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Introduction

The explosive growth of generative artificial intelligence (GenAl, hereafter referred to
as Al) technologies has led to a fundamental shift in society, the economy, and educa-
tion, transforming learning and teaching practices to an unprecedented extent (Soodan
et al., 2024). In a study comparing human- and Al-generated argumentative essays in an
English as a second language class, it was discovered that Al-generated output featured
more sophisticated and varied vocabulary, while human-generated texts contained more
function words and a lower number of advanced vocabulary items (Zindela, 2023). This
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underlines the potential benefits of Al tools to provide students with useful example
output, which can be used to learn and improve their language and various other skills
and abilities. As all of these abilities are invaluable in today’s rapidly changing (business)
world (Becirovi¢, 2023b), it seems Al technologies only offer boundless opportunities.
However, research also underscores the potential danger of the misuse of Al in educa-
tional settings when students rely on the “better” Al output and submit it as their own
for assessment without any learning effect (Jang et al., 2022). Similarly, aspects such as
data privacy and security and the reliability of AI output have been viewed critically
(Lepik, 2024; Stracke et al., 2025a, 2025b). Considering this, it is heartening to know that
students, while generally enthusiastic about Al tools (Brandhofer & Tengler, 2024; Pin-
zolits, 2023), are aware of the possible dangers and willing to engage with these ethical
issues.

In accordance with the European AI Act, which became effective on August 1, 2024,
Austria has been taking steps to face future Al-related challenges and to be compliant
with this crucial legislation (Digital Austria, 2024). While AI can contribute significantly
to improving the Austrian economy and providing a competitive edge for companies,
according to former Secretary of State Florian Tursky (Digital Austria, 2024), its use
must be governed and regulated to minimize potential risks. Ethical and data protection
issues, as well as the education of users regarding the usage of Al tools, are also among
the most important topics (Digital Austria, 2024). In 2024, 63% of people in Austria had
at least basic digital knowledge and it is planned to raise this number to 80% by 2030
(Bundeskanzleramt et al., 2024). As part of this, the “Digital Skills for All” program has
been launched across Austria (Digital Austria, 2024). Furthermore, all ministries have
jointly drawn up a development and implementation plan for Al in which educational
measures play a major role (Bundeskanzleramt et al., 2024). Initiatives to improve Al lit-
eracy were designed based on data from the Digital Economy and Society Index (DESI)
2024, where Austria ranked above the EU average, as well as a study on Al literacy con-
ducted by the University for Continuing Education in Krems (Bundeskanzleramt et al.,
2024). Apart from reducing existing gender biases and encouraging women to engage
in Al-related jobs, an evaluation of Al learning software was carried out in 100 pilot
schools (Bundeskanzleramt et al., 2024). This goes hand in hand with an initiative to
strengthen student competencies regarding Al to prepare them for responsible usage
and support teachers with integrating Al-related topics into their teaching (Bundeskan-
zleramt et al., 2024).

Although Al is a prominent topic in Austria’s discourse, as shown by government
documents and surveys, there is still a gap in research on students’ perspectives regard-
ing AI’s role in their educational experiences. However, the PWC Hope & Fears Survey
2024 found that 52% of respondents have used Al at their workplace (it is not speci-
fied whether this included educational institutions) in 2024. Especially among GenZ, Al
tools are popular, with 67% having used them at work regularly and 6% on a daily basis
(PricewaterhouseCoopers, 2024a). In addition, 78% of the Austrian workforce is pre-
pared to adapt to new ways of working with Al and 65% are convinced that Al tools can
help them learn new skills (PricewaterhouseCoopers, 2024a).

Although recent studies have shown that around 50% of student teachers and 75% of
teachers in Austria rate the opportunities of Al tools higher than the risks (Brandhofer &
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Tengler, 2024), the actual practical application of Al tools depends strongly on their per-
ceived ease of use and usefulness (Kraus et al., 2020; Yildiz Durak, 2023). As students in
teacher education programs, who are the focus of this study, form the basis of the future
of the educational sector, it is imperative to be aware of their attitudes toward employ-
ing Al in their own studies (Ma & Lei, 2024; Zhang et al., 2023). Once they enter their
chosen teaching profession, they will assume a pivotal role in shaping how their students
interact with Al technologies (Lee, 2024). Hence, it is paramount to consider a wide vari-
ety of factors, such as the perceived usefulness and ease of use of Al tools, which may
impact students’ actual willingness to adopt and apply Al in their own learning. Fur-
thermore, the degree of technological complexity of Al tools, which is closely related
to perceived ease of use, may have a significant influence on satisfaction with AI tools.
Equally, the degree to which students in teacher education feel they benefit from using
Al for their own learning and achieving their learning goals and increasing performance
also has an influence on the extent of Al adoption. Al ethics is another crucial aspect
that can have a positive or negative impact on students’ overall willingness to engage
with Al tools (Stracke et al., 2025a, 2025b). However, empirical studies on the relation-
ships among Al performance outcomes, Al learning, Al ethics, Al technology, perceived
usefulness of Al, perceived ease of Al use, user satisfaction, attitudes towards using Al,
and Al practical application among students in teacher education programs in Austria
are scarce. Since the adoption of Al technology among Austrian students has not been
thoroughly and systematically studied, this study seeks to fill that gap in the academic
literature and offer practical, ethically informed recommendations for meaningfully and
effectively using Al technologies in educational processes.

This quantitative, multidimensional study investigates the interrelationship among Al
ethics, attitudes toward using Al, Al learning, Al performance outcomes, the complex-
ity of Al technology, perceived usefulness and ease of Al use, user satisfaction with Al,
and the practical application of Al Thus, the study aims to examine the factors that may
influence the successful and effective use of Al-powered tools among tertiary-level stu-
dent teachers. Likewise, this investigation seeks to better understand the understudied
variables and their relationships, thereby filling gaps and enriching the existing literature
on the adoption of Al technology in education while establishing a robust framework
for understanding its application and effectiveness in higher education. The results may
assist educators and students in implementing effective teaching and learning strategies
to improve the quality and effectiveness of Al usage in higher education. Additionally,
the findings may help to improve the functionality and design of Al-driven technologies.
Furthermore, they may support educational policymakers in developing and enacting
necessary policies and standards for Al usage, as well as for training pre-service and in-
service teachers and providing the necessary resources and technical support, all aimed
at improving the overall effectiveness of teaching and learning with the aid of AI tech-
nology, potentially leading to better educational outcomes.

Literature review

The continued surge in artificial intelligence technologies is significantly changing the
face of the educational sector, providing a vast array of new learning opportunities and
challenges (Ayanwale & Molefi, 2024). Al tools are now frequently employed by students



Becirovic et al. Smart Learning Environments

(2025) 12:67

to obtain required information more efficiently through Als ability to process vast
amounts of data at high speed (Asirit & Hua, 2023; Mohamed et al., 2024; Potter et al,,
20244, 2024b). Such tools can support students in the improvement of their writing
skills by providing individual feedback (Brew et al., 2023; Potter et al., 2024b; Pratama
& Hastuti, 2024), assisting them in overcoming writer’s block, and stimulating creativity
(Lepik, 2024; Shanto et al., 2024).

