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1 Introduction

The rapid development of artificial intelligence (AI) and its integration into various
aspects of social life are reshaping the processes through which information is acquired,
processed, and applied. In educational settings, Al is emerging not only as a technologi-
cal tool but also as a challenge that has introduced a new form of literacy, known as Al
literacy. Al literacy is widely acknowledged as a multidimensional construct that refers
to an individual’s ability to understand, evaluate, utilize, and reflect on artificial intelli-
gence technologies across their technical, ethical, and social dimensions [1, 2].
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With the increasing prevalence of Al-driven tools in educational contexts, a growing
body of research has examined their implications for teaching and learning processes,
particularly with regard to academic performance [3-5], institutional AI policies [6, 6,
7, 7], faculty experiences [8], and the use of Al systems as tutors or learning assistants
[9, 10]. Empirical studies have indicated that Al-supported learning environments can
influence student motivation, self-efficacy, and engagement [11-14].

Despite the growing use of generative Al tools such as ChatGPT, Gemini, Claude,
DeepSeek, or Perplexity, empirical research examining how specific dimensions of AI lit-
eracy shape students’ learning behavior, competencies, and ethical orientations remains
limited, particularly in non-technical higher education contexts. While several concep-
tual frameworks of Al literacy have been proposed [1, 2], there remains a relative lack of
quantitative studies investigating how Al literacy relates to students’ Al-supported prob-
lem-solving, ethical decision-making, and learning autonomy. In particular, the interre-
lations between Al literacy, Al ethics, Al problem-solving, and self-regulated learning
have not yet been comprehensively examined.

Unlike traditional digital resources, generative Al systems do not merely deliver infor-
mation but actively participate in the construction of knowledge. This requires students
to actively plan, monitor, and evaluate both their own reasoning and Al-generated out-
puts. Such demands are closely aligned with the principles of self-regulated learning,
which place emphasis on goal setting, strategic action, monitoring, and reflection in
learning processes [15]. From a theoretical standpoint, this study is grounded primar-
ily in the concept of Al literacy as its core analytical framework. Self-regulated learning
serves as a complementary construct that helps explain how Al literacy translates into
learning-related behaviors. Recent studies show that effective use of Al tools requires
well-developed self-regulation skills, including learner autonomy, goal setting, metacog-
nitive monitoring, and reflection, which help to prevent cognitive offloading and support
meaningful learning [16—18]. Empirical evidence further suggests that AI technolo-
gies can actively support reflective and self-regulated learning when used in cognitively
appropriate ways. For example, Holmes et al. [19] underscore the role of Al in foster-
ing reflective and self-regulated learning, while Sardi et al. [20] argue that cognitively
appropriate interaction with Al can promote reflection, self-confidence, and strategic
learning. At the same time, technical knowledge of Al alone is insufficient for developing
ethical awareness, which requires value anchoring, social context, and pedagogical facil-
itation [21, 22]. Self-Determination Theory (SDT) [23-25] is employed as an interpre-
tive lens rather than as a causal explanatory model in our study. SDT helps clarify why
dimensions of Al literacy—such as technical understanding or ethical awareness—may
reflect more autonomous and competent forms of engagement with Al-enhanced learn-
ing environments. Examining the relationship between Al literacy and self-regulated
learning is, thus, theoretically important for understanding how students manage their
autonomy, control, and motivation in Al-supported learning environments.

Most existing studies tend to focus either on technical skills or ethical awareness sepa-
rately, without examining how these aspects interact within educational settings that are
not primarily STEM-oriented (e.g., [1, 26, 27]). Thus, to date, no empirical research has
comprehensively examined these concerns, specifically within the framework of Slovak
higher education. Although Al tools are now widely employed by students in Slovakia,
including those in economics and business study programs, there is a lack of data that
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would enable educators, researchers, and decision-makers to make informed and evi-
dence-based curricular or pedagogical decisions. Without such data, it is challenging to
accurately assess students’ Al literacy levels, their patterns of Al tool use, and the impact
of this use on their critical thinking, ethical awareness, and self-regulated learning.

Accordingly, the aim of this study is to empirically examine how individual dimensions
of Al literacy influence students’ Al ethics, ability to solve problems using Al, and their
self-regulated learning in a non-technical higher education context. The central research
question is: Which dimensions of students’ Al literacy significantly predict Al ethics,
Al-supported problem-solving, and self-regulated learning in non-STEM academic
environments? Given the limited empirical evidence on how Al literacy relates to ethi-
cal practices in the use of Al-powered tools, students’ Al-supported problem-solving,
and learning autonomy, particularly self-regulated learning [18], this study addresses
an important gap in the existing literature. As students are now widely expected to act
autonomously in Al-enhanced learning environments, understanding the interplay
among Al literacy, Al ethics, Al-supported problem-solving, and self-regulated learning
becomes essential for the responsible and meaningful integration of Al into educational
practice.

Therefore, in addition to contributing to the professional literature in this academic
field, the findings of this study may inform the development and revision of educational
policies, curriculum redesign and design, and enhancements to instructors’ teaching
approaches in higher education. These improvements aim to strengthen students’ Al lit-
eracy, Al ethics, problem-solving skills, and self-regulation strategies in response to the
growing impact of Al technology on education. Additionally, the results may help stu-
dents develop Al literacy, adopt ethical strategies for using Al, apply Al tools effectively
to solve problems, and cultivate effective self-regulated learning within Al-enhanced
educational settings.

2 Literature review

The use of Al-powered tools is becoming increasingly evident across various profes-
sional fields, where they enhance and streamline many processes [3-5]. This trend is
particularly visible in education, where student engagement with Al is growing more
pronounced [28]. However, numerous challenges are associated with this trend, includ-
ing improper use and misuse of Al tools, which violate ethical standards in educational
settings [6, 7]. Although the use of Al is relatively recent in the educational environment,
several studies have already addressed its implementation in teaching and learning [3-7,
28, 29]. The following section firstly introduces and describes the research model of the
present study, and then discusses prior research, focusing on the research problem and
variables under investigation.

Digital literacy encompasses not only the fundamental skills of reading and writing but
also the capacity to utilize and engage properly with contemporary digital tools [2, 30].
Similarly, the concept of Al literacy is nowadays significant in student learning contexts
and refers to the ability to use Al tools effectively [31]. This definition can be expanded
to include the area of responsibility related to the critical evaluation of the use of Al
tools among students [32]. Al literacy is a key factor that may influence other variables
related to the use of Al technology. As such, it has been addressed in recent research [1,
3-5, 33, 34], and is central to our study as well.
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2.1 The research model

The research model of this inquiry (Fig. 1) is based on frameworks developed by Lau-
pichler et al. [34], Carolus et al. [35, 36], and Li et al. [37]. More specifically, this study
employs the framework proposed by Laupichler et al. [34], which was designed to assess
non-experts’ Al literacy, and is perfectly well suited to the present study research sam-
ple. Within the “Scale for the Assessment of Non-experts’ Al Literacy, Laupichler et
al. [34] outline a set of items developed through an expert Delphi study to assess indi-
viduals’ literacy, emphasizing three important variables: technical understanding, criti-
cal appraisal, and practical application. The current study examines the effects of the
three aforementioned variables on Al ethics and Al-supported problem-solving, based
on the Meta-Artificial Intelligence Literacy Scale (MAILS) [35, 36]. Additionally, the
study examines how these variables, together with Al ethics and Al-supported prob-
lem-solving, influence self-regulated learning, as conceptualized by Li et al. [37]. Self-
regulated learning focuses on how students deliberately define objectives within their
academic domain and make thoughtful choices that impact their assignments and help
them acquire educational experiences [38]. Therefore, the research model of this study
examines the relationships among three dimensions of Al literacy, namely: Al techni-
cal understanding, AI critical appraisal, and practical application of Al [34], on the one
hand, and AI ethics [35, 36], Al-supported problem-solving [35, 36], and self-regulated
learning [37], on the other hand. The rationale for incorporating each variable in the
present research model, along with the proposed interrelationships among them, is out-
lined in the subsequent subsections. Although Al literacy is generally regarded as a mul-
tifaceted construct encompassing technical, critical, and practical elements [34], these
components are here treated as independent first-order predictors. This decision reflects
our aim to identify the distinct contributions of each dimension, while acknowledging
their conceptual interrelation within the broader framework of Al literacy.

2.2 Theoretical background

To provide a stronger theoretical rationale for the hypothesized relationships among
the constructs, this study draws upon Self-Determination Theory (SDT [23]), which
highlights three fundamental psychological needs—autonomy, competence, and relat-
edness—as essential for intrinsic motivation and effective learning. One of the SDT sub-
theories, basic psychological needs, helps distinguish between intrinsic and extrinsic

Al Technical
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Al Ethics

Al Critical
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Self-Regulated
Learning

Al Problem-
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Al Practical
Application

Fig. 1 The research model
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motivation. SDT holds that autonomous (intrinsic) motivation, which is regarded as an
individual’s driving force, rises when these fundamental psychological needs are satisfied
[23-25]. Research consistently shows that individuals who perceive themselves as com-
petent and autonomous in using digital tools tend to hold more positive views of tech-
nology [39—41]. Intrinsic motivation to use technology also depends on the satisfaction
of basic psychological needs—autonomy, competence, and relatedness [40, 42]. Online
learning environments that allow flexibility and user control can strengthen students’
sense of autonomy and competence [41]. Thus, attitudes toward technology might be
seen as a key factor shaping behavioral adaptation [43, 44].

Building on these foundations, SDT has been increasingly applied to technology-
enhanced and Al-supported learning [45, 46]. Although SDT is well established in edu-
cational psychology, its connection to Al literacy remains insufficiently explored [47,
48]. While the theory effectively explains motivation and engagement in digital learn-
ing, few studies have examined how the fulfillment of psychological needs contributes
specifically to Al literacy. However, the existing evidence indicates that satisfying these
needs enhances students’ digital competencies [49], with autonomy and competence
positively influencing Al literacy and emotional engagement mediating this relation-
ship [50, 51]. The intersection of SDT, self-regulated learning, and Al literacy has also
received limited attention. Although SDT supports motivation and self-regulated learn-
ing improves learning outcomes [52—54], few studies have integrated these perspectives.
Wang et al. [47, 48] found that autonomy, competence, and relatedness are central to
developing Al literacy, with four SRL strategies—cognitive engagement, metacogni-
tive knowledge, resource management, and motivational beliefs—mediating this link.
These findings underscore that both the satisfaction of psychological needs and the use
of effective self-regulatory strategies are essential for fostering students’ Al literacy and
adaptive learning.

While SDT traditionally explains how the fulfillment of autonomy, competence, and
relatedness drives intrinsic motivation and learning behavior, in the present study, it
serves as an interpretative framework rather than a causal model. The three dimensions
of Al literacy—technical understanding, critical appraisal, and practical application—
reflect manifestations of perceived competence and autonomy in Al-supported con-
texts. Therefore, rather than positioning SDT’s psychological needs as antecedents, this
study empirically examines how the cognitive and practical expressions of these needs
(operationalized through Al literacy) influence ethical awareness, problem-solving, and
self-regulated learning. In other words, students who experience greater competence
and autonomy in their engagement with Al tools (core needs in SDT) are believed to
demonstrate higher levels of Al literacy, which in turn enhances their ethical awareness,

problem-solving capacity, and self-regulation.

2.3 Al technical understanding

With the rapid development of Al technologies and their increasing use in educa-
tional environments, students are expected to possess a sufficient understanding of
how Al tools operate and how they are used ethically and effectively. These skills can
be defined as Al literacy, which encompasses various dimensions, such as the ability to
apply Al technologies and critically evaluate them [1]. This can be achieved in higher
education through collaborative interactions between students and teachers, aimed at
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fostering a deeper understanding of Al tools, not only from a technological perspective
but also critically and ethically, through mutual discussion [33]. Al literacy research is
a relatively new topic. Recently, Al literacy has emerged as a supporting theme within
several studies discussing its implications in student environments [3-5, 55-58]. For
example, Becirovi¢ et al. [46, 59, 60] indicate that understanding AI technology signifi-
cantly impacts not only Al self-efficacy and Al output quality but also students’ overall
academic performance. Assessing Al ethical reflection, Wang et al. [47, 48] also dem-
onstrate a positive relationship between Al literacy and Al Ethics. Similar findings were
reported in the study by Ng et al. [61]. Therefore, we predict a significant association
between Al technical understanding and three other variables: Al ethics, self-regulated
learning, and Al-supported problem-solving. Based on that, the following three hypoth-
eses are formulated:

H1I: Al technical understanding significantly predicts Al ethics.

H?2: Al technical understanding significantly predicts self-regulated learning.

H3: Al technical understanding significantly predicts Al problem-solving.

2.4 Al critical appraisal
When it comes to using Al tools, several ethical concerns arise, including issues related
to privacy and data protection. Students’ use of Al-powered tools should be linked to
their ability to critically evaluate these aspects of Al usage [34], so several studies [20, 62,
63] have focused on the relationship between artificial intelligence and critical thinking.
Sardi et al. [20] point out that artificial intelligence tools positively impact critical think-
ing and self-regulated learning, which was confirmed in an empirical study by Shanto et
al. [63]. The authors argue that the use of ChatGPT enhances students’ cognitive abili-
ties, positively affecting their critical thinking skills [20, 63]. Conversely, a negative rela-
tionship between critical thinking and the use of artificial intelligence tools can also be
observed [64]. For example, Becirovi¢ et al. [46, 59, 60] identified a significant negative
relationship in the Austrian educational setting between the critical appraisal of Al and
the quality of Al output, as well as between critical Al appraisal and self-efficacy in Al
However, an insignificant association was noticed between critical Al appraisal and the
practical application of Al The current study aims to draw attention to the correct appli-
cation of artificial intelligence tools in the learning process, with the aim of minimizing
the potential threats associated with their use. Therefore, the following hypotheses are
proposed:

H4: Al critical appraisal significantly predicts Al ethics.

HS5: Al critical appraisal significantly predicts Al problem-solving

He6: Al critical appraisal significantly predicts self-regulated learning

2.5 Al practical application

Zawacki-Richter et al. [65] emphasize that the use of Al tools will become an integral
part of teaching in the coming decades. It is crucial to consider that the implementa-
tion of Al-powered technology requires substantial human oversight and control. Con-
sequently, educational institutions should ensure that students’ competencies in the
application of Al tools are appropriately aligned. Kamalov et al. [66] highlight that the
practical application of Al tools must be accompanied by Al literacy and an awareness of
the ethical implications of using Al tools.
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Previous research has explored the practical application of Al tools from various per-
spectives [11, 67, 68]. Pratama and Hastuti [68] found a positive impact of Al usage
on students’ writing skills. Bewersdorff et al. [11] suggested that educational strategies
should emphasize not only Al literacy but also the practical application of Al tools. A
similar conclusion and recommendations were made by Asirit and Hua [67], who, in
their study combining quantitative survey data with qualitative responses, highlight
the importance of teaching practical Al tool usage in schools. In this context, our study
focuses on the relationship between the practical application of Al tools and three other
variables: Al ethics, self-regulated learning, and Al-supported problem-solving. Taking
that into account, the following hypotheses are proposed:

H?7: Al practical application significantly predicts Al ethics.

