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A B S T R A C T

Epistemic emotions concerning knowledge building or generation are important for higher education (HE) 
students, yet little is known about how they relate to generative artificial intelligence (AI). Guided by Pekrun's 
generalized Control-Value Theory (CVT), we examined epistemic emotions associated with ChatGPT use. The 
sample comprised 11,427 HE students representing 127 countries (based on self-reported citizenship), who 
completed an online survey. Structural equation modeling showed positive relations between ChatGPT use and 
ChatGPT control and value. ChatGPT control was positively related to curiosity and negatively related to sur
prise, enjoyment, anxiety, frustration, and boredom, whereas ChatGPT value was positively related to the three 
positive emotions and anxiety, and negatively related to the remaining negative emotions (i.e., confusion, 
frustration, and boredom). The model showed broad comparability across the gender, study field, and 
developmental-context groups represented in the sample, providing qualified support for the cross-group sta
bility of the relations proposed by the CVT. A linear mixed model indicated that positive emotions were more 
frequent than negative emotions and identified modest differences across developmental contexts. Overall, these 
findings provide descriptive evidence of how ChatGPT use, control, and value are associated with HE students' 
epistemic emotions and may inform the future development and evaluation of educational practices, while not 
supporting causal or prescriptive policy conclusions.

1. Introduction

Epistemic emotions – i.e., those emotions related to knowledge 
acquisition – are a core element in students' knowledge building (Muis 
et al., 2018; Pekrun & Loderer, 2020), a critical resource for tackling 
the challenges of the globalized 21st-century society (Guo et al., 2022). 
The recent increasing attention paid to this type of academic emotions 
has revealed their key role in higher education (HE) students' motiva
tion, metacognition, and learning outcomes, identifying also a range of 
relevant appraisals (Pekrun, 2024). However, to our knowledge, 
research has not yet explored the nature of these emotions connected 
with the global-spread conversational chatbot ChatGPT – the currently 
most popular interactive generative Artificial Intelligence (AI) system – 

targeting the population of HE students and examining their anteced
ents. The peculiar characteristics of interactions with ChatGPT – 
enabling the building of knowledge, scaffolding users' learning, and its 
worldwide adoption – make using ChatGPT a prototype task to inves
tigate emotions associated with knowledge-building processes and 
products, while also examining whether their relations with theoreti
cally relevant antecedents are comparable across different groups of 
students. Given the current massive and growing presence of AI tech
nologies in HE learning contexts, shedding light on the nature of 
ChatGPT-related epistemic emotions and antecedents may contribute to 
a better understanding of students’ learning and epistemic cognition – 
regarding “how people acquire, understand, justify, change, and use 
knowledge in formal and informal contexts” (Sandoval et al., 2016, p. 
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Contents lists available at ScienceDirect

Computers in Human Behavior Reports

journal homepage: www.sciencedirect.com/journal/computers-in-human-behavior-reports

https://doi.org/10.1016/j.chbr.2026.101296
Received 25 May 2026; Received in revised form 23 August 2026; Accepted 2 September 2026  

Computers in Human Behavior Reports 24 (2026) 101296 

Available online 6 September 2026 
2451-9588/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-2810-7630
https://orcid.org/0000-0002-2810-7630
https://orcid.org/0000-0002-4491-2015
https://orcid.org/0000-0002-4491-2015
https://orcid.org/0000-0001-7120-4965
https://orcid.org/0000-0001-7120-4965
https://orcid.org/0000-0003-1345-9649
https://orcid.org/0000-0003-1345-9649
https://orcid.org/0000-0003-4505-7134
https://orcid.org/0000-0003-4505-7134
https://orcid.org/0000-0003-0426-820X
https://orcid.org/0000-0003-0426-820X
https://orcid.org/0000-0003-2730-2597
https://orcid.org/0000-0003-2730-2597
https://orcid.org/0000-0001-8126-1971
https://orcid.org/0000-0001-8126-1971
mailto:daniela.raccanello@univr.it
mailto:roberto.burro@univr.it
mailto:giada.vicentini@univr.it
mailto:aleksander.aristovnik@fu.uni-lj.si
mailto:aleksander.aristovnik@fu.uni-lj.si
mailto:damijana.kerzic@fu.uni-lj.si
mailto:dejan.ravselj@fu.uni-lj.si
mailto:lan.umek@fu.uni-lj.si
mailto:nina.tomazevic@fu.uni-lj.si
mailto:nina.tomazevic@fu.uni-lj.si
www.sciencedirect.com/science/journal/24519588
https://www.sciencedirect.com/journal/computers-in-human-behavior-reports
https://doi.org/10.1016/j.chbr.2026.101296
https://doi.org/10.1016/j.chbr.2026.101296
http://creativecommons.org/licenses/by/4.0/


457).
Although ChatGPT has spread rapidly across HE worldwide, coun

tries differ considerably in their levels of generative AI adoption, digital 
infrastructure, educational technology integration, and institutional 
policies governing AI use in education. These contextual differences may 
shape students' experiences with ChatGPT. Accordingly, the present 
study draws on a multinational sample representing diverse citizenship 
backgrounds to examine individual students’ epistemic emotions – 
rather than to compare national educational systems or AI policy 
environments.

Given the rapid integration of generative AI into HE learning con
texts, it is particularly important to examine students’ experiences at the 
initial stages of adoption. Although ChatGPT is already widely used for 
knowledge-related activities, empirical understanding of the emotional 
processes associated with its use remains limited. Investigating 
ChatGPT-related epistemic emotions during a relatively early phase can 
therefore provide a timely baseline for examining how students respond 
affectively to generative AI and for comparing these experiences with 
those emerging as AI systems, patterns of use, and institutional practices 
continue to evolve.

Against this background, this study addresses several interrelated 
gaps in the literature. First, despite the rapid adoption of generative AI 
in HE, little is known about the full range of positive and negative 
epistemic emotions that students experience when interacting with 
ChatGPT or about how these emotions relate to ChatGPT use, perceived 
control, and perceived value. Examining both positive and negative 
emotions offers a more comprehensive account of students' emotional 
experiences during generative AI-supported knowledge activities. Sec
ond, previous research has rarely applied the generalized CVT to in
teractions with generative AI or examined the theoretically proposed 
relations among ChatGPT use, control and value appraisals, and 
epistemic emotions. Although technology-acceptance frameworks are 
useful for explaining whether students intend to adopt and use genera
tive AI, the generalized CVT is particularly well-suited to this research 
because it specifies how control and value appraisals are associated with 
discrete positive and negative emotions that arise during knowledge- 
related activities. In particular, limited evidence is available on 
whether control and value mediate the associations between ChatGPT 
use and students' epistemic emotions. Third, it remains unclear whether 
the measurement of the relevant constructs and the structural relations 
proposed by the CVT are comparable across students differing in gender, 
study field, and broader developmental context. Testing measurement 
and structural invariance across these groups can provide a more robust 
assessment of the model's comparability. Finally, much of the existing 
evidence on students' cognitive and emotional experiences with 
ChatGPT derives from single-country or comparatively restricted sam
ples, limiting understanding of these processes across diverse back
grounds. By involving a very large sample of HE students representing 
127 countries (based on self-reported citizenship), the present study 
provides timely cross-national evidence on ChatGPT-related epistemic 
emotions and their antecedents, while testing the robustness of the hy
pothesized model across multiple groups. To address these gaps, the 
present study responds to the following overarching research question: 
How and why do HE students from diverse national backgrounds 
experience epistemic emotions when using ChatGPT?

From an applied perspective, identifying how students’ control and 
value appraisals are associated with positive and negative epistemic 
emotions may provide an empirical basis for educational institutions 
and policy makers to develop and evaluate practices that support more 
adaptive experiences with generative AI, while recognizing that the 
present cross-sectional findings do not establish causal effects or justify 
prescriptive policy recommendations.

2. Literature review

2.1. Epistemic emotions and the generalized Control-Value Theory

HE students feel a wide range of emotions while navigating everyday 
academic challenges. Such academic emotions, including the so-called 
epistemic emotions, play a paramount role in their well-being and 
learning (Pekrun, 2024).

According to theoretical approaches such as Pekrun's CVT (2006, 
2024; Pekrun & Perry, 2014), academic emotions can be classified into 
at least four types: achievement emotions, topic emotions, social emo
tions, and epistemic emotions (Pekrun & Loderer, 2020). As is generally 
the case for all emotions, they can be differentiated based on various 
dimensions, including valence and arousal. The former distinguishes 
between positive or pleasant and negative or unpleasant emotions, while 
the latter between physiologically activating and deactivating emotions. 
The intersection of these two dimensions yields a four-quadrant repre
sentation of academic emotions.

Among the four types, achievement emotions are by far the most 
investigated, especially with HE students (Pekrun, 2024). They regard 
achievement activities (i.e., attending a lesson or studying) or outcomes 
(i.e., taking a test) – as their object focus – judged based on 
competence-related criteria. Topic emotions are prompted by the con
tents of learning materials, which become their object focus. Social 
emotions are connected to other individuals who play a role in the 
learning context, constituting their object of focus. Finally, epistemic 
emotions are those emotions related to knowledge building or genera
tion. Their study is currently deemed a priority due to the exponential 
growth of the role of technology-mediated learning activities, such as 
those connected with generative AI, in schools and HE institutions.

In all tasks in which students develop knowledge, the fourth type of 
academic emotions, namely epistemic emotions, is likely to be present 
(Muis et al., 2018). The Greek-origin term “epistemic” traces back to the 
verb epistanai, i.e., “to know”, indicating the processes of acquiring and 
mastering knowledge and competence. Going beyond the study of 
knowledge as “cold cognition”, such processes are currently viewed as 
strictly related to emotions, shifting to a “hot cognition” approach, 
which also considers the affective components of epistemic cognition 
(Pekrun & Loderer, 2020). Epistemic emotions are defined as those 
emotions triggered by the knowledge-arising qualities of a cognitive task 
or activity (Brun et al., 2008; Muis et al., 2018; Pekrun & Loderer, 2020). 
In other words, they originate when individuals are somehow involved 
in knowledge-generation mechanisms. Their object focus comprises 
both the process of knowledge development and its product, i.e., 
knowledge itself (Pekrun et al., 2017). From an evolutionary perspec
tive, we can assert that their purpose is to accompany individuals as they 
build knowledge about the external world and themselves, facilitating or 
constraining this process (Muis et al., 2018; Pekrun et al., 2017; Pekrun 
& Loderer, 2020).

Epistemic emotions result from continuous consideration of hy
pothesized and current progress toward an epistemic goal that can be 
impeded or achieved (Muis et al., 2018). They are typically prompted 
when discrepant or inconsistent information triggers cognitive in
congruity or disequilibrium (D'Mello et al., 2014) as well as when 
consistent information causes a cognitive equilibrium (Muis, Pekrun, 
et al., 2015). Epistemic emotions can include the positive activating 
emotions of surprise (in some cases described as neutral or even nega
tive), curiosity (sometimes defined also as negative), and enjoyment; the 
negative activating emotions of confusion and anxiety; and the negative 
deactivating emotions of frustration and boredom – even if frustration, 
being a combination of anger and sadness, also includes some activating 
characteristics (Pekrun, 2024).

The aforementioned incongruity can regard a conflict – or, 
conversely, the congruity can refer to consistency – between different 
pieces of knowledge concerning also different temporal frameworks: for 
example, between fragments of previous and current knowledge, or 
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between fragments of existing knowledge (Muis et al., 2018; Pekrun 
et al., 2017; Pekrun & Loderer, 2020), clearly resembling the Pia
getian socio-cognitive conflict (Mugny & Doise, 1978). If we consider a 
student-chatbot interaction from the very beginning, for example, the 
incongruity between prior knowledge, expectations, or beliefs and new 
knowledge can give rise to surprise. Curiosity can arise from a desire to 
know something unknown in such an uncertain situation, filling the 
perceived gap between current and future knowledge. Confusion can 
emerge when students are aware of incongruities that are far from a 
solution, for example in complex learning tasks for which they choose to 
be assisted by a chatbot. If the situation is particularly uncertain and 
students’ need for closure (i.e., a motivational propensity to get an 
answer to bypass ambiguity; Kruglanski, 2013) is high, such discrep
ancies could also trigger anxiety. Finally, enjoyment, on the one hand, 
and frustration and boredom, on the other hand, can co-occur with the 
previous emotions, in case the process of knowledge development is 
experienced, respectively, as pleasant or unpleasant. However, they can 
also appear at the end of such a process, when incongruities are resolved 
or seem impossible to resolve. It is noteworthy that while some emo
tions, such as curiosity or confusion, are inherently epistemic, others, 
such as enjoyment or anxiety, can also be classified as achievement 
emotions; therefore, epistemic emotions share characteristics with other 
types of academic emotions (Pekrun et al., 2017).

Beyond incongruity, also novelty and complexity of the information, 
and achievement or impasse in reaching epistemic goals – all elements 
that can be salient when students interact with ChatGPT – can be an
tecedents of epistemic emotions (Muis et al., 2018), together with the 
two proximal antecedents of emotions conceptualized at the core of the 
CVT, control and value beliefs. This list of antecedents, however, may 
not be exhaustive (Muis et al., 2018).