To examine the interrelationships among various factors of Al adoption, the research
model of this multidimensional study includes nine variables (Fig. 1) drawn from sev-
eral established theories of technology acceptance and use. It consists of variables from
the Technology Acceptance Model (TAM) (Venkatesh & Bala, 2008), such as perceived
usefulness, perceived ease of use, attitudes toward technology use, and technological
complexity; user satisfaction derived from the Information Systems Success (ISS) model
(DeLone & McLean, 2003); practical applications of Al drawn from Laupichler et al’s
(2023) framework for assessing non-experts’ Al literacy; Al ethics and Al learning from
MAILS—Meta Al literacy scale (Carolus et al., 2023); and finally, Al performance out-
comes as described by Damnjanovic et al. (2013). Such an integrated approach with the
models mentioned above enhances explanatory power, enriches predictive capabilities,
and provides new insights into students’ Al adoption in teacher education programs.
Additionally, combining multiple models allows for a more comprehensive analysis of
relationships between predictors like the multidimensional Al literacy concept (from
MAILS), perceived usefulness and ease of Al use (from TAM), and user satisfaction with
Al (from ISS). Therefore, our research model illustrates the hypothesized relationships
among factors that may have an influence on the adoption and successful use of Al in
tertiary-level educational contexts. This model examines the impact of Al ethics, tech-
nological complexity, performance outcomes of Al, and Al learning on the perceived
usefulness of Al the perceived ease of using Al, attitudes toward Al usage, user satisfac-
tion with AI, and practical applications of Al. Additionally, this multidimensional study
investigates how AI's perceived usefulness and ease of use affect students’ satisfaction
with Al and their attitudes toward it, as well as the influence of these two variables on
the practical applications of Al. The model suggests a feedback loop, proposing that as
students engage successfully with Al-powered tools, complexity is reduced and students’
attitudes and perceptions enhanced, leading to more effective and increased adoption of
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Fig. 1 The research model
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Al Moreover, sustaining positive attitudes requires the ethical application of AI tech-
nology to prevent misuse. The following sections clarify and justify the rationale for
including each variable in this comprehensive study model and outline their proposed
relationships.

Al performance outcomes
One reason to be wary of Al tools, as indicated by the concerns mentioned above, is
their impact on students’ performance outcomes. However, while an over-reliance on
Al tools has been found to negatively impact performance (Khoso et al., 2023), it has
been stated that reasonable use of these tools can indeed support students’ performance
(Montenegro-Rueda et al., 2023), which can further help in reaching the defined learn-
ing goals (Brandhofer & Tengler, 2024). When combining Al-generated texts and own
input, students were found to improve their performance outcome in terms of content,
language and organization (Woo et al., 2024). Students are, however, aware that Al out-
put needs to be viewed critically and its plausibility and applicability to the task at hand
need to be verified. While students also regard Al tools as useful support to alleviate
stress caused by their studies (Lepik, 2024)—to summarize material, for example—it has
been found that AI generated output frequently features rather generic thoughts and
repetitive arguments (Asirit & Hua, 2023; Lepik, 2024; PricewaterhouseCoopers, 2023)
and has been shown to perpetuate biases that were previously present in the source
material (Jang et al., 2022). Clearly, educational systems need to be designed to provide
students with the knowledge and skills to use such Al tools ethically as well as effec-
tively (Becirovi¢ & Matto$, 2024) to be aware of these issues and how to handle them.
Therefore, to investigate the influence of students’ Al performance outcomes on their Al
usage satisfaction, perceived usefulness of Al, and Al practical application, the following
hypotheses have been proposed:

Al Performance Outcome significantly predicts Al Practical Application.

Al Performance Outcome significantly predicts User Satisfaction with Al

Al Performance Outcome significantly predicts Perceived Usefulness of Al

Al Performance Outcome significantly predicts Attitudes towards using AL

Al Performance Outcome significantly predicts Perceived Ease of Al Use.

Al learning
Liu and Ma (2024) have found that the actual practical application of Al for learning
has been linked to perceived usefulness—the degree to which users believe a technology
will support their performance (Venkatesh et al., 2012) —and perceived ease of use—the
ability to use a system with minimum effort (Davis, 1989). Furthermore, students are
more likely to view Al tools as useful cooperation partners in their learning if they can
perceive the benefits of this technology (Delcker et al., 2024). In addition, gender might
play a mediating role in the relationship between perceived usefulness and perceived
ease of use, thus affecting actual Al usage (Zhang et al., 2023). Male participants scored
higher in the area of perceived ease of use and, thus, perceived Al tools as more useful
overall and were inclined to use them more willingly (Zhang et al., 2023).

As suggested by TAM, the usefulness of a system will generally be determined by
“how well the system performs those tasks” (Venkatesh & Davis, 2000, p. 191) that
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are relevant for reaching the desired outcome. This is supported by a study on the
acceptance of academic advising chatbots, which discovered that perceived ease of
use significantly impacted acceptance and usage of these chatbots (Bilquise et al.,
2024). However, if users lack the necessary knowledge and skills or the AI applica-
tion is overly difficult to operate, perceived ease of use as well as perceived useful-
ness will decline. Yet, as has been stated, ease of use is crucial to the acceptance of
and continued work with AI technologies (Al Shamsi et al., 2022; Moriuchi, 2019;
Zhang et al., 2023). Thus, in order to explore the significance of students’ willingness
to employ Al tools in their own learning, the hypotheses below have been drawn up:

Al Learning significantly predicts Perceived Usefulness of Al

Al Learning significantly predicts User Satisfaction with AL

Al Learning significantly predicts Perceived Ease of Al Use.

Al technology complexity

It follows that Al tools that are perceived as being easy to use and useful for a par-
ticular task will be accepted more readily and employed more enthusiastically,
thereby increasing general satisfaction with AI technology (Ma & Lei, 2024). This
is also true for a reciprocal relationship between perceived usefulness of Al tools
for academic success and user satisfaction (Rokhman et al., 2022). Yet, Al technol-
ogy can be complex to operate and students who have the skills to employ these Al
tools with maximum benefit (Bozkurt, 2023) are at an advantage and likely more
enthusiastic about Al technologies. Surprisingly, however, a study among Thai stu-
dents (Kanont et al., 2024) found that increased ease of use of generative Al tools
seemed to make them less attractive for learners rather than increase enthusiasm.
This could indicate that a too high degree of intuitive behavior of the Al tool under-
mines usage motivation. This apparent desire for a certain level of required tech-
nical knowledge seems consistent with findings suggesting a positive influence of
technical understanding of AI on confidence in using these tools to produce useful
outcomes (Bedirovi¢ et al., 2025a, 2025b). Further, it would support the finding that
students who possess the required technical knowledge are more likely to use Al
tools in their own teaching in future (Ma & Lei, 2024).

Yet, overly complex Al technology naturally triggers a decrease in perceived ease
of use, diminishing students’ enjoyment (Li et al., 2021) and their positive attitude
towards Al tools (Al Shamsi et al.,, 2022), thereby reducing general satisfaction. In
more extreme cases, Al can even trigger stress and anxiety in users, making them
less likely to use these tools (Bandura et al., 1999; Wang et al., 2023). Considering
the previous studies and aiming to investigate the influence of Al technology com-
plexity further, the following hypotheses have been proposed:

Al Technology Complexity significantly predicts Al Practical Application.

Al Technology Complexity significantly predicts Attitudes towards using Al.

Al Technology Complexity significantly predicts Perceived Ease of AI Use.