H8: Al practical application significantly predicts Al problem-solving.

H9: Al practical application significantly predicts self-regulated learning.

2.6 Al ethics

The application of Al technologies raises several ethical concerns, including data secu-
rity and privacy, transparency, and the morality of Al use [69]. Al ethics can be defined
as a set of rules and standards that users should follow to avoid potential unlawful
behavior while using AI models [69]. Numerous studies have already been conducted on
Al ethics (e.g., [3, 26, 27, 47, 70-72]). By investigating the effects of AI models in class-
rooms, Tang and Su [72] explore the ethical concerns associated with using Al tools.
Kajiwara and Kawabata [70] highlight specific benefits of using chatbots in teaching
while adhering to ethical principles. Other studies have addressed the issue of Al ethics
in general [27] or within student environments [26, 59, 71]. Wang et al. [47, 48] exam-
ine the ethics of Al use from three perspectives: ethical awareness, critical evaluation,
and Al for social good. They point out the necessity of including education about the
ethical use of Al in the curriculum [47, 48]. Alam [26] proposes a curriculum for stu-
dents divided into four areas: safety, fairness, privacy, and Al ethics. He underscores that
students should be well-versed not only in the technical aspects but also in the ethical
issues surrounding Al technology. Ranade and Saravia [71] present a three-level frame-
work (institutional, course, and instructional levels) for implementing Al ethics in edu-
cation. They argue that a systematic approach to Al pedagogy is crucial for enhancing
students’ skills in AI ethics. The European Union is also paying increasing attention to
the ethical use of artificial intelligence in school education. The legal framework for this
effort is provided by the EU Artificial Intelligence Act (European [73]) and the Ethics
Guidelines for Trustworthy AI [74]. This legislation, adopted at the European level, high-
lights the importance of using Al in a trustworthy manner based on the following key
dimensions: legality, by ensuring compliance with EU law; by upholding fundamental
ethical principles; and social responsibility, by considering the broader impact on society
and the educational environment [75]. From the perspective of Al ethics, the following
hypotheses are proposed:

H10: Al ethics significantly predict self-regulated learning.
H11: Al ethics significantly predict AI problem-solving.
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2.7 Al-supported problem-solving

Students’ use of Al tools is closely linked to their ability to solve complex problems in
the current Al era. They face various challenges during their studies, including numer-
ous projects and assignments [76]. Most of these tasks can be handled by Al tools, which
provide users with a variety of options rather than just one [77]. Several studies [77, 78]
have already examined the role of Al tools in problem-solving within educational con-
texts. For instance, Joksimovic et al. [79] investigate how Al-powered tools support the
solving of complex problems by reviewing previously published works, thereby provid-
ing a comprehensive overview of recent findings in this area. Urban et al. [77] studied
the impact of ChatGPT on complex problem-solving and showed that students’ col-
laboration with artificial intelligence, specifically ChatGPT, improves creative problem-
solving performance. Other studies in this field explore the connection between artificial
intelligence and problem-solving, either directly [78] or indirectly by assessing research
on critical thinking [62, 64, 76, 80]. According to Chen, Xiang et al. [81, 82], the relation-
ship between Al problem-solving and self-regulated learning is closely linked to learners’
help-seeking strategy, based on which students decide whether to use human sources
when searching for information, or alternative methods, including artificial intelligence
tools. Their findings indicate that learners” help-seeking processes differ significantly
when using a large-language model (LLM) like ChatGPT compared to a human expert.
When learners seek help from ChatGPT, their sequences of activity form non-linear pat-
terns. In contrast, with a human expert, learners more often follow linear help-seeking
models. In this context, we propose the final hypothesis:

H12: Al problem-solving significantly predicts self-regulated learning.

2.8 Self-regulated learning

Self-regulated learning is defined as students’ ability to purposefully set goals within
their academic scope while making conscious decisions that reflect on their assign-
ments and contribute to gaining educational experiences [38]. This concept has con-
sistently attracted significant attention within the academic community. Consequently,
recent research has indicated a positive impact of Al use on self-regulated learning
[20]. In a similar vein, Lai [18] examined the relationship between self-regulated learn-
ing and the use of chatbots as Al tools that provide users with answers to a wide range
of questions. In his work, Lai [18] describes not only the extent of this connection but
also the methodologies and mechanisms through which interactions with chatbots can
positively affect students’ learning processes and educators’ teaching methods. The inte-
gration of Al into the learning process is also explored by Kong and Yang [83]. Their
research, conducted within the Chinese educational context, emphasizes the use of suit-
able methods for integrating Al tools to enhance not only student concentration but also
overall engagement in learning, thereby optimizing their learning satisfaction [83]. Self-
regulated learning has been further investigated in studies examining how personality
traits influence students’ self-regulated learning performance when learning with Chat-
GPT [60]. In parallel, Dahri et al. [84] explored the effects of using AI-powered tools on
educators’ self-regulated learning. Their findings reveal that a significant proportion of
teachers hold positive perceptions of artificial intelligence, particularly ChatGPT, as a
learning tool [84].
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3 Methods

3.1 Participants

The current study involved 531 students from the Bratislava University of Economics
and Business (EUBA). The participants were randomly selected, and their participation
was voluntary EUBA is the largest public university in Slovakia, focused on econom-
ics, business, management, marketing, and economic diplomacy. The university com-
prises seven faculties and maintains strong international partnerships, participating in
Erasmus +, Horizon Europe, and other strategic initiatives. EUBA is part of the global
business education network AACSB [85] and holds HRS4R [86] certification. As part
of the European project ENRICH (Enhancing Teaching and Research through Innova-
tive Digital Technologies), the participants were selected using convenience sampling,
the most common form of nonprobability sampling [87]. Convenience sampling has its
advantages and disadvantages. Since this study was funded by the European Commis-
sion initiative, it had to adhere to the project's guidelines, which affected the sampling
method. Still, “non-probability convenience samples are the standard within develop-
mental science, and likely will remain so” ([88], p. 13), and “most research is conducted
on convenience and purposive samples that may be randomly or non-randomly drawn”
([89], p- 86). In this case, developmental science refers to the use of Al in education,
an emerging area in teaching and learning. Additionally, convenience sampling is used
when “either time or resources are in short supply” ([90], p. 3). The European ENRICH
project determined both the time and the resources, and, since most research is con-
ducted on convenience and purposive samples [89], despite their known limitations, this
study offers valuable theoretical and practical contributions.

With a mean age of 21.2 and a standard deviation of 2.16, the participants ranged
in age from 17 to 37. This study comprised 342 female (64.4%) and 186 male students
(35%), with two individuals (0.4%) choosing not to declare their gender and one student
(0.2%) selecting the “other” category. The research sample included students from the
following fields of study: International Economic Relations (N=266; 50.7%), Economic
Diplomacy (N=119; 22.5%), International Business (N=90; 17.2%), Accounting (N=18;
3.4%), Data Science (N=10; 2%), Accounting and Auditing (N=7; 1.3%), Economic
Informatics (N=7; 1.3%), and 14 students in other academic fields (2.8%). Furthermore,
the study sample comprised 207 first-graders (39%), 83 s-graders (15.6%), 92 third-grad-
ers (17.3%), 61 fourth-graders (11.5%), 85 fifth-graders (16%), and 3 PhD students (0.6%).
The comprehensive descriptive analysis of the study participants is displayed in Table 1.

3.2 Instruments and procedures

An online survey was used to collect data. The survey began with questions regarding
students’ demographic characteristics, including gender, year of study, usage of Al types
of Al-powered technologies used, field of study, and age. The rest of the survey com-
prised statements with a Likert scale with seven points, with seven indicating strong
agreement and one strong disagreement. The survey included the following variables:
Al technical understanding, Al ethics, the practical application of Al, Al-supported
problem-solving, Al critical appraisal, and self-regulated learning. Validated scales were
used to investigate these factors. Cronbach’s alpha was employed to assess the reliabil-
ity of the data. The reliability test indicated that each Cronbach’s alpha coefficient was
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Table 1 Descriptive analysis of the study sample and Al-powered tools used

Categories Classification N %
Male 186 35
Female 342 64.4
Gender Other 1 0.2
Prefer not to say 2 04
First 207 39
Second 83 15.6
Year of the study Third 92 17.3
Fourth 61 11.5
Fifth 85 16
Doctorand 3 06
Yes 515 97
Al Use No 16 3
ChatGPT only 226 426

All other single tools (e.g., Claude, Deep Al, DeepSeek, Per-
plexity, Scholarcy) were each used by 0.2-0.4% of students
(1-2 respondents each)

ChatGPT + Gemini 62 11.7
ChatGPT + Grammarly 48 9
Al Tools ChatGPT + Gemini+Grammarly 37 7
ChatGPT + Perplexity 17 32
ChatGPT + DeepSeek 11 2.1
ChatGPT + DeepSeek + Grammarly 4 8
ChatGPT + Perplexity + Grammarly 9 1.7
ChatGPT + Gemini + Perplexity 4 8
= 30 other unique small-n combinations (each < 0.4%)
International Economic Relations 266 50.7
Economic Diplomacy 119 225
International Business 90 17.2
Field of Study Accounting 18 34
Data Science 10 2
Accounting and Auditing 7 13
Economic Informatics 7 1.3
Other 14 28
Total 531 100

Table 2 Instruments for data collection and reliability coefficients

No. Variables included in the study Cronbach’s Sources of the instruments
1 Al Technical Understanding (AITU) 0.953 Laupichler et al. [34]

2 Al Critical Appraisal (AICA) 0932 Laupichler et al. [34]

3 Al Practical Application (AIPA) 0.884 Laupichler et al. [34]

4 Al Ethics (AIETH) 0.772 Carolus et al. [35, 36]

5 Al problem solving (AIPS) 0.927 Carolus et al. [35, 36]

6 Self-regulated learning (SRL) 0.853 Lietal [37]

acceptable, ranging from 0.77 to 0.95. All variables are presented in Table 2, along with
their reliability coefficients and corresponding sources.

The original survey was developed and validated in English. However, it was translated
into Slovak by bilingual experts, familiar with digital and Al technologies, to ensure a
complete understanding of the survey items because the participants were Slovak stu-
dents. Additionally, to verify translation accuracy, the Slovak version was reviewed by
the bilingual research team, which discussed, revised, and approved the translation.
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After this stage, the survey was back-translated into English. This back-translation was
compared with the original English version to identify discrepancies and clarify mean-
ing. Any differences noted were discussed and resolved collaboratively by the bilingual
research team. Finally, the Slovak survey was pilot-tested with a group of university
students at EUBA University, and necessary further refinements were made based on
their feedback regarding clarity. Such systematic, multi-stage approach ensured that the
translated instrument achieved both linguistic and conceptual equivalence [91].

Data were collected using Google Forms. Participation in the survey was voluntary,
and all students who met the inclusion criteria were invited to participate in the study.
Before data collection, ethical approval for this study was obtained from the Ethics
Committee of the Bratislava University of Economics and Business (Ref. no. EKEUBA-
RRP09103-03-V04-00523/4/2024). Additionally, prior to data collection, informed
consent was obtained from both the university administration and the students. The
questionnaire’s aims, instructions for completion, and information regarding volunteer
participation were outlined at the beginning of the survey. Students were informed that
they could withdraw from the study at any time. The participants completed the survey
in approximately 15-20 min.

3.3 Data analysis

The gathered data were analyzed using SPSS and AMOS, both versions 29.0. Means,
standard deviations, frequencies, and correlations were computed before testing the
proposed research model. Additionally, the reliability of the data was evaluated using
the Cronbach’s alpha reliability test, and skewness and kurtosis were calculated to test
the normality of the distribution. Confirmatory factor analyses (CFA) were performed
in order to evaluate the proposed research model [92]. The following indicators were
used to evaluate the goodness of model fit: x2/df, Tucker—Lewis index (TLI), stan-
dardised root mean square residual (SRMR), root mean square error of approximation
(RMSEA), and comparative fit index (CFI) [93]. Covariance-based structural equation
modeling (CB-SEM) was employed to examine the structural model after discriminant
and convergent validity, and an appropriate model fit was confirmed. SEM was selected
due to its ability to evaluate conceptualization models formed from previous theoreti-
cal inferences [94], to accurately forecast complex models [95], and to evaluate predic-
tion and estimation [96]. Furthermore, SEM is a strong statistical method that can find
connections in social science studies that other approaches could miss [95]. According
to Kosiba et al. [97], it is particularly well-suited to models incorporating second-level
constructs or model development, which fits perfectly with the conceptual model used
in this investigation.

4 Results

4.1 Descriptive and preliminary analysis

The vast majority of students use Al tools for educational purposes (N=515; 97%). The
predominant Al tool utilized by students, often in combination with other Al-powered
applications, is ChatGPT (N=510; 96%). Further analysis revealed that students most
frequently use only ChatGPT (N=226; 42.6%), followed by a combination of ChatGPT
with other tools such as ChatGPT + Gemini (N=62; 11.7%) and ChatGPT + Grammarly
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(N'=48; 9.0%), along with several lesser-used combinations. A detailed description of the
Al-powered tools is presented in Table 1.

Since we used Google Forms for data collection, and all survey fields were mandatory,
there were no missing data. Some outliers were identified using the Mahalanobis dis-
tance (D?), but they remained within the acceptable range and showed no evidence of
systematic error. Thus, we could not find any “demonstrable proof [that] indicates that
they are truly aberrant and not representative of any observations in the population”
([98], p. 91). For this reason, we did not exclude any cases from the data set. Similarly,
data entry errors and other third-party influences were unlikely because we relied on an
automated survey tool.

All variables showed skewness and kurtosis values within the widely accepted thresh-
olds (skewness: — 3 to + 3, kurtosis: — 10 to + 10). The observed values ranged from - 0.620
to 0.302 for skewness and-0.719-0.334 for kurtosis, suggesting that the distribu-
tions of these variables were approximately normal (Table 3). The mean values of the
variables under study ranged from 3.18 to 5.30, while the standard deviations varied
between 1.11 and 1.36. As shown in Table 3, the participants recorded the lowest scores
in Al technical understanding (M =3.18; SD=1.36), indicating a relative deficiency in
their familiarity with the technical aspects of Al technology. The score on Al techni-
cal comprehension indicates a need to enhance participants’ knowledge and exper-
tise in these technical aspects. In contrast, the participants achieved the highest score
in Al ethics (M =5.30; SD=1.11), which shows their relatively strong consideration of
ethics when using Al tools. Students attained a moderate score in self-regulated learn-
ing (M =4.29; SD=1.18) and a moderate-to-high score in Al critical appraisal (M =5.04;
SD=1.20), which implies that they engage in critical evaluations of Al use in their learn-
ing processes. The overall mean score of 4.96, with a standard deviation of 1.18, indicates
moderate-to-high engagement with Al technologies for their studies. The use of AI tech-
nologies often addresses diverse issues, as evidenced by their moderate-to-high score
(M=5.03; SD=1.26) on the Al problem-solving scale.

