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Clarity and Credibility: A Comparative 
Study of Students’ Perception 
of AI-Generated and Human-Created 
Content

Abstract

The growing popularity of AI across various fields affects students’ decisions. Since one 
of the modalities of AI is clarification and explanation of more complex phenomena, 
the focus of this paper is on how knowledge processing differs between AI- and human-
generated texts, which texts readers trust more, and why. This study investigates how 
university students perceive the clarity and credibility of explanations produced by AI 
in comparison to those written by humans. Using a quasi-experimental, mixed-methods 
design, 298 students from universities in Croatia and Poland participated in a survey as-
sessing their ability to recognise the source of short academic texts and evaluate their 
reliability, usefulness, and comprehensibility. The results reveal a high level of AI adoption 
among students, as well as an emerging ability to distinguish between AI- and human-
authored content based on linguistic and stylistic cues. Notably, students who reported 
frequent AI use were more confident in their evaluations and more trusting of AI-gener-
ated explanations. Disciplinary background, gender and topic familiarity also influenced 
content preferences and recognition accuracy. Across both logic and neurobiology tasks, 
students showed a marked preference for hybrid explanations that combine AI-gener-
ated precision with human-authored contextual clarity. These findings contribute to the 
growing field of AI literacy and offer practical implications for the design of trustworthy, 
pedagogically effective AI-supported learning materials.

Keywords: clarity, credibility, AI-generated content, human-created content, student 
perceptions

Introduction

Considering the changes (technological, social, demographical etc.) ongoing in the 
current world, the understanding of diverse concepts from various disciplines seems 
a crucial element of living and actively participating in society. Explanatory elements 
are observable not only in everyday life but also in professional fields. This is why un-
derstanding is also key for decision-making processes and for shaping critical reasoning 
and perceptions of the surrounding world.

Just as they are applied in other disciplines, explanations also play an important 
role in the learning and teaching process. Constructing a valid explanation is not solely 
a framework for understanding; it also includes many factors that contribute to its 
clarity and validity, such as logical structure, exemplifications and transparent cause-
and-effect thinking (Moore & Wright, 2023).

One of the most transformative developments in this regard is the emergence of 
generative artificial intelligence (AI). AI-powered tools are increasingly capable of pro-
ducing coherent, structured, and seemingly authoritative explanations across a range 
of topics. As these tools become embedded in educational environments, they raise 
important questions about how students perceive and evaluate the clarity, reliability, 
and trustworthiness of AI-generated versus human-created content. Human-computer 
interaction in this context is not only a matter of usability or interface design but also 
a cognitive and epistemological concern: how do learners distinguish machine-gener-
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ated from human-authored explanations, and how 
does this influence their trust and learning?

This study aims to examine students’ ability to criti-
cally evaluate the credibility of AI-generated content, 
a skill that may prove crucial in the future. The primary 
objective of this research is to determine whether 
students possess sufficient linguistic and critical 
awareness to distinguish between AI-generated and 
human-authored texts, thereby enabling informed and 
responsible content consumption.

Literature Review
Explanations – Definition, Types and Structure

Every explanation is deeply connected to the way 
people perceive and interpret the world. The concept 
of explanation itself is multidimensional, and its 
definition has long posed challenges for research-
ers. An explanation can be defined in various ways 
depending on the perspective adopted, leading to 
different interpretations and misconceptions (Tan, 
2022). Josephson and Josephson (1996) define ex-
planations as ‘assessments of causal responsibility,’ 
thereby situating explanation within the domain of 
cause-and-effect reasoning.