Al Technology Complexity significantly predicts User Satisfaction with Al

Al Technology Complexity significantly predicts Perceived Usefulness of Al
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Al ethics

Provided that Al tools have an appropriate level of complexity, perceived ease of
use and usefulness are high, and their use is generally supported, students’ attitude
towards Al ethics can still pose a significant challenge. A variety of guidelines, which
mainly focus on data and algorithms, have been established by international organi-
zations such as the United Nations as well as by local governments and institutions
(Bedirovi¢ & Mattos, 2024). While issues such as data privacy, consent and owner-
ship, along with topics such as biases of algorithms and transparency are crucial, the
use of Al technology in the educational sector requires a wider range of ethical con-
siderations. Among those are the definition of what constitutes useful knowledge,
student agency and the validity and fairness of assessments (Holmes et al., 2023).
Similarly, proven biases in certain Al systems used by Northpoint and Amazon (Jang
et al.,, 2022) must be considered when working with AI technology in education to
ensure such biases can be detected and viewed critically. Likewise, the issue of plagia-
rism and its facilitation by Al’s ability to create new text compositions based on exist-
ing information without citations needs to be given attention (McCoy et al., 2023).
Before the introduction of Al, the concept of plagiarism and the rules for avoiding
it were clearly defined, rule-breaking could be identified quite easily, and the conse-
quences of breaking these rules were straightforward (Dautbasi¢ & Becirovi¢, 2022).
Since the advance of Al, plagiarism has been facilitated through the automatic gen-
eration of text which usually paraphrases other authors but does not provide cita-
tions (Hutson, 2024). A study by Al-detection tool provider Turnitin found that 3.5%
of texts analyzed contained 80-100% Al-generated text, while 9.6% contained 20%
Al-generated text (Chechitelli, 2023). Such irresponsible usage of Al for text creation
might also lead to a decline in critical thinking ability in students (Pricewaterhouse-
Coopers, 2023).

It is promising, therefore, that despite an overall positive attitude, students are wary
of using AI with respect to the processing of (personal) data, preferring to ensure that
their data is only used with their explicit consent (Al Shamsi et al., 2022). Thus, trust
in Al technologies is a crucial topic. However, the learning processes of these tech-
nologies are a kind of “black box” It is hardly possible for users to determine where
an Al sources its information and how it arrives at the output it provides (Jang et al.,
2022) which, in turn, can influence students’ trust in the security of their data when
using Al tools (Gross et al., 2020).

This weariness indicates that students are aware of the possible ethical limitations of
Al technology and are endeavoring to genuinely apply these tools in their learning pro-
cess in a safe and responsible way and after critical reflection (Becirovi¢ et al., 2025a,
2025b). This illustrates students’ ability to employ critical thinking when using AI tools,
which is a key aspect of shaping their attitudes towards using Al. Austria has seen a cer-
tain amount of skepticism among its population regarding the use of Al tools in business
and educational settings, with many actually fearing a decline in critical thinking and,
especially in education, a decrease in the quality of written work and a rise in cheat-
ing and plagiarism (PricewaterhouseCoopers, 2023, 2024b). Even a lowering of the edu-
cational standards and the dehumanization of the learning experience by overvaluing
human-machine-interaction has been suggested by students (Holmes et al., 2023).
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However, an overly critical view of Al can hinder the effective and efficient use of such
technologies as students are then not willing to provide enough data for meaningful
AlI functionality (Al Shamsi et al., 2022), rely on AI output at all or spend an extended
period of time verifying output so that any advantages gained through AI tools are
once again lost. This implies that a certain level of trust in Al technologies is required
for students to actually apply these tools and perceive them as useful for their learning
(Shahzad et al., 2024), making the issue of transparency even more important. Likewise,
to delve deeper into the significance of the influence of students’ Al ethics towards Al
adoption, the following hypotheses have been formulated:

Al Ethics significantly predicts Perceived Usefulness of Al

Al Ethics significantly predicts Al Practical Application.

Al Ethics significantly predicts Perceived Ease of Al Use.

Methods

Participants

This study involved 254 students from four distinct teacher education institutions in
Austria. Convenience sampling, the most common nonprobability sampling technique
(Edgar & Manz, 2017), was used to select participants. The research sample included 212
females (83.5%), 39 males (15.4%), and 3 participants (1.2%) who chose not to disclose
their gender. This data indicates a gender imbalance; however, the gender imbalance in
our research sample reflects broader trends in Austrian higher education, where most
students enrolled in multiple higher education programs are female. Recent data indi-
cate that women make up about 56% of university students in Austria, with even higher
percentages seen in university colleges of teacher education, where 77% of the student
body is female (More Women Than Men Study at Austrian Universities, 2023). There-
fore, overrepresentation of female students in our study aligns with national enrollment
patterns and adequately reflects the population studied. Regarding the participants’
fields of study, this research sample comprises 104 students pursuing primary school
teaching (40.9%), 26 students specializing in elementary pedagogy (10.2%), 30 students
pursuing secondary school teaching (11.8%), 32 students specializing in digital educa-
tion, media, and information technology (12.6%), and 62 students pursuing other peda-
gogical disciplines (24.4%). Participants ranged in age from 18 to 60 years (mean=35.3,
SD=11.5). The total number of variables observed can be used to calculate the sample
size (Rokhman et al., 2022). The minimum number of participants should be at least
five times the number of variables (Memon et al., 2020). Furthermore, according to Yew
et al. (2022), the minimum number of participants the study should include is ten times
the number of variables. Hair et al. (2014), however, reccommend that there should be at
least 15—20 times as many participants as there are variables. With 254 participants, our
study includes 28.2 times the number of variables, which is nine, as presented in Fig. 1.
Consequently, the sample of 254 participants in the study comprises more participants
than suggested by the aforementioned academics.

Instruments and procedures
An online questionnaire was administered to gather data. The beginning of the ques-
tionnaire included questions related to students’ demographic characteristics, such as
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field of study, gender, and age. The rest of the questionnaire featured statements con-
cerning the following variables: Al ethics (e.g., “I can incorporate ethical considerations
when deciding whether to use data provided by an AI”), attitudes towards using Al (e.g.,
“I have positive feelings towards the use of Al in learning”), Al learning (e.g., “I can keep
up with the latest innovations in Al applications”), Al performance outcomes (e.g., “Use
of the AI tools has improved my overall learning performance”), the technological com-
plexity of AI (e.g., “Using Al in learning is a complex activity”), perceived usefulness of
Al (e.g., “Using Al enhances my effectiveness in learning”), perceived ease of Al use (e.g.,
“I find Al easy to use in learning”), user satisfaction with Al (e.g., “Overall, I am satis-
fied with the AI”), and the practical application of Al (e.g., “I can critically evaluate the
implications of artificial intelligence applications in at least one subject area”). The sur-
vey instrument was adopted from previous studies, piloted with Austrian participants,
and reliability (Table 1) as well as convergent and discriminant validity (Table 4) were
ensured.

Students’ responses were evaluated using a 7-point Likert scale, where 1 represented
strongly disagree and 7 indicated strongly agree. Cronbach’s alpha was utilized to assess
the reliability of the data. The results of the reliability test revealed that all Cronbach’s
alpha coefficients were acceptable, ranging from .76 to .95. Table 1 displays all variables,
including the reliability coefficients and their respective sources.

Google Survey was used to collect the data. Before data collection, university adminis-
tration and students provided informed consent. The objectives of the questionnaire, as
well as the instructions for filling it out, were provided at the beginning of the question-
naire. Students spent about 20 min filling out the questionnaire.