All relationships among the examined constructs are significant and positive (each
p<0.001), as shown by the Pearson correlation test (Table 3). The strongest correla-
tion, r=0.64, 95% CI [0.59, 0.69], was found between Al critical appraisal and Al prac-
tical application, indicating that participants critically assess and identify appropriate

Table 3 Descriptive findings, correlations, and normality distribution

No Variables Mean SD Skewness Kurtosis 1 2 3 4 5 6
1 AITU 318 136 0302 -0.719 1 042" 0477 019" 0337[025 028"
[035 1[04, [011, 04] [0.19, 0.35]
049] 053] 027]
2 AICA 504 120 —0475 0.029 1 064" 042" 0307[022, 016"
(059, [0.35 0.38] [0.076,
069] 049] 0.24]
3 AIPA 496 118 —0308 —0.201 1 038" 05271046, 023"
[031, 0.58] [0.15,0.31]
045]
4 AETH 530 111 -0538 0338 1 02171013, 029"
0.29] [0.21,0.37]
5 AIPS 503 126 —0620 0324 1 021"
[0.12,0.29]
6 SRL 429 118 -0315 —0.295 1

", Correlation is significant at the 0.01 level (2-tailed); *. Correlation is significant at the 0.05 level (2-tailed)
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contexts for utilizing Al technologies in their learning endeavors. The second strongest
correlation, moderate in nature, r=0.52, 95% CI [0.46, 0.58], was observed between Al
practical application and Al problem-solving, suggesting that students are very recep-
tive to using AI technologies to address various problems they encounter. Moderate and
significant correlations were revealed between Al technical understanding and Al prac-
tical application, r=0.47, 95% CI [0.4, 0.53], implying that the use of Al tools increases as
participants enhance their technical comprehension of these technologies. Interestingly,
a small, yet significant, relationship was found between self-regulated learning and all
other measured variables, with values ranging from 0.160 to 0.289. Detailed information

regarding the correlations among all measured variables is presented in Table 3.

4.2 Measurement model evaluation

The multivariate normality of the gathered data was assessed using Mardia’s test. The
results indicated a significant multivariate skewness b, , = 2.77, 2z = 245.28,p < 0.001,
as well as a significant multivariate kurtosis b2 , = 52.65, z = 5.47,p < 0.001. These find-
ings suggest that the assumption of multivariate normality was violated. Due to violation
of multivariate normality, robust maximum likelihood (ML) estimation was employed,
using bootstrap confidence intervals.

We conducted a confirmatory factor analysis (CFA) to evaluate the measurement
model. Based on each item’s standardized estimate (SE), shown in Table 4, the CFA
results show that each item had acceptable loadings and, thus, significantly contributed
to explaining its corresponding construct. However, several standardized loadings were
below the recommended threshold of 0.70, specifically: AITU14 (0.670), AICA1 (0.624),
AICA2 (0.658), AICA10 (0.690), AIPA5 (0.605), AIPA6 (0.695), AIETH1 (0.577), AIPS6
(0.575), and AIPS7 (0.604). The indicator reliability (loading®) values for these items
ranged between 0.33 and 0.48, meaning that approximately 33—48% of the variance in
these indicators is explained by their respective latent constructs, and suggesting mod-
erate contribution to their respective latent variables. Although below the ideal recom-
mended threshold of standardized loadings of 0.70, these items were retained due to
their theoretical relevance, average variance extracted (AVE >0.50) values, and the satis-
factory composite reliability (CR >0.70) observed for all constructs [98].

RMSEA (root mean square error of approximation), TLI (Tucker-Lewis index), the
x2 value, degrees of freedom, and CFI (comparative fit index) are sufficient indica-
tors to consider when assessing a model [93]. Carmines and Mclver [99] asserted that
a minimum fit function (x2) and a ratio of x2 to its degrees of freedom (2/df) with a
value of less than 3.0 are indicative of a good fit. With a score of x2=1823.005 and x2/
df=2.122, the measurement model employed in this research satisfied the criteria men-
tioned above. An RMSEA of 0.03 to 0.08 with 95% confidence is deemed satisfactory
by Hair et al. [93]. Thus, this assessment model’s output produced adequate scores with
RMSEA =0.045, 90% CI [0.043, 0.048], and PCLOSE =0.997 as well. The measurement
model’s TLI=0.937 and CFI=0.943 were both higher than 0.90, suggesting a satisfactory
fit [100]. An SRMR (standardized root mean residual) score of less than 0.09 indicates a
well-fitting model [93], and the model’s test results, which came in at 0.0568, meet this
criterion. The indicators listed above demonstrate that the measurement model used in
this investigation provided a good fit to the data.
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Table 4 The outcomes from the measuring model

Variables Items USE SE t-Value P
AITU1 0.972 0.743 15.639 Hxx
AITU2 0.976 0.762 15.986 Fxx
AITU3 0.978 0.758 15.891 o
AlTU4 0.975 0.736 15416 e
AITUS 1.012 0.795 15.468 Hrx
AITU6 1.115 0.771 16.142 o

Al Technical Understanding (AITU) AITU7 1.149 0.815 16.933 Hrx
AITU8 1.039 0.752 15.804 o
AITU9 1.211 0.851 17.532 oxx
AITU10 1.057 0.743 15.649 o
AITUT1 1.072 0.771 16.155 o
AITU12 1.136 0.826 18.222 oo
AITU13 1.078 0.763 15.978 o
AITU14 1.000 0.670
AICAT 1.091 0.624 13458 o
AICA2 1.136 0.658 14.132 o
AICA3 1.196 0.737 15716 e
AICA4 1171 0.791 16.810 o

Al Critical Appraisal (AICA) AICAS5 1.123 0.760 16.213 e
AICA6 1.248 0.769 16.396 e
AICA7 1.211 0.828 17.533 o
AICA8 1.221 0.816 17.265 oex
AICA9 1.309 0.809 17.124 Frx
AICATO 1.000 0.690
AIPAT 1.000 0.750
AIPA2 1.043 0.796 20913 Hrx

Al Practical Application (AIPA) AIPA3 0.897 0.748 16.233 e
AlPA4 1.059 0.782 17.256 e
AIPAS 0.637 0.605 13.291 o
AlIPA6 0.841 0.695 15459 o
AIETH1 1.000 0.577

Al Ethics (AIETH) AIETH2 1.656 0.793 12.297 o
AIETH3 1.701 0.830 12337 e
AIPST 1.000 0.854
AIPS2 1.110 0.903 32976 ox
AIPS3 1.051 0.921 29.048 e

Al problem solving (AIPS) AIPS4 1.028 0.896 27.924 e
AIPS5 0.853 0.742 20.022 oxx
AIPS6 0.691 0.575 14.350 Frx
AIPS7 0.833 0.604 15.290 o
SRL1 0.922 0.691 12.730 o

Self-regulated learning (SRL) SRL2 0.937 0.731 13.118 e
SRL3 0.972 0.774 14.682 o
SRL4 1.000 0.757

USE unstandardized estimates; SE standardized estimates; CR composite reliability; AVE=average variance extracted;

***=<0.01

To assess multicollinearity, we computed variance inflation factor (VIF) values. As
per established guidelines [98], VIF values below 5 indicate no serious multicollinearity
issues. In our analysis, all VIF scores ranged from 1.10 to 2.24, with none exceeding the
threshold of 5, confirming the absence of multicollinearity concerns (Table 5). Conver-
gent validity for each construct was assessed using AVE and CR. In this study, all AVE
values (0.536-0.635) exceeded the recommended threshold of 0.50, and all CR values

Page 14 of 32
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Table 5 Validity analysis (Convergent and discriminant)

Construct CR AVE MSV MaxR(H) VIF AIPS AITU AICA AIPA AIETH SRL
AIPS 0.922 0635 0343 0.950 1.18-1.40 0.797

AlTU 0953 0592 0339 0955 1.34-139 0370 0.769

AICA 0928 0564 0460 0934 1.76-1.88 0359 0425 0.751

AIPA 0873 0536 0460 0.881 1.75-2.24 0586 0582 0678 0.732

AIETH 0.782 0550 0229 0815 1.31-133 0250 0222 0479 0433 0.742

SRL 0828 0546 0.102 0830 1.10-116 0112 0241 0164 0179 0320 0.739

CR Composite Reliability; AVE Average Variance Extracted; MSV Maximum Shared Variance; VIF Variance Inflation Factor.
Benchmarkcriteria: CR>0.70 indicates adequate internal consistency; AVE > 0.50 indicates convergent validity; discriminant
validity is achieved when MSV < AVE [126]. VIF < 5.0 indicates the absence of multicollinearity [98]. All constructs meet the
recommended thresholds, confirming satisfactory reliability and validity

Table 6 Heterotrait-Monotrait (HTMT) Ratios for Discriminant Validity

Construct AITU AICA AIPA AIETH AIPS
Al technical understanding (AITU) -

Al critical appraisal (AICA) 0.370 -

Al practical application (AIPA) 0.550 0.710 -

Al ethics (AIETH) 0.230 0.500 0480 -

Al problem solving (AIPS) 0.390 0.330 0.720 0.260 -
Self-regulated learning (SRL) 0.250 0.160 0.190 0335 0.120

Discriminant validity requires HTMT of < 0.85 (strict) or <0.90 (lenient) [101]

(0.782-0.953) surpassed the suggested threshold of 0.70 [98] (Table 5). These results
affirm that all constructs meet the criteria for convergent validity (AVE>0.50 and dem-
onstrate adequate internal consistency (CR>0.70. To evaluate discriminant validity, the
squared correlations between constructs were compared with the AVE values; in each
case, the AVE values exceeded the squared interconstruct correlations (Table 5), con-
firming discriminant validity (Fornell-Larcker, 1981). Additionally, discriminant validity
was assessed using HTMT (Heterotrait-Monotrait) values, which showed that all con-
struct pairs are below the strict threshold of 0.85, further confirming discriminant valid-
ity (Table 6). This supports the Fornell-Larcker (1981) discriminant validity results by
ensuring that constructs are distinct [101]. In conclusion, the results of the reliability
and validity analyses (Tables 5 and 6) indicate that all constructs had satisfactory internal
consistency (CR>0.70) and convergent validity (AVE >0.50). At the same time, discrimi-
nant validity was also demonstrated (MSV < AVE and HTMT o0f<0.85).

Beyond numerical adequacy presented above, the findings indicate that the three
dimensions of Al literacy, namely technical understanding, critical appraisal, and prac-
tical application, are empirically distinct, yet conceptually interconnected. This aligns
with the theoretical premise that Al literacy comprises multiple complementary skills
that collectively enable meaningful engagement with AI technologies. While Al literacy
is theorized as a higher-order construct, the empirical model in this study considers the
three dimensions as first-order constructs to ensure that each dimension independently
satisfies reliability and validity criteria before evaluating their higher-order structure.
Therefore, the results affirm both the empirical independence and the theoretical coher-
ence of the three dimensions, reinforcing Al literacy as a multidimensional concept.

4.3 Structural model and hypothesis testing
Model fit indices of the structural model showed acceptable fit based on established
benchmarks [98, 102], with x*/df=2.122, TLI=0.937, CFI=0.943, RMSEA =0.045 (90%
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CI [0.043, 0.048]), PCLOSE =0.997, and SRMR =0.0568. The CFI and TLI values exceed
the conventional cutoff of 0.90, and the RMSEA is below the recommended threshold
of 0.06, which is consistent with the acceptable model fit. The 90% confidence interval
around the RMSEA suggests a precise estimate, with the lower bound near zero and the
upper bound well below the 0.08 threshold, confirming reasonable approximation error.
Considering the p<0.05 level for significance, five out of twelve hypotheses (Table 7)
were supported (H2, H4, H7, H9, and H10), whereas seven were refuted (H1, H3, H5,
H6, H8, H11, and H12).

The findings of the structural model demonstrated that Al technical understanding
significantly predicted self-regulated learning (B =0.229, p=0.002) (H2), but not Al eth-
ics (H1) (B=-0.034, p=0.265) and Al problem-solving (H3) (f =0.048, p=0.362). Mean-
while, Al critical appraisal (H4) significantly predicted Al ethics (f=0.247, p<0.001), but
its relationships with self-regulated learning (H5) (B=-0.056, p=0.607) and Al prob-
lem-solving (H6) (B=-0.012, p=0.240) were not significant. Al practical application
significantly affected Al ethics (H7) (=0.129, p=0.012) and AI problem-solving (H9)
(B=0.604, p<0.001), but its relationship with self-regulated learning (H8) was not signif-
icant (f=-0.060, p=0.605). Additionally, there was no significant relationship between
AT ethics and Al problem-solving (H11) (B=0.028, p=0.798), although AI ethics sig-
nificantly impacted self-regulated learning (H10) (=0.590, p <0.001). Finally, AI prob-
lem-solving (H12) was an insignificant predictor of self-regulated learning (=0.000,
p=0.992). Table 7 displays all relationships among the measured constructs.

The study model identified three endogenous factors (Fig. 2): Al ethics, Al problem-
solving, and self-regulated learning. The first variable, AI ethics, showed limited predic-
tive strength, accounting for 25.4% of the variance (R?=0.25) and being explained by Al
technical understanding, Al practical application, and AlI critical appraisal. AI problem-
solving demonstrated moderate explanatory power, accounting for 34.8% of the variance

Table 7 The findings of testing hypothesized associations
Hypotheses Predictor Relati Criterion  Estimate Bias-Cor- Bias- p Label
variables onships variables rected  Corrected
95% CI 95% Cl
Lower Upper

H1 AITU - AIETH -0.034 -0.100  0.025 0.265 Not
Supported
H2 AITU - SRL 0.229 0.090 0374 0.002 Supported
H3 AITU - AIPS 0.048 -0.057 0.143 0.362 Not
Supported
H4 AICA - AIETH 0.247 0.119 0.386 xex Supported
H5 AICA - SRL —-0.056 -0.257 0158 0.607 Not
Supported
H6 AICA - AIPS -0.102 -0278 0067 0.240 Not
Supported
H7 AIPA - AIETH 0.129 0.029 0.241 0.012  Supported
H8 AIPA - SRL —-0.060 -0297 0171 0.605 Not
Supported
H9 AIPA - AIPS 0.604 0431 0.794 Fx Supported
H10 AIETH - SRL 0.590 0.345 0.888 xx Supported
H11 AIETH - AIPS 0.028 -0.191 0.228 0.798 Not
Supported
H12 AIPS - SRL 0.000 -0.136  0.144 0992 Not
Supported

™=<0.001; p<0.05
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Fig. 2 The findings of the hypothesized relationships

(R?=0.35), with Al critical appraisal, Al practical application, Al technical understand-
ing, and Al ethics as explanatory factors. Furthermore, self-regulated learning dem-
onstrated a low predictive strength with 13.7% of the variance (R*=0.14) explained by
Al practical application, Al problem-solving, Al technical understanding, Al critical
appraisal, and Al ethics. These results indicate that while the model provides meaning-
ful insights into the relationships among the constructs, the overall explanatory power
remains limited, suggesting that additional factors are likely to contribute to the predic-

tion of these endogenous variables.