Considering the latter definition, Miller (2019) 
states that an explanation is based on bridging the 
gap between the explanandum and explanans. An 
explanation can also be understood as the result of 
a cognitive process and, as such, can be perceived 
as a product. Finally, it is also a result of ‘knowledge 
transfer’ between an explainer and explainee (Miller, 
2019). Poggiolessi (2024) identifies causal explana-
tions as those that illuminate the causes of phenom-
ena, in opposition to conceptual explanations, which 
focus on the reasons for those phenomena. Following 
the terminology introduced by Leinhardt and Steele 
(2005), explanations used in educational contexts 
are instructional explanations; they serve the cogni-
tive needs of learners (Keil & Wilson, 2000). Moore 
and Wright (2023) shift the perspective and strongly 
emphasise the importance of a well-posed question 
in the explanatory process, rather than the type of 
explanation itself; however, explanations should an-
swer the questions of how and why, rather than what 
(Federer et al., 2015).

Human Explanations – Features

Miller (2019) discusses the characteristics of human 
explanations based on an analysis of recent literature 
on the topic. What distinguishes human explana-
tions is their contrastive nature, which highlights 
the phenomenon being explained through contrast 
(Woodward, 2005). Furthermore, human explanations 
are inherently biased, as they rely on selecting the 
most likely option. Although reality and probability 
are crucial for explaining phenomena, for humans, 
they are less valuable than presenting the causes of 
a given situation or phenomenon. Finally, explanations 
are based on knowledge construction, which means 

they are dependent on the explainer’s and explainee’s 
belief systems (Miller, 2019). Lombrozo and Liquin 
(2023) highlight the selectivity and incompleteness 
of human explanations as some of their greatest 
strengths. Selectivity responds to epistemic curios-
ity, enabling individuals to process new information 
effectively and integrate it into existing cognitive 
structures. Moreover, selectivity often reflects an 
individual’s motivations, purposes, and intentions 
(Kim et al., 2023).

However, a lack of clarity and precision in expla-
nations may reduce their perceived credibility and 
trustworthiness. This issue is particularly relevant 
in the context of artificial intelligence, where users 
often rely on AI-generated explanations to understand 
complex information. When such explanations are 
vague, ambiguous, or insufficiently transparent, they 
can undermine users’ trust in AI systems and reduce 
their willingness to accept or act on the information 
provided (Chan & Hun, 2023; Pitts et al., 2025). An 
experiment conducted by Rago et al. (2024) confirmed 
a correlation between the format and clarity of an ex-
planation and the level of trust in it; full experimental 
details are provided in Appendix A.

AI-Generated Explanations

The scope of AI implementation continues to 
expand in response to evolving needs, ranging from 
simple conversational interactions to increasingly 
complex tasks. As the number of human–technology 
interactions grows and technological capabilities ad-
vance, new challenges emerge that require effective 
solutions. AI is increasingly used to facilitate under-
standing, support decision-making processes, and 
enhance efficiency across various domains. This trend 
is particularly visible in education. According to the 
Digital Education Council’s (2024) global survey, 86% 
of students use AI in their studies, with 69% employ-
ing it for information searches and 42% for grammar 
checking. Similarly, a survey conducted at the Hong 
Kong University of Science and Technology found that 
96% of students use AI tools, primarily for academic 
purposes (Jingwei He et al., 2025).

Markowitz et al. (2024) suggested analysing the 
features of AI-generated texts, using writing analysis 
to measure how thoughts and content are transmitted. 
Initial findings revealed that non-academic abstracts 
were simpler and more approachable in terms of lan-
guage complexity; full experimental detail is provided 
in Appendix A. Markowitz et al. (2024) observed that 
simpler and clearer presentation was associated with 
greater trust in, and understanding of, the topic, which 
was identified as a key advantage of AI-generated 
explanations. The findings were also confirmed by 
an independent study on the trustworthiness of AI 
creations conducted by Kim et al. (2024).

Feher et al. (2025) list the features of AI-generated 
explanations, highlighting their smooth language and 
high linguistic flexibility, as well as their tendency 
toward generalisation. What fosters trust and cred-
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ibility is their high level of adaptability to the target 
audience through an appropriate choice of vocabulary 
and register. The above points lead to the conclu-
sion that AI-generated explanations are explanations 
automatically produced by Large Language Models, 
designed to present information in a clear, coherent, 
and audience-oriented manner.

