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ABSTRACT  
The public release of ChatGPT in November 2022 brought excitement and 
concerns regarding students’ use of language models in higher education. 
However, little research has empirically investigated students’ intention to 
adopt ChatGPT. This study developed a theoretical model based on the 
Unified Theory of Acceptance and Use of Technology (UTAUT) with an 
additional construct- anxiety, to investigate university students’ 
adoption intention of ChatGPT in two higher education contexts– the 
UK and Nepal. 239 and 226 questionnaires were deemed sufficient for 
data analysis for Nepal and the UK, respectively. We utilised the 
structural equation modelling technique to test the hypotheses. Our 
results reveal that performance expectancy, effort expectancy and social 
influence significantly impacted the adoption intention of ChatGPT for 
both countries. However, anxiety’s impact varied between Nepal and 
the UK. Integrating UTAUT with a cross-country comparative approach 
provides insights into how ChatGPT’s reception diverges between 
different higher education contexts. Our results also have implications 
for technology companies aiming to expand language models’ 
availability worldwide.
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Introduction

This study investigates university students’ adoption intention of ChatGPT in two higher education 
contexts – Nepal and the UK – through the Unified Theory of Acceptance and Use of Technology 
(UTAUT) (Venkatesh et al. 2003).

Students are key higher education stakeholders who may wish to avoid adopting tools like 
ChatGPT in their learning (Strzelecki 2023). Prior research (see Table 1) indicates that higher edu
cation context reflects how students intend to adopt such tools. Table 1 shows, for instance, that 
‘Personal Innovativeness’ was not equally significant in higher education in Poland and Malaysia 
(Foroughi et al. 2023; Strzelecki 2023). Also, educators and higher education institutes oppose 
tools such as ChatGPt, arguing that such tools escalate plagiarism and cheating among students 
(Strzelecki and ElArabawy 2024). Accordingly, there are a multitude of challenges and considerations 
that contribute to the understanding of the adoption of tools like ChatGPT in higher education 
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(Strzelecki and ElArabawy 2024). Such challenges and considerations can be known only by studying 
ChatGPT adoption in different higher education contexts.

The UK is a developed country, while Nepal is the least developed country. Comparing 
ChatGPT adoption among students in both countries will provide interesting insights regarding 
behavioural intention and subsequent usage behaviour due to differences in technological 
access and infrastructure, cultural attitudes, economic impacts, education systems, and 
regulatory approaches. Accordingly, adopting a tool like ChatGPT merits further study in 
Nepal and the UK. The two countries have different cultural contexts. While English is the 
official language in the UK, Nepalese speak English with significant dialects, accents, and 
usage differences. The two countries also have varied technological infrastructures (Department 
for Business and Trade 2024; Mannuru et al. 2023). The two countries also vary in AI-related 
regulations. While the UK has issued related guidelines for using tools such as ChatGPT in edu
cation (Department for Education 2023), Nepal has yet to issue such guidelines (Jha and Yadav 
2022).

Other studies (e.g. Strzelecki and ElArabawy 2024) have recognised the significance of 
differences in higher education contexts when adopting tools like ChatGPT. We also reasoned 
that students in the UK are more aware of the appropriate and expected use of GenAI 
than students in Nepal due to differences in the higher education systems (Department for 
Education 2023). We wanted to examine how two different contexts, context is drastically 
different, reflect the relationship between anxiety and the UTAUT model and the adoption of 
ChatGPT.

UTAUT is an appropriate theoretical lens to study the voluntary use and acceptance of new tech
nologies such as ChatGPT, and it examines the relationship between the perceived usefulness of new 
technologies, perceived ease of use, social influence, facilitating conditions to adopt new technol
ogies (Venkatesh et al. 2003).

This study contributes to theory, practice, and methodology. At the theory level, it extends the 
UTAUT theory with the anxiety construct (students experience anxiety when adopting and using 
tools such as ChatGPT). The analysis reveals that performance expectancy, effort expectancy, and 
social influence significantly influence ChatGPT adoption intention in the context of higher edu
cation in both countries. However, the impact of anxiety on ChatGPT adoption intention varies 
between Nepal and the UK. For practice, this study draws the attention of educators, developers, reg
ulators, and policymakers to the emotional dimension (anxiety) of adopting ChatGPT. The results 
hold implications for technology companies seeking to expand the global availability of language 
models. On a methodological level, the study adapts an existing framework to study emerging 

Table 1. Studies employed UTAUT in studying ChatGPT adoption in higher education.