5 Discussion

This study examined the impact of students’ Al literacy on their ethical issues reasoning
regarding the use of Al-powered tools, their Al-assisted problem-solving abilities, and
their self-regulated learning practices. It specifically evaluated how various aspects of Al
literacy, such as Al technical understanding, Al critical appraisal, and practical imple-
mentation of Al, influence students’ Al ethics, their experiences in using Al tools for
problem-solving, and self-regulated learning. The upcoming sections discuss the find-
ings in the context of higher education and relevant academic research.

5.1 Supported hypotheses

As shown in Table 7, the structural model revealed several statistically significant
relationships. Al technical understanding was a significant predictor of students’ self-
regulated learning (f=0.229, p=0.002). In addition, AI critical appraisal significantly
predicted AI ethics (p=0.247, p<0.001), as did Al practical application (f=0.129,
p=0.012). Al practical application also exerted a significant effect on Al-supported
problem-solving ( =0.604, p<0.001). Finally, Al ethics was significantly associated with
self-regulated learning ( =0.590, p <0.001).

The findings revealed that students’ technical understanding of Al significantly pre-
dicts their self-regulated learning (H2). This implies that students with more experience
using Al technology and a deeper understanding of Al concepts, such as the functional-
ity of algorithms, artificial neural networks, and the fundamental principles of machine
learning, exhibit a greater capacity to manage, monitor, and adapt their learning expe-
riences when utilizing AI tools. Similarly, this relationship indicates that a strong
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technical comprehension among students reduces their uncertainty [3-5] and the cog-
nitive burden associated with using Al-enhanced tools. As a result, these students are
better equipped with the understanding, knowledge, and experience to make informed
and independent decisions in their learning processes, including setting goals, assess-
ing outcomes, and modifying strategies as needed. A range of studies consistently sup-
port this view, showing that deeper technical understanding and feedback from Al tools
foster students’ confidence and autonomy in managing their learning [18, 20, 83]. Fur-
thermore, even though many students lack formal education in AI, which also applies to
our participants studying non-technical fields like economics, management, or business,
the majority of them can effectively utilize Al tools, relying on hands-on experience and
an intuitive understanding of how these tools operate. Having even only a basic under-
standing of how algorithms work, how recommendations are formed, and the limita-
tions of models is sufficient to enhance students’ ability to engage with AI feedback and
improve their learning autonomy. This observation aligns with prior research showing
that even a limited, yet practical understanding of Al, can meaningfully support autono-
mous learning, particularly when integrated into well-supported and ethically grounded
educational environments [19, 103]. Self-Determination Theory [23] offers a framework
for understanding how students' perceived competence and autonomy may influence
their use of learning technologies, and can help interpret these findings. According to
this perspective, a deeper technical understanding of Al can reflect a stronger sense
of competence, while the ability to apply this knowledge independently represents an
expression of autonomy in learning. Rather than implying a causal process, SDT pro-
vides a conceptual background for explaining why students who feel more capable and
self-directed in using Al tend to display higher self-regulatory behaviour.

The findings indicate that both AI critical appraisal (H4) and AI practical application
(H7) are significant predictors of Al ethics, underscoring two complementary aspects
of students’ development of ethical approaches to utilizing AI tools. These two predic-
tors are closely linked and cannot be easily distinguished from one another. Therefore,
practical application is not merely a technical skill; it also serves as a cognitive frame-
work that fosters the ability to assess the ethical implications of Al technologies. The
results suggest that the capacity of higher education students to appraise Al critically
significantly predicts their ethical implications related to Al usage. Our results align with
Wang et al. [47, 48], who argue that students with a greater ability to critically evaluate
AT are more proficient at recognizing ethical concerns and exploring the societal conse-
quences of Al usage. Similarly, Ferhataj et al. [104] reveal that practical experience with
Al technologies enhances understanding of AI’s ethical implications and significantly
influences students’ support for ethical governance. However, our findings are in con-
trast to those reported by Dobrovskd et al. [105], who suggest that students are gener-
ally familiar with the practical Al application, indicating that a substantial number of
students rarely or never consider ethical aspects in their use of Al Several studies have
indicated that attitudes toward ethical usage and practical application of Al differ among
university student population, with notable gender and cultural variations. For instance,
Australian and Chinese students differ in their perceptions of academic integrity [106],
while female students tend to prioritize legal compliance and data security more than
their male counterparts [69]. However, our hypotheses did not address gender and cul-
tural differences in the relationship with Al critical appraisal, practical application, and
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ethics. From the SDT perspective [24, 25], this relationship can also be interpreted as an
instance of value internalization, where students’ critical engagement with Al and their
responsible application of such tools reflect self-endorsed, autonomous forms of regula-
tion. In this view, competence and autonomy are not causal determinants but conceptual
dimensions that help interpret how students integrate ethical reasoning into their learn-
ing practices.

Our findings indicate that the practical application of Al has a significant impact on
Al- supported problem-solving (H9), suggesting that students proficient in Al use are
more likely to employ it for problem-solving in their studies. This means that students
are more inclined to utilize Al technology to effectively address real problems in per-
forming their academic tasks. Our results align with a growing body of research demon-
strating how integrating Al into education can enhance students’ problem-solving skills.
In line with previous research [77, 107—-109], our study showed that integrating Al into
problem-based learning environments enhances students’ creative and interdisciplinary
problem-solving abilities.

The relationship between Al ethics and self-regulated learning represents an emerging
area of research interest. A recent paper by Tang and Su [72] discusses whether incor-
porating ethical aspects into Al education enhances students’ autonomy and regulation
of their learning processes by increasing their awareness of the ethical implications of
Al models in the classroom. Our findings confirm the hypothesis that Al ethics is a sig-
nificant predictor of self-regulated learning (H10), illustrating a positive relationship
between Al ethical approaches and students’ ability to adapt their learning behaviors.
This suggests that students who consider the ethical dimensions of Al technology exhibit
higher levels of reflexivity and value-oriented reasoning, which are foundational cogni-
tive skills for self-regulated learning. Furthermore, ethical reasoning about AI necessi-
tates critical thinking and the ability to evaluate complex situations, both of which are
essential capabilities for self-regulation when planning learning, identifying strategies,
or seeking feedback. This association also resonates with the interpretive logic of SDT
[24], which emphasizes that learning behavior grounded in internalized values is more
likely to be autonomously regulated. Within this framework, ethical awareness may be
viewed as an interpretive indicator of moral autonomy rather than a direct predictor
of self-regulation—students’ reflective engagement with ethical dimensions of Al illus-
trates how internal motivation can manifest in self-directed learning behavior.

5.2 Unsupported hypotheses
As presented in Table 7, several hypothesized structural paths were not statistically sig-
nificant. Specifically, Al technical understanding did not significantly predict Al ethics
(B=-0.034, p=0.265) or Al problem-solving (=0.048, p=0.362). Likewise, Al criti-
cal appraisal was not significantly associated with self-regulated learning (f=-0.056,
p=0.607) or Al problem-solving (p=-0.102, p=0.240). Al practical application also did
not demonstrate a significant effect on self-regulated learning (B=-0.060, p=0.605).
Finally, neither Al ethics significantly predicted Al problem-solving (f =0.028, p=0.798)
nor did Al problem-solving significantly predict self-regulated learning ([3=0.000,
p=0.992).

Our findings reveal that Al technical understanding does not significantly predict Al

ethics (H1), suggesting that technical expertise alone is insufficient to ensure students’
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ethical use of Al tools. This result is also reflected in the descriptive statistics, which
show M =3.18 for AI Technical Understanding and M =5.30 for Al Ethics. Such a pat-
tern indicates that students tend to perceive themselves as ethically aware even when
their technical comprehension of Al remains limited. As several studies emphasize, ethi-
cal awareness tends to stem less from technical expertise and more from students’ intro-
spective and value-based understanding of technology [21, 22, 47, 48, 110]. Therefore,
students may not easily connect technical concepts with ethical reasoning if educators
do not make that connection explicit [111]. Consequently, they may overlook or mini-
mize ethical problems as secondary. Furthermore, it is important to note that since our
sample primarily consisted of students from non-technical fields, their understanding
of Al may have been limited or merely theoretical, which in turn constrained their abil-
ity to make significant ethical assessments. This underscores the need to incorporate Al
ethics into educational curricula, particularly through interdisciplinary approaches that
bridge the gap between technical understanding and ethical reflection [26, 71].

In contrast to predictions, there was no statistically significant impact of Al techni-
cal understanding (H3), Al critical appraisal (H6), or Al ethics (H11) on Al-supported
problem-solving. These findings suggest that while conceptual knowledge of Al, AI criti-
cal reflection, and ethical awareness of Al are essential components of Al literacy, they
do not directly translate into students’ readiness or motivation to use Al-powered tools
for solving problems in their academic tasks.

In light of the insignificant relationship between Al technical understanding and Al
problem-solving, the use of Al for problem-solving primarily depends on psychologi-
cal readiness rather than solely on technical knowledge [49, 112]. As Tang and He [113]
suggest, the perceived impact of using Al is a strong predictor of motivation to employ
Al tools in practice. Therefore, while conceptual knowledge of Al can be beneficial, stu-
dents can successfully use Al to solve problems even with minimal technical expertise if
they are sufficiently motivated, confident, and perceive Al as a useful tool [114]. Addi-
tionally, Al can assist students in generating solutions and structuring problems, which
reduces the significance of technical skills in addressing complex tasks [115, 116].

Regarding the insignificant impact of Al critical appraisal on Al problem-solving (H6),
our results are aligned with those presented in a recent study [3—5], suggesting that when
students critically assess Al tools, they may feel less confident in using Al to solve prob-
lems. However, these findings diverge from prior studies that identify critical evaluation
of Al technology as one of the pillars of competent Al use [1, 2, 34]. One potential expla-
nation for our results lies in the relative weight of affective and motivational variables.
Consistent evidence indicates that motivational factors such as psychological readiness,
confidence, and empowerment play a more decisive role in Al-based problem-solving
than cognitive reflection alone [49, 79]. However, advanced generative tools can tempo-
rarily “bridge” the need for critical judgment on the user’s part, especially if the student
is not sufficiently motivated or prepared to reflect on the quality of the solution [109,
115]. In such cases, the need to actively engage in cognitive processes of evaluating Al
output quality, consistency, and relevance is reduced [79, 117].

Although our findings did not confirm a significant relationship between students’
AlI ethics and Al problem-solving (H11), existing literature suggests that ethical aware-
ness, as one of the four pillars of Al literacy, may still play an indirect or contextual
role in shaping responsible Al use [1, 2, 112]. Proponents of the hypothesis base their
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arguments on frameworks that perceive ethical awareness as part of the broader concept
of psychological readiness and responsible use of Al technology. For example, Kong et al.
[78] state that effective problem-solving with AI tools depends on technical proficiency
and the ability to consider the social impacts and ethical consequences. Meanwhile,
there are convincing arguments that support our results. Above all, ethical reflection
has a regulatory or framing function in decision-making [118]. Ethical awareness may
encourage restraint or caution in the use of Al solutions, particularly if they raise ethical
concerns. However, such an attitude may not result in greater effectiveness or creativ-
ity in problem-solving. Additionally, these variables may not be significantly correlated,
especially if students do not encounter ethical dilemmas in their everyday use of Al for
routine tasks.

We hypothesized that the three variables, namely Al critical appraisal (H5), Al practi-
cal application (H8), and Al problem-solving (H12), significantly predict students’ self-
regulated learning. However, the empirical results did not support these hypotheses,
revealing an insignificant relationship between Al literacy and autonomous learning
behavior.

Although previous research highlights that AI-powered tools use improves metacog-
nition and critical reflection [16, 60, 76], these benefits do not automatically translate
into self-regulated learning outcomes (H5). As the literature suggests, passive knowledge
without reflective or goal-directed application may not trigger the behavioral dimen-
sions of generative Al [20]. According to Chang and Sun [119], while Al functions as
a metacognitive “mind tool” that fosters autonomous critical thinking and adaptable
learning roles, its impact depends on whether students actively engage in the cyclical
application of self-regulated learning phases. Moreover, recent research [120] reveals a
crucial distinction: self-regulated learning is significantly affected by whether the learn-
ing agency stays human-centered or shifts to an Al-centered approach. In this way, stu-
dents can evaluate Al tools critically while still depending on them in a manner that
limit their autonomy and thoughtful decision-making, which prevents self-regulated
learning cycles from being activated.

Similarly, regarding the relationship between AI critical appraisal and Al practical
application (H8), students’ practical application of AI does not necessarily predict their
ability to regulate their learning. While previous studies highlight that tools like Chat-
GPT provide personalized feedback and support student autonomy [18, 47, 48, 84, 119],
our findings suggest that knowledge and understanding of Al technology in external
contexts (e.g., Al recognition in language applications or intelligent assistants) may not
enhance internalized learning strategies. Practical knowledge of Al tools alone (e.g., “I
know where it is used”) is insufficient to support self-regulated learning unless students
actively utilize these tools to manage their cognitive and motivational states during the
learning process.

Although generative Al has been praised for supporting students in solving complex
problems and fostering interdisciplinary thinking [62, 64, 76, 80], our findings indicate
that the use of Al tools to address problems is not a significant predictor of self-regulated
learning (H12). One possible explanation is that this dimension reflects motivational
intention rather than specific behavior. Additionally, existing literature highlights that
overreliance on Al tools like ChatGPT may hinder independent problem-solving and
cognitive development if students become passive recipients of Al-generated content
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[38, 121, 122]. For instance, Fan et al. [17] introduced the concept of metacognitive lazi-
ness, describing how learners’ dependence on Al support can enhance short-term per-
formance while undermining metacognitive engagement and self-regulation. Similarly,
Chen et al. [81, 82] found that students interacting with ChatGPT exhibit less reflective
help-seeking behavior and skipped key phases of feedback evaluation compared to those
guided by human experts, suggesting that Al-mediated assistance may disrupt the natu-
ral cycle of metacognitive regulation. This means that students employ AI without ade-
quately regulating their own planning and learning processes, or independently selecting
their next strategies [117, 123]. However, generative Al, when used as a formative-iter-
ative tool that supports ongoing feedback and reflection, has the potential to enhance
students’ autonomy and self-regulated learning more effectively [81, 82].