In the last two and a half decades, extensive literature has demon
strated how achievement emotions are connected with various corre
lates for students from primary schools to HE institutions. Most research 
has referred to Pekrun's CVT of achievement emotions (2006; Pekrun & 
Perry, 2014), which has recently been reformulated as the generalized 
CVT to include achievement, social, epistemic, and existential emotions 
– whose object focus is health, life, disease, and death (Pekrun, 2024). 
However, despite the current relevance of epistemic emotions for 
learning processes and products, their correlates have been investigated 
far less than those of achievement emotions, particularly in the context 
of naturalistic, everyday learning tasks involving technology.

According to the generalized CVT, academic emotions can be 
conceptualized in terms of their reciprocal interrelations with a range of 
antecedents and consequences, with the theory proposing that the basic 
functional relations may show substantial consistency across persons 
and contexts (Pekrun, 2006, 2024; Pekrun & Perry, 2014). Acknowl
edging the existence of a variety of mechanisms influencing emotions, 
spanning from genetic dispositions to sensory perceptions, this approach 
emphasizes the role of cognitive appraisals, such as perceived control 
and value, in the generation process of education-relevant emotions 
(Pekrun, 2024). This is based on the assumption that such emotions arise 
in contexts shaped by culture and civilization, and are given meaning 
primarily through adaptive interpretations of the environment and one's 
capacities to cope with it. Thus, although the CVT proposes a degree of 
cross-context consistency in the relations between academic emotions – 
including epistemic emotions – and their correlates, it also posits that 
the frequency and intensity of these emotions can vary according to the 
characteristics of persons and contexts (Pekrun, 2024). For example, 
Raccanello et al. (2022) reported that in a sample of more than 17,000 
HE students, e-learning-related achievement emotions varied across 
personal and contextual factors. While usually positive achievement 
emotions are more frequent than negative ones (e.g., Raccanello et al., 
2021), in that case the negative emotions prevailed – nevertheless, 
this could be attributed to the COVID-19 context in which the data were 
gathered – for females (and not for males), and only in two study fields 
out of four (in natural and life sciences, arts and humanities, and not in 

social sciences and applied sciences). However, knowledge of the vari
ability of epistemic emotions across factors such as gender, study field, 
or country, based on large cross-cultural samples of HE students, re
mains limited. In a study that, with a more reduced sample, examined 
gender, the authors reported no significant differences in control, value, 
and epistemic emotions (Muis, Psaradellis, et al., 2015). In another one 
focused on the development of a scale assessing seven epistemic emo
tions (i.e., the Epistemically-Related Emotion Scale, ERES; Pekrun et al., 
2017), the authors demonstrated that the scale structure was invariant 
at the metric level across students from the United States, Canada, and 
Germany – but epistemic emotions' rates were not compared among 
countries.

According to the generalized CVT (Pekrun, 2006, 2024; Pekrun & 
Perry, 2014), the main antecedents of academic emotions are 
perceived control and value beliefs, which are considered proximal 
appraisals. They are, in turn, influenced by more distal individual (such 
as gender) and contextual antecedents (such as scaffolding by teachers, 
virtual agents, or autonomy support). In brief, academic emotions arise 
when students perceive that they do or do not control learning activities 
or results that they deem relevant. For epistemic emotions (Muis et al., 
2018), perceived control refers to expectations about one's own 
controllability of epistemic-related actions and outcomes, such as beliefs 
about a student's ability to comprehend a particular concept. Perceived 
value refers to the subjective relevance of an epistemic activity or 
outcome, and can be characterized by an intrinsic value – i.e., when 
students are interested or give importance to activities or outcomes – 
and an extrinsic value – i.e., when students identify positive conse
quences of activities or outcomes, such as for everyday life.

A large amount of research supported CVT's assumptions about the 
positive and negative relations, respectively, between control and value 
on the one hand and positive and negative achievement emotions on the 
other hand, with the exception of anxiety arousing with low control and 
high value (Pekrun, 2024; Pekrun & Loderer, 2020). Nevertheless, these 
issues have been examined less frequently for epistemic emotions, with 
some exceptions focused on science, technology, engineering, and 
mathematics (STEM) disciplines (Dowd et al., 2015; Muis, Psaradellis, 
et al., 2015; Munzar et al., 2021; Pekrun et al., 2017; Schubert et al., 
2023). Muis, Psaradellis, et al. (2015) documented that the more 
fifth-graders controlled their mathematics abilities, the less they expe
rienced confusion and anxiety during problem-solving; the more they 
valued mathematics, the more they experienced curiosity and enjoy
ment, and the less they felt confusion, anxiety, frustration, and boredom. 
Similar results were reported by Munzar et al. (2021) with third-to 
sixth-graders, always about mathematics problem-solving. About HE, 
Dowd et al. (2015) found that university students' self-efficacy and 
confidence in reasoning were negatively related to their confusion while 
reading new materials before introductory physics course lessons. While 
developing the ERES with university students, Pekrun et al. (2017)
found that task value correlated positively with curiosity and enjoy
ment, and negatively with boredom, when reading texts containing 
conflicting information about climate change. Schubert et al. (2023)
showed that HE students' subjective control and value in a mathematics 
proof-construction task were positively related to curiosity and enjoy
ment; for negative emotions, value was negatively related to boredom 
(but not to confusion or frustration). In summary, previous findings 
indicate that students' control and value beliefs are positively related to 
positive epistemic emotions, such as curiosity and enjoyment, and 
negatively related to negative epistemic emotions, such as confusion, 
anxiety, frustration, and boredom, with some exceptions. It is worth 
reporting that data from more than half a million 15-year-olds from 72 
countries (PISA 2015 database) indicated that both science self-efficacy, 
on the one hand, and utility and intrinsic value, on the other hand, were 
higher for students with more adaptive beliefs about knowledge, 
conceptualizing it as changeable (Guo et al., 2022).

In turn, academic emotions impact students' performance directly 
and through the mediation of cognitive, metacognitive, and 
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motivational processes. Numerous studies have demonstrated that these 
relations characterize HE students, particularly regarding achievement 
emotions (Pekrun, 2024). However, the influence of epistemic emotions 
remains somewhat underexplored. Muis et al. (2018) described four 
possible outcomes of epistemic emotions, for: (a) planning and goal 
setting – negatively predicted by primary students' surprise (fostering 
confusion) and boredom (Muis, Psaradellis, et al., 2015); (b) cognitive 
and metacognitive strategies – with HE students' critical thinking, 
knowledge elaboration, and rehearsal predicted by curiosity felt while 
reading contradictory texts on climate change, among a total of seven 
epistemic emotions (Chevrier et al., 2019); (c) motivation – with HE 
students’ enjoyment and curiosity about mathematics proof construc
tion mediating the relation of control and value with intrinsic motiva
tion (Schubert et al., 2023); and (d) learning outcomes – with some 
metacognitive strategies or motivational constructs (see points b and c) 
impacted by the aforementioned emotions influencing in turn math 
performance or text comprehension (Chevrier et al., 2019; Muis, 
Psaradellis, et al., 2015; Schubert et al., 2023). To sum up, previous 
literature (as revised by Schubert et al., 2023) suggests that positive 
epistemic emotions such as curiosity and enjoyment should impact 
performance favorably, while surprise could have both positive and 
negative effects (Chevrier et al., 2019), being a precursor of curiosity 
and confusion (Vogl et al., 2019). Among negative epistemic emotions, 
confusion can foster engagement only if the situation is perceived as 
resolvable – otherwise, it would impair it (Muis, Psaradellis, et al., 2015) 
and anxiety and boredom are generally documented to be detrimental 
(Chevrier et al., 2019; Schubert et al., 2023).

2.2. Higher education students interacting with ChatGPT: use, control, 
value, and affect

Most studies on academic emotions have explored learning processes 
related to single representations, such as learning from a single text or a 
single viewpoint (Pekrun & Loderer, 2020). Nevertheless, the most 
recent technological developments compel scientists to disentangle the 
relations between academic emotions and their correlates in 
multi-representation and multi-perspective learning tasks. Interacting 
with ChatGPT offers a prominent example of such tasks, triggering 
epistemic emotions typically associated with knowledge generation 
while activating cognitive activities involved in knowledge acquisition 
and exploration (Vogl et al., 2019). However, using ChatGPT does not 
constitute an epistemic activity merely because the system generates 
information. Its epistemic character depends on the object focus and 
goal of the interaction. ChatGPT use may be epistemic when students 
formulate knowledge-related questions, seek explanations, compare 
generated information with prior knowledge or expectations, detect 
inconsistencies, revise their understanding, or evaluate the adequacy of 
the output. In these cases, ChatGPT functions as the medium of the ac
tivity, whereas the emotion is directed toward the knowledge-building 
process or product. Conversely, emotions primarily driven by usabil
ity, technical failures, response speed, or access to the system would be 
better characterized as technology-use emotions.

ChatGPT, as the leading chatbot in AI large language models (LLMs), 
is driving a major shift in current paradigms of information acquisition 
(Abbas et al., 2024). It is an intelligent chatting robot capable of 
handling complex conversations with its users and understanding and 
responding to instructions and prompts in a nearly human-like manner 
(Wu et al., 2023). Developed by OpenAI, this chatbot was first released 
publicly in November 2022 and reached more than 100 million active 
users within two months (Wu et al., 2023). Unlike traditional AI models, 
generative AI, such as ChatGPT, does not simply detect patterns and 
make predictions; instead, it creatively produces new outputs, 
leveraging billions of parameters (OpenAI, 2025).

Epistemic emotions triggered by the use of ChatGPT can have both 
similarities and differences compared to those aroused in the zone of 
proximal development (ZPD) in other learning tasks, such as face-to-face 

interactions or online collaborative environments (typically studied by 
Computer-Supported Collaborative Learning, CSCL, approaches; Cress & 
Kimmerle, 2023; Ghazal et al., 2020). First, as for learning occurring 
within the ZPD with a human expert, also in the interaction between a 
student and a chatbot, there is an entity with more expertise (i.e., 
ChatGPT) offering on-demand and personalized tutoring (Farrokhnia 
et al., 2024; Ravšelj et al., 2025) and an entity with less expertise (i.e., 
the student), and the process is aimed at learning through co-joint ac
tions. Users can ask any question, receive a written answer, and then 
rephrase and refine their previous questions, engaging in an 
almost-human conversation in which the chatbot learns from both its 
massive database and users' reactions. Second, ChatGPT's knowledge, 
built on a vast repository of dynamic information updated based on 
individuals' utterances, can be considered similar to knowledge devel
oped through collaborative efforts among people (Cress & Kimmerle, 
2023). Third, using ChatGPT can facilitate the transition from the 
knowledge-telling writing typical of novices to the 
knowledge-transforming writing characteristic of experts (Scardamalia 
& Bereiter, 1987). Nevertheless, there are at least three evident differ
ences we can draw on to support the relevance of studying epistemic 
emotions in the unique setting of interacting with ChatGPT. First, being 
ChatGPT a non-human entity – with the advantage of being perceived as 
always available and guaranteeing real-time and continuous support 
(Farrokhnia et al., 2024; Ravšelj et al., 2025) – there is the possibility of 
an overwhelming sense of loss and helplessness if it is not present, even 
for trivial connecting problems. Second, ChatGPT lacks the ability to 
infer knowledge about the context (Cress & Kimmerle, 2023), prompting 
a variety of affective reactions during knowledge building that depend 
on the coherence between its answers and the environment. Third, the 
final objective of the interaction does not include the learner's autonomy 
in the knowledge-building process. Rather, there is a risk of the latter's 
overdependence on ChatGPT (Farrokhnia et al., 2024), which un
dermines self-determination and the sense of autonomy so crucial for 
learning (Ryan & Deci, 2020), and possible influences on connected 
affective reactions. Therefore, ChatGPT-related epistemic emotions 
could have peculiar task-based characteristics that make the ChatGPT 
context worth exploring.

Moreover, being free, worldwide available, and very easy to use 
compared to other digital technologies (Cress & Kimmerle, 2023; 
Grassini et al., 2024), ChatGPT is an ideal tool to be investigated, 
focusing on samples of students differing in a variety of personal and 
cultural characteristics, for example, about their gender, study field, and 
country development. Therefore, studying ChatGPT-related epistemic 
emotions allows us to examine whether the relations proposed by the 
generalized CVT (Pekrun, 2024) show comparability across students 
with different personal and developmental backgrounds, while also 
responding to the need for region-specific research on factors associated 
with ChatGPT use, which may depend on the level of technology 
adoption across countries (Grassini et al., 2024).

Parallel to the explosion of research on the opinions of teachers and 
experts regarding the potential of ChatGPT use for HE learning and 
teaching (e.g., Ali et al., 2024; Farrokhnia et al., 2024; Sallam et al., 
2023), an emergent line of studies is taking the perspective of students 
(Abbas et al., 2024; Abdaljaleel et al., 2024; Boubker, 2024; Bouteraa 
et al., 2024; Galindo-Domínguez et al., 2025; Grassini et al., 2024; 
Leite, 2025; Lo et al., 2024; Ofosu-Ampong et al., 2023; Oubibi et al., 
2025; Ravšelj et al., 2025; Strzelecki, 2023; Tiwari et al., 2024; Wu 
et al., 2024; Yilmaz et al., 2023).