Credibility and Clarity

Important criteria for explanation in terms of 
perception are credibility and clarity, as both affect 
how receivers perceive the content. Credibility incor-
porates three elements: the sender of the message 
(source credibility), the channel of the message (media 
credibility), and the form and way in which the mes-
sage is conveyed (message credibility) (Hellmueller 
& Trilling, 2012). This aspect constitutes the level 
of understanding and trust in the received content. 
Clarity, in turn, refers to the degree to which the 
message is comprehensible and unambiguous to its 
intended audience.

Rae (2024) conducted mixed-method experiments 
in which participants evaluated content created either 
by a computer or by humans. The findings revealed 
that labelling content as AI-generated reduced the 
creator’s trustworthiness and overall positive per-
ception to a much greater extent than in the case of 
human-made content. However, the trustworthiness 
of the content itself remained unchanged, which 
shows the still huge gap that exists with respect 
to understanding the cognitive mechanisms of 
trustworthiness and perception. Nazaretsky et al. 
(2024) explored how automated systems can effec-
tively assess the quality of students’ reasoning, detect 
misconceptions, and deliver personalised feedback. 
The study underscores the importance of explana-
tions as indicators of conceptual understanding and 
highlights their potential to support more effective 
teaching and learning. Farrell (2025) emphasises the 
role of education and the theoretical background for 
recognising and trusting AI-generated explanations. 
The observation in the research is that students with 
advanced linguistic training are more sensitive to 
textual coherence, tone and discourse appropriate-
ness, which helps them cope with explanations more 
critically and selectively.

Zhang et al. (2025a) found that students placed 
greater trust in feedback co-produced by AI together 
with human-generated content than in purely AI-
generated material. The key determinant of trust in 
AI-generated content appears to be experience and 
critical reasoning, both of which enable deeper analy-
sis of the resulting texts. This finding is supported 
by Lermann Henestrosa and Kimmerle (2024), who 
similarly observed that knowledge of (or even the 
slightest suggestion about) the authorship of an AI-
generated explanation significantly affects readers’ 
trust in its validity. The researchers suggest further 
research on trustworthiness and credibility, particu-
larly by contrasting human- and AI-generated content, 

especially for broader audiences. An interesting find-
ing of the paper is that AI explanations are based on 
the probability and frequency of specific data, which 
probably makes them more reliable and trustworthy 
than human-made content. In this respect, a compari-
son of groups with different national backgrounds and 
attitudes to AI-created content might be of great value 
for future research on the topic.

Research Gap and Research Questions

The study described in the following paper refers 
to Poland and Croatia as two countries struggling with 
the rapidly growing popularity of AI across many sec-
tors, including education. To fill the existing research 
gap mentioned in the previous paragraph, and refer-
ring, on the one hand, to the lack of comparative 
studies on AI vs human explanations, and, on the 
other hand, to the under-researched element of the 
trustworthiness and reliability of AI- and human-cre-
ated explanations, the following research questions 
were posed.

Poland and Croatia were selected on both practical 
grounds (the authors’ institutional affiliations enabled 
access to comparable undergraduate cohorts) and 
theoretical ones (both represent underrepresented 
Central and Eastern European higher education sys-
tems in AI-in-education research); a detailed discus-
sion of the national and policy context is provided in 
Appendix A.

The constructs in this study are positioned within 
a coherent conceptual framework as follows. Explana-
tion type (AI-generated, human-created, or hybrid) is 
the primary independent variable; clarity, credibility, 
usefulness, and engagement are outcome dimensions; 
trust in AI-generated content functions as a mediating 
variable between explanation type and content prefer-
ence; and student characteristics (AI use frequency, 
disciplinary background, gender) operate as moderat-
ing variables. This framework, reproduced in full in 
Appendix B, guided construct operationalisation and 
the sequencing of all inferential analyses.
RQ1:  How do students rate the clarity, usefulness, and 

credibility of AI-generated, human-created, and 
hybrid explanations, and which type do they 
prefer as a learning resource?