Data analysis

SPSS (Statistical Package for the Social Sciences) and AMOS, version 29.0, were utilized
to analyze the data. The Cronbach’s alpha reliability test was used to assess data reliabil-
ity, while the distribution’s normality was tested using skewness and kurtosis. Addition-
ally, prior to testing the hypothesized model, means, standard deviations, frequencies,
and correlations were calculated. To examine the hypothesized model, Confirmatory
Factor Analyses (CFA) were performed (Anderson & Gerbing, 1988). After confirm-
ing acceptable model fit and discriminant and convergent validity, the structural model
was tested using covariance-based structural equation modeling (CB-SEM). CB-SEM

Table 1 Instruments for data collection

Variables a Sources

Al Ethics (ETH) 76 Carolus et al. (2023)

Attitudes towards using Al (ATU) 86 Adapted from Teo (2009)

Al Learning (LRN) 91 Carolus et al. (2023)

Performance outcome of Al (PO) 87 Adapted from Damnjanovic et al. (2013)
Technology complexity of Al (TC) 80 Adapted from Teo (2009)

Perceived usefulness of Al (PU) 95 Adapted from Teo (2009)

Perceived ease of Al use (PEOU) 95 Adapted from Teo (2009)

User satisfaction with Al (US) 77 Adapted from Freeze et al. (2010)

Practical application of Al (PA) 95 Laupichler et al. (2023)
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is chosen because it evaluates prediction and estimation (Al-Adwan et al., 2022), accu-
rately predicts sophisticated models (Hair et al.,, 2017), and can assess conceptualized
models derived from prior theoretical inferences (Barrett et al., 2021). Moreover, CB-
SEM is a robust statistical technique capable of identifying relationships in social science
research that other methods might overlook (Hair et al., 2017). It is particularly effective
with models that incorporate second-level constructs or model development (Kosiba
et al., 2022), which aligns with the conceptual model of this study.

Results

Initial analysis

The participants achieved the highest scores in user satisfaction with Al (M=4.67;
SD=1.45) and ethical use of Al (M=4.50; SD=1.33), indicating that they are quite sat-
isfied with the Al outputs and seriously consider ethical issues when applying Al for
educational purposes. However, the application of Al for learning (M =2.80; SD=1.50)
and its performance outcomes (M=2.70; SD=1.68) fall below average, highlighting the
significant need for training to use Al tools effectively and productively in educational
contexts. Detailed scores for all variables’ means and standard deviations are presented
in Table 2.

Analysis of skewness and kurtosis revealed scores ranging from —1.18 to .85, signify-
ing that all values conform to the criteria for normally distributed data (Hair et al., 2014).
The correlation analysis between the constructs ranged from r=-—.40 to r=.80. The
strongest correlation was found between attitudes towards the use of Al and perceived
usefulness of Al (r=.80; p<.001), as well as perceived ease of Al use (r=.79; p<.001). In
contrast, the most considerable negative correlation was observed between the techno-
logical complexity of Al and user satisfaction with Al (r=—.40; p<.001) and perceived
ease of Al use (r=-.39; p<.001), indicating a significant need for training students on
how to use Al tools, as well as making them more user-friendly and suitable for students’
expectations and needs.

The results of the measurement model

A confirmatory factor analysis (CFA) utilizing maximum likelihood estimation has
been performed to assess the measurement model. The multivariate normality of the
collected data was evaluated using Mardia’s (1970) normalized multivariate kurtosis

Table 2 Descriptive analysis, normality, and reliability

Variables M SD Skew Kurt ETH ATU LRN PO TC PU PEOU US PA

ETH 45 133 —37 —42 1 18" 527 23" —10 207 23" 207 477
ATU 320 161 37 -72 1 377 727 28" 80T 797 657 547
LRN 280 150 62 -39 1 44" -7 41" 5" 350 557
PO 270 168 85 -.18 1 -2 84" 717 517 537
TC 288 141 69 05 1 -32" -39 —40" -30"
PU 309 181 55 - 86 1 82" 4" 5"
PEOU 350 191 .19 -1.18 1 647 66
us 467 145 —43 —14 1 56"
PA 424 181 =27 —-99 1

™ Correlation is significant at the 0.01 level (2-tailed)
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score. The multivariate kurtosis metric, known as Mardia’s coefficient, was calcu-
lated to be 213.9. This outcome is below the threshold value of 1244, derived from
the equation p (p+2), where p denotes the total number of observed variables (34
[36] =1244). Consequently, it is presumed that the data in this investigation follows a
multivariate normal distribution (Raykov & Marcoulides, 2008).

The standardized estimates (SE) for each item in Table 3 demonstrate that the find-
ings of the CFA reveal all items exhibited acceptable loadings and significantly con-
tributed to the explanation of their respective constructs (Hair et al., 2014; Hara et al.,
2010). Hair et al. (2014) stated that when evaluating a model, the x2 value, degrees of
freedom, RMSEA (root mean square error of approximation), and CFI (comparative

Table 3 Results of the measurement model

USE SE t-Value P CR AVE
PO1 1.000 730
Al Performance outcome (PO) PO2 1.254 884 18.114 HxE 850 656
PO3 1.264 808 12.812 *rx
LRN1 1.000 947
Al Learning (LRN) LRN2 836 783 14.527 e .881 713
LRN3 820 793 14.813 Hxx
ETH1 1.000 578
Al Ethics (ETH) ETH2 1.187 740 8.551 Hxx 782 551
ETH3 1511 879 8.970 Hxx
TC1 1.000 846
Al Technology complexity (TC) T2 950 809 11410 xxx 803 580
TC3 702 609 9.250 Frx
PU1 1.000 912
PU2 929 902 23.600 Hxx
Perceived usefulness of Al (PU) PU3 1.036 905 23.726 *xx 956 812
PU4 1.049 922 25313 Hxx
PU5 946 864 20.988 x
User satisfaction (US) Us1 1.000 858 888 800
uUs2 1127 929 17.874 Hxx
PA1 1.000 731
PA2 1.130 731 14.448 Hxx
PA3 1.056 738 11.265 x
Practical application of Al (PA) PA4 1.205 806 12.606 i 913 600
PAS 121 750 11.761 Hxx
PA6 1214 854 13.370 xx
PA7 1.298 .803 12.633 Hxx
PEOU1 1.000 863
PEOU2 1.105 908 20.797 Hxx
Perceived ease of Al use (PEOU) PEOU3 1.092 951 23.092 rEE 952 833
PEOU4 1.065 926 21.714 xx
ATU1 1.000 592
Attitudes towards using Al (ATU) ATU2 1.500 837 10917 *xx 869 630
ATU3 1.729 946 10.830 xx
ATU4 1.349 758 8.740 xx

USE =unstandardized estimates; SE =standardized estimates; CR=composite reliability; AVE = average variance extracted;
*xx = <0.01
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fit index) or TLI (Tucker-Lewis index) are sufficient indicators for consideration.
According to Carmines and Mclver (1981), a good fit is characterized by a mini-
mum fit function (x2) and a ratio of x2 to its degree of freedom (x2/df) whose value
is below 3.0. This research’s measurement model, with a score of x2=2857.513 and x2
/df=1.790, demonstrated a good fit. Hair et al. (2014) regard an RMSEA of 0.03 to
0.08 with 95% confidence as adequate. Likewise, this measurement model’s output
with RMSEA =.056 and PCLOSE=.055 revealed acceptable scores. The TL[=.943
and CFI=.951 of the measurement model of this study were greater than 0.90, indi-
cating a good fit (Hair et al., 2014). An SRMR (standardized root mean residual) value
of less than 0.09 (Hair et al., 2014) is a good indicator of a well-fitting model, and the
results of testing this model, which came in at .054, meet this requirement. The indi-
cations, as mentioned above, confirmed that the measurement model for the present
study fits the data well.