Reference Purpose Data source Key finding

Gulati et al. (2024) To study ChatGPT adoption by 
marketing students

India Habit (followed by performance and effort expectancy) 
significantly predicted behavioural intention to adopt 
ChatGPT; perceived risk was insignificant.

Strzelecki and 
ElArabawy 
(2024)

To study ChatGPT adoption 
among university students

Poland and 
Egypt

Performance and effort expectancy and social influence 
significantly influence behavioural intention; 
behavioural intention, coupled with facilitating 
conditions, influences subsequent usage behaviour.

Strzelecki (2023) To examine ChatGPT adoption 
among higher education 
students

Poland Habit (followed by performance expectancy and hedonic 
motivation) predict behavioural intention; behaviour 
intention and personal innovativeness determined 
subsequent usage behaviour.

Foroughi et al. 
(2023)

To investigate ChatGPT usage 
intention for education 
purposes

Malaysia Performance and effort expectancy, hedonic motivation, 
and learning value significantly influences intention to 
use ChatGPT; personal innovativeness and information 
accuracy negatively moderate the relationship; social 
influence, facilitating conditions and habit do not 
influence ChatGPT use.
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technologies like ChatGPT and urges future studies to consider extending the framework with other 
constructs, such as trust.

Literature review

Generative artificial intelligence (GenAI), a group of machine learning algorithms, generates content 
from a large volume of data that has been trained on when responding to a prompt (Chan and Hu 
2023). One example is ChatGPT, a large language model (Chan and Hu 2023).

ChatGPT is ‘an artificial intelligence (AI) powered chatbot that creates surprisingly intelligent- 
sounding text in response to user prompts, including homework assignments and exam-style ques
tions’ (Stokel-Walker 2022, para 1). ChatGPT predicts the next high probable word when generating 
text; thus, unlike humans, it has no stake and takes no responsibility for the generated content (Lin
debaum and Fleming 2023).

Accordingly, GenAI helps with information processing (Alavi, Leidner, and Mousavi 2024) and 
reduces cognitive load (Zirar 2023) when developing knowledge in the AI era. Such tools can 
analyse vast amounts of data when generating outputs. However, they also introduce risks we 
know about, such as over-reliance or yet-to-know risks (Alavi, Leidner, and Mousavi 2024; Zirar 
2023). Knowledge development, therefore, suggests a balancing act between human-derived 
and AI-derived knowledge creation (Alavi, Leidner, and Mousavi 2024). Also, in this balancing 
act, the usefulness of GenAI tools such as ChatGPT depends on continuously improving the 
quality of the output (Camilleri 2024); the impact of GenAI tools gradually unfolds as they are 
improved further and various stakeholders interact with them in various contexts (Sabherwal 
and Grover 2024).

In higher education, one concern is using ChatGPT by students to generate assessed work (Bin- 
Nashwan, Sadallah, and Bouteraa 2023). However, ChatGPT lacks intelligence and understanding and 
relies on pattern recognition over vast data (Dwivedi et al. 2023). The material generated by 
ChatGPT, in terms of knowledge and accuracy, is questionable unless checked (Dwivedi et al. 
2023). Therefore, text generation solely through ChatpGPT-like tools is incompatible with the prin
ciples of scientific responsibility (Lindebaum and Fleming 2023).

As key stakeholders in higher education, students can potentially engage with such tools to ask 
questions, receive feedback, and prepare for assignments. These use cases include ‘ideation and 
feedback, writing, background research, data analysis, coding, and mathematical derivations.’ 
(Korinek 2023, 1281) ChatGPT can be a complementary teaching-learning aid for students (Ali 
et al. 2024). However, such uses depend on further improving the quality of responses from tools 
such as ChatGPT to reduce misinformation, bias, hallucination and adversarial prompts (Camilleri 
2024).