Rates of self-reported HE students' use of ChatGPT, as reported in a 
few cross-cultural studies on this issue, range from approximately 53% 
to 71% (Abdaljaleel et al., 2024; Ravšelj et al., 2025). A previous study 
involving the same cross-cultural sample as this research found that HE 
students primarily use ChatGPT for brainstorming, summarizing texts, 
simplifying complex knowledge, searching for research articles, and 
occasionally for professional and creative writing (Ravšelj et al., 2025). 
Nevertheless, ChatGPT's perceived reliability was lower for providing 
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information and favoring classroom learning, and the need for regula
tions became evident. The participants also believed that the use of 
ChatGPT could improve their learning and achievement, with 
knowledge-field differences: more for informatics-related abilities, such 
as AI literacy, digital communication, and content creation skills, and 
less for native language proficiency, numeracy, and soft skills like 
interpersonal communication, decision-making, and critical thinking. 
Additionally, ethical concerns arose, despite other evidence suggesting 
that potential negative outcomes, such as plagiarism, may be more 
closely related to a culture of cheating or amotivation than to the use of 
ChatGPT (Galindo-Domínguez et al., 2025). Some studies have also 
documented negative academic consequences, such as increased pro
crastination, memory loss, and poorer performance (Abbas et al., 2024); 
however, research on ChatGPT's impact on learning is still in its early 
stages.

Many of the few studies that explored ChatGPT use considered the 
Technology Acceptance Model (TAM; Davis, 1989; Granić & 
Marangunić, 2019) and its subsequent versions, such as the Extended 
Unified Theory of Acceptance and Use of Technology (Venkatesh et al., 
2012), as the main theoretical frameworks, usually administering online 
surveys. The TAM includes two main predictors of users’ acceptance and 
use of technology, i.e., perceived ease of use – referring to the needed 
effort – and usefulness; two constructs quite similar, respectively, to 
perceived control and value as conceptualized by the CVT. However, 
related evidence about ChatGPT is currently inconsistent.

Although TAM and the generalized CVT share an emphasis on users' 
cognitive evaluations, their constructs have only partial conceptual 
overlap. Perceived ease of use and perceived control both concern 
whether engagement with a system or activity is experienced as 
manageable. However, perceived ease of use refers specifically to the 
degree of effort required to use a technology, whereas perceived control 
in CVT concerns the broader perceived controllability of an activity and 
its outcomes, including students’ beliefs that they can successfully 
manage knowledge-related actions. Similarly, perceived usefulness and 
perceived value both concern the perceived relevance or benefits of an 
activity. Nevertheless, perceived usefulness is primarily defined in 
instrumental terms, referring to the extent to which using a technology 
is expected to improve performance, whereas value in CVT is broader 
and includes intrinsic interest, subjective importance, and utility.

The two frameworks also differ in their principal explanatory targets. 
TAM was developed primarily to explain technology acceptance, 
behavioral intention, and actual use. The generalized CVT, instead, ex
plains the generation of academic emotions by specifying how control 
and value appraisals relate to discrete positive and negative emotions 
and, in turn, to learning-related processes and outcomes. Therefore, 
TAM is useful for contextualizing previous findings on students’ 
acceptance and use of ChatGPT, but it does not by itself provide a suf
ficiently differentiated account of epistemic emotions. In the present 
study, CVT was selected as the principal theoretical framework because 
the primary focus is on discrete emotions arising during ChatGPT- 
supported knowledge activities, rather than on acceptance of or inten
tion to use the technology.

HE students' ChatGPT ease of use resulted in some cases low – with 
Omani students highlighting the corresponding mental effort together 
with doubts about positive effects on their skills (Tiwari et al., 2024) – 
and in others high – for example, with Polish students appreciating 
ChatGPT's conversational style (Strzelecki, 2023) and in a five-country 
sample (Abdaljaleel et al., 2024). Models testing whether it predicted 
the behavioral intention to use ChatGPT reported nonsignificant re
lations – with Norwegian (Grassini et al., 2024), Omani (Tiwari et al., 
2024), and Polish (Strzelecki, 2023) HE students – documenting also 
the lack of a moderation effect by gender (Grassini et al., 2024). 
Considering the impact of control on use, and involving a six-country 
sample of students of non-science majors, Bouteraa et al. (2024) found 
that educational and technological self-efficacy (together with personal 
anxiety) positively impacted ChatGPT use. Similarly, interventions 

using different AI-integrated tools (including ChatGPT) or a 
ChatGPT-based Intelligent Learning Aid resulted in improvements in HE 
students' writing and general self-efficacy, respectively (Oubibi et al., 
2025; Wu et al., 2024). So, data on ChatGPT control, in terms of ease 
of use or self-efficacy, are currently mixed and warrant further attention.

ChatGPT usefulness, instead, is generally high, as perceived by stu
dents from Egypt, Ghana, Iraq, Kazakhstan, Kuwait, Lebanon, Jordan, 
Oman, and Poland involved in different HE study fields (Abdaljaleel 
et al., 2024; Ofosu-Ampong et al., 2023; Strzelecki, 2023; Tiwari 
et al., 2024; Yilmaz et al., 2023). This is also testified by the variety of 
learning-related functions identified by HE students for ChatGPT (e.g., 
Ravšelj et al., 2025). Moreover, the impact of ChatGPT usefulness on 
acceptance of or intention to use ChatGPT is generally positive 
(Ofosu-Ampong et al., 2023; Tiwari et al., 2024; Yilmaz et al., 2023). 
However, whether the opposite relation is impactful remains unclear.

Within the generalized CVT, perceived control and value are 
conceptualized as proximal cognitive appraisals involved in the gener
ation of academic emotions, including epistemic emotions. In the pre
sent context, ChatGPT control concerns students' perceived capacity to 
manage their interaction with the system, whereas ChatGPT value 
concerns the interest, importance, and utility they attribute to its use. 
ChatGPT use is treated as a more distal behavioral variable that may be 
associated with these appraisals: more frequent interaction may be 
accompanied by greater familiarity with ChatGPT and students’ 
perceived control over its use, while also being associated with stronger 
perceptions of its relevance and utility. Control and value, in turn, are 
expected to be associated with the positive and negative epistemic 
emotions experienced when students use ChatGPT for knowledge- 
related activities.

Some studies have also begun to explore the affect associated with 
ChatGPT, based on different theoretical assumptions and methodolo
gies. Using sentiment analysis on 1.1 million tweets sent between 
December 2022 and June 2023, Demirel et al. (2025) described public 
perception of ChatGPT across six continents as positive in approximately 
half of the tweets (more frequent in low-income countries), with the 
remaining tweets neutral or negative. Focusing on HE faculties and 
using the same technique, Mamo et al. (2024) revealed that, out of a 
total of 3559 comments about ChatGPT published between November 
2022 and April 2023, 40% were positive, 51% neutral, and 9% negative. 
Trust and joy prevailed among positive sentiments, while fear and anger 
among the negative ones. Considering HE students' emotions, a sys
tematic review of 72 articles published within one year after ChatGPT's 
release indicated that its use in learning contexts triggered mixed 
emotions: engaging, such as satisfaction, interest, or fun, and disen
gaging, such as disappointment, worry, or anxiety – however, most 
studies were of short duration (Lo et al., 2024).

As regards factors associated with ChatGPT emotions, studies using 
the TAM reported inconsistent results about hedonic motivation – i.e., 
the fun or pleasure associated with using technology – which is usually a 
factor influencing the behavioral intention to use technology. Hedonic 
motivation did (Strzelecki, 2023; Tiwari et al., 2024) or did not signif
icantly impact HE students' intention to use ChatGPT (Grassini et al., 
2024), respectively, in early or later phases of ChatGPT's release – and 
novelty rather than customization were proposed as explaining di
mensions (Strzelecki, 2023). Moreover, HE students' satisfaction with 
ChatGPT was predicted by both ease of use and usefulness (Boubker, 
2024). Some studies indicated a reduction in HE students' anxiety 
when using ChatGPT, due to the low-pressure context, but in others, 
worry emerged about ethics-related concerns (Lo et al., 2024). 
Abdaljaleel et al. (2024) documented that ChatGPT-related anxiety – 
generally low – of a five-country sample of HE students did not differ 
according to ChatGPT use, gender, university (private or not), or na
tionality. Finally, a systematic review and meta-analysis on chatbot 
effectiveness (Abd-Alrazaq et al., 2022) showed inconsistent and scant 
evidence on the impact of chatbots on stress, anxiety, depression, or 
well-being, pointing to the need for research disentangling the factors 
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responsible for such relations, i.e., focusing on specific tasks (e.g., using 
a chatbot with definite characteristics) and affective constructs (e.g., 
narrowing down the study to one emotion type).

Taken together, previous research indicates that ChatGPT is 
increasingly used for knowledge-related activities in HE and that stu
dents’ experiences may involve both positive and negative affective 
responses. However, existing studies have primarily focused on tech
nology acceptance, general affect, or restricted samples, leaving unclear 
how ChatGPT use, control, and value are jointly associated with discrete 
epistemic emotions. The generalized CVT provides an appropriate 
framework for addressing this gap because it specifies the role of control 
and value appraisals in the generation of academic emotions. Building 
on this theoretical and empirical background, the following section 
presents the aims, hypotheses, and conceptual model of the current 
study.

2.3. The current study

We explored how and why HE students feel epistemic emotions when 
using ChatGPT during its early release stages, involving participants 
representing 127 countries (based on self-reported citizenship). 
Although these participants came from diverse national backgrounds, 
the study focuses on individual-level processes rather than comparisons 
between countries with different AI adoption levels or HE policies. The 
study was included in a larger project entitled “Students’ Perception of 
ChatGPT” (https://www.covidsoclab.org/chatgpt-student-survey/), 
promoted by the University of Ljubljana, Slovenia, and involving in
ternational partners. Through an online survey, the project aimed to 
investigate HE students’ perceptions of their experience with ChatGPT 
from October 2023 to February 2024. The survey was completed by 
more than 23,000 HE students from more than 100 countries (Ravšelj 
et al., 2025). It comprised 42 questions that explored sociodemo
graphic characteristics and aspects concerning ChatGPT, including 
usage, capabilities, regulation, ethical concerns, affective dimensions, 
and educational and job-related issues.

To our knowledge, no previous study has examined students' 
epistemic emotions related to ChatGPT and their antecedents, particu
larly involving a very large sample of HE students from different coun
tries. Nevertheless, using an instrument such as ChatGPT exemplifies 
most of the key characteristics of typical tasks in which epistemic 
emotions arise. The internationally diverse composition of the sample 
also enabled us to examine whether the measurement properties and 
structural relations proposed by the CVT were comparable across stu
dents differing in gender, study field, and broader developmental 
context. Moreover, we had the opportunity to explore whether and how 
the rates of these emotions varied according to the aforementioned 
parameters. Given that ChatGPT became available to the general public 
in November 2022, our survey can be considered a milestone for 
exploring students' epistemic emotions in this early phase and for 
comparing them with those characterizing future phases, in which stu
dents’ experiences when interacting with a conversational AI chatbot 
may be highly diverse.

2.3.1. Aim 1
Based on the CVT, we tested a model in which ChatGPT use was 

associated with beliefs about ChatGPT control and value, in turn asso
ciated with epistemic emotions (Fig. 1). In line with the generalized 
CVT, higher perceived control and value were generally expected to be 
associated with more frequent positive epistemic emotions and less 
frequent negative epistemic emotions. Anxiety represents a theoretically 
relevant exception because it may arise when an activity or outcome is 
highly valued but perceived control is low. The hypothesized model 
examines both the direct relations of ChatGPT use with epistemic 
emotions and the indirect relations operating through perceived control 
and value. 

Hypothesis 1a. We hypothesized that ChatGPT use was related to the 
proximal antecedents (ChatGPT control, ChatGPT value) of epistemic 
emotions. We expected that students who reported using ChatGPT more 
frequently would perceive greater control over its use and attribute to it 
a higher value in terms of interest, importance, and utility. Conversely, 

Fig. 1. Conceptual model of the relations between ChatGPT use, proximal antecedents (ChatGPT control and ChatGPT value), and epistemic emotions (surprise, 
curiosity, enjoyment, confusion, anxiety, frustration, and boredom). Dashed lines represent paths for which no specific hypotheses were formulated.
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we expected that students using it less frequently would have lower 
levels of control and value.

Hypothesis 1b. We hypothesized that ChatGPT control and value 
were associated with ChatGPT-related epistemic emotions. Students 
with higher control and value were expected to feel more frequently 
positive epistemic emotions (i.e., surprise, curiosity, and enjoyment) 
and less frequently negative epistemic emotions (i.e., confusion, frus
tration, and boredom), with the exception of anxiety, for which lower 
control and higher value were expected to be associated with higher 
scores, in line with results typical of achievement emotions.