Average variance extraction (AVE) and composite reliability (CR) were used to assess
each construct’s convergent validity. Since the AVE and CR values in this study fall above
the threshold values of .50 and .70 (Fornell & Larcker, 1981) (Table 4), all of the AVE
(.551 to .833) and CR values (.782 to .956) were considered acceptable. To evaluate dis-
criminant validity, the square of the correlation between the constructs and the AVE
scores was employed. The AVE scores are expected to be higher than the square of the
correlation value (Eraslan Yalcin & Kutlu, 2019; Escobar-Rodriguez & Monge-Lozano,

2012). The convergent and discriminant validity scores are shown in Table 4.

The results of the hypothesized relationships

The results indicated that the structural model (x2=876.798, x2 /df=1.808, TLI=.942,
CFI=.949, SRMR=.0537, RMSEA =.057, PCLOSE=.038) demonstrated a good model
fit. Considering p<.05 as a threshold for significance, fourteen of the twenty-four
hypotheses (Table 5) were supported (H1, H2, H4, H5, H6, H9, H12, H13, H15, H18,
H19, H20, H21, and H24), while ten were refuted (H3, H7, H8, H10, H11, H14, H16,
H17, H22, and H23).

The results of the structural model indicated that the performance outcome of Al
usage significantly predicted perceived ease of Al use (H 1) (B=.59, p<.001), per-
ceived usefulness of Al (H 5) (8=.78, p<.001), and practical application of Al (H 20)
(5=.22, p=.049). However, it did not have a significant impact on attitudes toward

Table 4 Validity analysis (Convergent and discriminant)

AVE CR MSV MaxR(H) PA PO LRN ETH TC PU PEOU US ATU

PA 600 913 0438 918 775

PO 656 850 0903 .868 452 .810

LRN 713 881 0425 923 652 523 .844

ETH 551 782 0438 836 662 264 576 743

TC 580 .803 0209 .833 —-297 =339 =307 -.136 .762

PU 812 956 0903 957 399 950 A41 205 -.397 .901

PEOU 833 952 0745 958 487 777 604 .288 —457 840 913

us 800 888 0573 901 493 636 478 289 —-456 727 755 .894

ATU 630 869 0773 .927 393 859 450 226 —-361 879 863 757 794
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Table 5 The results of testing hypothesized relationships

Hypotheses Predictor Relati-onships Criterion USE SE Tvalue P Label
variables variables

H1 PO - PEOU 80 59 8.26 ***  Supported

H2 LRN - PEOU 29 25 336 Hox Supported

H3 ETH - PEOU —.06 —.03 -.52 606  Not Supported
H4 TC - PEOU -23 =19 =362 ***  Supported

H5 PO - PU 1.07 .78 9.13 ***  Supported

H6 LRN - PU -23 -19 =377 ***  Supported

H7 ETH — PU 034 02 48 634 Not Supported
H8 TC - PU —.05 -04 =139 236 Not Supported
H9 PEOU - PU 34 33 4.81 % Supported
H10 PO — ATU 06 07 42 674 Not Supported
H11 TC — ATU 04 .09 1.16 246 Not Supported
H12 PEOU - ATU 26 42 5.24 ***  Supported
H13 PU - ATU 30 49 2.74 006  Supported
H14 PO - us -.96 -.87 —-191 057  Not Supported
H15 LRN - us 26 27 2.25 024 Supported
H16 TC - us -1 -1 —1.58 115 Not Supported
H17 PEOU - us -.001 —=.001 -=.07 995  Not Supported
H18 PU - us 79 99 1.96 050  Supported
H19 ATU - us 59 45 3.01 003  Supported
H20 PO — PA 20 22 1.97 049  Supported

H21 ETH - PA 71 59 6.99 ***  Supported
H22 TC - PA -.07 —-.08 —-1.34 181 Not Supported
H23 ATU - PA -18 =16 =116 244 Not Supported
H24 us - PA 23 28 2.85 004  Supported

*SE =standardized estimates; * * *p <0.001; ETH=Al Ethics; ATU = Attitudes towards using Al; LRN = Al Learning;
PO =Performance outcome of Al;

TC=Technology complexity of Al; PU=Perceived usefulness of Al; PEOU =Perceived ease of Al use; US = User satisfaction
with Al; PA=Practical application of Al

Al use (H 10) (5=.07, p=.674) and students’ satisfaction with AI (H 14) (5=-.87,
p=.057). Additionally, AI learning significantly influenced perceived ease of Al use
(H 2) (B=.25, p<.001), perceived usefulness of AI (H 6) (3=-.19, p<.001), and stu-
dents’ satisfaction with AI (H 15) (5=.27, p=.024). While there was an insignificant
relationship between Al ethics and perceived ease of Al use (H 3) (8=-.03, p=.606)
and perceived usefulness of Al (H 7) (6=.02, p=.634), the relationship between Al
ethics and practical application of Al (H 21) was significant (§=.59, p<.001). Fur-
thermore, the technological complexity of Al significantly impacted perceived ease
of Al use (H 4) (B=-.19, p<.001) but did not have a significant effect on perceived
usefulness of Al (H 8) (B=—.04, p=.236), attitudes toward Al use (H 11) (=.09,
p=.246), user satisfaction with AI (H 16) (8=-11, p=.115), and practical application
of Al tools (H 22) (8=—.08, p=.181). Moreover, perceived ease of Al use significantly
affected the perceived usefulness of AI (H9) (8=.33, p<.001) and attitudes toward Al
use (H 12) (8=.42, p<.001) but had an insignificant effect on user satisfaction with
Al (H 17) (B=-.001, p=.995). Further, the perceived usefulness of Al significantly
influenced attitudes toward Al use (H 13) (8=.49, p <.006) and user satisfaction with
Al (H 18) (8=.99, p=.050). Similarly, attitudes toward Al use significantly predicted
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user satisfaction with Al (H 19) (8=.45, p=.003) and insignificantly predicted the
practical application of AI (H 23) (f=-.16, p=.244). Finally, user satisfaction with
Al significantly influenced the practical application of Al (H 24) (5=.28, p=.004). All
relationships between the measured constructs are presented in Table 5.

In the research model, five endogenous variables were specified: perceived ease
of Al use, perceived usefulness of Al, attitudes towards Al use, user satisfaction
with Al, and practical application of Al The first variable, perceived ease of Al use,
which accounted for 69% of the variance, was strongly explained by the predictors
(R?=0.69). Al performance outcome was the primary explanatory factor (=0.59,
p<0.001), with Al learning (p=0.25, p<0.001) and technology complexity (=-0.19,
p<0.001) also significantly explaining perceived ease of Al use. Al ethics had insig-
nificant explanatory power.

Perceived usefulness of Al was the most strongly explained, with 95% of its variance
accounted for by predictors (R*=0.95). This variable was primarily influenced by Al
performance outcome (f=0.78, p<0.001) and perceived ease of Al use (p=0.33,
p<0.001), indicating these are the most critical drivers of perceived usefulness of Al
In comparison, Al learning had a smaller yet significant effect (=—0.19, p<0.001),
while Al ethics and technology complexity were non-significant predictors.

Furthermore, attitudes towards Al use had a high explained variance as well (R>=0.83),
with perceived usefulness (p=0.49, p=0.006) and perceived ease of use (p=0.42,
p<0.001) as significant predictors, followed by performance outcome (f=0.07)
and technology complexity (f=0.09), which were non-significant predictors.

Similarly, user satisfaction with AI was explained at a moderate-to-high level
(R?*=0.70). The impact of perceived usefulness (=0.99, p=0.050), attitudes towards
using Al (B=0.45, p=0.003), and Al learning (=0.27, p=0.024) contributed signifi-
cantly, while Al performance outcome, Al technology complexity, and perceived ease
of Al use did not.

