Attitude = Artificial ~ -.01 -01 -00 Sup-
Intelligence Literacy = ported

Artificial Intelligence
Self-Efficacy = Genera-
tive Artificial Intelligence

Acceptance

Total effect 88 50 81
Direct effect 78 24 52
Total indirect effect 10 18 37

LL Lower limit, UL Upper limit

Serial multiple mediational analyses

The direct effect was first examined to determine the
mediating effect. Al attitude directly affected generative
AT acceptance (Total; $=0.877, p<0.001; 95% CI=[0.74,
1.01]). As a result of the analysis, it was also determined
that when two mediators (i.e., Al literacy and Al self-
efficacy) were included simultaneously, the coefficient
was still significant (Direct; p=0.778, p<0.001; 95%
CI=[0.64, 0.91]). AI attitude also positively predicted Al
literacy (p=0.162, p<0.001; 95% CI=[0.02, 0.30]) and AI
self-efficacy (=0.168, p <0.001; 95% CI=[0.10, 0.23]).

Al attitude weakly and significantly affected AI accep-
tance via Al literacy (indirect effect=0.02, SE=0.01, 95%
CI=[0.00, 0.14]). Moreover, Al attitude has been shown
to indirectly affect Al acceptance through Al self-efficacy
(relatively higher than other indirect pathways) (indirect
effect=0.09, SE=0.01, 95% CI=[0.05, 0.14]). As a result,

Artificial Intelligence
Literacy

“lgx

ol

Al Attitude

d: .88%*
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Al attitude indirectly affected AI acceptance through
AT literacy and self-efficacy (serial multiple mediation
effect; indirect effect=-0.01, SE=0.00, 95% CI=[-0.01,
-0.00]). Although the serial pathway was of considerable
importance, it nevertheless exhibited a limited effect. In
Table 2, information regarding the serial mediator effect
analysis is presented.

We used the PROCESS macro (Model 6) to investigate
whether Al attitude affected AI acceptance through Al
literacy and self-efficacy. Table 2 indicated that H;, H,,
H,, and H, hypotheses were supported. Al attitude was
a significant predictor of Al literacy, Al self-efficacy, and
generative Al acceptance (p <0.05). The findings in Fig. 2
revealed significant pathways of the model. For H; the
95% confidence interval was between [0.706 and 1.048].
Moreover, the 95% confidence interval for the indirect
effect for H, and H; was between [0.001 and 0.974].
For H, it was between [-0.018 and -0.001], indicat-
ing the results were statistically significant as it did not
encompass zero. Finally, the mediation effect (p=0.099;
SE=0.02, 95% CI=[0.06, 0.15]) was found to repre-
sent 11.32% of the total effect (3=0.877; SE=0.07, 95%
CI=1[0.74, 1.00]) (see Fig. 2).

Conditional process analysis

Considering the theoretical model, it was decided to
adjust the second half-path of the mediating model and
the direct path. Therefore, we tested conditional process
analysis (i.e., moderated mediation) using Hayes' PRO-
CESS macro [81]. To test Hg, the indirect pathway was
examined to determine whether Al self-efficacy medi-
ates the effect of Al attitude on Generative Al accep-
tance. After, it was found that AI anxiety moderated
the relationship between AI attitude and Generative Al
acceptance (Interaction=-0.02, SE=0.01, p<0.05; 95%
CI=[-0.03, -0.01]) (see Table 3). This result supported
H,. Accordingly, the relationship between variables (i.e.,
Al attitude and Al acceptance) is affected at different lev-
els depending on the level of Al anxiety (see Fig. 3).

5.
7 E3

Generative Artificial

]
| —

Fig. 2 Modeling serial multiple mediations

d': .78

ntelligence Acceptance
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Table 3 Conditional process analysis
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Antecedent M (Artificial intelligence self-efficacy) Y (Generative artificial intelligence
acceptance)
Coeff SE p Coeff SE p
X (Al attitude) 15 04 <.001 1.24 25 <.001
M (Artificial intelligence self-efficacy) 48 12 <.001
W (Artificial intelligence anxiety) 43 20 <.05
X*W -02 01 <05
Constant 17.41 96 <.001 2498 7.56 <.001
R=.23; AR?=.05 R=61; AR?=38
F=19.07; p<.001 F=3541; p<.001
Conditional indirect effect(s) of predictor at values of artificial intelligence anxiety
Bootstrapped indirect effect Boot SE Boot LLCI Boot ULCI
-1SD 96 14 69 1.22
M 78 .09 61 95
+1SD 61 .09 43 79

80

75

70

65

Al attitude

60

55

50
Low

Fig. 3 Modelling the moderating effect of artificial intelligence anxiety

Finally, conditional process analysis was performed to
examine the effect of Al anxiety on three different lev-
els (i.e., at 1 SD below, the mean, and 1 SD above). Spe-
cifically, the results indicate that the path of AI anxiety
moderated the relationship between Al attitude and gen-
erative Al acceptance. The conditional effect of Al anxiety
at the low levels was significant (=0.96, 95% CI=[0.69,
1.22]), moderate levels ($=0.78, 95% CI=[0.61, 0.95]),
and high levels (f=0.61, 95% CI=1[0.43, 0.79]) (see Fig. 3).