RQ2:  What factors influence students’ trust in and 
preference for AI-generated versus human-cre-
ated explanations?

RQ3:  What are students’ perceptions of the strengths 
and weaknesses of different content types, and 
what improvements do they recommend for 
AI-generated content?

Based on the above research questions, the follow-
ing hypotheses were formulated:
H1:  Students will rate human-created explanations 

as significantly clearer and more credible than 
AI-generated explanations.

H2:  Frequency of AI use will be positively associated 
with higher trust in and more favourable evalua-
tion of AI-generated content.
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H3:  Students’ disciplinary background will signifi-
cantly influence their ability to distinguish AI-
generated from human-created content, with 
language-specialised students performing differ-
ently from STEM students.

Methodology

The study adopted a comprehensive quantitative 
research methodology to check the reliability and 
clarity of AI-generated versus human-created expla-
nations. The data were collected through surveys 
distributed to participants in Poland and Croatia. The 
questionnaire was available via Google Forms and 
was completed by 298 participants between April 
and May, 2025.

The choice of a quasi-experimental mixed-methods 
design was motivated by the multi-dimensional nature 
of the constructs under investigation. The quantitative 
strand, comprising Likert-scale ratings, forced-choice 
source identification tasks, and preference questions, 
enabled statistical testing of group differences and 
associations across disciplines, genders, and national 
backgrounds. The qualitative strand, comprising 
open-ended responses analysed thematically, allowed 
students to articulate their evaluative reasoning in 
their own words, capturing nuance that closed-scale 
items cannot fully represent. These two strands were 
integrated at the interpretive level: quantitative results 
identified patterns and tested the study’s hypotheses, 
while qualitative data explained the mechanisms and 
contextual factors underlying those patterns. The 
quasi-experimental character of the design derives 
from the use of controlled stimulus texts (matched 
pairs of AI-generated and human-created explana-
tions on the same topic) presented to participants 
under standardised conditions, without random as-
signment.

Each construct was operationalised through spe-
cific survey items; full definitions and item wording 
are provided in Appendix B (Table B.1). All Likert items 
used a 5-point response scale (1 = strongly disagree / 
not at all, 5 = strongly agree / very much).

Item wording was developed based on established 
frameworks for assessing credibility, clarity, and trust 
in educational contexts (Hellmueller & Trilling, 2012; 
Lermann Henestrosa & Kimmerle, 2024) and adapted 
to the specific task of evaluating short explanatory 
texts. Single-item operationalisation was adopted 
as a pragmatic compromise given survey length con-
straints, with face validity established through the 
pilot phase (N = 15). The limitations of this approach 
regarding construct validity and internal consistency 
are explicitly acknowledged in the Limitations sec-
tion.

The primary aim of the survey was to assess 
university students’ ability to identify the source of 
explanatory texts (AI-generated vs. human-created) 
and to evaluate those texts along dimensions of 
clarity, credibility, usefulness, and engagement. The 
target group consisted of undergraduate students 

enrolled in higher education institutions in Croatia 
and Poland, selected on the basis of availability and 
voluntary participation (convenience sampling). This 
non-probability sampling approach was chosen to 
facilitate data collection within the institutional con-
straints of both universities; however, it should be 
noted that this limits the generalizability of findings 
to broader student populations. The final sample com-
prised 298 respondents (198 from Poland, 100 from 
Croatia). Prior to the survey, a pilot test was conducted 
with a small group of students (N = 15) to evaluate 
clarity of instructions and item comprehension; no 
significant issues were identified. Participation was 
entirely voluntary and anonymous, and no minimum 
sample size was predefined; the achieved N = 298 is 
considered adequate for the non-parametric statistical 
tests applied (Wilcoxon signed-rank, Mann-Whitney 
U, Kruskal-Wallis, chi-square).