Hypothesis 1c. We hypothesized that ChatGPT control and value 
mediated the relation between ChatGPT use and ChatGPT-related 
epistemic emotions. Considering the absence of previous data on this 
issue, we explored whether use was directly or indirectly associated with 
epistemic emotions through control and value.

2.3.2. Aim 2
We investigated the model's invariance across gender, study field, 

and cultural context to examine whether the measurement properties 
and structural relations were comparable across the groups represented 
in the sample. 

Hypothesis 2. We expected the measurement and structural models to 
show broad comparability across gender, study field (arts and human
ities, social sciences, applied sciences, and natural and life sciences), and 
cultural context.

2.3.3. Aim 3
We focused on ChatGPT-related epistemic emotions. We investigated 

differences in their mean scores, taking into account gender, study field, 
and cultural context. This aim was exploratory, and we did not formu
late any specific hypothesis.

3. Method

3.1. Participants

We involved a convenience sample including 11,427 students 
enrolled in HE institutions, at least 18 years old (M = 22.902 years, 
SD = 6.122, Mdn = 21.000, interquartile range = 3.000 years; 55% fe
males, 45% males). Most of them were studying full-time (87%). The 
students were attending undergraduate (84%) or postgraduate courses – 
master's (12%) and doctorate courses (4%). Their study fields were arts 
and humanities (12%), social sciences (41%), applied sciences (36%), 
and natural and life sciences (11%). Participants reported citizenship 
from 127 countries, while 16 respondents selected the category “Other”, 
resulting in 128 response categories overall. To characterize the broader 
developmental context of participants' countries of citizenship, coun
tries were classified according to the Human Development Index (HDI; 
United Nations Development Programme, n.d.). HDI was selected 
because it provides a standardized composite indicator of education, 
health, and income, allowing the sample to be described across varying 
levels of human development rather than as a direct measure of cultural 
differences. Based on this classification, 5% of participants were from 
countries with low HDI, 7% from countries with medium HDI, 42% from 
countries with high HDI, and 46% from countries with very high HDI 
(see Table A of the Supplementary Materials, SM, for the list of countries 
and the number of participants per country, and Table B for descriptive 
statistics by HDI). The participants reported that, during the semester in 
which they completed the survey, they were studying in 89 different 
countries. This sample is a sub-sample of Ravšelj et al. (2025) study, 
including only students who reported using ChatGPT (71% of the initial 
sample) and provided complete responses on the socio-demographic 
data, ChatGPT use, control, value, and epistemic emotions. Because 
recruitment relied on a convenience sampling strategy through 

participating HE institutions, the number of participants varied across 
countries. Consequently, the sample was intended to provide broad in
ternational diversity rather than nationally representative country 
samples, and the findings should be interpreted at the individual rather 
than the country level.

3.2. Procedure

This study employed a cross-sectional research design to examine 
ChatGPT-related epistemic emotions and their antecedents among HE 
students from multiple countries through an online survey. This project 
is in line with the Declaration of Helsinki about research on human 
participants and with the American Psychological Association (APA) 
ethical standards. It was approved by the ethical committees of several 
HE institutions, i.e., the University of Oran 1, Algeria (Ethical Clearance 
Number, ECN: 03/CED/FACMED/2023); the University of Nicosia and 
the European University Cyprus, Cyprus (ECN: EEBK EII 2023.01.318); 
the Polytechnic University, Ecuador (ECN: C-22); the University of 
Verona, Italy (ECN: 2023_25); Yamanashi Gakuin University, Japan 
(ECN: 23–010); the University of Luxembourg, Luxembourg (ECN: ERP 
23–101 StuPer ChatGPT SA/cd); Imam Abdulrahman Bin Faisal Uni
versity, Saudi Arabia (ECN: IRB-2024-02-091 and IRB-2024-10-316); 
the University of Chester, United Kingdom (ECN: ASCHPR0211/23); 
and the University of East London, United Kingdom (ECN: ETH2324- 
0028).

We recruited participants using a convenience sampling strategy to 
obtain a large, internationally diverse sample of HE students, in 
collaboration with international project partners. The survey was 
disseminated through the communication systems of the participating 
HE institutions by the international project partners, who invited 
eligible students to participate. Participants provided informed consent 
for participation and data processing after reading the informed consent 
form, which specified that participation was anonymous and voluntary 
and that they could withdraw at any time without consequence. The 
questionnaire was developed in English and subsequently translated 
into Arabic, Hebrew, Italian, Japanese, Spanish, and Turkish by native 
speakers proficient in English. The survey was administered via the 1 KA 
(One Click Survey; https://www.1ka.si/d/en) web application between 
9 October 2023 and 29 February 2024.

3.3. Measures

We focused on 10 questions for a total of 18 items, concerning socio- 
demographic data – with one single item each (i.e., one question for 
gender, study field, study level, study status, and two questions for 
cultural context); ChatGPT use (one question with one single item); 
proximal antecedents (one question with one single item for control and 
three items for value); and epistemic emotions (one question with seven 
single items). The questions and items considered in this study are re
ported in Table C of the SM.

Although single-item measures do not permit assessment of internal 
consistency or factorial structure and are therefore psychometrically less 
robust than multi-item scales, they can be appropriate when constructs 
are narrowly defined and easily understood. Their use was also intended 
to reduce respondent burden and cognitive fatigue in this large-scale, 
multilingual survey covering several domains (e.g., Raccanello et al., 
2022; Raccanello et al., 2024).

3.3.1. Socio-demographic data
Gender. Students specified their gender (What is your gender?) as 

male, female, or other gender identity; they were also allowed to report 
that they preferred not to respond.

Study Field. Students indicated their main field of study (Which is 
your main field of study?), choosing among arts and humanities (history 
and archaeology, languages and literature, philosophy, and ethics and 
religion), social sciences (public administration, economics, business, 
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law, educational science, sociology, and psychology), applied sciences 
(computer science, information technology, civil engineering and 
geodesy, mechanical engineering, sport, medicine, and healthcare), and 
natural and life sciences (electrical engineering, biotechnical, phar
macy, chemistry, and mathematics and physics). They also reported 
their study status (What is your student status?), full-time or part-time, 
and the level of study they were enrolled in (What level of study are 
you enrolled in?), undergraduate or postgraduate (master's or doctoral) 
degree.

Cultural Context. Students indicated both their citizenship (What is 
your citizenship?) and the country where they were studying during the 
semester in which they completed the survey (In which country are you 
studying this semester?), choosing from a list of 197 countries (including 
the category Other). We further coded the response about the citizenship 
according to countries’ HDI (United Nations Development Programme, 
n.d.), a 4-level composite index (1 = low HDI, values 0–.549; 
2 = medium HDI, values .550–.699; 3 = high HDI, values .700–.799; and 
4 = very high HDI, values .800–1.000) combining a health dimension (in 
terms of life expectancy at birth), an educational dimension (in terms of 
expected years of schooling and mean years of schooling for older than 
25-year-olds), and an economic dimension (in terms of gross national 
income per capita). The most recent available data are related to 2022.

3.3.2. ChatGPT use
We assessed students’ use of ChatGPT using one ad hoc item (To what 

extent do you use ChatGPT in general?), similar to other studies (Abbas 
et al., 2024; Galindo-Domínguez et al., 2025). The students responded 
on a 5-point scale (1 = rarely and 5 = extensively).

3.3.3. Proximal antecedents
The students evaluated the proximal antecedents of epistemic emo

tions on a 5-point scale (1 = strongly disagree and 5 = strongly agree), 
indicating how much they agreed with each item. Alternatively, they 
could also choose a sixth response (no opinion). All the items were 
adapted to refer to ChatGPT.

ChatGPT Control. To measure ChatGPT control, we used one item (I 
have the impression that using ChatGPT is under my control) adapted from 
Goetz et al. (2010). Single-item measures to assess perceived control 
were also used in previous research (Jarrell et al., 2016; Tong et al., 
2005).

ChatGPT Value. To assess ChatGPT value, we used three items 
measuring interest (Using ChatGPT is interesting to me), importance (Being 
able to use ChatGPT is important to me), and utility (ChatGPT can help with 
things in everyday life) of using ChatGPT, adapted from previous works 
(Goetz et al., 2010; Muis, Psaradellis, et al., 2015; Putwain et al., 2018). 
We calculated Cronbach's (1951) alpha (α) and McDonald's (1999)
omega (ω; cutoff for good reliability: α/ω > .70; psych package, Revelle, 
2024). For this scale, reliability was adequate, with α/ω = .748/.751.

3.3.4. Epistemic emotions
We utilized the seven-item brief version of the ERES (Pekrun et al., 

2017). The participants rated the frequency with which they usually 
feel seven emotions when using ChatGPT (How often do you feel the 
following emotions while using ChatGPT?) on a 5-point scale (1 = never and 
5 = always). They could again choose a sixth option (no opinion). The 
brief ERES includes seven adjectives related to three positive epistemic 
emotions, i.e., surprise, curiosity, and enjoyment (surprised, curious, and 
excited), and four negative epistemic emotions, i.e., confusion, anxiety, 
frustration, and boredom (confused, anxious, frustrated, and bored). Ac
ademic emotions have already been assessed through single-item mea
sures (D'Mello & Graesser, 2012; Raccanello et al., 2022).

3.4. Data Analysis

We utilized the R software (Version 4.5.0; R Core Team, 2025). The 
analyses were conducted on the final cleaned dataset of 11,427 

participants, all of whom provided complete data on the variables 
examined. Prior to the analyses, the dataset was screened for eligibility 
and completeness. The sample included only participants who reported 
using ChatGPT and provided complete responses on the variables 
required for the analyses. Overall, 20 cases were excluded because of 
incomplete data. No imputation was performed. No additional formal 
screening for duplicate submissions, careless responding, or implausible 
response patterns was conducted, as the anonymous survey design and 
the information available in the dataset did not allow such screening to 
be performed reliably.

Concerning the first aim, a structural equation modeling (SEM) 
approach was selected because the analysis involved a system of 
simultaneous relations among ChatGPT use, control, value, and multiple 
epistemic emotions (surprise, curiosity, enjoyment, confusion, anxiety, 
frustration, and boredom), including both direct and indirect associa
tions. SEM was particularly appropriate because it allowed us to esti
mate the measurement component of ChatGPT value and the structural 
paths within a single model, while accounting for measurement error in 
the latent value construct. It also enabled the simultaneous estimation of 
the seven emotion outcomes and the decomposition of the associations 
between ChatGPT use and emotions into direct, specific indirect, total 
indirect, and total effects. Because all observed variables included in the 
SEM were measured using ordered five-point response scales, we used 
the diagonally weighted least squares estimator (DWLS; lavaan package, 
Rosseel, 2012), which is suitable for models including ordinal observed 
variables. Before estimating the structural relations, we separately 
evaluated the measurement model for ChatGPT value through a 
one-factor confirmatory factor analysis (CFA). The CFA included the 
three ordinal indicators of intrinsic value, importance value, and utility 
value, and was estimated using the same DWLS estimator subsequently 
used for the structural model. The measurement model was evaluated by 
examining fully standardized factor loadings, composite reliability, and 
average variance extracted (AVE). Because the one-factor model con
tained three indicators and was just-identified, global fit indices were 
not informative; consequently, evaluation focused on the standardized 
loadings, composite reliability, and AVE. The heterotrait-monotrait ratio 
of correlations (HTMT) could not be calculated because ChatGPT value 
was the only construct assessed using multiple indicators. Consequently, 
no pair of latent constructs was available for assessing discriminant 
validity through HTMT. For the SEM, we examined the following 
model-fit indices: the comparative fit index (CFI), the Tucker Lewis 
index (TLI), the root-mean-square error of approximation (RMSEA), and 
the standardized root mean square residual (SRMR), with CFI and TLI >
.950, RMSEA < .080, and SRMR < .060 as thresholds for good model fit 
(Hu & Bentler, 1999). We considered Keith's (2015) recommendations 
indicating |βs| ≤ .050 as negligible, .050 < |βs| ≤ .100 as small, 
.100 < |βs| ≤ .250 as moderate, and |βs| > .250 as large. Our sample size 
was appropriate for SEM (Kline, 2016), with a ratio of observations to 
estimated parameters of 127:1 (11,427 participants for 90 estimated 
parameters). The final dataset contained no missing data for the vari
ables included in this analysis. Potential multicollinearity among the 
predictors entered simultaneously in the model equations was examined 
using variance inflation factors (VIFs) and tolerance values. VIF values 
below 5 and tolerance values above .20 were considered indicative of an 
absence of problematic multicollinearity. VIF values ranged from 1.12 to 
1.33, and tolerance values ranged from .752 to .894: VIF and tolerance 
values were 1.23 and .815 for ChatGPT use, 1.12 and .894 for ChatGPT 
control, and 1.33 and .752 for ChatGPT value. These results indicated 
low multicollinearity among the predictors. For this auxiliary diag
nostic, ChatGPT value was represented by the mean score of its three 
indicators.