Discussion

This study tested the underlying mechanism between
general attitudes towards Al and acceptance of Al The
results confirm the study's first hypothesis that gen-
eral attitudes towards Al predict Al acceptance. Simi-
larly, negative attitudes towards AI have been found
to create barriers to its use. People are also thought to
have positive attitudes if they perceive benefits from Al
applications [53, 78]. It has been determined that uni-
versity students admire artificial Intelligence but are
also concerned [72]. Considering that the capacities of

Moderate
Generative artificial intelligence acceptance

Artificial intelligence anxiety

Low B = (.96%)
oooooo Moderate B = (.78%)

- = HighB=(61%)
* = slope value

High

educational institutions are intense and consultancy ser-
vices are becoming difficult, Al can provide opportunities
for students in terms of consultancy. In addition, artificial
Intelligence can make the academic field more personal,
effective, and multicultural [76]. All of these reveal that
having a positive attitude towards the benefits of artificial
Intelligence will increase the acceptance of artificial Intel-
ligence in the educational process. Therefore, it's impor-
tant for educators to introduce Al to their students. They
can also create assignments that support the functional
use of Al to increase students' positive attitudes toward
it.

A key element affecting the acceptance of Al is the per-
ceived user-friendliness [65]. University students who
recognize the benefits associated with Al, such as flex-
ibility and convenience, may be more likely to accept and
use it in their academic studies. Individuals who per-
ceive that there are benefits, such as flexibility and con-
venience, associated with Al are more likely to accept it.
Attitudes toward AI were found to predict desire for Al
usage behavior and behavioral intention [44]. It suggests
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that a positive attitude is an important prerequisite for
the acceptance of Al in general. For a positive attitude
towards Al to be formed for students, it can be said that
there should be antecedents such as perceived useful-
ness, ease of implementation, and desire. Based on these
antecedents, it can be interpreted that students will have
positive attitudes toward Al and will, therefore, be more
accepting of AL

Additionally, this study's findings reveal the second
and third hypotheses, which are confirmed by AI lit-
eracy and artificial intelligence self-efficacy mediating
between general attitude towards AI and Al acceptance.
Constructs such as Al literacy and self-efficacy may play
important roles in AI acceptance. Educators' strate-
gies related to course content can play a critical role in
improving university students' Al self-efficacy and liter-
acy. This can be expected to improve students' Al literacy
and self-efficacy. Furthermore, students with positive
attitudes toward AI may have a higher acceptance level
of AI. However, university students generally have a basic
understanding of Al but there are significant differences
in their Al literacy [38]. Moreover, Al is expected to test
digital literacy in particular [74]. It is suggested that digi-
tal literacy is also very important for Al-based interven-
tions [41]. Al self-efficacy predicts behavioral intention
[51]. It shows that individuals with high self-efficacy are
more likely to embrace Al From this perspective, literacy
and self-efficacy skills in AI may be critical in accepting
Al Indeed, according to the research by Kong et al. [46],
it can be stated that university students with high AT lit-
eracy and self-efficacy are more likely to be empowered,
proactive, and ethically informed citizens. In addition,
university students with high Al literacy and self-efficacy
levels can access information quickly, perform statistical
analyses, learn foreign languages more easily, carry out
projects, and exhibit artistic activities. All of these can be
evaluated in relation to students' literacy and self-efficacy
skills. Also, these activities can increase students' posi-
tive attitudes towards AI and their level of acceptance
of AL In another respect, the current finding is related
to the negative correlation between Al literacy and self-
efficacy. Students who possess high levels of Al literacy
may experience low self-efficacy because they recognize
the significant potential and function of Al Individuals
may also experience low self-efficacy due to the belief
that advancements in artificial Intelligence will occur
across multiple domains, consequently leading them to
feel unable to keep pace with these developments. This
correlation may also be related to the functional use of
Al Individuals who use Al for convenience and utilitar-
ian purposes may perceive themselves as consumers.
The perception of being merely a consumer of Al, rather
than a producer, may undermine individuals' self-efficacy.
However, unlike the current finding, Asio [5] found a
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positive relationship between Al literacy and self-efficacy.
This difference can be explained by the differing dynam-
ics of the research groups. Indeed, these studies diverge
from one another regarding the number of participants,
their places of origin, academic departments, socio-eco-
nomic status, and parental attributes.