These results might indicate the existence of contextual or motivational factors that
were not specifically modeled, even though a number of the examined relationships
lacked statistical support. The logic of Self-Determination Theory does not suggest a
direct causal mechanism; rather, it suggests that students' perceived autonomy and com-
petence may impact their ability to apply Al literacy through psychological prepared-
ness, confidence, or perceived utility of Al tools. According to this interpretation, the
non-significant paths might indicate that learning behavior is only impacted by AI lit-
eracy when these motivational dispositions are activated. In order to better understand
how students' motivational orientations influence the relationship between Al literacy,
problem-solving, and self-regulated learning, future research could expand on the cur-
rent framework by examining indirect or boundary mechanisms.

Overall, these results suggest that the motivational dimensions described by Self-
Determination Theory can serve as interpretive background for understanding the com-
plex interplay between students’ cognitive, ethical, and self-regulatory engagement with
Al tools. The findings imply that the dimensions of Al literacy—technical, critical, and
practical—represent behavioral expressions of perceived competence and autonomy.
However, these dispositions must be consciously activated through reflective and meta-
cognitive engagement to manifest in self-regulated learning.

6 Conclusion

6.1 Summary of the results

Our study found that aspects of Al literacy have significant effects on students’ autono-
mous learning practices. Specifically, an understanding of Al technology and AlI ethics
emerge as major predictors of self-regulated learning. Thus, technical knowledge and
value-based reflection might be considered crucial prerequisites for autonomy in Al-
enhanced learning environments, although prior studies have not sufficiently addressed
this critical aspect of learning. However, the model explains only 13.7% of the variance
in self-regulated learning, which provides an important insight. It suggests that Al liter-
acy components, while relevant, are not the primary drivers of self-regulated learning in
this student population. Rather, as indicated throughout the discussion, factors such as
psychological readiness, intrinsic motivation, and students’ broader metacognitive and
affective dispositions may play a more decisive role in activating self-regulatory behav-
iors. This finding reinforces the interpretive perspective adopted in this study, empha-
sizing that Al literacy contributes to autonomous learning only when accompanied by
psychological readiness and motivational engagement.
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Empirical data also confirmed that a critical assessment of Al, along with its recogni-
tion, identification, and basic understanding, plays a significant role in shaping ethical
approaches related to the use of Al technologies. The practical application of Al tools
serves as a cognitive framework, helping students understand the social implications of
using Al-powered tools. Similarly, identifying and applying Al technologies in daily life
and learning significantly influences students’ willingness and ability to leverage Al for
solving real-world problems.

Our research findings also revealed insignificant relationships among the constructs
examined. Thus, technical understanding of Al tools did not significantly influence Al
ethics, indicating that merely having technical knowledge does not automatically lead
to ethical considerations while using Al technologies. Likewise, Al problem-solving was
not significantly affected by AI technical understanding, Al critical appraisal, or Al eth-
ics. Additionally, Al critical appraisal, Al practical application, and Al problem-solving
did not significantly predict self-regulated learning, suggesting that not all components
of Al literacy and specific aspects of Al tools use translate equally into autonomous
learning behaviors. These findings imply that general awareness or the intention to use
Al-powered tools alone is inadequate to activate the cognitive, metacognitive, and moti-
vational dimensions necessary for self-regulated learning.

Our findings indicated that the distinct components of Al literacy differ in their capac-
ity to foster self-regulated learning. These differences likely depend on their underlying
psychological orientation—specifically, the degree of cognitive engagement and intrin-
sic motivation they elicit. Al technical understanding and Al ethics appear to stimulate
higher levels of self-motivation, autonomy, and metacognitive awareness, thereby sup-
porting students’ reflective and self-directed learning. In contrast, dimensions such as
practical application or problem-solving reflect more procedural or externally guided
engagement, which may involve lower psychological activation, and, thus, fail to trigger
autonomous learning behaviors. Without active reflection and motivational readiness,
these aspects may remain at the level of intention rather than translate into genuine self-

regulatory practice.

6.2 Study contributions and practical implications

The results of this study may enhance the existing literature on Al literacy by offering
new insights into the aspects of knowledge and engagement with Al-driven technology
that most effectively support students’ problem-solving, ethical use of Al, and self-regu-
lation in learning.

For teaching practice, our findings indicate that teaching Al should not be limited to
technical knowledge alone, but should be aligned with broader educational goals, such
as students’ abilities to plan their learning, assess their progress, problem-solving skills,
and adapt their strategies, i.e., self-regulated learning. In non-technical fields, such as
economics and business, students frequently utilize Al tools. However, they do not
always know how to incorporate these tools into their learning processes in a way that
enables them to learn independently and effectively and to employ Al ethically. There-
fore, they need support in using these technologies strategically and responsibly, for
example, to plan their studies, seek feedback, or evaluate their progress. For teachers,
this means that it is insufficient to teach students merely how to use AI; they must also
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demonstrate how it can support autonomous learning, pursue their own goals, and avoid
complete dependence on technology.

From an institutional policy perspective, educators and policymakers should imple-
ment interdisciplinary approaches that effectively link Al literacy to broader pedagogical
objectives, including metacognition, reflection, and responsible engagement with digi-
tal technologies and Al Particularly in non-technical fields like economics, business, or
management, focused support is essential to help students engage with AI functionally,
strategically, and ethically in their learning processes. Policymakers in higher education
should endorse the development of cross-disciplinary Al literacy programs. They should
also ensure that teacher training incorporates pedagogical approaches to the use of Al-
powered tools, and establish institutional strategies that encourage responsible and stra-
tegic Al technology use across all fields of study, not just in STEM areas.

In terms of learner engagement, the study highlights that enhancing Al literacy
involves more than just understanding how to utilize generative Al tools. It involves
understanding when, why, and how to utilize Al-powered tools in ways that enhance,
rather than replace, their own thinking, problem-solving, learning, and ethical judg-
ment. Students should be encouraged to engage with Al actively and reflectively, using it
as a means to strengthen self-awareness, critical reflection, and strategic learning. Fos-
tering self-awareness, critical reflection, and effective learning strategies when engag-
ing with AI technologies is crucial for achieving long-term academic success, including
enhancing digital and Al literacy and competencies in the era of Al technology.

6.3 Limitations and suggestions for further research
It is important to highlight several limitations of our study. Firstly, the research was con-
ducted at a single university and relied on convenience sampling, which may introduce
potential selection bias and limit the generalizability of the findings to other academic
contexts [88]. The institution’s culture and the structure of study programs can differ,
and influence how students perceive and utilize Al technologies in the learning process.
Secondly, the use of an online questionnaire as the data collection method entails certain
challenges. Some participants may have responded in ways they believed to be socially
acceptable rather than reflecting their true attitudes or behaviors [124]. This limitation
is particularly relevant for the high mean values observed in Al ethics and self-regulated
learning, which may partially reflect socially desirable self-perceptions rather than actual
ethical reasoning or autonomous learning behaviors. Anonymity and voluntary partici-
pation were ensured, but there is always a risk concerning the accuracy of the answers in
this type of data collection. Different individual interpretations of the questions posed
could also contribute to this issue. Finally, the study employed a cross-sectional design,
which did not permit tracking how these variables changed over time, a limitation that a
longitudinal approach could address. As students gain more experience, their digital and
Al skills improve, along with the technological complexity of AI-powered tools.
Furthermore, it is worth noting that the findings are based on students’ declarative
statements, rather than experimentally observed data. Future research could use behav-
ioral observation, experimental design, or longitudinal tracking to check how well self-
perceived Al literacy translates into problem-solving and actual autonomous learning
practices. In addition to longitudinal validation, mediation-focused analyses could pro-
vide deeper insights into the indirect mechanisms through which AI literacy affects
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problem-solving and self-regulated learning, for instance, via motivational or cognitive
engagement factors. To complement the self-reported design, future research could
adopt a performance-based instrument for assessing Al literacy, such as the recently
developed Generative Al Literacy Assessment Test (GLAT) by Jin et al. [125].

Moreover, cross-cultural or cross-institutional replications would further strengthen
the theoretical robustness of the findings, as cultural norms and institutional support
structures may influence how students perceive, use, and integrate Al technologies into
their learning processes. Future research may focus on collecting data from various uni-
versities to compare how institutional culture and curricula influence perceptions and
the use of Al technologies in learning. Given that technologies are continuously evolv-
ing and students are acquiring new digital and Al literacy and competencies over time,
longitudinal research is required to track the growth and effects of Al literacy on prob-
lem-solving strategies and self-regulated learning. Finally, our study did not include an
intra-group analysis to identify variations among students’ groups, such as by gender or
seniority. Therefore, future research should examine differences within student popu-
lations and analyze how these variations affect Al literacy and its impact on problem-
solving skills and self-regulated learning strategies.

Appendix
Research Instrument (with Slovak-translated Version).
Item Al Technical Understanding
AITU1 | can describe how machine learning models are trained, validated, and tested
Viem popisat, ako su modely strojového ucenia (machine learning) skolené, overované a testované
AITU2 | can explain how deep learning relates to machine learning
Viem vysvetlit, do akej miery hlboké ucenie (deep learning) savisi so strojovym ucenim
AITU3 | can explain how rule-based systems differ from machine leaning systems

Viem vysvetlit, ako sa systémy zalozené na pravidldch (rule-based systems) lisia od systémov strojového
ucenia (machine learning)

AlTU4 I can explain how Al applications make decisions
Viem vysvetlit, ako aplikdcie Al robia svoje rozhodnutia
AITUS I can explain how reinforcement learning’works on a basic level (in the context of machine learn-

ing). (Viem vysvetlit, ako ,posilriované ucenie * (reinforcement learning) funguje na zdkladnej Grovni (v
kontexte strojového ucenia)

AlTU6 | can explain the difference between general (or strong) and narrow (or weak) artificial intelligence
Viem vysvetlit rozdiel medzi vseobecnou (general) a Uzkou (narrow) Al

AITU7 I can explain how sensors are used by computers to collect data that can be used for Al purposes
Viem vysvetlit, ako su pocitacové senzory vyuZivané na zber ddt, ktoré mézu byt vyuZité na Ucely Al
AITU8 | can explain what the term ‘artificial neural network’ means
Viem vysvetlit, o znamend pojem ,umeld neurénovd siet ” (artificial neural network’)
AITU9 | can explain how machine learning works at a general level
Viem vysvetlit, ako strojové ucenie funguje na zdkladnej urovni
AITU10 | can explain the difference between “supervised learning”and “unsupervised learning” (in the

context of machine learning)
Viem vysvetlit rozdiel medzi ucenim s ucitelom (supervised learning) a ucenim bez ucitela (unsupervised
learning) (v kontexte strojového ucenia)

AITUT1 | can describe the concept of explainable Al
Viem popisat koncept vysvetlitelnej Al
AlTU12 | can describe how some artificial intelligence systems can act in their environment and react to

their environment
Viem opisat, ako sa niektoré systémy Al dokdzu sprdvat vo svojom prostredi a reagovat na svoje
prostredie
AITU13 | can describe the concept of big data
Viem popisat koncept big data
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Item

Al Technical Understanding

AlTU14

[tem
AICA1

AICA2

AICA3

AlCA4

AICAS

AICA6

AICA7

AICA8

AICA9

AICA10

[tem
AIPAT

AIPA2

AIPA3

AlPA4

AIPAS

AIPAG6

AIETH1

AIETH2

AIETH3

[tem
AIPST

AIPS2

AIPS3

| can evaluate whether media representations of Al (e.g., in movies or video games) go beyond
the current capabilities of Al technologies

Viem posudit, ¢i medidlne zobrazenia Al (napr. vo filmoch alebo videohrdch) presahuji sticasné
moznosti Al technoldgif

Al Critical Appraisal

| can explain why data privacy must be considered when developing and using artificial intel-
ligence applications

Viem vysvetlit, preco sukromie udajov musi byt brané do Gvahy pocas vyvoja a vyuzivania aplikdcii Al
| can explain why data security must be considered when developing and using artificial intel-
ligence applications

Viem vysvetlit, preco ochrana Udajov musi byt brand do Gvahy pocas vyvoja a vyuZivania aplikdcif Al
| can identify ethical issues surrounding artificial intelligence

Viem identifikovat problémy suvisiace s etikou ohladom Al

| can describe risks that may arise when using artificial intelligence systems

Viem opisat rizikd, ktoré by mohli vzniknut pri vyuzivani systémov Al

| can name weaknesses of artificial intelligence

Viem pomenovat slabé stranky Al

| can describe potential legal problems that may arise when using artificial intelligence

Viem popisat potencidlne prdvne problémy, ktoré by mohli vznikndt pri vyuzivani systémov Al

| can critically reflect on the potential impact of artificial intelligence on individuals and society
Viem kriticky uvazovat nad potencidlnym dopadom Al na jednotlivcov a spolocnost

| can describe why humans play an important role in the development of artificial intelligence
systems

Viem popisat, preco ludia zohrdvaju déleziti tlohu v rozvoji systémov Al

I can explain why data plays an important role in the development and application of artificial
intelligence

Som schopny vysvetlit, prec¢o Udaje zohrdvaju délezitu ulohu v rozvoji systémov Al

| can describe what artificial intelligence is

Viem vysvetlit, o je umeld inteligencia

Al Practical Application

| can name examples of technical applications that are supported by artificial intelligence
Viem uviest priklady technickych aplikdcii, ktoré si podporované Al

I can tell if the technologies | use are supported by artificial intelligence

Viem povedat, ¢i technoldgie, ktoré vyuzivam, su podporované Al

| can assess if a problem in my field can and should be solved with artificial intelligence methods
Viem posudit, ¢i problémy v mojom odbore by mohli byt riesené za pomoci metéd Al

I can name applications in which Al-assisted natural language processing/understanding is used
Viem vymenovat aplikdcie, ktorych ucelom je spracovanie a porozumenie prirodzenému jazyku s
pomocou Al

I can explain why Al has recently become increasingly important

Viem vysvetlit, preco sa Al v poslednom case stdva ¢im viac doleZitejSou

| can critically evaluate the implications of artificial intelligence applications in at least one subject
area

Viem kriticky ohodnotit désledky aplikdcii Al aspori v jednej tematickej oblasti

Al Ethics

| can weigh the consequences of using Al for society

Viem zvdzit désledky vyuZitia Al pre spolo¢nost

| can incorporate ethical considerations when deciding whether to use data provided by an Al

Pri rozhodovani sa, ¢i pouzit idaje poskytované Al, viem zvdzit etické hladisko

| can analyze Al-based applications for their ethical implications

Som schopny analyzovat aplikdcie zaloZené na Al z hladiska ich etickych ndsledkov

Al Problem-solving

Iam good at solving problems with Al

Som dobry/d v rieseni problémov pomocou Al

I think of myself as someone who can solve problems with Al

PovaZujem sdm seba za niekoho, kto dokdZe riesit problémy pomocou Al

| have the knowledge and skills to solve problems with Al

Mdm vedomosti a zru¢nosti na riesenie problémov pomocou Al
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Item Al Technical Understanding
AIPS4 | have confidence in my ability to solve problems with Al
Verim vo svoje schopnosti riesit problémy pomocou Al
AIPS5 Using Al to solve problems will help me achieve my goals
Pouzivanie Al na riesenie problémov mi pomdha dosiahovat moje ciele
AIPS6 Iwant to be good at solving problems with Al
Chcem byt dobry v rieseni problémov pomocou Al
AIPS7 Using Al to solve problems is important to me
PouZivanie Al na riesenie problémov je pre mria dolezité
[tem Self-Regulated Learning
SRL1 | always reflect on what | have learned and how | have grown during a learning process

VZdy sa zamyslam nad tym, ¢o som sa naucil a ako som rdstol pocas procesu ucenia sa

SRL2 When learning does not go well, | reflect repeatedly on my learning targets and strategies to see if any
adjustments need to be made
Ak ucenie nejde podla ocakdvania, opakovane sa zamyslam nad svojimi cielmi a stratégiami ucenia,
aby som zistil, ¢i je potrebné vykonat nejaké dpravy

SRL3 | always deduce conclusions about effective learning strategies
VZdy vyvodzujem zdvery ohladom efektivnych stratégif u¢enia

SRL4 I regularly review my learning outcomes and analyze my learning problems
Pravidelné kontrolujem vysledky ucenia a analyzujem problémy spojené s ucenim

Author contributions

Senad Becirovi¢ conceived the idea, designed the study, prepared the questionnaire, wrote the methodology,

handled software, performed data analysis, wrote the results, and reviewed and edited the entire manuscript. Michael
Augustin prepared the questionnaire, collected data, wrote the abstract, discussion, and conclusion, and reviewed the
introduction. Boris Mattos prepared the questionnaire and wrote the introduction. Jan Danco collected data and wrote
the literature review. All authors read and approved the final manuscript.