Finally, the practical application of Al accounted for 60% of the variance (R*=0.60).
The significant contributors were user satisfaction (p=0.28, p=0.004), Al eth-
ics (=0.59, p<0.001), and Al performance outcome (f=0.22, p=0.049), with non-
significant effects from Al technology complexity and attitudes toward Al (Fig. 2).

H20, .22*

Al Performance
Outcome o IS \
*

Al Perceived Usefulness H14, -87 'i
R’=.95

H18,.99*

User satisfaction

2
R=70 H24, .28%*
H19, .45** H21, 59%** Al Practical Application
R?=.60

/H23,-16

Al Learning

HY, .33***

Al Ethics -
.\l Attitudes towards using |
AIR’=.83

H17,-.001 /

Perceived Ease of Al
Use R*=.69

H11,.09 |

Al Technology
Complexity

H22, -.08

Note: ***p <.001; **p <.01; *p<.05

Fig. 2 The results of the hypothesized relationships
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Discussion

This study investigates the interrelationship between Al ethics, attitudes toward using
Al Al learning, Al performance outcomes, Al technology complexity, and the perceived
usefulness and ease of use of Al, along with user satisfaction and the practical applica-
tion of AL Its aim is to examine the variables that may influence the success and effec-
tiveness of Al utilization among tertiary-level students. By exploring these understudied
variables and their interactions, this study seeks to enhance understanding of the cur-
rent literature, fill existing gaps, and contribute to the theory of adopting AI technology
in education while also providing a solid foundation for improving the application and
effectiveness of Al technology use in higher education. Therefore, this study may con-
tribute to the field by providing valuable insights into learner behavior and preferences
regarding Al adoption, usage, and satisfaction, which can support educators and educa-
tional institutions in making decisions about the increasing implementation of Al in the
pedagogical context (Ma & Lei, 2024; O’'Dea & O’Dea, 2023). The next sections discuss
the statistically significant relationships as well as those that did not show any significant

relationships.

Significant relationships

In line with Kashive et al. (2020), our results indicated that the perceived ease of using
Al was positively and significantly influenced by the performance outcome of AI (H1),
suggesting that the accuracy, speed, and engagement associated with using Al tools may
help students achieve their goals and that they find employing AI tools convenient. Simi-
larly, in alignment with Ahn (2024), who discovered that AI usage is significantly affected
by self-efficacy in Al learning, our findings demonstrated that Al learning, which, along
with Al problem-solving, is a subdimension of Al self-efficacy (Carolus et al., 2023), is
also a significant and positive predictor of the perceived ease of Al use (H2), confirming
that AI tools are user-friendly and easy for students to adopt in their learning processes.
However, Al learning was identified as a negative predictor of perceived usefulness of Al
(H6), suggesting that students have certain reservations regarding Al outputs, including
concerns about transparency, privacy and data protection, trust, expectation mismatch,
and loss of control. Nonetheless, the results indicated that Al learning is a significant
and positive predictor of students’ satisfaction with AI (H15) in general, signifying that
when students use Al-powered tools, they appreciate the personalized feedback, flexibil-
ity, and engagement provided by Al-powered solutions. Nevertheless, students require
training on how to use Al tools effectively, meaningfully, and ethically for academic pur-
poses (Grajeda et al., 2024).

Similar to the findings of Falebita and Kok (2024), who identified a positive relation-
ship between technological readiness and perceived ease of Al use, and Ahn (2024), who
noted a connection between Al technicality and Al use, our study discovered that per-
ceived ease of Al use was negatively affected by Al technological complexity (H4). This
indicates that our students are not yet fully prepared for the effective employment of Al
in academic processes. Furthermore, Venkatesh and Bala (2008) suggested that adequate
training and instruction, along with user-friendly design, can mitigate the adverse effects
of technological complexity on user perception. Therefore, the results of this study show
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that students’ technical proficiency and mental effort in using Al do not result in positive
opinions regarding the usability of Al This implies that students in pedagogical (non-
technical) programs require training in AI technologies, which would likely improve and
reduce the technological complexity of Al and enhance its efficient use.

Al performance results are essential for people to embrace and utilize AI prod-
ucts. Our findings showed that Al performance outcomes positively and significantly
impacted the perceived usefulness of Al (H5), which is consistent with Saavedra et al.
(2023), who discovered that perceived usefulness is influenced by process and output
quality. Therefore, students are more likely to view technology as useful when they
receive outcomes and tailored feedback, provided that Al technology meets their needs
and assists them in completing their assignments (Ji et al., 2024). Our results indicate
that participants are willing to successfully integrate Al tools into their school activities
and potentially enhance their academic performance.

Consistent with earlier investigations (Albayati, 2024; Alejandro et al., 2024; Almogren
et al., 2024), our results demonstrated that the perceived ease of Al use positively pre-
dicted the perceived Al usefulness (H9), suggesting that students who perceive the ease
of use of Al tools are likely to find them convenient and employ them regularly in their
academic tasks. Furthermore, our results corroborate the previous findings (Albayati,
2024; Alejandro et al., 2024) by showing that perceived ease of Al use significantly and
positively predicted attitudes toward Al engagement (H12). This implies that the user-
friendliness of Al tools enhances students’ attitudes and their actual usage, as the ease
of employing technology directly influences its adoption. Nja et al. (2023) also found
that university professors’ perceptions of Al-powered technologies were significantly
impacted by their perceived ease of use.

In accordance with the prior examination of university students (Almogren et al,
2024; Falebita & Kok, 2024) and instructors (Nja et al., 2023), the perceived usefulness
of Al-powered tools significantly impacted students’ attitudes toward AI use (H13). The
results advocate that students believe that AI-powered tools may significantly help them
with their school assignments and improve their efficiency and performance in academic
tasks. Similarly, students’ (Falebita & Kok, 2024) and teachers’ (Nja et al., 2023) attitudes
towards Al benefits significantly impact AI adoption (Chibisa et al., 2022; Toros et al.,
2024), as the perception of Al usefulness and benefits influences efforts and investment
(Condie & Livingston, 2007).

Furthermore, our study found a significant and positive influence of the perceived
usefulness of using Al-powered tools on students’ satisfaction with them (H18), which
is consistent with earlier research (Xing & Jiang, 2024; Yu et al., 2024) demonstrating
that the perceived usefulness of using ChatGPT is a significant predictor of user satisfac-
tion with ChatGPT. The results indicate that Al tools live up to the students’ expecta-
tions, that they benefit from them in terms of time saving, efficiency, problem-solving,
and solution finding, and that they are ultimately willing to continue using them. Similar
to Sargin’s (2024) findings, our results also revealed a significant positive relationship
between attitudes toward Al and satisfaction with AI use (H19), implying that stu-
dents perceive Al technologies as useful, relevant, and practical, which may increase Al
adoption and ultimately improve their Al literacy, learning and performance on school

assignments.
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Our results demonstrated a significant positive relationship between Al performance
outcomes and Al practical application (H20), maintaining that students are satisfied
with AI’s output, including the personalized feedback they receive, adaptive learning and
mentoring paths, speed of access to information and its sources, and problem-solving.
As a result, the performance of Al tools motivates and engages participants, which may
drive them to increase their Al literacy and abilities, as well as apply Al in more system-
atic, meaningful, and ethical ways in their everyday tasks. Similarly, our results showed
a significant positive relationship between Al ethics and Al practical application (H21).
Holmes et al. (2019) pointed out that Al literacy, which includes Al ethics, is critical
for responsible and meaningful Al usage. Therefore, our results suggest that students
in Austrian educational programs seriously consider ethics when using Al tools. This
approach could be further enhanced by systematic strategies for teaching Al literacy
and ethics. When students are taught how to use Al ethically, they are more likely to
employ Al tools effectively, responsibly, and meaningfully, which leads to systematic and
structured approaches to Al integration into daily activities. Finally, in line with previous
studies (Cai et al., 2023; Kashive et al., 2020; Yu et al., 2024), which demonstrated that
user satisfaction with Al positively influenced Al behavioral intention, our study demon-
strated that students’ satisfaction with Al significantly impacted their Al practical appli-
cations (H24). This implies that Al outputs such as real-time communication, source
provision (Piotrkowicz et al., 2021), problem-solving, translation tools, and hands-on
and interactive experiences ensure student satisfaction, which is the driving force for the
practical application of Al technologies.