How students use tools like ChatGPT is debatable. Solely using ChatGPT to generate content is 
incompatible with scientific responsibility, as such tools are irresponsible for the content they 
generate (Lindebaum and Fleming 2023). They also undermine the purpose of assessment in 
student learning (Newton and Xiromeriti 2024). They likely improve student learning outcomes 
in the short term, and when the novelty effect wears off, the expected impact of such tools 
on student learning outcomes will diminish in the longer term (Wu and Yu 2024). However, a 
counterargument is that tools such as ChatGPT increase productivity and decrease inequality 
between individuals (Noy and Zhang 2023). Therefore, if students are prevented from using 
such tools, they will miss out on essential skills such as prompt writing and skills that help 
them use such tools to become more productive later in the workplace. Rather than prohibiting 
students from using such tools, this line of research suggests increasing student awareness and 
training them to use such tools (Strzelecki and ElArabawy 2024). Also, higher education institutes 
need to adopt ‘technological explicitness’ in their academic integrity policies (Perkins and Roe 
2023). Therefore, these tools will likely gradually ‘play a specific and defined role’ in student learn
ing (Zirar 2023).
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However, a recent study suggests that higher education institutions (HEI) still needed to have a 
revised academic integrity policy to explain students’ use of GenAI tools, such as ChatGPT, six 
months after the public release of ChatGPT (Perkins and Roe 2023). Instead, HEI has focused on 
issuing guidance documents with a positive viewpoint of GenAI tools and advising caution when 
students use them (Perkins and Roe 2023). Perkins and Roe (2023) suggest that HEI must introduce 
‘Technological explicitness’ in academic integrity policies to increase student awareness. ‘Techno
logical explicitness’ in academic integrity policies requires higher education institutions and policy
makers to debate the impact of GenAI, consequences and opportunities, considering the speed at 
which such technologies advance (Zirar 2023).

This discussion indicates that research on how students intend to adopt and subsequently use 
language models is developing; therefore, further research is needed to understand students’ behav
ioural intentions to use such tools to augment their abilities.

In this study, the UTAUT is employed to understand factors influencing the intention to use 
language models, such as ChatGPT. There are alternatives to UTAUT to investigate technology 
adoption, such as the Technology Acceptance Model (TAM) (Davis 1989) and the Diffusion of 
Innovations (DOI) (Rogers 2003). However, UTAUT has a higher predictive power and is more 
comprehensive than the alternatives (Venkatesh et al. 2003). For example, UTAUT outperforms 
TAM in predicting user adoption behaviour in various contexts by considering more factors (Ven
katesh et al. 2003). Further, the DOI focuses on how innovations spread through social networks 
(Rogers 2003). The DOI has been influential, but unlike UTAUT, it focuses on the characteristics of 
innovation.

UTAUT has attracted criticism, for instance, for not considering hedonic factors of attractive
ness and enjoyment (Abadie, Chowdhury, and Mangla 2024). On the other hand, UTAUT is well- 
established (Gulati et al. 2024; Strzelecki 2023), synthesises preexisting models (Strzelecki and 
ElArabawy 2024); found as a reliable measure of higher education student’s adoption of technol
ogy (Gulati et al. 2024; Strzelecki and ElArabawy 2024). UTAUT is employed to investigate the 
adoption of new technologies in higher education (Gulati et al. 2024; Strzelecki 2023) and 
helps understand the acceptance process and considers individual differences (Strzelecki and 
ElArabawy 2024)

Further, in higher education (see Table 1), recently, UTAUT has been employed to understand the 
factors influencing the intention to use ChatGPT for educational purposes (Foroughi et al. 2023). For
oughi et al. (2023) found that performance expectancy, effort expectancy, hedonic motivation, and 
learning value significantly influenced the intention to use ChatGPT. Strzelecki (2023) found that 
habit was the main predictor of behavioural intention, followed by performance expectancy and 
hedonic motivation. For use behaviour, the principal determinant was the behavioural intention, 
then personal innovativeness (Strzelecki 2023).

However, the existing understanding is still developing and requires further research. Existing lit
erature (e.g. Dwivedi et al. 2023; Strzelecki 2023) emphasises the need for further research on adopt
ing language models in higher education. Further, Table 1 suggests that context influences 
behavioural intention and subsequent usage behaviour.