Funding

Open access funding provided by The Ministry of Education, Science, Research and Sport of the Slovak Republic in
cooperation with Centre for Scientific and Technical Information of the Slovak Republic. This research was conducted
within the project Enhancing Teaching and Research through Innovative Digital Technologies (ENRICH) no. 09103-
03-V04-00523 supported by Slovak Recovery and Resilience Plan.

Data availability
Data available from the corresponding author upon reasonable request due to data protection restrictions.

Declarations

Ethics approval

This study did not involve experiments with humans or the use of human tissue samples. Ethical approval for the study
was granted by The Ethics Committee of the Bratislava University of Economics and Business (EKEUBA-RRP09103-
03-V04-00523/4/2024) on October 2, 2024. The study adhered to the Declaration of Helsinki and relevant national laws to
protect participants' rights and well-being. All steps complied with ethical standards for research involving human data.
The online survey ensured participant confidentiality and anonymity.

Consent to participate

Informed consent was obtained from all individual participants involved in the study. It was obtained in two stages. First,
participants received an information sheet explaining the study's goals, methods, rights, and data protection measures.
They were told participation was voluntary and they could withdraw at any time without penalty. No personal identifiers
were collected, and responses were securely stored. Data were anonymized before analysis, with access restricted to
authorized researchers. The online survey was distributed with approval from the appropriate university officials.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 28 June 2025 / Accepted: 2 March 2026
Published online: 12 March 2026

References

1. Long D, Magerko B.What is Al Literacy? Competencies and Design Considerations. In: Proceedings of the 2020 CHI Confer-
ence on Human Factors in Computing Systems. 2020. https://doi.org/10.1145/3313831.3376727.

2. NgDTK, Leung JKL, Chu SKW, Qiao MS. Conceptualizing Al literacy: an exploratory review. Comput Educ Artif Intell.
2021;2:100041. https://doi.org/10.1016/j.caeai.2021.100041.


https://doi.org/10.1145/3313831.3376727
https://doi.org/10.1016/j.caeai.2021.100041

Becirovic et al. Discover Computing (2026) 29:152 Page 28 of 32

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33.

Becirovi¢ S, Dervic M, Mattos B. Exploring the factors affecting students’Internet habits, self-efficacy in e-learning, and
academic achievement: structural equation modeling approach. SAGE Open. 2025;15(2):1-21. https://doi.org/10.1177/21
582440251339286.

Becirovic S, Polz E, Tinkel I. Exploring students' Al literacy and its effects on their Al output quality, self-efficacy, and aca-
demic performance. Smart Learn Environ. 2025;12(1):1-25. https://doi.org/10.1186/540561-025-00384-3.

Becirovic S, Polz E, Tinkel I. A multidimensional study of Al adoption among university students in teacher education
programs. Smart Learn Environ. 2025;12(1):1-26. https://doi.org/10.1186/540561-025-00422-0.

Stracke CM, Griffiths D, Pappa D, Becirovi¢ S, Polz E, Perla L, et al. Analysis of Artificial Intelligence policies for higher educa-
tion in Europe. Int J Interact Multimed Artif Intell. 2025;9:124-37. https://doi.org/10.9781/ijimai.2025.02.011.

Stracke CM, Nahar N, Punzo V, Massaro S, Pappa D, Grassi AD, et al. Artificial intelligence policies for higher education:
manifesto for critical considerations and a roadmap. MAP Edu Hum. 2025;6:61-73. https://doi.org/10.53880/2744-2373.20
25.6.61.

Igbal J, Asgarova V, Hashmi ZF, Ngajie BN, Asghar MZ, Jarvenoja H. Exploring faculty experiences with generative artificial
intelligence tools integration in second language curricula in Chinese higher education. Discov Comput. 2025;28(1):128.
https://doi.org/10.1007/510791-025-09655-6.

Aljovi¢ A. Pedagogical voice or algorithmic authority? A critical discourse analysis of Al tutors in language learning. MAP
Edu Hum. 2025;6:109-22. https://doi.org/10.53880/2744-2373.2025.6.109.

Tophel A, Chen L, Hettiyadura U, Kodikara J. Towards an Al tutor for undergraduate geotechnical engineering: a compara-
tive study of evaluating the efficiency of large language model application programming interfaces. Discov Comput.
2025;28(1):76. https://doi.org/10.1007/510791-025-09580-8.

Bewersdorff A, Hornberger M, Nerdel C, Schiff DS. Al advocates and cautious critics: how Al attitudes, Al interest, use of Al,
and Al literacy build university students' Al self-efficacy. Comput Educ Artif Intell. 2025;8:100340. https://doi.org/10.1016/j.
caeai.2024.100340.

Rohana DD, Ardhiansyah AN, Widodo DP. Digital learning with artificial intelligence (Al): the correlation of Al to student
learning motivation. International Conference on Aplied Social Sciences in Education. 2024;1(1):198-209. https://doi.org/1
0.31316/icassev1i1.6913.

Liu M, Reinders H. Do Al chatbots impact motivation? Insights from a preliminary longitudinal study. System.
2025;128:103544. https://doi.org/10.1016/j.system.2024.103544.

Zhou C, Ren T, Lang L. The impact of Al-based adaptive learning technologies on motivation and engagement of higher
education students. Educ Inf Technol. 2025. https://doi.org/10.1007/510639-025-13646-x.

Becirovi¢ S. The relationship between cooperative learning, cultural intelligence, EFL motivation and students'perfor-
mance: a structural equation modeling approach. SAGE Open. 2023;13(4):1-16. https://doi.org/10.1177/21582440231208
975.

Chiu TKF. A classification tool to foster self-requlated learning with generative artificial intelligence by applying self-
determination theory: a case of ChatGPT. Educ Technol Res Dev. 2024;72(4):2401-16. https://doi.org/10.1007/511423-02
4-10366-w.

FanY,Tang L, Le H, Shen K, Tan S, Zhao Y, et al. Beware of metacognitive laziness: effects of generative artificial intelligence
on learning motivation, processes, and performance. Br J Educ Technol. 2025;56(2):489-530. https://doi.org/10.1111/bjet.1
3544,

Lai JW. Adapting self-regulated learning in an age of generative artificial intelligence chatbots. Future Internet.
2024;16(6):218. https://doi.org/10.3390/f116060218.

Holmes W, Bialik M, Fadel C. Artificial Intelligence in Education. Promise and Implications for Teaching and Learning. The
Center for Curriculum Redesign. 2019.

Sardi J, Candra O, Yuliana DF, Yanto DT, Eliza F. How Generative Al Influences Students'Self-Regulated Learning and Critical
Thinking Skills? A Systematic Review. Int J Eng Pedag (iJEP). 2025;15(1):94-108. https://doi.org/10.3991/ijep.v15i1.53379.
Hastuti R, Syafruddin. Ethical considerations in the age of artificial intelligence: balancing innovation and social values.
West Sci Soc Hum Stud. 2023;1(02):76-87. https://doi.org/10.58812/wsshs.v1i02.191.

Keskin-Samanci N. A study on the link between moral judgment competences and critical thinking skills. Int J Environ Sci
Educ. 2015;10(2):135-43. https://doi.org/10.12973/ijese.2015.236a.

Deci EL, Ryan RM. The “What" and “Why" of goal pursuits: human needs and the self-determination of behavior. Psychol
Ing. 2000;11(4):227-68. https.//doi.org/10.1207/515327965PLI1104_01.

Ryan RM, editor. The Oxford Handbook of Self-Determination Theory. Oxford University Press. 2023. https://doi.org/10.109
3/0xfordhb/9780197600047.001.0001.

Ryan RM, Deci EL. Self-Determination Theory. Basic Psychological Needs in Motivation, Development, and Wellness.
Guilford Publications. 2017.

Alam A. Developing a Curriculum for Ethical and Responsible Al: a University Course on Safety, Fairness, Privacy, and Ethics
to Prepare Next Generation of Al Professionals. In: Rajakumar G, Du K-L, Rocha A, editors. Intelligent Communication Tech-
nologies and Virtual Mobile Networks. Springer Nature. 2023. pp. 879-894. https://doi.org/10.1007/978-981-99-1767-9_64
Mokander J, Floridi L. Ethics-Based auditing to develop trustworthy Al. Minds Mach. 2021;31(2):323-7. https://doi.org/10.1
007/511023-021-09557-8.

Deng R, Jiang M, Yu X, Lu Y, Liu S. Does ChatGPT enhance student learning? A systematic review and meta-analysis of
experimental studies. Comput Educ. 2025;227:105224. https://doi.org/10.1016/j.compedu.2024.105224.

Pinzolits R. Al'in academia: an overview of selected tools and their areas of application. MAP Education and Humanities.
2023;4:37-50. https://doi.org/10.53880/2744-2373.2023.4.37.

Becirovi¢ S. Examining learning management system success: a multiperspective framework. Educ Inf Technol. 2023.
https://doi.org/10.1007/510639-023-12308-0.

Hazari S. Justification and Roadmap for Artificial Intelligence (Al) Literacy Courses in Higher Education. J Edu Res Pract.
2024. https://doi.org/10.5590/JERAP2024.14.1.07.

Hornberger M, Bewersdorff A, Nerdel C. What do university students know about artificial intelligence? Development and
validation of an Al literacy test. Comput Educ Artif Intell. 2023;5:100165. https://doi.org/10.1016/j.caeai.2023.100165.

Brew M, Taylor S, Lam R, Havemann L, Nerantzi C. Towards developing Al literacy: three student provocations on Al in
higher education. Asian J Dist Educ. 2023;18(2):1-11.


https://doi.org/10.1177/21582440251339286
https://doi.org/10.1177/21582440251339286
https://doi.org/10.1186/s40561-025-00384-3
https://doi.org/10.1186/s40561-025-00422-0
https://doi.org/10.9781/ijimai.2025.02.011
https://doi.org/10.53880/2744-2373.2025.6.61
https://doi.org/10.53880/2744-2373.2025.6.61
https://doi.org/10.1007/s10791-025-09655-6
https://doi.org/10.53880/2744-2373.2025.6.109
https://doi.org/10.1007/s10791-025-09580-8
https://doi.org/10.1016/j.caeai.2024.100340
https://doi.org/10.1016/j.caeai.2024.100340
https://doi.org/10.31316/icasse.v1i1.6913
https://doi.org/10.31316/icasse.v1i1.6913
https://doi.org/10.1016/j.system.2024.103544
https://doi.org/10.1007/s10639-025-13646-x
https://doi.org/10.1177/21582440231208975
https://doi.org/10.1177/21582440231208975
https://doi.org/10.1007/s11423-024-10366-w
https://doi.org/10.1007/s11423-024-10366-w
https://doi.org/10.1111/bjet.13544
https://doi.org/10.1111/bjet.13544
https://doi.org/10.3390/fi16060218
https://doi.org/10.3991/ijep.v15i1.53379
https://doi.org/10.58812/wsshs.v1i02.191
https://doi.org/10.12973/ijese.2015.236a
https://doi.org/10.1207/S15327965PLI1104_01
https://doi.org/10.1093/oxfordhb/9780197600047.001.0001
https://doi.org/10.1093/oxfordhb/9780197600047.001.0001
https://doi.org/10.1007/978-981-99-1767-9_64
https://doi.org/10.1007/s11023-021-09557-8
https://doi.org/10.1007/s11023-021-09557-8
https://doi.org/10.1016/j.compedu.2024.105224
https://doi.org/10.53880/2744-2373.2023.4.37
https://doi.org/10.1007/s10639-023-12308-0
https://doi.org/10.5590/JERAP.2024.14.1.07
https://doi.org/10.1016/j.caeai.2023.100165

Becirovic et al. Discover Computing (2026) 29:152 Page 29 of 32

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Laupichler MC, Aster A, Haverkamp N, Raupach T. Development of the “Scale for the assessment of non-experts' Al
literacy"—an exploratory factor analysis. Comput Hum Behav Reports. 2023;12:100338. https://doi.org/10.1016/j.chbr.202
3.100338.

Carolus A, Koch MJ, Straka S, Latoschik ME, Wienrich C. MAILS - meta Al literacy scale: development and testing of an Al
literacy questionnaire based on well-founded competency models and psychological change- and meta-competencies.
Comput Hum Behav Artif Hum. 2023;1(2):100014. https://doi.org/10.1016/j.chbah.2023.100014.

Carolus A, Koch MJ, Straka S, Latoschik ME, Wienrich C. MAILS - meta Al literacy scale: development and testing of an Al
literacy questionnaire based on well-founded competency models and psychological change- and meta-competencies.
Comput Hum Behav Artif Hum. 2023;1(2):1-10. https://doi.org/10.1016/j.chbah.2023.100014.

Li'S, Kwok SWH, Siu SCN, Chung JYS, Lam HCY, Tsang EYM, et al. Development of generic student engagement scale in
higher education: an application on healthcare students. Nurs Open. 2022;10(3):1545-55. https://doi.org/10.1002/nop2.14
05.