Participants

Participation was voluntary, and all participants 
provided informed consent after being informed about 
anonymity and data-handling procedures. The analysis 
was conducted on 298 people, including 198 from 
Poland and 100 from Croatia. In the survey, 135 male 
participants took part, 152 female, and 11 who pre-
ferred not to state their gender. The vast majority of 
the participants belonged to the age group 18–21, 
71 to the group 22–24 and 13 to the group 25 and 
older. 90.9% (N = 271) of the participants were at the 
bachelor level. 90.3% (N = 269) of the participants 
were enrolled at a public university. 38% of the survey 
participants study Computer Science, 37% Modern 
Languages, 17% Applied Linguistics, 6% Business, 
1% Management and Medicine and 0% Psychology.

Data Analysis

Quantitative responses were analysed using de-
scriptive statistics and non-parametric inferential tests 
(Wilcoxon signed-rank, Mann-Whitney U, Kruskal-Wal-
lis and chi-square tests), appropriate for ordinal data 
and subgroup comparisons. Open-ended responses 
were subjected to thematic analysis, which identified 
recurring patterns in students’ evaluative reasoning 
and perceptions of AI versus human authorship.

Figure 2 presents the study’s analytical framework, 
explicitly mapping each research question and hypoth-
esis to its corresponding construct, statistical test, 
and variable(s). This framework guided the selection 
and sequencing of all inferential analyses reported 
in the Results section. The analytical framework is 
reproduced in full in Appendix B.

Results

This section presents the study’s findings, struc-
tured around five analytical themes that collectively 
address the three formal research questions stated 
above.

Clarity and Credibility: A Comparative Study...
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Terminology note: ‘credibility’ refers to text-level 
perceived accuracy; ‘trust’ to the broader disposi-
tion toward AI as a source type; full definitions and 
effect sizes for all significant tests are provided in 
Appendix D.

The survey results revealed that 88.3% of the 
student sample actively integrates AI technologies 
into their everyday activities, driven primarily by 
efficiency, convenience, and their role as study aids. 
The remaining 11.7% cited a lack of personal need, 
concerns about misinformation, or a preference for 
independent inquiry as reasons for non-use. A full 
categorisation of AI usage patterns and reasons for 
avoidance is provided in Appendix D.

A Wilcoxon signed-rank test (N = 298) was con-
ducted to compare students’ perceived difficulty in 
understanding explanations created by humans and 
generated by AI. The test yielded a significant result 
(Z = –3.263, p = .001) with 120 students (40.3%) 
finding AI-generated material easier to understand, 
73 (24.5%) reporting greater difficulty, and 105 (35.2%) 
noticing no difference. 

A subsequent Mann-Whitney U test assessed differ-
ences between daily AI users (N = 263) and non-users 
(N = 35) in perceived comprehension of AI-generated 
content. Daily students reported significantly lower 
difficulty (U = 3035.500, z = –3.492, p = .000), sug-
gesting that frequent exposure may enhance students’ 
ability to comprehend AI-generated content, pos-
sibly due to increased familiarity with the structure, 
language patterns and limitations of such content. 
Similarly, daily students exhibited greater trust in 
AI-generated content (U = 1784.500, z = –6.287, 
p = .000). 

Cross-national comparisons (Mann-Whitney U) 
revealed no significant differences between Polish 
and Croatian students in either perceived difficulty of 
AI-generated explanation (U = 9259.500, z = 0.973, 
p = .330) or trust in AI as a source of academic knowl-
edge (U = 9102.00, z = -1.214, p = .225); full cross-
national analysis is provided in Appendix D.

A within-group Kruskal-Wallis test revealed sig-
nificant discipline-based variation among the Polish 
students (X2(6, N = 198) = 12.152, p = .002). Post-
hoc pairwise comparisons (with Bonferroni correc-
tion) showed that students in Philology and Applied 
Linguistics found AI-generated content significantly 
more difficult than students in other fields (p = .015 
and p = .016, respectively). 