Insignificant relationships
In agreement with Ko and Leem (2021), the findings of our study showed that Al ethics
had no significant impact on the perceived ease of use (H3) and usefulness of AI (H17).
This suggests that students may have prioritized AI functionality, efficiency, usability,
and outputs over ethical considerations when using Al. The reason for such associa-
tion may also be attributed to students’ low level of awareness and knowledge regarding
the ethical application of Al (Jobin et al., 2019). Therefore, modern educational systems
ought to prioritize the teaching of Al literacy, including the aspect of Al ethics. Likewise,
educators should take a balanced approach to teaching, giving careful consideration to
both the practical and ethical aspects of Al

As posited by Falebita and Kok (2024), the perceived usefulness of Al was found to be
positively impacted by technological readiness. However, our results indicated that the
technological complexity of Al did not significantly predict the perceived usefulness of
Al (H8), indicating that AI complexity does not impede Al usefulness because Al ben-
efits in terms of achieving study objectives outweigh AI complexity (Holmes et al., 2019).
Similarly, whereas Ahn (2024) discovered a significant relationship between Al techni-
cality and Al usage, our findings corroborate Falebita and Kok’s (2024) findings, showing
the insignificant relationship between Al technological complexity and attitudes toward
Al use (H11) and Al user satisfaction (H16). These findings strengthen earlier assertions
that students may prioritize the advantages of Al in terms of academic support, prob-
lem-solving, efficiency, speed, and the quality of information and resources they offer
and that the technological complexity of Al does not hinder usage nor adversely affect
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attitudes and perceived usefulness of Al tools. Furthermore, students are often digital
natives (Prensky, 2001), and their adaptability to new technologies, such as Al, may miti-
gate its complexity (Becirovi¢, 2023a). Finally, instructor guidance, peer assistance, and
tutorials may reduce the negative impact of AI complexity on students’ attitudes toward
them and lead to their productive and effective application in learning processes.

Students’ opinions on Al tools can be influenced by a wide range of factors, includ-
ing expectations, biases, peer and instructor recommendations, Al design, use experi-
ence, performance outcomes, and user-friendliness. While Bation and Pudan (2024)
found a significant relationship between Al attitudes and learning outcomes, our results
indicated an insignificant relationship between Al performance outcomes and students’
attitudes toward Al-powered tools (H10), suggesting that students’ expectations might
have a bigger impact on how they feel about Al if these expectations are not entirely
met, they might feel neutral or even negative toward it. Similarly, the results indicated an
insignificant relationship between Al performance outcomes and user satisfaction with
Al (H14), proposing that students’ goals and expectations from Al tools are not fully
met. However, it should be noted that, whilst performance outcomes are objective, satis-
faction is subjective (Venkatesh et al., 2003). Students may place a higher value on learn-
ing than on Al technical performance. Therefore, if Al tools do not sufficiently engage
students and do not align with their learning styles and preferences (Kulik & Fletcher,
2016), they will not be fully satisfied. In addition, students’ experience or familiarity with
specific Al tools may influence their satisfaction, requiring more student-centred Al
tool design as well as training and improvements in students’ Al literacy for effective Al
employment.

In contrast with the previous studies (Xing & Jiang, 2024; Yu et al., 2024), which found
that the perceived ease of ChatGPT use is a significant predictor of Al user satisfaction,
our study showed an insignificant association between perceived ease of Al use and Al
user satisfaction (H17), suggesting that students, as digital natives, more adaptable to
new technologies, do not consider ease of Al use as a critical factor for AI satisfaction.
Furthermore, factors such as students’ technological proficiency, type of technological
tools (Venkatesh & Bala, 2008), and focus on learning outcomes may outweigh the ease
of Al use. To overcome obstacles and successfully use Al technologies, students require
assistance in the form of training and resources. This can improve both the tools’ usabil-
ity and students’ satisfaction with their use.

While Ahn (2024) discovered a significant relationship between Al technicality and Al
use, our findings support Falebita and Kok’s (2024) findings, indicating that AI techno-
logical complexity had an insignificant impact on the practical application of AI (H22),
signaling that the complexity of Al technology is not a significant barrier and does not
hinder students’ Al practical application. Likewise, if students believe that they may
achieve their expectations and goals, they may overcome technological complexity (Al-
Adwan et al.,, 2022; Dervi¢ et al.,, 2025). Technological complexity also depends on stu-
dents’ experience in Al use as well as types of Al tools. Lack of experience with Al and
more complex technologies, such as machine learning platforms, may lead to a sense of
technological complexity and act as a barrier to effective practical application of AL

In contrast to other studies (Albayati, 2024; Alejandro et al., 2024; Kashive et al., 2020;
Obenza et al., 2024) that demonstrated a significant relationship between attitudes and
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the intention to use ChatGPT and Al tools in general, our findings revealed an insignifi-
cant association between attitudes toward Al tools and their practical application (H23).
This signifies that students hold neutral opinions, which neither hinder nor promote the
practical application of Al These neutral attitudes toward new technologies may stem
from external factors such as a lack of institutional support, training, and accessibility
(Ertmer et al., 2012), which significantly characterize the current context of our research.
Furthermore, students’ ability to quickly adapt to new technology (being digital natives),
along with their habits and routines in using Al, may also account for the insignificant
relationship between attitudes toward Al tools and their practical application. However,
other factors—such as Al performance outcomes, user satisfaction, and even ethical
considerations—have shown to have a significant positive impact on the practical appli-
cation of Al This suggests that while attitudes may not be a significant driving force, and
students may have some reservations, they continue to use Al for their academic tasks.

Conclusion

The results indicated that the performance outcomes of Al use significantly influenced
the perceived ease of use, the perceived usefulness, and the practical application of Al
This implies that when Al tools deliver impressive outcomes, students are more likely
to perceive these tools as easy to use, useful, and applicable to their learning processes,
prioritizing their functionality and effectiveness. The insignificant relationship between
Al performance outcomes and attitudes and satisfaction with Al tools demonstrates
that the emotional and affective dimensions of Al adoption are not determined by per-
formance outcomes but by other factors, such as the perceived usefulness of Al tools,
perceived ease of use, and the overall usability and utility of Al technology in students’
learning processes.

Although there was an insignificant relationship between Al ethics, perceived ease of
Al use, and perceived usefulness of Al, the relationship between Al ethics and the prac-
tical application of Al was significant. The results highlight that Al ethics does not pre-
dict students’ perceptions of Al use but rather guides them in applying ethical standards
and responsible use of Al responsibly while working on their school assignments. Fur-
thermore, this emphasizes that Al ethics influence students’ decisions regarding when
and how to use Al tools in their learning processes.