Molenaar I, Mooij SD, Azevedo R, Bannert M, Jarveld S, Gasevic¢ D. Measuring self-regulated learning and the role of Al: five
years of research using multimodal multichannel data. Comput Hum Behav. 2023;139:107540. https://doi.org/10.1016/j.ch
b.2022.107540.

Kaya F, Aydin F, Schepman A, Rodway P, Yetisensoy O, Demir Kaya M. The roles of personality traits, Al anxiety, and demo-
graphic factors in attitudes toward artificial intelligence. Int J Hum-Comput Interact. 2024,40(2):497-514. https://doi.org/1
0.1080/10447318.2022.2151730.

Lu'Y, Papagiannidis S, Alamanos E. Exploring the emotional antecedents and outcomes of technology acceptance. Com-
put Hum Behav. 2019;90:153-69. https://doi.org/10.1016/j.chb.2018.08.056.

Sahin F, Sahin YL. Drivers of technology adoption during the COVID-19 pandemic: the motivational role of psychological
needs and emotions for pre-service teachers. Soc Psychol Educ. 2022;25(2-3):567-92. https://doi.org/10.1007/511218-02
2-09702-w.

Moradbakhti L, Schreibelmayr S, Mara M. Do men have no need for “feminist” artificial intelligence? Agentic and gendered
voice assistants in the light of basic psychological needs. Front Psychol. 2022;13:855091. https://doi.org/10.3389/fpsyg.202
2.855091.

Dervi¢ M, Becirovi¢ S, Polz E. Revolutionizing Pedagogy: The Transformative Influence of Artificial Intelligence on Educa-
tors' Practices. In: Adarkwah MA, Amponsah S, Huang R, Thomas M, editors. Artificial Intelligence and Human Agency in
Education: Volume One: The Nexus Between Al and Human Agency in Educational Contexts (Vol. 1). Springer Nature.
2025. pp. 193-212. https://doi.org/10.1007/978-981-96-7937-9_0.

Maranguni¢ N, Grani¢ A. Technology acceptance model: a literature review from 1986 to 2013. Univ Access Inf Soc.
2015;14(1):81-95. https://doi.org/10.1007/510209-014-0348-1.

Chiu TKF, Moorhouse BL, Chai CS, Ismailov M. Teacher support and student motivation to learn with artificial intelligence
(Al) based chatbot. Interact Learn Environ. 2023;32(7):3240-56. https://doi.org/10.1080/10494820.2023.2172044.

Xia Q ChiuTKF, Chai CS, Xie K. The mediating effects of needs satisfaction on the relationships between prior knowledge
and self-regulated learning through artificial intelligence chatbot. Br J Educ Technol. 2023;54(4):967-86. https://doi.org/10.
1111/bjet.13305.

Wang K, Cui W, Yuan X. Artificial Intelligence in higher education: the impact of need satisfaction on Artificial Intelligence
literacy mediated by self-regulated learning strategies. Behav Sci. 2025;15(2):165. https://doi.org/10.3390/bs15020165.
Wang Z, Chai C-S, Li J, Lee VWY. Assessment of Al ethical reflection: the development and validation of the Al ethical
reflection scale (AIERS) for university students. Int J Educ Technol High Educ. 2025;22(1):19. https://doi.org/10.1186/54123
9-025-00519-z.

Chiu TKF, Meng H, Chai C-S, King |, Wong S, Yam Y. Creation and evaluation of a pretertiary artificial intelligence (Al) cur-
riculum. IEEE Trans Educ. 2022;65(1):30-9. https://doi.org/10.1109/TE.2021.3085878.

Shen'Y, Cui W. Perceived support and Al literacy: the mediating role of psychological needs satisfaction. Front Psychol.
2024;15:1415248. https://doi.org/10.3389/fpsyg.2024.1415248.

Yang Q Lu G, He X, Zhang C. How Pre-service Teachers'Basic Need Satisfaction Affect their Al Literacy in Al Introductory
Courses? The Roles of Emotional Engagement and Self-regulated Learning. Int Symp Edu Technol (ISET). 2024. https://doi.
org/10.1109/ISET61814.2024.00029.

Anthonysamy L, Koo AC, Hew SH. Self-regulated learning strategies in higher education: Fostering digital literacy for
sustainable lifelong learning. Educ Inf Technol. 2020;25(4):2393-414. https://doi.org/10.1007/510639-020-10201-8.

Chen J, Lin C-H, Chen G. A cross-cultural perspective on the relationships among social media use, self-requlated learning
and adolescents'digital reading literacy. Comput Educ. 2021;175:104322. https://doi.org/10.1016/j.compedu.2021.104322.
Zhang Z, Maeda Y, Newby T, Cheng Z, Xu Q. The effect of preservice teachers'ICT integration self-efficacy beliefs on their
ICT competencies: the mediating role of online self-regulated learning strategies. Comput Educ. 2023;193:104673. https://
doi.org/10.1016/j.compedu.2022.104673.

Kamoun F, El Ayeb W, Jabri |, Sifi S, Igbal F. Exploring students’and faculty’s knowledge, attitudes, and perceptions towards
ChatGPT: a cross-sectional empirical study. J Inf Technol Educ Res. 2024;23:004. https://doi.org/10.28945/5239.

Kong S-C, Man-Yin Cheung W, Zhang G. Evaluation of an artificial intelligence literacy course for university students with
diverse study backgrounds. Comput Educ Artif Intell. 2021;2:100026. https://doi.org/10.1016/j.caeai.2021.100026.

Mishra A, Siy H. An Interdisciplinary Approach for Teaching Artificial Intelligence to Computer Science Students. Proceed-
ings of the 21st Annual Conference on Information Technology Education. 2020. https://doi.org/10.1145/3368308.341544
0

Morey J. The Role of Technical Knowledge in Al Literacy. Proceedings of the 56th ACM Technical Symposium on Computer
Science Education V. 2. 2025. p. 1756. https://doi.org/10.1145/3641555.3705055.

Wang Y. Cognitive and sociocultural dynamics of self-requlated use of machine translation and generative Al tools in
academic EFL writing. System. 2024;126:103505. https://doi.org/10.1016/j.system.2024.103505.

Weng X, Xia Q, Ahmad Z, Chiu TKF. Personality traits for self-regulated learning with generative artificial intelligence: the
case of ChatGPT. Comput Educ Artif Intell. 2024;7:100315. https://doi.org/10.1016/j.caeai.2024.100315.

Ng DTK, Leung JKL, Chu KWS, Qiao MS. Al Literacy: definition, teaching, evaluation and ethical issues. Proc Assoc Inform
Sci Technol. 2021;58(1):504-9. https://doi.org/10.1002/pra2.487.


https://doi.org/10.1016/j.chbr.2023.100338
https://doi.org/10.1016/j.chbr.2023.100338
https://doi.org/10.1016/j.chbah.2023.100014
https://doi.org/10.1016/j.chbah.2023.100014
https://doi.org/10.1002/nop2.1405
https://doi.org/10.1002/nop2.1405
https://doi.org/10.1016/j.chb.2022.107540
https://doi.org/10.1016/j.chb.2022.107540
https://doi.org/10.1080/10447318.2022.2151730
https://doi.org/10.1080/10447318.2022.2151730
https://doi.org/10.1016/j.chb.2018.08.056
https://doi.org/10.1007/s11218-022-09702-w
https://doi.org/10.1007/s11218-022-09702-w
https://doi.org/10.3389/fpsyg.2022.855091
https://doi.org/10.3389/fpsyg.2022.855091
https://doi.org/10.1007/978-981-96-7937-9_9
https://doi.org/10.1007/s10209-014-0348-1
https://doi.org/10.1080/10494820.2023.2172044
https://doi.org/10.1111/bjet.13305
https://doi.org/10.1111/bjet.13305
https://doi.org/10.3390/bs15020165
https://doi.org/10.1186/s41239-025-00519-z
https://doi.org/10.1186/s41239-025-00519-z
https://doi.org/10.1109/TE.2021.3085878
https://doi.org/10.3389/fpsyg.2024.1415248
https://doi.org/10.1109/ISET61814.2024.00029
https://doi.org/10.1109/ISET61814.2024.00029
https://doi.org/10.1007/s10639-020-10201-8
https://doi.org/10.1016/j.compedu.2021.104322
https://doi.org/10.1016/j.compedu.2022.104673
https://doi.org/10.1016/j.compedu.2022.104673
https://doi.org/10.28945/5239
https://doi.org/10.1016/j.caeai.2021.100026
https://doi.org/10.1145/3368308.3415440
https://doi.org/10.1145/3368308.3415440
https://doi.org/10.1145/3641555.3705055
https://doi.org/10.1016/j.system.2024.103505
https://doi.org/10.1016/j.caeai.2024.100315
https://doi.org/10.1002/pra2.487

Becirovic et al. Discover Computing (2026) 29:152

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.
75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

92.

Naatonis RN, Rusijono R, Jannah M, Malahina EAU. Evaluation of problem based gamification learning (PBGL) model on
critical thinking ability with artificial intelligence approach integrated with ChatGPT API: an experimental study. Qubahan
Acad J. 2024;4(3):485-520. https://doi.org/10.48161/qaj.v4n3a919.

Shanto SS, Ahmed Z, Jony Al. Enriching Learning Process with Generative Al: a Proposed Framework to Cultivate Critical
Thinking in Higher Education using Chat GPT. Tuijin Jishu/J Prop Technol. 2024;45(1):3019-29.

Schenck A. Examining relationships between technology and critical thinking: a study of South Korean EFL learners. Educ
Sci. 2024;14(6):652. https://doi.org/10.3390/educsci14060652.

Zawacki-Richter O, Marlin VI, Bond M, Gouverneur F. Systematic review of research on artificial intelligence applications in
higher education—where are the educators?. 2019.

Kamalov F, Santandreu Calonge D, Gurrib I. New era of artificial intelligence in education: towards a sustainable multifac-
eted revolution. Sustainability. 2023;15(16):12451. https://doi.org/10.3390/su151612451.

Asirit LBL, Hua JH. Converging perspectives: assessing Al readiness and utilization in Philippine higher education. Polaris
Global J Schol Res Trends. 2023;2(3):1-50. https://doi.org/10.58429/pgjsrt.v2n3a152.

Pratama RMD, Hastuti DP. The use of artificial intelligence to improve EFL students writing skill. English Learning Innova-
tion. 2024;5(1):13-25. https://doi.org/10.22219/englie.v5i1.30212.

Asiksoy G. An investigation of university students'attitudes towards artificial intelligence ethics. Int J Eng Pedagogy (iJEP).
2024;14(8):153-69. https://doi.org/10.3991/ijep.v14i8.50769.

Kajiwara Y, Kawabata K. Al literacy for ethical use of chatbot: Will students accept Al ethics? Comput Edu Artif Intell. 2024.
https://doi.org/10.1016/j.caeai.2024.100251.

Ranade N, Saravia M. Teaching Al ethics in technical and professional communication: a systematic review. IEEE Trans Prof
Commun. 2024;64(4):422-36. https://doi.org/10.1109/TPC.2024.3458708.

Tang L, Su Y-S. Ethical implications and principles of using Artificial Intelligence models in the classroom: a systematic
literature review. Int J Interact Multimed Artif Intell. 2024;8(5):25. https://doi.org/10.9781/ijimai.2024.02.010.

European Union. Regulation—EU - 2024/1689—EN - EUR-Lex. EUR-Lex. 2021. https://eur-lex.europa.eu/legal-content/EN/
TXT/?2uri=CELEX:32024R1689.

European Commission. Ethics Guidelines for Trustworthy Al. European Commission. 2019.

Aler Tubella A, Mora-Cantallops M, Nieves JC. How to teach responsible Al'in higher education: challenges and opportuni-
ties. Ethics Inf Technol. 2024;26(1):3. https://doi.org/10.1007/510676-023-09733-7.

Yusuf A, Bello S, Pervin N, Tukur AK. Implementing a proposed framework for enhancing critical thinking skills in synthesiz-
ing Al-generated texts. Think Skills Creat. 2024;53:101619. https://doi.org/10.1016/j.tsc.2024.101619.

Urban M, Déchtérenko F, Lukavsky J, Hrabalové V, Svacha F, Brom C, et al. ChatGPT improves creative problem-solving
performance in university students: an experimental study. Comput Educ. 2024;215:105031. https://doi.org/10.1016/j.com
pedu.2024.105031.

Kong SC, Zhu J, Yang YN. Developing and validating a scale of empowerment in using artificial intelligence for problem-
solving for senior secondary and university students. Comput Educ Artif Intell. 2025;8:100359. https://doi.org/10.1016/j.ca
€ai.2024.100359.

Joksimovic S, Ifenthaler D, Marrone R, De Laat M, Siemens G. Opportunities of artificial intelligence for supporting complex
problem-solving: findings from a scoping review. Comput Educ Artif Intell. 2023;4:100138. https://doi.org/10.1016/j.caeai.2
023.100138.

Liang W, Wu Y. Exploring the use of ChatGPT to foster EFL learners'critical thinking skills from a post-humanist perspective.
Think Skills Creat. 2024;54:101645. https://doi.org/10.1016/j.tsc.2024.101645.

Chen A, Xiang M, Zhou J, Jia J, Shang J, Li X, et al. Unpacking help-seeking process through multimodal learning analytics:
a comparative study of ChatGPT vs human expert. Comput Educ. 2025;226:105198. https://doi.org/10.1016/j.compedu.20
24.105198.

Chen A, Zhang Y, Jia J, Liang M, Cha Y, Lim CP. A systematic review and meta-analysis of Al -enabled assessment in lan-
guage learning: design, implementation, and effectiveness. J Comput Assist Learn. 2025;41(1):e13064. https://doi.org/10.1
111/jcal.13064.

Kong S-C, Yang Y. A human-centered learning and teaching framework using generative artificial intelligence for
self-regulated learning development through domain knowledge learning in K-12 settings. IEEE Trans Learn Technol.
2024;17:1562-73. https://doi.org/10.1109/TLT.2024.3392830.

Dahri NA, Yahaya N, Al-Rahmi WM, Aldraiweesh A, Alturki U, Aimutairy S, et al. Extended TAM based acceptance of Al-
powered ChatGPT for supporting metacognitive self-regulated learning in education: a mixed-methods study. Heliyon.
2024;10(8):629317. https://doi.org/10.1016/j.heliyon.2024.29317.

University of Economics in Bratislava Earns AACSB International Accreditation. Bratislava University of Economics and Busi-
ness. 2021. https://euba.sk/en/activities/news/2287-university-of-economics-in-bratislava-earns-aacsb-international-accre
ditation.

Human Resources Strategy for Researchers. Bratislava University of Economics and Business. 2021. https://euba.sk/en/scie
nce-and-research/human-resources-strategy-for-researchers-hrs4r.

Edgar TW, Manz DO. Chapter 4—Exploratory Study. In: Edgar TW, Manz DO, editors. Research Methods for Cyber Security.
Syngress. 2017. pp. 95-130. https://doi.org/10.1016/B978-0-12-805349-2.00004-2.