Discussion

This study examined university students’ percep-
tions of AI-generated versus human-created explana-
tions by exploring three central research questions: 
how students assess and prefer different content types; 
what factors influence their trust and preferences; and 
how they perceive the strengths and weaknesses of 
each, along with suggestions for improvement. The 
findings provide valuable insights into how students 
engage with AI tools in educational contexts and offer 

implications for both AI literacy development and the 
design of AI-supported instructional content.

The first research question addressed how students 
rate the clarity, usefulness and credibility of explana-
tions depending on their source and which type they 
ultimately prefer. The analysis revealed that human-
created content was consistently rated as clearer, more 
useful and more credible than AI-generated content, 
particularly in logic-related tasks. Students appreci-
ated the accessible language, personal tone and practi-
cal examples found in human-authored texts, which 
facilitated comprehension and engagement. However, 
AI-generated content was valued for its depth, preci-
sion and structured presentation, attributes that were 
particularly appreciated in more technical subjects 
such as neurobiology. One possible explanation is 
that AI-generated content often uses simpler, more 
structured and more concise language, which may 
reduce cognitive load and make complex concepts 
more accessible. In contrast, human-created content 
may include more nuanced or context-dependent 
expressions, which, while potentially richer in mean-
ing, can be harder to process for some learners. This 
pattern aligns with the findings of Nazaretsky et al. 
(2024). Despite these perceived strengths, the AI-gen-
erated explanations were sometimes seen as overly 
formal or linguistically rigid, especially by students 
with advanced language training. Interestingly, across 
both domains and regardless of national background, 
students most frequently expressed a preference for 
hybrid content - explanations that combine human 
contextual clarity with AI-generated precision. This 
suggests a growing awareness of the complementary 
strengths of both content types and a preference for 
a balanced integration that maximises both clarity and 
informational value.

The second research question focused on the fac-
tors shaping students’ trust in and preferences for 
AI-generated versus human-created content. Several 
key variables emerged from the analysis. First, the 
frequency of AI use was strongly associated with more 
favourable evaluations of AI-generated content. 

Students who reported daily or frequent use of AI 
tools found such content easier to understand and 
more trustworthy, echoing findings by Zhang et al. 
(2025b) and Nazaretsky et al. (2024) on the role of 
exposure in reducing cognitive load and increasing 
tool trust, i.e. the more students engage with AI, 
the more adept they become at parsing its linguistic 
structure and content delivery.

 This indicates that regular exposure to AI tools 
may contribute to a greater sense of reliability and 
confidence in AI as a source of academic information. 
The findings are consistent with prior research (Zhang 
et al., 2025a), which suggests that frequency of AI use 
is positively associated with both perceived usefulness 
and trust in AI-generated educational materials. Sec-
ond, disciplinary background emerged as a significant 
factor influencing both perception and recognition. 
Philology and Applied Linguistics students rated AI-
generated content as more difficult to understand 
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than students in other fields. Our result aligns with 
Farrell’s (2025) research. These findings suggest that 
students with strong backgrounds in language and tex-
tual analysis may be more sensitive to the limitations 
or unnatural features of AI-generated texts, such as 
a lack of nuance, coherence or pragmatic appropriate-
ness. Their academic background likely enables them 
to detect subtle inconsistencies or unnatural phrasing 
that may be overlooked by peers from other disci-
plines. Our result aligns with Farrell’s (2025) research, 
which highlights that language-specialised students 
engage more critically with machine-produced texts. 
These results imply that while most students may per-
ceive AI-generated explanations as accessible or even 
preferable, those with deep linguistic expertise may 
remain cautious. This underscores the importance of 
enhancing the communicative clarity and authenticity 
of AI-generated educational materials, especially when 
used in language-focused academic contexts.