The present study found that Al literacy and Al self-
efficacy had a serial multiple mediation effect in the
relationship between general attitudes towards Al and
generative artificial intelligence acceptance, confirm-
ing the fourth hypothesis of the present study. Similarly,
digital literacy and self-efficacy were found to be related
to perceptions of Al [54], and attitudes towards Al and
self-efficacy are effective in using Al technology [47]. The
results of the current study and similar research indicate
that self-efficacy and literacy may play a critical role in Al
acceptance. Furthermore, the relationship between tech-
nology self-efficacy and attitudes toward AI was medi-
ated by a tendency to trust technology [66]. Similarly, Al
ability was predictive of general self-efficacy and motiva-
tion to learn [40]. People with high trust in technology
and a motivation to learn are more likely to accept arti-
ficial Intelligence. As a result, constructs such as literacy
and self-efficacy play an important role in the relation-
ship between attitudes toward and acceptance of AL As
university students develop their Al literacy and self-
efficacy, they can more effectively accept and use Al and
improve their academic skills.

This study indicates that Al learning anxiety may
moderate the relationship between general attitudes
toward Al and Al acceptance. The result confirms the
fifth hypothesis. The moderating function of Al learning
anxiety can be explained by the emotion of anxiety. Anx-
ious individuals have been found to have high extrinsic
motivation [63]. Furthermore, while Al learning anxi-
ety negatively impacts learning motivation, anxiety has
been found to positively impact extrinsic motivation
[102]. Therefore, the moderating function of AI learning
anxiety is an expected result. Al anxiety's learning and
socio-technical dimensions act as complementary partial
mediators between Al literacy and acceptance, meaning
that part of the effect of literacy on acceptance is medi-
ated by AI anxiety [88]. Additionally, Al anxiety and Al
acceptance attitudes have a dual mediating effect on the
relationship between AI perceptions and intentions to
use Al [18]. University students with low Al anxiety may
be more likely to utilize e-learning tools and accessible
electronic resources, resulting in higher course participa-
tion rates [3]. In addition, perceived anxiety towards Al
in university students has been associated with unem-
ployment anxiety [96]. These results may increase stu-
dents' willingness and acceptance of learning Al, thereby
reducing potential problems in their future career plan-
ning. These findings demonstrate the critical impact of
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anxiety on Al attitudes, acceptance, and use. The results
of the present study and similar research show the critical
role of anxiety on attitudes towards, acceptance of, and
use of Al. However, the current research offers practical
implications for policymakers and educators. University
students can be supported in developing positive atti-
tudes towards Al, which is expected to become increas-
ingly important in the near future, through access to
accurate information. In this way, students can follow
the developments in the modern age. Policy makers can
develop incentive practices to support university stu-
dents' Al literacy and self-efficacy. Policies can be devel-
oped at the university level to integrate Al into various
scientific fields, curricula, and course content. In this
way, students' Al acceptance levels and positive Al atti-
tudes can be increased. Additionally, educators can
assess their students' Al anxiety levels and take measures
to reduce it. This can foster acceptance of Al in education
and encourage its functional use. Indirectly, students' sci-
entific development can be supported by reducing their
anxiety about learning AL

Limitations

There are some limitations in this study, as in all stud-
ies. Firstly, the sample size can be considered as a limi-
tation. Although the sample size is sufficient to test the
hypotheses in the research model, it is limited to repre-
sent all university students. However, it can be recom-
mended that future studies be conducted on different age
groups, such as high school students, middle-aged, and
elderly people. Convenience sampling may also limit the
generalizability of the study's results. Furthermore, the
current study was gender imbalanced (three-quarters
of the participants were women). Future studies could
consider random sampling and include a more bal-
anced and diverse number of participants. The second
limitation can be seen in the data collection and analy-
sis. Although valid and reliable scales were used in the
study, multimodal data collection techniques can explore
participants' attitudes, acceptance, anxiety, literacy, and
self-efficacy levels toward Al For example, qualitative
data from interviews or voice recordings can be analyzed
with existing qualitative data. In this way, both the data
and the analyses can be enriched. In addition, since the
research was conducted cross-sectionally, causal relation-
ships cannot be established. The present study employed
Hayes's PROCESS macro to test a hypothesized model.
This modeling approach uses ordinary least squares
(OLS) regression to test the model without assuming or
testing measurement models or latent constructs (Hayes
& Matthes, 2009). Despite the reliability and validity of
the measurement tools being evaluated through this
approach and the model being corroborated by existing
literature, it nonetheless presents a limitation. Therefore,
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future research can be conducted using approaches (e.g.,
structural equation modeling) that test the reliability
and validity of the model. This deficiency can be elimi-
nated with longitudinal and experimental research on
AL Although all hypotheses in the study were confirmed,
there may be different determinants related to Al It is
considered the third limitation. Therefore, other concepts
from the Unified Theory of Acceptance and Use of Tech-
nology (UTAUT) and the Technology Acceptance Model
(TAM) can be included in the research.
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