For the second aim, measurement invariance (MI) and multi-group 
SEM were subsequently used to examine whether the latent construct 
was measured equivalently and whether the structural relations were 
comparable across gender, study field, and cultural context (Putnick & 
Bornstein, 2016; Rosseel, 2012). For the MI, we applied a series of 
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successive constraints to the SEM concerning its form, items' factor 
loadings, and items' intercepts. We examined changes in model fit (CFI, 
TLI, RMSEA, and SRMR) after constraining the model configuration 
(configural invariance), then adding constraints about items' factor 
loadings (metric invariance), and finally also intercepts (scalar invari
ance). For the multi-group SEM, we compared an unconstrained or free 
model (with path coefficients estimated freely in each group) to a con
strained model (with path coefficients forced to be equal across groups), 
calculating changes in CFI, TLI, RMSEA, and SRMR. The overall equality 
of the structural paths across groups was assessed by comparing the free 
and constrained models using a chi-square difference test. We then 
conducted path-specific comparisons of the structural relations across 
groups. Fully standardized coefficients and their 95% confidence in
tervals (CIs) were estimated separately for each gender, study field, and 
cultural context group. The equality of the corresponding standardized 
regression coefficients was tested using Wald tests (Klopp, 2020). Holm 
correction was applied across the 23 path-specific comparisons within 
each grouping variable, and the maximum absolute difference between 
group-specific standardized coefficients (Δβ) was reported as a 
descriptive measure of structural heterogeneity. For MI testing, changes 
in model fit were evaluated according to Chen's (2007) recommenda
tions. Invariance was considered supported when ΔCFI was ≤ .010 and 
ΔRMSEA was ≤ .015; ΔSRMR thresholds of ≤ .030 for metric invariance 
and ≤ .010 for scalar invariance were applied. For the multi-group 
structural comparisons, changes in CFI, TLI, RMSEA, and SRMR were 
additionally examined as descriptive indices of global fit deterioration, 
with ΔCFI ≤ .010 used as an additional indication of structural 
comparability (Deng et al., 2005). For the analyses across cultural 
context, we excluded 481 participants for whom the data about HDI 
were missing (the same happened for the subsequent analysis, i.e., the 
linear mixed model, LMM).

As regards the third aim, a LMM (lme4 package, Bates et al., 2015; 
emmeans package, Lenth, 2021; effects package, Fox & Weisberg, 2018; 
and car R package, Fox & Weisberg, 2019) was selected because each 
participant provided ratings for seven epistemic emotions, resulting in 
repeated observations nested within individuals. Consequently, the 
emotion scores were not statistically independent, and a conventional 
analysis based on independent observations would have underestimated 
this within-participant dependence. The mixed-effects approach 
accounted for the repeated-measures structure by including 
participant-specific random intercepts, while simultaneously estimating 
the effects of emotion type and the between-participant factors of 
gender, study field, and cultural context, together with their in
teractions. This approach was also suitable for the unequal numbers of 
participants across groups. Potential multicollinearity among the 
fixed-effect predictors was assessed using generalized variance inflation 
factors (GVIFs). Dimension-adjusted GVIF values were 1.000 for 
emotion type, 1.022 for gender, 1.019 for study field, and 1.014 for 
cultural context. These values, all close to 1, indicated negligible mul
ticollinearity among the predictors. Satterthwaite's approximation was 
used to estimate denominator degrees of freedom and produce the Type 
III analysis of variance table for the fixed effects (lmerTest package, 
Kuznetsova et al., 2017). Estimated marginal means were used to 
interpret significant interactions and obtain model-adjusted pairwise 
comparisons. Bonferroni correction was applied to the post-hoc tests to 
control the familywise error rate, with significance set at p < .050. For 
the standardized mean differences reported in the SM, we interpreted 
absolute Cohen's (1988) d values as negligible when |d| < .20, small 
when .20 ≤ |d| < .50, moderate when .50 ≤ |d| < .80, and large when | 
d| ≥ .80. Finally, an Akaike Information Criterion (AIC)-based 
model-selection procedure with forward and backward stepwise 
searches was used to compare candidate models and identify the model 
with the lowest AIC and the best balance between fit and complexity. 
The most complex model was the full model (i.e., the model with all 
main effects and interactions), and the least complex was the null model 
(i.e., the model with only intercept and random effect); all the other 

models had a level of complexity between these two models. The full 
model included participants as a random effect; gender (male and fe
male), study field (arts and humanities, social sciences, applied sciences, 
and natural and life sciences), and cultural context (low HDI, medium 
HDI, high HDI, and very high HDI) as between-subject fixed effects; 
emotion type (surprise, curiosity, enjoyment, confusion, anxiety, frus
tration, and boredom) as within-subject fixed effect; all the two-way, 
three-way, and four-way interactions between the fixed effects; and 
the score of epistemic emotions as dependent variables. As regards 
cultural context, we included only one indicator for parsimony. 
Considering the measure about citizenship and the one about the 
country in which participants were studying, we selected the former 
because it is less transient.

3.5. Transparency and openness

We report how we recruited participants, how we determined the 
adequacy of our sample size, all data exclusions, and all measures. The 
study follows Journal Article Reporting Standards (JARS; Appelbaum 
et al., 2018). All data have been made publicly available at the Open 
Science Framework repository and can be accessed at https://osf. 
io/jcrqy/?view_only=375905c27b3d423b9924cfe398572ce4. Data 
were analyzed using R; the corresponding packages are reported in the 
Data Analysis section. This study's design and its analysis were not 
pre-registered.

4. Results

4.1. Structural equation model

The separate CFA supported the measurement quality of the 
ChatGPT value construct. Fully standardized factor loadings ranged 
from .719 to .803, composite reliability was ω = .762, and AVE = .573. 
The AVE exceeded the conventional .50 benchmark, indicating that the 
latent construct accounted for more than half of the variance in its 
indicators.

Fig. 2 presents the estimated SEM, whereas Table 1 reports the in
tercorrelations and descriptive statistics. The complete factor loadings 
and structural-path estimates are provided in Table D of the SM. The 
factor loadings for the ChatGPT value were very good, statistically sig
nificant at p < .001, and ranged from .729 to .780. The SEM had a good 
fit, χ2(18, N = 11,427) = 870.630, p < .001, CFI = .989, TLI = .968, 
RMSEA = .064, SRMR = .030. Most of the structural paths were sig
nificant at p < .001, except for two paths significant at p < .010 
(ChatGPT use-curiosity, ChatGPT control-boredom), one path signifi
cant at p < .050 (ChatGPT control-curiosity), and four nonsignificant 
paths (ChatGPT use-surprise, ChatGPT use-anxiety, ChatGPT use- 
boredom, ChatGPT control-confusion). The SEM explained 3% of the 
variance for ChatGPT control and 25% for ChatGPT value; for epistemic 
emotions, it explained 13% for surprise, 19% for curiosity, 23% for 
enjoyment, 1% for confusion, 1% for anxiety, 1% for frustration, and 4% 
for boredom.

Concerning the relation between ChatGPT use and proximal ante
cedents of epistemic emotions, we found a positive link both for 
ChatGPT control (β = .174, p < .001) and ChatGPT value (β = .499, 
p < .001) – moderate for the former and large for the latter – corrobo
rating Hypothesis 1a. As for the relation between ChatGPT control and 
epistemic emotions, we found a negligible positive link with curiosity 
(β = .024, p = .033), small negative links with surprise (β = − .069, 
p < .001), enjoyment (β = − .058, p < .001), and anxiety (β = − .098, 
p < .001), and negligible negative links with frustration (β = − .047, 
p < .001) and boredom (β = − .035, p = .002). Regarding ChatGPT value, 
there were large positive links with positive emotions (surprise: 
β = .382, p < .001; curiosity: β = .443, p < .001; enjoyment: β = .476, 
p < .001); a negligible positive link with anxiety (β = .043, p < .001), a 
negligible negative link with confusion (β = − .050, p < .001), a small 
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negative link with frustration (β = − .051, p < .001), and a moderate 
negative link with boredom (β = − .204, p < .001). These results 
partially supported Hypothesis 1b.

Moreover, ChatGPT use showed statistically significant but negli
gible associations with curiosity (β = − .033, p = .003) and enjoyment 
(β = .047, p < .001), and small positive associations with confusion 
(β = .084, p < .001) and frustration (β = .091, p < .001). Considering the 
role of ChatGPT control as a mediator, we found that it mediated the 
relation of ChatGPT use with curiosity (indirect effect: .004, p = .034), 
enjoyment (− .010, p < .001), and frustration (− .008, p < .001) 
partially, and with surprise (− .012, p < .001), anxiety (− .017, 
p < .001), and boredom (− .006, p = .002) totally. Finally, ChatGPT 
value mediated the relation of ChatGPT use with curiosity (indirect 

effect: .221, p < .001), enjoyment (.237, p < .001), confusion (− .025, 
p < .001), and frustration (− .025, p < .001) partially, and with surprise 
(.190, p < .001), anxiety (.022, p < .001), and boredom (− .102, 
p < .001) totally. Overall, the emotions that had the strongest mediation 
effect were surprise, curiosity, and enjoyment, through ChatGPT value. 
These findings partially confirmed Hypothesis 1c.

Overall, the findings provided partial support for the hypothesized 
pattern, mainly based on the generalized CVT (Pekrun, 2024): ChatGPT 
use was positively associated with control and value, and value showed 
the clearest associations with positive epistemic emotions, whereas the 
associations involving control were weaker and did not always follow 
the hypothesized direction.

Fig. 2. Structural equation model (SEM) of the relations between ChatGPT use, proximal antecedents (ChatGPT control and ChatGPT value), and epistemic emotions 
(surprise, curiosity, enjoyment, confusion, anxiety, frustration, and boredom). For parsimony, only significant paths are presented. *p < .050. **p < .010. ***p 
< .001.

Table 1 
Intercorrelations, means (Ms), standard deviations (SDs), and 95% confidence intervals (CIs) for ChatGPT use, ChatGPT control, ChatGPT value, and epistemic 
emotions (surprise, curiosity, enjoyment, confusion, anxiety, frustration, and boredom) included in the structural equation model (SEM).

Variable 1 2 3 4 5 6 7 8 9 10

1. ChatGPT use - ​ ​ ​ ​ ​ ​ ​ ​ ​
2. ChatGPT 

control
.174*** - ​ ​ ​ ​ ​ ​ ​ ​

3. ChatGPT 
value

.428*** .324*** - ​ ​ ​ ​ ​ ​ ​

4. Surprise .179*** .073*** .292*** - ​ ​ ​ ​ ​ ​
5. Curiosity .181*** .177*** .338*** .441*** - ​ ​ ​ ​ ​
6. Enjoyment .262*** .123*** .389*** .530*** .487*** - ​ ​ ​ ​
7. Confusion .054*** − .015 − .006 .234*** .181*** .155*** - ​ ​ ​
8. Anxiety .019* − .067*** .020* .257*** .097*** .197*** .380*** - ​ ​
9. Frustration .053*** − .047*** − .016 .171*** .090*** .107*** .543*** .455*** - ​
10. Boredom .082*** − .102*** − .164*** .062*** − .005 − .017 .314*** .308*** .371*** -
M 2.482 3.554 3.581 2.849 3.447 2.913 2.539 2.044 2.192 2.255
SD 1.088 .994 .792 1.191 1.162 1.270 1.096 1.110 1.104 1.035
95% CI [2.462, 

2.502]
[3.536, 
3.572]

[3.566, 
3.595]

[2.827, 
2.871]

[3.425, 
3.468]

[2.889, 
2.936]

[2.518, 
2.558]

[2.024, 
2.064]

[2.171, 
2.212]

[2.236, 
2.274]

*p < .05. **p < .01. ***p < .001.
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4.2. Measurement invariance and multi-group SEM

Regarding MI, we took into account CFI changes, and we found that 
the SEM was characterized by configural, metric, and scalar invariance 
for gender (ΔCFImetric-configural = − .001; ΔCFIscalar-metric = .000), study 
field (ΔCFImetric-configural = .000; ΔCFIscalar-metric = .001), and cultural 
context (ΔCFImetric-configural = .001; ΔCFIscalar-metric = − .003). The same 
was confirmed by examining changes in TLI, RMSEA, and SRMR 
(Table 2). These results indicated that the latent construct was measured 
equivalently across groups. We then conducted the multi-group SEM. 
Chi-square difference tests comparing the free and constrained models 
indicated significant differences for gender, χ2(23) = 55.661, p < .001, 
study field, χ2(69) = 169.640, p < .001, and cultural context, 
χ2(69) = 264.596, p < .001. Given the large sample size, we also 
considered changes in global fit indices. Changes in CFI were small 
across gender (ΔCFI = − .000), study field (ΔCFI = − .002), and cultural 
context (ΔCFI = − .004), with similarly limited changes in TLI, RMSEA, 
and SRMR (Table 3). Thus, although the chi-square difference tests 
indicated statistically significant global differences across all grouping 
variables, the small changes in global fit indices suggested that these 
differences were limited in magnitude. We therefore examined the 
pattern in greater detail through path-specific comparisons of the 
structural coefficients across gender, study field, and cultural context 
groups. Complete gender-specific, study field-specific, and cultural 
context-specific coefficients, CIs, coefficient differences, and Wald tests 
are reported in Tables E, F, and G of the SM, respectively.