In contrast, Computer Science students not only 
evaluated AI explanations more positively but also 
outperformed other groups in source identification 
tasks. This may reflect their greater exposure to AI 
tools and conceptual familiarity with algorithmic logic, 
enabling more accurate evaluations and increased 
receptivity toward machine-generated content. These 
findings highlight the influence of academic training 
on students’ critical engagement with AI-produced 
content. Third, gender also influenced perception and 
comprehension, although to a lesser extent. Female 
students reported lower difficulty in understanding 
AI-generated materials, a finding that resonates with 
studies identifying greater comfort and trust in digital 
tools among women in academic settings (Zhang et 
al., 2025a). However, no significant gender differences 
were found in trust ratings overall. Interestingly, male 
students perceived the human-created neurobiology 
explanation as significantly easier to understand and 
more useful, indicating possible content-specific 
confidence or greater prior knowledge in technical 
subjects.

Taken together, the findings of the present study 
both confirm and extend existing research in impor-
tant ways. The preference for hybrid content aligns 
with Shankar et al. (2024), who argue that incorpo-
rating human oversight into AI-generated material 
enhances its pedagogical credibility. Similarly, the 
strong association between frequent AI use and more 
favourable content evaluations resonates with Zhang 
et al. (2025a), who found that students accustomed 
to AI tools perceive their output as more objective 
and useful, a pattern consistent with technology ac-
ceptance theory, which posits that familiarity reduces 
perceived risk. However, our findings diverge from 
Huschens et al. (2023), who reported higher clarity 
ratings for AI-generated texts; in our study, human-
created content was consistently rated as clearer 
and more engaging. This discrepancy may reflect 
differences in participant profiles or task design, 
and warrants replication across broader populations. 
Furthermore, while prior research (e.g., Clark et al., 

2021; Waltzer et al., 2024) has reported relatively low 
accuracy in identifying AI-generated text, our students 
achieved markedly higher accuracy (86% in the logic 
domain), suggesting that the level of AI familiarity in 
a given cohort may be a critical moderating variable 
– one that the existing literature has not yet fully 
addressed. Future research should examine whether 
AI literacy programs can be designed to capitalise 
on this emerging competence, and whether similar 
patterns hold across different text genres, languages, 
and educational systems. Longitudinal designs are 
particularly needed to track how student perceptions 
and detection abilities evolve as AI tools themselves 
continue to develop.

A further dimension that warrants reflection con-
cerns the potential role of cultural differences be-
tween the Polish and Croatian respondents. Although 
the cross-national statistical comparisons yielded no 
significant differences, a null result does not preclude 
the possibility that cultural factors shape students’ 
engagement with AI-generated content in ways not 
captured by the measures employed. While the two 
countries share a Central and Eastern European edu-
cational heritage, they differ in language family, digital 
infrastructure, and institutional AI policy frameworks, 
all of which may influence AI-related attitudes through 
channels not covered by this study. Future research 
should incorporate culturally sensitive instruments 
and qualitative follow-up to examine whether the ap-
parent equivalence of responses masks more nuanced 
cross-cultural differences in how students interpret 
and trust AI-generated academic content.

Limitations

While the results are promising, the study is 
not without limitations. The sample was limited to 
Croatian and Polish university students, which may 
constrain the generalizability of the findings to other 
cultural and educational contexts. The content used 
in the source recognition task was deliberately short 
and focused, which may have facilitated higher iden-
tification rates than would occur with more complex 
or ambiguous material. Self-reported data may also 
be subject to bias or variability in interpretation. Fu-
ture research should extend these findings through 
longitudinal studies, cross-cultural comparisons and 
the inclusion of additional academic disciplines to 
better understand how students’ perceptions of and 
interactions with AI evolve over time.