Jager J, Putnick DL, Bornstein MH. II. More than just convenient: the scientific merits of homogeneous convenience
samples. Monogr Soc Res Child Dev. 2017;82(2):13-30. https://doi.org/10.1111/mono.12296.

Andrade C. The inconvenient truth about convenience and purposive samples. Indian J Psychol Med. 2020. https://doi.org
/10.1177/0253717620977000.

Ahmed SK. How to choose a sampling technique and determine sample size for research: a simplified guide for research-
ers. Oral Oncol Rep. 2024;12:1-7. https://doi.org/10.1016/j.00r.2024.100662.

Brislin RW. Translation and content analysis of oral and written material. In: Triandis HC, Berry JW, editors. Handbook of
cross-cultural psychology Methodology. Allyn and Bacon. 1980. pp. 389-444. https://www.scirp.org/reference/referencesp
apers?referenceid=938361.

Anderson JC, Gerbing DW. Structural equation modeling in practice: a review and recommended two-step approach.
Psychol Bull. 1988;103(3):411-23. https;//doi.org/10.1037/0033-2909.103.3.411.

Page 30 of 32


https://doi.org/10.48161/qaj.v4n3a919
https://doi.org/10.3390/educsci14060652
https://doi.org/10.3390/su151612451
https://doi.org/10.58429/pgjsrt.v2n3a152
https://doi.org/10.22219/englie.v5i1.30212
https://doi.org/10.3991/ijep.v14i8.50769
https://doi.org/10.1016/j.caeai.2024.100251
https://doi.org/10.1109/TPC.2024.3458708
https://doi.org/10.9781/ijimai.2024.02.010
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:32024R1689
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:32024R1689
https://doi.org/10.1007/s10676-023-09733-7
https://doi.org/10.1016/j.tsc.2024.101619
https://doi.org/10.1016/j.compedu.2024.105031
https://doi.org/10.1016/j.compedu.2024.105031
https://doi.org/10.1016/j.caeai.2024.100359
https://doi.org/10.1016/j.caeai.2024.100359
https://doi.org/10.1016/j.caeai.2023.100138
https://doi.org/10.1016/j.caeai.2023.100138
https://doi.org/10.1016/j.tsc.2024.101645
https://doi.org/10.1016/j.compedu.2024.105198
https://doi.org/10.1016/j.compedu.2024.105198
https://doi.org/10.1111/jcal.13064
https://doi.org/10.1111/jcal.13064
https://doi.org/10.1109/TLT.2024.3392830
https://doi.org/10.1016/j.heliyon.2024.e29317
https://euba.sk/en/activities/news/2287-university-of-economics-in-bratislava-earns-aacsb-international-accreditation
https://euba.sk/en/activities/news/2287-university-of-economics-in-bratislava-earns-aacsb-international-accreditation
https://euba.sk/en/science-and-research/human-resources-strategy-for-researchers-hrs4r
https://euba.sk/en/science-and-research/human-resources-strategy-for-researchers-hrs4r
https://doi.org/10.1016/B978-0-12-805349-2.00004-2
https://doi.org/10.1111/mono.12296
https://doi.org/10.1177/0253717620977000
https://doi.org/10.1177/0253717620977000
https://doi.org/10.1016/j.oor.2024.100662
https://www.scirp.org/reference/referencespapers?referenceid=938361
https://www.scirp.org/reference/referencespapers?referenceid=938361
https://doi.org/10.1037/0033-2909.103.3.411

Becirovic et al. Discover Computing (2026) 29:152

93.

94.

95.

9.

97.

98.
99.

100.
101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

1

112

113.

114.

115.

116.
117.

118.

119.

120.

12

122.

123.

124.
125.

Hair JF, Black WC, Babin BJ, Anderson RE. Multivariate data analysis (Seventh edition, Pearson new international edition).
Pearson Education Limited. 2014.

Barrett AJ, Pack A, Quaid ED. Understanding learners'acceptance of high-immersion virtual reality systems: Insights from
confirmatory and exploratory PLS-SEM analyses. Comput Educ. 2021;169:104214. https://doi.org/10.1016/j.compedu.2021.
104214.

Hair J, Hult GTM, Ringle C, Sarstedt M. A Primer on Partial Least Squares Structural Equation Modeling (PLS-SEM), 2nd edi-
tion (Second). Sage; 2017.

Al-Adwan AS, Yaseen H, Alsoud A, Abousweilem F, Al-Rahmi WM. Novel extension of the UTAUT model to understand con-
tinued usage intention of learning management systems: the role of learning tradition. Educ Inf Technol. 2022;27(3):3567—
93. https://doi.org/10.1007/510639-021-10758-y.

Kosiba JPB, Odoom R, Boateng H, Twum KK, Abdul-Hamid IK. Examining students’satisfaction with online learning during
the Covid-19 pandemic—an extended UTAUT2 approach. J Further High Educ. 2022;46(7):988-1005. https://doi.org/10.10
80/0309877X.2022.2030687.

Hair JF, Black WC, Babin BJ, Anderson RE. Multivariate Data Analysis (8th ed.). Pearson Prentice. 2019.

Carmines EG, Mclver JP. Analyzing Models with Unobserved Variables: analysis of Covariance Structures. In: Bohrnstedt
GW, Borgatta EF, editors. Social Measurement: current Issues. Sage; 1981. p. 65-115.

Hair J, Black W, Babin B, Anderson R. Multivariate data analysis (7th ed.). Prentice-Hall Inc. 2010.

Henseler J, Ringle CM, Sarstedt M. A new criterion for assessing discriminant validity in variance-based structural equation
modeling. J Acad Mark Sci. 2015;43(1):115-35. https://doi.org/10.1007/511747-014-0403-8.

Hu L, Bentler PM. Fit indices in covariance structure modeling: sensitivity to underparameterized model misspecification.
Psychol Methods. 1998;3(4):424-53. https://doi.org/10.1037/1082-989X.3.4.424.

Sutrisno D, Inawati |, Hermanto H. Enhancing student learning autonomously: exploring the global impact of artificial
intelligence. English Lang Teach Edu J. 2024;6(2):137-50. https://doi.org/10.12928/eltej.v6i2.9100.

Ferhataj A, Memaj F, Sahatcija R, Ora A, Koka E. Ethical concerns in Al development: analyzing students'perspectives on
robotics and society. J Inf Commun Ethics Soc. 2025;23(2):165-87. https://doi.org/10.1108/JICES-08-2024-0111.
Dobrovska D, Vanécek D, Yorulmaz YI. Students’attitudes towards Al in teaching and learning. Int J Eng Pedag (iJEP).
2024;14(8):88-106. https://doi.org/10.3991/ijep.v14i8.52731.

Ehrich J, Howard SJ, Mu C, Bokosmaty S. A comparison of Chinese and Australian university students'attitudes towards
plagiarism. Stud High Educ. 2016;41(2):231-46. https://doi.org/10.1080/03075079.2014.927850.

Choustoulakis E. Integrating artificial intelligence (Al) tools into teaching mathematical economics in tertiary education.
Eur J Open Edu E-Learn Stud. 2024. https://doi.org/10.46827/ejoe.v9i1.5683.

Su K-D. Implementation of innovative artificial intelligence cognitions with problem-based learning guided tasks to
enhance students’ performance in science. J Balt Sci Educ. 2022,21(2):245-57. https://doi.org/10.33225/jbse/22.21.245.
Yilmaz R, Karaoglan Yilmaz FG. The effect of generative artificial intelligence (Al)-based tool use on students’computa-
tional thinking skills, programming self-efficacy and motivation. Comput Educ Artif Intell. 2023;4:100147. https://doi.org/1
0.1016/j.caeai.2023.100147.

Becirovi¢ S, Mattos B. Artificial Intelligence in the Transformation of Higher Education: threats, Promises and Implementa-
tion Strategies. In: Miltiadis DL, Serban AC, Alkhalidi E, Sawsan M, Aldosemani T, editors. Digital Transformation in Higher
Education, Part A: Best Practices and Challenges. Emerald Publishing. 2024. pp. 23-43.

. Dautbasic¢ A, Becirovic¢ S. Teacher and student experiences in online classes during COVID-19 pandemic in Serbia, Bosnia

and Herzegovina and Croatia. MAP Soc Sci. 2022;2(1):Article 1. https://doi.org/10.53880/2744-2454.2022.2.1.9.

Kong S-C, Cheung M-YW, Tsang O. Developing an artificial intelligence literacy framework: evaluation of a literacy course
for senior secondary students using a project-based learning approach. Comput Educ Artif Intell. 2024;6:100214. https://d
0i.org/10.1016/j.caeai.2024.100214.

Tang Y, He W. Relationship between emotional intelligence and learning motivation among college students during the
COVID-19 pandemic: a serial mediation model. Front Psychol. 2023;14:1109569. https://doi.org/10.3389/fpsyg.2023.11095
69.

Sadeghian S, Uhde A, Hassenzahl M. The soul of work: evaluation of job meaningfulness and accountability in Human-Al
collaboration. Proc ACM Hum-Comput Interact. 2024;8(1):1-26. https://doi.org/10.1145/3637407.

Noy S, Zhang W. Experimental evidence on the productivity effects of generative artificial intelligence. Science.
2023;381(6654):187-92. https://doi.org/10.1126/science.adh2586.

Zhai X. ChatGPT user experience: implications for education. SSRN Electron J. 2022. https://doi.org/10.2139/ssrn.4312418.
Molenaar I. The concept of hybrid human-Al regulation: exemplifying how to support young learners'self-regulated learn-
ing. Comput Educ Artif Intell. 2022;3:100070. https://doi.org/10.1016/j.caeai.2022.100070.

Becirovi¢ S. Digital pedagogy: The use of digital technologies in contemporary education. Springer Nature Singapore.
2023. https://doi.org/10.1007/978-981-99-0444-0.

Chang W-L, Sun JC-Y. Evaluating Al's impact on self-requlated language learning: a systematic review. System.
2024;126:103484. https://doi.org/10.1016/j.system.2024.103484.

Lan M, Zhou X. A qualitative systematic review on Al empowered self-regulated learning in higher education. Npj Sci
Learn. 2025;10(1):21. https://doi.org/10.1038/541539-025-00319-0.

. Vasconcelos MAR, Dos Santos RP. Enhancing STEM learning with ChatGPT and Bing Chat as objects to think with: a case

study. Eurasia J Math Sci Technol Educ. 2023;19(7):em2296. https://doi.org/10.29333/ejmste/13313.

Zhang S, Zhao X, Zhou T, Kim JH. Do you have Al dependency? The roles of academic self-efficacy, academic stress, and
performance expectations on problematic Al usage behavior. Int J Educ Technol High Educ. 2024;21(1):34. https://doi.org/
10.1186/541239-024-00467-0.

Molenaar |, Horvers A, Baker RS. What can moment-by-moment learning curves tell about students'self-regulated learn-
ing? Learn Instr. 2021;72:101206. https://doi.org/10.1016/jlearninstruc.2019.05.003.

Van de Mortel TF. Faking it: social desirability response bias in self-report research. Austr J Adv Nurs. 2008;25(4):40-8.

JinY, Martinez-Maldonado R, Gasevi¢ D, Yan L. GLAT: the generative Al literacy assessment test. Comput Educ Artif Intell.
2025;9:100436. https://doi.org/10.1016/j.caeai.2025.100436.

Page 31 of 32


https://doi.org/10.1016/j.compedu.2021.104214
https://doi.org/10.1016/j.compedu.2021.104214
https://doi.org/10.1007/s10639-021-10758-y
https://doi.org/10.1080/0309877X.2022.2030687
https://doi.org/10.1080/0309877X.2022.2030687
https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.1037/1082-989X.3.4.424
https://doi.org/10.12928/eltej.v6i2.9100
https://doi.org/10.1108/JICES-08-2024-0111
https://doi.org/10.3991/ijep.v14i8.52731
https://doi.org/10.1080/03075079.2014.927850
https://doi.org/10.46827/ejoe.v9i1.5683
https://doi.org/10.33225/jbse/22.21.245
https://doi.org/10.1016/j.caeai.2023.100147
https://doi.org/10.1016/j.caeai.2023.100147
https://doi.org/10.53880/2744-2454.2022.2.1.9
https://doi.org/10.1016/j.caeai.2024.100214
https://doi.org/10.1016/j.caeai.2024.100214
https://doi.org/10.3389/fpsyg.2023.1109569
https://doi.org/10.3389/fpsyg.2023.1109569
https://doi.org/10.1145/3637407
https://doi.org/10.1126/science.adh2586
https://doi.org/10.2139/ssrn.4312418
https://doi.org/10.1016/j.caeai.2022.100070
https://doi.org/10.1007/978-981-99-0444-0
https://doi.org/10.1016/j.system.2024.103484
https://doi.org/10.1038/s41539-025-00319-0
https://doi.org/10.29333/ejmste/13313
https://doi.org/10.1186/s41239-024-00467-0
https://doi.org/10.1186/s41239-024-00467-0
https://doi.org/10.1016/j.learninstruc.2019.05.003
https://doi.org/10.1016/j.caeai.2025.100436

Becirovic et al. Discover Computing (2026) 29:152 Page 32 of 32

126. Fornell C, Larcker DF. Evaluating structural equation models with unobservable variables and measurement error. J Mark
Res. 1981;18(1):39-50. https://doi.org/10.1177/002224378101800104.

Publisher's Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1177/002224378101800104

	﻿Uncovering structural relationships between AI literacy, AI ethics, AI problem-solving, and self-regulated learning
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Literature review
	﻿2.1﻿ ﻿The research model
	﻿2.2﻿ ﻿Theoretical background
	﻿2.3﻿ ﻿AI technical understanding
	﻿2.4﻿ ﻿AI critical appraisal
	﻿2.5﻿ ﻿AI practical application
	﻿2.6﻿ ﻿AI ethics
	﻿2.7﻿ ﻿AI-supported problem-solving
	﻿2.8﻿ ﻿Self-regulated learning

	﻿3﻿ ﻿Methods
	﻿3.1﻿ ﻿Participants
	﻿3.2﻿ ﻿Instruments and procedures
	﻿3.3﻿ ﻿Data analysis

	﻿4﻿ ﻿Results
	﻿4.1﻿ ﻿Descriptive and preliminary analysis
	﻿4.2﻿ ﻿Measurement model evaluation
	﻿4.3﻿ ﻿Structural model and hypothesis testing

	﻿5﻿ ﻿Discussion
	﻿5.1﻿ ﻿Supported hypotheses
	﻿5.2﻿ ﻿Unsupported hypotheses

	﻿6﻿ ﻿Conclusion
	﻿6.1﻿ ﻿Summary of the results
	﻿6.2﻿ ﻿Study contributions and practical implications
	﻿6.3﻿ ﻿Limitations and suggestions for further research

	﻿Appendix
	﻿References