Across gender groups, 22 of the 23 structural paths did not differ 
significantly after correction for multiple testing. Only the association 
between ChatGPT value and enjoyment showed significant between- 
group heterogeneity, Wald χ2(1) = 10.736, Holm-adjusted p = .024, 
maximum Δβ = .089. The association was positive in both groups but 
stronger in the female group, β = .514, 95% CI [.484, .543], than in the 
male group, β = .425, 95% CI [.389, .461]. All remaining path-specific 
comparisons were nonsignificant after Holm correction, with adjusted 
p-values ranging from .757 to 1.000. The corresponding differences in 
standardized coefficients were small, with maximum Δβ values no 
greater than .048. Thus, the results indicated substantial structural 
stability across gender groups, with only a modest gender-related dif
ference in the value-enjoyment association.

Across study field groups, 22 of the 23 structural paths did not differ 
significantly after correction for multiple testing. Only the association 
between ChatGPT value and surprise showed significant between-group 
heterogeneity, Wald χ2(3) = 15.163, Holm-adjusted p = .039, maximum 
Δβ = .178. The association was positive in all four groups but strongest 
in the social sciences group, β = .459, 95% CI [.392, .526], and weakest 
in the natural and life sciences group, β = .281, 95% CI [.204, .358]. All 
remaining path-specific comparisons were nonsignificant after Holm 
correction, with adjusted p-values ranging from .118 to 1.000. The 
corresponding differences in standardized coefficients were generally 

limited, with maximum Δβ values no greater than .135. Thus, the results 
indicated substantial structural stability across study field groups, with 
only one localized difference in the strength of the value-surprise 
association.

Across cultural context groups, 19 of the 23 structural paths did not 
differ significantly after correction for multiple testing. Four paths 
showed significant between-group heterogeneity: ChatGPT use with 
value, Wald χ2(3) = 22.310, Holm-adjusted p = .001, maximum 
Δβ = .133; ChatGPT control with curiosity, Wald χ2(3) = 18.155, Holm- 
adjusted p = .009, maximum Δβ = .155; ChatGPT control with enjoy
ment, Wald χ2(3) = 14.739, Holm-adjusted p = .041, maximum 
Δβ = .156; and ChatGPT value with curiosity, Wald χ2(3) = 36.032, 
Holm-adjusted p < .001, maximum Δβ = .264. The use-value and value- 
curiosity associations remained positive across all HDI groups but varied 
in strength. By contrast, the control-curiosity and control-enjoyment 
coefficients were comparatively small and varied around zero across 
groups, indicating more limited and context-dependent heterogeneity. 
Thus, most structural relations were stable across cultural context 
groups, although the strength of a small number of paths differed. To 
sum up, these results corroborated Hypothesis 2.

4.3. Linear mixed models

Consistent with the exploratory nature of Aim 3, we examined dif
ferences in epistemic emotions across gender, study field, and cultural 
context without testing directional hypotheses. Before considering the 
inferential tests, the overall pattern of the estimated marginal means 
indicated that curiosity had the highest score, followed by enjoyment, 
surprise, confusion, boredom, frustration, and anxiety. Thus, the three 
positive epistemic emotions generally showed higher scores than the 
four negative emotions, although surprise and confusion were relatively 
close compared with the other positive-negative emotion contrasts.

Using the AIC model selection procedure, we identified the best 
model (see Table H of the SM), which included the effects of gender, 
study field, cultural context, and emotion type, six two-way interactions 
(i.e., gender × field, gender × context, field × context, gender ×
emotion, field × emotion, context × emotion), and three three-way in
teractions (i.e., gender × field × emotion, gender × context × emotion, 
field × context × emotion). In the SM, we reported in Table I the post- 
hoc tests about the significant main factors and three-way interactions.

The LMM revealed a significant effect of gender, F(1, 
10,946) = 5.647, p = .017: males (M = 2.623, SD = 1.242, 95% CI 
[2.609, 2.635]) had higher scores than females (M = 2.579, SD = 1.221, 
95% CI [2.573, 2.585]); however, the magnitude of this difference was 
negligible. Also cultural context, F(3, 10,946) = 8.121, p < .001, had a 
significant effect, with scores higher for students from low HDI countries 
(M = 2.737, SD = 1.239, 95% CI [2.696, 2.778]) – which did not differ 
from scores from medium HDI countries (M = 2.670, SD = 1.212, 95% 
CI [2.637, 2.702]) – compared to those from high (M = 2.602, 

Table 2 
Measurement invariance results at the configural, metric, and scalar levels across gender (male and female), study field (arts and humanities, social sciences, applied 
sciences, and natural and life sciences), and cultural context (based on the citizenship human development index – HDI).

Groups Model χ2 df p CFI TLI RMSEA SRMR ΔCFI ΔTLI ΔRMSEA ΔSRMR

Gender Configural invariance 966.930 59 < .001 .989 .979 .052 .031 – – – –
Metric invariance 996.992 61 < .001 .988 .979 .052 .031 − .001 .000 .000 .000
Scalar invariance 1069.645 91 < .001 .988 .985 .044 .031 .000 .006 − .008 .000

Study Field Configural invariance 1082.203 141 < .001 .988 .982 .048 .032 – – – –
Metric invariance 1107.213 147 < .001 .988 .982 .048 .033 .000 .000 .000 .001
Scalar invariance 1149.218 237 < .001 .989 .990 .038 .032 .001 .008 .010 .000

Citizenship HDI Configural invariance 1167.344 141 < .001 .987 .980 .052 .034 – – – –
Metric invariance 1147.922 147 < .001 .988 .982 .050 .034 .001 .002 − .002 .000
Scalar invariance 1420.952 237 < .001 .985 .987 .043 .033 − .003 .005 − .007 − .001

Note. df = degrees of freedom; TLI = Tucker Lewis index; RMSEA = root-mean-square error of approximation; SRMR = standardized root mean square residual; 
CFI = comparative fit index; Δ = change.
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SD = 1.236, 95% CI [2.589, 2.616]) and very high HDI countries 
(M = 2.578, SD = 1.225, 95% CI [2.565, 2.591]), although the effect 
sizes for these differences were negligible. Moreover, emotion type had a 
significant effect, F(6, 65,676) = 708.560, p < .001 (Fig. 3). Post-hoc 
tests indicated that: curiosity (M = 3.452, SD = 1.161, 95% CI [3.431, 
3.474]) was higher than enjoyment (M = 2.909, SD = 1.272, 95% CI 
[2.885, 2.933]), with a moderate effect size; enjoyment was higher than 
surprise (M = 2.847, SD = 1.192, 95% CI [2.825, 2.870]), although the 
difference was negligible; surprise was higher than confusion 
(M = 2.534, SD = 1.096, 95% CI [2.513, 2.554]), with a small effect size; 
confusion was higher than boredom (M = 2.249, SD = 1.032, 95% CI 
[2.229, 2.268]), although the difference was negligible; boredom in turn 
was higher than frustration (M = 2.186, SD = 1.102, 95% CI [2.165, 
2.207]) – not differing from anxiety (M = 2.037, SD = 1.108, 95% CI 
[2.016, 2.058]) – with negligible effect sizes.

These main effects were moderated by four significant two-way in
teractions: field × context, F(9, 10,946) = 2.752, p = .003, gender ×
emotion, F(6, 65,676) = 3.226, p = .004, field × emotion, F(18, 
65,676) = 5.600, p < .001, and context × emotion, F(18, 
65,676) = 25.070, p < .001. In turn, they were moderated by the three 
significant three-way interactions. Examining the post-hoc tests, we 
found that males had higher scores than females only for surprise, and 
the magnitude of this difference was negligible: Considering the gender 
× field × emotion interaction, F(18, 65,676) = 2.223, p = .002 (Figure A 
of the SM), such difference regarded only social sciences students; for 

the gender × context × emotion interaction, F(18, 65,676) = 2.825, 
p < .001 (Figure B of the SM), only high HDI countries. In all the other 
cases, males' and females’ scores did not differ. Concerning the field ×
context × emotion interaction, F(54, 65,676) = 2.992, p < .001 
(Figure C of the SM), the post-hoc tests revealed significant differences 
for four emotions. Among arts and humanities students, surprise was 
greater in low HDI vs. high and very high HDI countries, with moderate 
effect sizes. With effect sizes ranging from small to moderate, enjoyment 
was higher for social sciences students, for low vs. high and very high 
HDI countries, and for medium vs. very high HDI countries; for applied 
sciences students, for low and medium vs. high and very high HDI 
countries; and for natural and life sciences students, for medium vs. high 
and very high HDI countries. Confusion was lower, for applied sciences 
students, for low and medium vs. high HDI countries, with small effect 
sizes. Finally, with effect sizes ranging from small to large, anxiety was 
higher, for arts and humanities students, for low vs. high and very high 
HDI countries; for social sciences students, for medium vs. high and very 
high HDI countries; for applied sciences students, for low vs. high and 
very high HDI countries, for medium vs. very high HDI countries, and for 
high vs. very high HDI countries; and for natural and life sciences, for 
medium vs. very high HDI countries. To sum up, in the case of significant 
HDI differences for students of some study fields, enjoyment, surprise, 
and anxiety diminished as HDI rose, while confusion increased.

Table 3 
Multi-group structural equation model (SEM) results across gender (male and female), study field (arts and humanities, social sciences, applied sciences, and natural 
and life sciences), and cultural context (based on the citizenship human development index – HDI).

Groups Model χ2 df p CFI TLI RMSEA SRMR ΔCFI ΔTLI ΔRMSEA ΔSRMR

Gender Free model 913.476 36 < .001 .989 .967 .065 .030 – – – –
Constrained model 981.025 59 < .001 .989 .979 .052 .031 .000 .012 − .013 .001

Study Field Free model 922.018 72 < .001 .990 .968 .064 .030 – – – –
Constrained model 1091.655 141 < .001 .988 .982 .049 .033 − .002 .014 − .015 .003

Citizenship HDI Free model 832.118 72 < .001 .991 .972 .062 .029 – – – –
Constrained model 1169.689 141 < .001 .987 .980 .052 .034 − .004 .008 − .010 .005

Note. df = degrees of freedom; TLI = Tucker Lewis index; RMSEA = root-mean-square error of approximation; SRMR = standardized root mean square residual; 
CFI = comparative fit index; Δ = change. The free model is the model in which structural path coefficients are estimated freely across groups. The constrained model is 
the model in which structural path coefficients are constrained to be equal across groups.

Fig. 3. Mean levels of epistemic emotions (surprise, curiosity, enjoyment, confusion, anxiety, frustration, and boredom). The bars represent the 95% confidence 
intervals (CIs).
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5. Discussion

Developing knowledge while dealing with generative AI is a 
normative everyday task for tackling the challenges of our 21st-century 
digital society (Guo et al., 2022), also for HE students (Abdaljaleel et al., 
2024; Ravšelj et al., 2025). Using ChatGPT – the most widely dissemi
nated interactive generative AI system (OpenAI, 2025; Wu et al., 2023) – 
encompasses the typical characteristics of tasks that arouse epistemic 
emotions. The latter can be conceptualized as those emotions whose 
object focus is knowledge building (Muis et al., 2018; Pekrun et al., 
2017; Pekrun & Loderer, 2020). In the peculiar case of an individual 
interacting with ChatGPT, knowledge building can refer to at least two 
elements: on the one hand, the process through which the individual and 
AI co-jointly develop knowledge; on the other hand, the product 
deriving from the interaction between the individual and AI. Through 
our findings, we contributed to extending knowledge about the nature of 
these emotions in a large and internationally diverse sample of HE 
students, while providing qualified support for the cross-group stability 
of the relations proposed by Pekrun's generalized CVT (2024), with a 
specific focus on ChatGPT use, control, and value as antecedents.