Several additional limitations merit acknowl-
edgement. The sample is uneven across disciplines 
(Computer Science and Modern Languages together 
account for 75% of participants), so comparisons in-
volving smaller subgroups should be interpreted with 
caution. The high rate of reported AI use (88.3%) may 
reflect self-selection bias, limiting generalizability to 
less AI-literate populations. The exceptionally high 
source-identification accuracy (86%) is partially at-
tributable to the use of short, topically constrained 
texts and a binary forced-choice format, which may 
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have inflated accuracy relative to more naturalistic 
conditions. All constructs were measured using sin-
gle self-report items rather than validated multi-item 
scales, which limits construct validity; future studies 
should develop and validate multi-item instruments 
for this context. Finally, the study does not account 
for participants’ prior topic knowledge, which may 
have influenced source recognition independently of 
disciplinary background.

Conclusion

This study explored university students’ perceptions 
and evaluations of AI-generated versus human-created 
explanation, their ability to distinguish between the 
two, and how factors such as discipline, gender, and 
frequency of AI use influence these perceptions. The 
results revealed a high rate of AI integration in the 
students’ academic and personal lives, coupled with 
a predominantly pragmatic attitude toward its use. 
While students recognised the efficiency and depth 
of AI-generated explanations, they consistently valued 
the clarity, relatability and authenticity of human-cre-
ated content. A clear preference emerged for hybrid 
explanations that combined the strengths of both 
sources.

One of the most significant findings was the 
students’ high accuracy in identifying the source of 
explanations, challenging the common assumption 
that AI-generated texts are difficult to detect. This ac-
curacy appeared to be closely linked to their familiarity 
with AI tools, critical evaluation skills and perceptions 
of clarity, usefulness and trustworthiness. However, 
the ability to distinguish between AI-generated and 
human-created content was shown to be domain-
sensitive, with higher performance in familiar, logic-
based tasks and reduced accuracy in more complex, 
specialised fields such as neurobiology.

With respect to trust (a central concern of the 
study), the findings present a nuanced picture. Stu-
dents did not unconditionally trust AI-generated 
content; rather, trust was conditional and context-
dependent. It was strongest among frequent AI users, 
in technically complex domains where AI explanations 
were perceived as authoritative (e.g., neurobiology), 
and when AI-generated content was framed as re-
viewed or validated by a human expert (as supported 
by 167 respondents). Trust was lower for unfamiliar or 
evaluatively demanding content and among students 
with strong linguistic training. These patterns suggest 
that trust in AI-generated explanations is not simply a 
function of technological acceptance, but is mediated 
by domain familiarity, AI literacy, and the perceived 
presence of human oversight. This has direct implica-
tions for educational practice: designing AI-supported 
learning environments that include transparent human 
curation or validation mechanisms may be the most 
effective strategy for building appropriate, calibrated 
trust in AI-generated educational content.

While the results offer promising insights into 
students’ emerging competencies in navigating AI-

supported learning environments, the study is lim-
ited by its focus on students from only two national 
contexts and its reliance on short-form texts. Future 
research should expand to include a broader range 
of disciplines, educational settings and text genres. 
Longitudinal and intervention-based studies would 
also help to clarify how evaluative skills and trust in 
AI evolve over time and with targeted training.

The appendices are available in the online version 
of the journal.
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E-Learning Fusion, November 3–4, 2026, Warsaw (Poland)

On 3–4 November 2026, Warsaw will once again become a meeting place for the HR & Digital Learning Community. 
The jubilee 10th edition of the E-Learning Fusion conference will bring together practitioners, business leaders 
and solution providers supporting learning and development within organisations.
It is one of the most important events for HR and Learning & Development taking place in Warsaw this year. 
E-Learning Fusion is a space for meetings, networking and knowledge exchange. It’s a place where theory meets 
practice, and participants can explore the latest solutions and trends in learning and development.
This year’s theme is: “The Future of Learning and Development in the Era of the Industry 5.0 Revolution”. The 
programme will feature expert talks, case studies, technology showcases and an EXPO area, where attendees will 
be able to experience how modern tools support learning and development in organisations.
This event is designed for everyone who wants to stay up to date with the latest trends in HR and digital learning 
and understand how the way we learn and develop skills at work is evolving.

More information at: https://elearning-fusion.pl/
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