The technological complexity of Al has significantly negatively impacted the perceived
ease of using Al highlighting that the increasing complexity of AI tools may present a
critical barrier to student engagement in the Al adoption process. However, the techno-
logical complexity of Al has had an insignificant influence on the perceived usefulness of
Al attitudes towards Al use, student satisfaction with Al and the practical application
of Al, emphasizing that Al complexity does not diminish students’ adoption and utiliza-
tion of AL

Nevertheless, the perceived ease of using Al significantly influenced both the per-
ceived usefulness of Al and attitudes towards its use while having no significant impact
on students’ satisfaction with Al This indicates that students find Al tools easy to use,
consider them beneficial, and cultivate positive attitudes toward utilizing them. How-
ever, the lack of a significant relationship between the perceived usefulness of AI and
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students’ satisfaction with it implies that their satisfaction is influenced by other factors,
such as Al learning, the perceived usefulness of Al, and attitudes towards the use of Al

The perceived usefulness of Al tools significantly influences students’ attitudes and
satisfaction with their use, underlining the critical role of AI's perceived usefulness in
shaping these attitudes. This indicates that students recognize the value and benefits of
utilizing AI-powered tools, feel that these tools fulfill their needs and expectations, and
consider them practical and effective. All of these factors contribute to favorable atti-
tudes, satisfaction, and, ultimately, the adoption of Al technology by students.

Similarly, attitudes toward Al use significantly predicted user satisfaction with Al but
they had an insignificant effect on the practical application of Al-powered tools. This
underscores students’ overall satisfaction with Al technology, indicating that positive
attitudes are important predictors of students’ satisfaction with Al tools and that such
attitudes should be cultivated to enhance Al adoption. However, since attitudes toward
Al tools are insignificant predictors of their practical implications, this suggests that atti-
tudes alone are insufficient for effective Al integration in learning processes, and other
factors should also be considered.

Students’ satisfaction with Al-powered tools significantly predicts their practical
application. This indicates that students are pleased with their Al experience, including
the relevance of Al output, their expectations of Al tools, and usability. Consequently,
this satisfaction positively influences the practical and meaningful use of Al-powered
tools, particularly the adoption of Al technologies.

Ultimately, the findings of this study emphasize the need to enhance Al literacy among
students by improving their comprehension, awareness, skills, knowledge, and com-
petencies. This can be achieved by integrating Al applications into the curriculum and
addressing potential risks to ensure the meaningful, effective, and ethical use and adop-
tion of AI technology.

The study’s contributions and implications for educational practice
This study conducted a thorough analysis of Al adoption among Austrian university
students in teacher education programs. Consequently, the current quantitative and
multidimensional research examined the interrelationship between Al ethics, attitudes
toward using Al, Al learning, Al performance outcomes, Al technology complexity,
and the perceived usefulness and ease of use of Al, along with Al user satisfaction and
the practical application of AL Its findings can be utilized by teachers, students, educa-
tional administrators, and policymakers to promote and enhance AI adoption and its
meaningful, ethical, productive, and effective use. Additionally, these results may inform
the design and redesign of Al tools to make them more functional, user-friendly, and
focused on educational purposes, thereby reducing their adverse effects while improv-
ing Al's effectiveness, adoption, students’ attitudes, satisfaction, and learning outcomes.
Moreover, this study addresses the gap in the literature regarding Al adoption and use
among university students in teacher education programs, particularly within the con-
text of Austrian higher education.

As Al learning negatively affects the perceived usefulness of Al the study suggests
improving the functionality and design of Al tools and emphasizes the necessity for
students to receive adequate training to use these tools effectively and ethically for
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academic purposes. This recommendation is supported by findings indicating that
students’ perceived ease of Al use is significantly negatively impacted by the tech-
nological complexity of Al. Moreover, technological complexity does not affect the
perceived usefulness of Al tools, underscoring the importance of systematic training
approaches to enable students to utilize Al technology effectively and meaningfully.
Furthermore, the findings highlight the necessity of incorporating an ethical dimen-
sion into Al training as well as usage to foster its responsible adoption in educational
environments.

Strategies for effective Al technology adoption should focus on simplifying their
interfaces and enhancing usability while preserving the functionality that stu-
dents already value. This is especially crucial for further Al technology integration
in learning, as students with positive attitudes toward Al tools are more likely to
engage deeply and explore various possibilities, potentially leading to numerous
beneficial outcomes for future adoption, enhancement, and development of AI tools.
Therefore, there is a need for Al design that achieves a better balance between sim-
plicity and functionality, addressing students’ behavioral, cognitive, and emotional
engagement. This approach may result in improved, user-friendly designs and better
interfaces, thus increasing the perceived value of AI-powered tools and encouraging
greater adoption and more effective use among students.

The results indicate a significant positive effect of attitudes toward Al on over-
all satisfaction with Al-powered tools, suggesting that instructors should not only
teach technical skills related to Al technology use but also foster positive attitudes
to enhance students’ Al experiences. However, attitudes alone do not significantly
influence the practical application of AI technology, underscoring the need for
approaches that address institutional support in infrastructure, attitudes, training,
and Al implementation. Furthermore, student satisfaction with Al is a significant
predictor of its practical use, implying that as students become more satisfied with
their Al experiences, they are more likely to utilize and adopt Al tools for educa-
tional purposes. To ensure satisfaction with the AI experience, Al tools must func-
tion effectively, meeting students’ expectations and needs while remaining relevant
to their learning and user-friendly. This satisfaction should bridge AI perception
with meaningful, practical applications and the adoption of Al technology. Moreo-
ver, to promote a more comprehensive, meaningful, ethical, and effective utilization
of Al technology among students, Al developers, in partnership with educational
institutions, including instructors, should prioritize the development of more func-
tional, user-friendly AI tools and user-centered strategies that enhance student
knowledge, skills, competencies, attitudes, and satisfaction, thereby facilitating ethi-
cal and effective Al adoption. Finally, since students in teacher education programs
are future educators who will teach thousands of students, there is a need for appro-
priate policies, curricula, and effective training to develop their Al literacy skills.
These should enable them to use Al-powered tools in a meaningful, effective, and
ethical way. Such experiences and skills should serve as a solid foundation for their
use of Al tools as future teachers and also help them effectively teach these literacies
and skills to their students.
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Limitations of the study and further research suggestions

Despite careful planning and a comprehensive research design, this study has lim-
itations and provides suggestions for further investigation. Firstly, there are advan-
tages and disadvantages to an online questionnaire. While contacting a large number
of participants is more practical, online questionnaires tend to yield fewer responses
than paper-and-pencil questionnaires (VanderStoep & Johnston, 2009). Moreover,
rather than revealing their true feelings, opinions and experiences, respondents may
provide socially desirable answers through self-reporting, including data collected
through questionnaires (Richman et al., 1999). Future studies could employ various
research methodologies, such as experimental designs, to test and compare the effec-
tiveness of Al tools and their impact on students’ learning outcomes. Additionally, a
non-experimental comparative design could expose diverse student groups to a vari-
ety of assignments using different Al tools to assess various aspects of their experi-
ences with AL

Future research could involve a longitudinal design to assess the impacts of Al-
powered tools adoption on various aspects of student learning, such as critical think-
ing, problem-solving, student engagement, and self-regulated learning. Furthermore,
increasing the sample size, including instructors as participants, diversifying demo-
graphic factors, and utilizing alternative data collection techniques could enhance the
study.

Future studies may further investigate how different types of training, infrastruc-
ture support, and enhanced Al design can mitigate the negative impact of technologi-
cal complexity on Al adoption and broader, more comprehensive usage. In addition,
further research may examine how Al ethics and trust influence students’ behaviour
patterns and the long-term adoption of AI-powered technology. Considering that this
study was conducted within an Austrian tertiary education setting, future research
could explore cross-national comparisons to assess the adoption and impact of Al in
different educational environments.
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