5.1. Epistemic emotions and their antecedents across gender, study field, 
and cultural context

5.1.1. Relations between ChatGPT use and proximal antecedents of 
epistemic emotions

As regards the relation between ChatGPT use and proximal ante
cedents of epistemic emotions (Aim 1), the SEM revealed that HE stu
dents who declared to use ChatGPT more frequently in turn perceived 
themselves to control and value it more, in terms of interest, importance, 
and utility (Goetz et al., 2010; Muis, Psaradellis, et al., 2015; Putwain 
et al., 2018), supporting Hypothesis 1a. The occurrence of a moderate 
relation for control vs. a large one for value was in line with previous 
literature involving HE students, describing contradictory results for 
control (Bouteraa et al., 2024; Grassini et al., 2024; Oubibi et al., 2025; 
Strzelecki, 2023; Tiwari et al., 2024; Wu et al., 2024) and more 
consistent findings for value (Ofosu-Ampong et al., 2023; Tiwari et al., 
2024; Yilmaz et al., 2023). On the one hand, different reasons can be 
at the basis of the heterogeneous array of results documented for 
ChatGPT control, such as the presence of varying amounts of control in 
different HE student samples, polarized at low or high levels 
(Abdaljaleel et al., 2024; Strzelecki, 2023; Tiwari et al., 2024); the 
investigation of the impact of control on use or intention/acceptance to 
use ChatGPT through cross-sectional designs (Grassini et al., 2024; 
Strzelecki, 2023; Tiwari et al., 2024); or the existence of different con
ceptualizations of control, in terms for example of ease of use (Grassini 
et al., 2024; Strzelecki, 2023; Tiwari et al., 2024) or self-efficacy 
(Bouteraa et al., 2024; Oubibi et al., 2025; Wu et al., 2024). However, 
the identified positive and moderately significant relation is in line with 
research measuring HE students' self-efficacy using experimental de
signs (Oubibi et al., 2025; Wu et al., 2024). Coherently with suggestions 
based on TAM (Davis, 1989; Granić & Marangunić, 2019; Venkatesh 
et al., 2012), our result documents that, at least after its early release, 
using ChatGPT was strictly interconnected with the perception of being 
able to use it, a fundamental prerequisite of success in learning (Pekrun, 
2024). Future research should examine whether this depends on the 
stage of ChatGPT or, rather, on the chatbot's effective intuitive usability. 
On the other hand, regarding value, our findings indicated that more 
frequent ChatGPT use was strongly associated with greater perceived 
value, consistent with the variety of functions for which students report 
appreciating ChatGPT (Ravšelj et al., 2025). In any case, we extended 
previous research, which focused mainly on the impact of value on 
ChatGPT use and not vice versa. Alternative explanations should also be 
considered. Because the data were cross-sectional, the observed associ
ations may reflect greater familiarity accompanying more frequent 
ChatGPT use, but students who already perceived ChatGPT as 

manageable, interesting, or useful may also have been more inclined to 
use it frequently. In addition, unmeasured factors such as prior digital 
competence, access to generative AI, academic demands, or previous 
successful experiences with ChatGPT may have been associated with 
both usage frequency and students' appraisals. Longitudinal and exper
imental research is therefore needed to clarify the direction and mech
anisms of these associations.

Overall, the associations between ChatGPT use and its proximal 
antecedents were substantively meaningful, with a moderate relation for 
control and a large relation for value. Thus, the clearest pattern con
cerned the link between more frequent ChatGPT use and stronger per
ceptions of its interest, importance, and utility.

5.1.2. Relations between proximal antecedents and epistemic emotions
Considering the links between ChatGPT control and value, on the one 

hand, and epistemic emotions, on the other hand, our data help shape a 
more complex framework and address gaps in knowledge regarding the 
role of these antecedents for HE students about ChatGPT use. All the 
aforementioned relations were significant except the one between con
trol and confusion. The most notable pattern regards the strong associ
ation between value and positive emotions: the more HE students 
perceived ChatGPT as interesting, important, and useful, the more 
frequently they felt surprised, curious, and excited while using it, 
corroborating Hypothesis 1b. These same relations have already been 
documented with students from primary school to HE institutions about 
STEM for curiosity and enjoyment (Muis, Psaradellis, et al., 2015; 
Munzar et al., 2021; Pekrun et al., 2017; Schubert et al., 2023).

While surprise is typically linked to incongruity (Pekrun, 2024; 
Reisenzein et al., 2019), the present findings suggest that perceived 
value may also be relevant to students’ experience of surprise during 
ChatGPT use. One tentative interpretation is that unexpected outputs 
may be experienced more positively when students already regard 
ChatGPT-supported activities as interesting, important, or useful. More 
generally, students who perceive ChatGPT-supported activities as 
interesting, important, or useful may engage more actively with the 
generated information. Greater value may encourage them to formulate 
further questions, compare ChatGPT outputs with their prior knowledge 
or expectations, and explore discrepancies or novel information. These 
processes may foster curiosity and surprise, while the perceived rele
vance and usefulness of the activity may also make the interaction more 
enjoyable. However, these mechanisms were not directly assessed and 
should therefore be examined in future process-oriented or experimental 
studies.

As for control, there was a positive but almost negligible link with 
curiosity: the more HE students felt that the situation was under their 
control when using ChatGPT, the more they were curious about 
ChatGPT knowledge-building processes and/or corresponding products. 
In other words, curiosity would necessitate the confidence that possible 
knowledge gaps can be filled (Pekrun, 2024). These findings again 
support Hypothesis 1b, extending the literature about HE students' 
mathematics (Schubert et al., 2023). Unexpectedly, there were small 
negative links between control and the other positive emotions, with 
higher frequencies of surprise and enjoyment (operationalized here as 
excitement) at lower levels of control and vice versa. It is also worth 
noting that positive associations between control and enjoyment 
assumed by previous literature were sometimes based on a conceptu
alization of the latter in terms of delight, and that findings about surprise 
are somewhat inconsistent due to its diverse conceptualization as a 
positive, neutral, or negative emotion, and its opposite cascading effects 
(Chevrier et al., 2019; Pekrun, 2024; Vogl et al., 2019). Nevertheless, the 
negative links between control on the one hand and surprise and 
excitement on the other hand may tentatively be interpreted by 
considering other typical antecedents of epistemic emotions (D'Mello 
et al., 2014; Muis, Pekrun, et al., 2015), such as novelty and cognitive 
conflict or discrepancy between previous knowledge or expectations and 
knowledge developed by ChatGPT. If ChatGPT outputs are perceived as 
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adequate or particularly useful, such discrepancies might be experi
enced as pleasant and could be associated with surprise or excitement, 
even when students perceive limited control over the interaction. Future 
research should examine how factors such as control, value, novelty, and 
discrepancy jointly relate to the generation of epistemic emotions.

Also for negative emotions, Hypothesis 1b was almost confirmed. For 
control, there were negative associations, small for anxiety and very 
small for frustration and boredom – but not significant for confusion. 
This is consistent with previous literature on STEM among primary 
school to HE students (Dowd et al., 2015; Muis, Psaradellis, et al., 2015; 
Munzar et al., 2021; Schubert et al., 2023), specifically for anxiety and 
boredom. Our results could be interpreted by considering the peculiar 
characteristics of interacting with ChatGPT, together with taking into 
account the epistemic nature of these emotions. On these bases, we 
could expect, for example, that anxiety can emerge when an individual 
is afraid of a possible future failure when dealing with a problem with 
the help of ChatGPT; that frustration can originate when the solution 
offered by ChatGPT is not considered adequate or satisfying; and that 
boredom can be triggered by the lack of engagement with the ongoing 
knowledge-building processes. And it is reasonable to presume that 
these and similar situations frequently occur when the perceived capa
bility to perform well in a task, such as using ChatGPT, is low. In 
addition, we could speculate that in this specific context, confusion 
should be triggered by puzzling and difficult-to-understand or inap
propriate solutions offered by the chatbot, which however could prob
ably not depend on students' abilities to interact with it – in light of 
ChatGPT's very sophisticated abilities to manage complex interactions 
with users by interpreting and responding in a manner approximating 
human behavior (Wu et al., 2023) – but, rather, to other limitations of 
the instruments, such as its difficulties to take into account a user's 
context (Cress & Kimmerle, 2023).

Also, value was negatively associated with negative emotions, 
consistent with previous studies (Muis, Psaradellis, et al., 2015; Munzar 
et al., 2021; Pekrun et al., 2017; Schubert et al., 2023) – but there was 
the exception of the very small positive link with anxiety. On the one 
hand, the SEM revealed that the higher the value attributed to ChatGPT, 
the less frequent confusion, frustration, and boredom. In other words, a 
high value would protect against the risk of being overwhelmed by the 
cognitive gap associated with confusion, of being caught by the mixture 
of sadness and anger typical of frustration, and of disengaging from the 
knowledge-building processes and products relating to ChatGPT. Future 
studies should examine if this protective factor characterizes only the 
first users of ChatGPT, similar to hedonic motivation and fun, which are 
particularly salient in the early periods in which a new technology is 
available (Grassini et al., 2024). For anxiety, we found the usual pattern 
characterizing achievement emotions, with increases of such emotions 
for students with low control and a high value, also in some techno
logical tasks (Pekrun, 2024; Pekrun & Loderer, 2020).

Overall, however, the magnitude of the observed associations varied 
considerably. Given the very large sample size, statistical significance 
did not always indicate substantive importance. In particular, the as
sociations of ChatGPT control with curiosity, frustration, and boredom, 
as well as those of ChatGPT value with anxiety and confusion, were 
negligible and should therefore be interpreted cautiously. By contrast, 
the clearest pattern concerned the large associations between ChatGPT 
value and the positive epistemic emotions.

5.1.3. Mediation of ChatGPT control and value in the relations between 
ChatGPT use and epistemic emotions

Concerning the possible mediating role of the proximal antecedents 
in the relations between ChatGPT use and epistemic emotions, our aim 
was exploratory. Previous research focused sparsely on some of the re
lations that we were interested in, with inconsistent associations be
tween HE students' emotions, such as enjoyment and anxiety on the one 
hand and ChatGPT use or intention to use it on the other hand (Grassini 
et al., 2024; Lo et al., 2024; Strzelecki, 2023; Tiwari et al., 2024). 

Supporting Hypothesis 1c, we found that the associations between 
ChatGPT use and HE students’ epistemic emotions were generally 
characterized by indirect associations through control and value, with 
the strongest indirect associations involving value and positive emotions 
such as surprise, curiosity, and enjoyment. For surprise, the direct as
sociation with ChatGPT use was nonsignificant once control and value 
were included in the model, whereas the indirect associations through 
these appraisals remained significant.

Viewed through the generalized CVT (Pekrun, 2006, 2024), the 
findings support the proposed role of control and value as proximal 
appraisals associated with students’ epistemic emotions during ChatGPT 
use. In particular, value showed the clearest and strongest associations 
with positive emotions, consistent with the proposition that emotions 
depend partly on the subjective importance, interest, and utility attrib
uted to an activity. The negative associations of control and value with 
several negative emotions were also broadly consistent with the theory. 
However, the weaker and occasionally unexpected associations 
involving control indicate that the relative contribution of the two ap
praisals may depend on the specific emotion and characteristics of 
ChatGPT-supported knowledge activities. Thus, the findings provide 
partial rather than uniform support for the generalized CVT in this 
context.

5.1.4. Invariance across gender, study field, and cultural context
Through the measurement-invariance analyses and multi-group 

SEM, we examined whether the measurement properties of ChatGPT 
value and the structural relations among the study variables were 
comparable across gender, study field, and cultural context groups (Aim 
2). The results indicated that factor loadings and intercepts were stable 
across groups and that, despite significant global differences in the 
structural models, the path-specific analyses showed broad compara
bility of most structural relations, providing qualified support for 
Hypothesis 2. Overall, the path-specific analyses indicated substantial, 
although not complete, structural stability across gender, study field, 
and cultural context groups. Most of the 23 structural paths were com
parable across groups, with only one differing path for gender, one for 
study field, and four for cultural context, after correction for multiple 
testing. These localized differences do not overturn the broader evidence 
of cross-group stability, which provides qualified support for the re
lations proposed by the generalized CVT (Pekrun, 2006, 2024) in the 
context of ChatGPT use. However, they should not be interpreted as 
demonstrating universal relations or as establishing generalizability to 
all HE students, countries, or educational contexts, given the conve
nience sampling strategy, possible self-selection and non-response bia
ses, and unequal representation across countries.

5.1.5. Differences in epistemic emotions according to gender, study field, 
and cultural context

Examining the mean values of the seven epistemic emotions (Aim 3), 
our analyses revealed a higher frequency of positive emotions (in 
decreasing order: curiosity, enjoyment, and surprise) over negative ones 
(confusion, boredom, frustration, and anxiety) for HE students’ use of 
ChatGPT. This is coherent with findings about sentiment-analysis data 
on the prevalence of positive ChatGPT-related emotions for the general 
population and referred to HE (Demirel et al., 2025; Lo et al., 2024; 
Mamo et al., 2024), and also with the presence of mixed positive and 
negative emotions in HE students (Lo et al., 2024). They also support 
assumptions of the CVT (Pekrun, 2006, 2024) about varying emotion 
rates according to individual and contextual factors, extending them to 
the specific task of using ChatGPT for HE students from more than 127 
countries. Future research should examine whether these reactions are 
related to the initial release of ChatGPT and remain stable even as 
novelty transforms into habit (Grassini et al., 2024).

Our data revealed only some sparse gender differences, mainly about 
surprise, in some cases more frequent for males. Unexpectedly, they did 
not regard anxiety, usually prevalent among HE female vs. male students 
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(Tan et al., 2023). We speculate that certain characteristics of the 
interaction with ChatGPT may account for the lack of such differences. 
For example, interacting privately with a chatbot, without people 
around and without salient stereotypical expectations about males' 
better performance, could be a factor responsible for a possible dimin
ishment in social pressure and associated anxiety. Moreover, ChatGPT's 
adapting mechanisms, resembling human interactions, personalizing 
the contents and the style used in a conversation (Wu et al., 2023), could 
be particularly welcome by females, who typically outperform males in 
theories of mind tasks in which they adapt easily to the mental states of 
the addressee (Greenberg et al., 2023; Wacker et al., 2017).

Finally, when cultural differences emerged, there was a pattern 
revealing, for students of some study fields, higher enjoyment, surprise, 
and anxiety, and lower confusion with worse HDI conditions. This is in 
line with sentiment-analysis data (Demirel et al., 2025). Students’ 
relevance of knowledge-building processes and products, together with 
the frequency of emotions usually associated with better learning and 
epistemic processes (as is the case for enjoyment, surprise, and anxiety 
vs. confusion; Pekrun, 2024; Schubert et al., 2023), may be higher in 
countries in which development indexes are lower due, presumably, to 
the fact that what is at stake in using new technologies weights more in 
terms of personal opportunities. Future research should explore this 
speculation further.

However, given the very large sample size, statistical significance did 
not always correspond to substantive importance. In particular, the 
significant main effects of gender and cultural context were negligible in 
magnitude, as were some differences involving emotion type and the 
interaction effects. Therefore, the overall gender- and HDI-related dif
ferences should not be interpreted as substantively meaningful dispar
ities and do not, in isolation, warrant specific educational or policy 
recommendations.

5.2. Limitations and directions for future research

Our work is characterized by some limitations. First, our conve
nience sample was not representative of the countries involved and 
excluded or underrepresented HE students who had difficulty accessing 
the internet or using electronic devices. Moreover, the survey was 
available in a limited number of languages, potentially restricting 
participation to students familiar with them. However, the inclusion of 
English and Spanish, which are among the most widely spoken lan
guages worldwide, could have partially compensated for this limitation. 
In addition, participation was voluntary, and students self-selected into 
the online survey. Therefore, students with greater interest in ChatGPT 
or generative AI, more frequent access to digital technologies, or greater 
willingness to report their experiences may have been more likely to 
participate. Because systematic information on the number and char
acteristics of eligible students who received the invitation but did not 
participate was unavailable, response rates and potential non-response 
bias could not be assessed. These sampling and self-selection issues 
limit the generalizability of the findings despite the large and interna
tionally diverse sample. Future research should, where feasible, use 
probability-based or stratified sampling, document recruitment de
nominators and response rates, and compare respondents and non- 
respondents using available demographic or institutional information. 
Moreover, although the sample included participants from 127 coun
tries, the study was designed to examine individual students' experi
ences rather than to compare national contexts. Therefore, differences in 
generative AI adoption, educational technology integration, and HE 
policies across countries were not explicitly examined and may have 
influenced students' experiences with ChatGPT. In addition, individual- 
level socioeconomic indicators were not collected; therefore, the HDI- 
related associations may partly reflect unmeasured differences in stu
dents' personal socioeconomic circumstances and should not be inter
preted as individual-level effects of national development. Future 
research should combine individual-level data with country-level 

indicators, such as AI readiness, institutional AI policies, or national 
digital education strategies, to better explain cross-national variation. 
Second, we used self-report measures, which may be biased by social 
desirability, recall errors, and individual differences in interpreting the 
response scales. In particular, self-reported ChatGPT use may not 
accurately reflect actual usage behavior, as participants may have 
overestimated or underestimated the frequency of their interactions 
with the chatbot. Nevertheless, self-report measures are still among the 
richest ways to access mental states (Pekrun & Bühner, 2014). Future 
research should combine self-reported data with objective behavioral 
indicators (e.g., usage logs or frequency and duration of interactions) to 
triangulate findings. Third, we operationalized ChatGPT use, ChatGPT 
control, and individual epistemic emotions using single-item measures. 
Although this choice helped reduce respondent burden, cognitive fa
tigue, and missing data in a large-scale, multilingual survey spanning 
several domains, these measures do not permit assessment of internal 
consistency or factorial structure and may provide a less comprehensive 
representation of the constructs than multi-item scales. In particular, the 
single items assessing ChatGPT use and control may not have fully 
captured the complexity of participants' actual usage behavior and 
control beliefs. Nevertheless, previous research has supported the use of 
single-item measures (D'Mello & Graesser, 2012; Jarrell et al., 2016; 
Tong et al., 2005). Future studies should replicate our findings using 
validated, psychometrically more robust multi-item measures. Fourth, 
we addressed the main effects of control and value without studying 
their interaction, which could be relevant in explaining their effects on 
epistemic emotions (Pekrun, 2024): Future research should address this 
issue, considering their interactions also with other antecedents of 
epistemic emotions (e.g., incongruity, novelty, and complexity). Fifth, 
the emotion items referred to participants' experiences while using 
ChatGPT, but did not directly assess the object focus, immediate trigger, 
or specific purpose of each emotional episode. Consequently, although 
the emotions were theoretically interpreted in relation to 
ChatGPT-supported knowledge activities, some responses may also have 
reflected more general reactions to technology use. Future research 
should explicitly distinguish between epistemic emotions and 
technology-use emotions by assessing the purpose of the interaction and 
the object to which each emotion is directed. Sixth, the seven epistemic 
emotions we measured with the ERES scale (Pekrun et al., 2017) covered 
only three of the four quadrants of the representation derived from the 
intersection of the valence and arousal, neglecting positive deactivating 
emotions. Future studies on interactions with AI should also explore the 
role of these kinds of epistemic emotions. Seventh, we used a 
cross-sectional design, so our findings are correlational: Future research 
should include longitudinal assessments to further examine reciprocal 
links. Finally, because ChatGPT and related generative AI systems are 
evolving rapidly, the findings may be specific to the technological fea
tures, patterns of use, and institutional context prevailing at the time of 
data collection. Their temporal generalizability should therefore be 
interpreted with caution, and future studies should replicate the ana
lyses as generative AI systems and educational practices continue to 
develop.

5.3. Potential implications for educational practice

From an applied perspective, our findings support the relevance of 
initiatives aimed at increasing people's awareness of the differences 
between interacting with ChatGPT and other entities. The interaction 
with ChatGPT exhibits some typical characteristics of the ZPD and 
scaffolds as a means of supporting students' knowledge-building by, for 
example, favoring the development of personal opinions (Ghazal et al., 
2020). However, it is important to recognize both similarities and dif
ferences between interacting with ChatGPT compared to other 
face-to-face interactions or online collaborative environments (Cress & 
Kimmerle, 2023; Ghazal et al., 2020). As described previously, simi
larities include the higher expertise of one of the (at least) two entities 
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involved in the interaction (Farrokhnia et al., 2024; Ravšelj et al., 2025), 
the collaborative nature of built knowledge (Cress & Kimmerle, 2023), 
and the possibility of acquiring the knowledge-transforming writing 
practices of the expert (Scardamalia & Bereiter, 1987). Nevertheless, it is 
highly relevant to be aware of some differences in the specific charac
teristics of using ChatGPT, which can be responsible for peculiar affec
tive reactions that, on some occasions, may reveal themselves as risk 
factors for students' learning. Such negative reactions can arise, for 
example, in the case that the resource is temporarily unavailable, when 
it gives responses not taking into account the students' context (Cress & 
Kimmerle, 2023), or when it provokes over-dependence (Farrokhnia 
et al., 2024), undermining self-determination and autonomy of 
learning processes (Ryan & Deci, 2020). One way to overcome these 
obstacles is to foster both students' and teachers' awareness about the 
specific characteristics of their conversational AI partner (Cress & 
Kimmerle, 2023).

Moreover, knowledge about the nature of HE students' epistemic 
emotions and their associations with ChatGPT use, control, and value 
may help generate hypotheses for future educational interventions. For 
example, previous research suggests that regulating early confusion may 
reduce the likelihood of subsequent frustration or boredom when diffi
culties remain unresolved (D'Mello & Graesser, 2012). Similarly, in
terventions designed to support students' perceived control and task 
value could be developed and evaluated in longitudinal or experimental 
studies. However, the present cross-sectional and correlational findings 
do not demonstrate that modifying control or value will cause changes 
in epistemic emotions and therefore do not justify specific intervention 
guidelines or prescriptive policy recommendations.

6. Conclusions

This study provides large-scale, internationally diverse evidence on 
how ChatGPT use, perceived control, and perceived value are associated 
with HE students’ epistemic emotions. The findings extend the appli
cation of the generalized CVT (Pekrun, 2006, 2024) to 
ChatGPT-supported knowledge activities, showing that value was 
particularly strongly associated with positive emotions, whereas the 
relations involving control were weaker and not always consistent with 
the hypothesized pattern. Most measurement properties and structural 
relations were broadly comparable across gender, study field, and HDI 
groups, and positive emotions were generally more frequent than 
negative emotions.

Overall, the results highlight the relevance of considering students’ 
cognitive appraisals and emotional experiences together when exam
ining generative AI in higher education. However, the cross-sectional, 
correlational, and convenience-sample design does not establish causal 
mechanisms, universal relations, or prescriptive implications. Future 
longitudinal and experimental research should examine how these as
sociations evolve as generative AI systems and educational practices 
develop.
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Dejan Ravšelj: Project administration, Funding acquisition. Lan Umek: 
Resources. Nina Tomaževič: Writing – review & editing.

Ethics declaration

Written informed consent to take part in the study and to publish the 
article has been obtained from all participants or their legal represen
tatives. The privacy rights of participants have been observed.

This study was performed in compliance with relevant laws, regu
latory frameworks and guidelines where the research took place. This 
study was approved by the University of Oran 1, Algeria; University of 
Nicosia, Cyprus; European University Cyprus, Cyprus; Polytechnic 
University, Ecuador; University of Verona, Italy; Yamanashi Gakuin 
University, Japan; University of Luxembourg, Luxembourg; Imam 
Abdulrahman Bin Faisal University, Saudi Arabia; University of Chester, 
United Kingdom; University of East London, United Kingdom. (Approval 
No. 03/CED/FACMED/2023; EEBK EII 2023.01.318; EEBK EII 
2023.01.318; C-22; 2023_25; 23–010; ERP 23–101 StuPer ChatGPT SA/ 
cd; IRB-2024-02-091 and IRB-2024-10-316; ASCHPR0211/23; 
ETH2324-0028)

Declaration of generative AI and AI-assisted technologies in the 
manuscript preparation process

During the preparation of this work, the authors utilized Grammarly 
and ChatGPT to enhance their writing by checking grammar, spelling, 
and punctuation, and suggesting clearer wording and style improve
ments. After using this tool, the authors reviewed and edited the content 
as needed and take full responsibility for the content of the published 
article.

Funding

This work was supported by the Slovenian Research and Innovation 
Agency through the research programme No. P5-0093, the start-up 
research programme “Generative artificial intelligence in higher edu
cation for the future labour market”, and the research projects No. J5- 
60095 and No. Z5-4569.

Declaration of competing interest

The authors declare no conflict of interest.

Acknowledgements

We wish to thank all the numerous international partners who 
collaborated in the data collection: https://www.covidsoclab.org/cha 
tgpt-student-survey/partners/. We would also like to thank anony
mous global survey participants. Moreover, we would like to acknowl
edge the CovidSocLab project as a working platform for collaboration.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.chbr.2026.101296.

Data availability

Data will be made available on request.

References

Abbas, M., Jam, F. A., & Khan, T. I. (2024). Is it harmful or helpful? Examining the causes 
and consequences of generative AI usage among university students. International 
Journal of Educational Technology in Higher Education, 21, 10. https://doi.org/ 
10.1186/s41239-024-00444-7

Abd-Alrazaq, A. A., Rababeh, A., Alajlani, M., Bewick, B. M., & Househ, M. (2022). 
Effectiveness and safety of using chatbots to improve mental health: Systematic 
review and meta-analysis. Journal of Medical Internet Research, 22(7), Article e16021. 
https://doi.org/10.2196/16021

D. Raccanello et al.                                                                                                                                                                                                                             Computers in Human Behavior Reports 24 (2026) 101296 

16 

https://www.covidsoclab.org/chatgpt-student-survey/partners/
https://www.covidsoclab.org/chatgpt-student-survey/partners/
https://doi.org/10.1016/j.chbr.2026.101296
https://doi.org/10.1016/j.chbr.2026.101296
https://doi.org/10.1186/s41239-024-00444-7
https://doi.org/10.1186/s41239-024-00444-7
https://doi.org/10.2196/16021


Abdaljaleel, M., Barakat, M., Alsanafi, M., Salim, N. A., Abazid, H., Malaeb, D., 
Mohammed, A. H., Hassan, B. A. R., Wayyes, A. M., Farhan, S. S., El Khatib, S., 
Rahal, M., Sahban, A., Abdelaziz, D. H., Mansour, N. A., Zayer, R., Khalil, R., Fekih- 
Romdhane, F., Hallit, R., Hallit, S., & Sallam, M. (2024). A multinational study on 
the factors influencing university students' attitudes and usage of ChatGPT. Scientific 
Reports, 14, 1983. https://doi.org/10.1038/s41598-024-52549-8

Ali, O., Murray, P. A., Momin, M., Dwivedi, Y. K., & Malik, T. (2024). The effects of 
artificial intelligence applications in educational settings: Challenges and strategies. 
Technological Forecasting and Social Change, 199, Article 123076. https://doi.org/ 
10.1016/j.techfore.2023.123076

Appelbaum, M., Cooper, H., Kline, R. B., Mayo-Wilson, E., Nezu, A. M., & Rao, S. M. 
(2018). Journal article reporting standards for quantitative research in psychology: 
The APA Publications and Communications Board task force report. American 
Psychologist, 73(1), 3–25. https://doi.org/10.1037/amp0000191
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