Accordingly, this study developed a theoretical model from the four components of the UTAUT: 
performance expectancy, effort expectancy, social influence, and facilitating conditions. The 
additional construct of anxiety was added to the model, as the adoption of ChatGPT for students 
is also likely to be impacted by this construct (Bin-Nashwan, Sadallah, and Bouteraa 2023). Other 
studies have added constructs to or removed constructs from UTAUT to reflect GenAI tools like 
ChatGPT. For instance, Strzelecki (2023) removed ‘Price Value’ from UTAUT, reasoning that 
ChatGPT offers a free version to everyone and added ‘Personal Innovativeness’ to UTAUT to investi
gate if willingness to change and learn new things also predict ChatGPT adoption among students. 
Following previous studies, we extended the UTAUT model with an additional construct, anxiety. 
Recent publications (e.g. Cotton, Cotton, and Reuben Shipway 2023; Dwivedi et al. 2023; Strzelecki 
and ElArabawy 2024) suggest that ‘anxiety’, such as ‘feeling of unfair advantage (false negative)’, 
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‘feeling of being caught’, ‘feeling of being monitored closely’, ‘feeling of being accused wrongly 
(false positive)’, also predicts students’ behavioural intention and subsequent usage behaviour of 
ChatGPT.

Hypotheses

Performance expectancy

Performance expectancy refers to the degree to which an individual considers that using a particular 
technology improves their ability to carry out specific tasks or achieve goals (Venkatesh et al. 2003). It 
impacts individuals’ behavioural intention to adopt a particular technology (Kumar and Bervell 
2019). Performance expectancy is critical to determine whether a particular technology is adopted 
in academic contexts (Martín-García, Martínez-Abad, and Reyes-González 2019). In this study, per
formance expectancy refers to the extent to which students in Nepal and UK higher education 
believe using ChatGPT will improve their academic achievement and productivity. Therefore, we 
hypothesise: 

H1. Performance expectancy positively and significantly impacts the behavioural intention to use ChatGPT.

Effort expectancy

Effort expectancy refers to the degree to which an individual expects that using a particular technol
ogy is simple and requires little effort (Venkatesh et al. 2003). It impacts individuals’ behavioural 
intention to adopt a particular technology (Hu, Laxman, and Lee 2020). In this study, effort expect
ancy depicts the degree to which Nepal and UK higher education students believe ChatGPT is simple 
and requires little effort. Therefore, we hypothesise: 

H2. Effort expectancy positively and significantly impacts the behavioural intention to use ChatGPT.

Social influence

Social influence refers to the degree to which an individual believes that people who are important 
to them think they should use a particular technology (Venkatesh et al. 2003). In this study, social 
influence refers to how much students in Nepal and UK higher education believe their colleagues, 
teachers, and other influential people in their social network encourage them to utilise ChatGPT. 
Therefore, we hypothesise: 

H3. Social influence positively and significantly impacts the behavioural intention to use ChatGPT.

Facilitating conditions

‘Facilitating conditions’ refers to the degree to which individuals perceive they have the required 
resources and support to effectively use a specific technology (Venkatesh et al. 2003). Research 
has demonstrated that facilitating conditions determine students’ behavioural intention to use 
new technologies (e.g. Kumar and Bervell 2019; Nikolopoulou, Gialamas, and Lavidas 2020; Sam
sudeen and Mohamed 2019). In this study, facilitating conditions would refer to how much stu
dents believe they have adequate access to ChatGPT (free and paid versions) and the 
necessary knowledge and resources to use ChatGPT effectively in their learning. Therefore, we 
hypothesise: 

H4. Facilitating conditions have a positive and significant impact on the use behaviour of ChatGPT.
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Manifestations of anxiety in UTAUT

Students experience anxiety when faced with new technologies (Meinhardt-Injac and Skowronek 
2022). ‘Anxiety’ refers to apprehension and fear of using new and unfamiliar technologies (Simonson 
et al. 1987). Students with low confidence in their task abilities will likely resort to ChatGPT and 
experience anxiety about being caught (Bin-Nashwan, Sadallah, and Bouteraa 2023). Therefore, 
anxiety is likely to impact students’ adoption of ChatGPT. Thus, we hypothesise: 

H5. Anxiety negatively and significantly impacts the behavioural intention to use ChatGPT.

H6. Anxiety has a negative and significant impact on the use behaviour of ChatGPT.

Behavioural intention

Behavioural intention has a positive, direct, and significant impact on the use behaviour of technol
ogy (see e.g. Hu, Laxman, and Lee 2020; Kumar and Bervell 2019; Nikolopoulou, Gialamas, and 
Lavidas 2020). For example, a study on teachers’ behavioural intention and usage behaviour of infor
mation technology (IT) in lectures found that performance expectancy and effort expectancy directly 
affected teachers’ behavioural intention, which later influenced their use behaviour (Pham et al. 
2020). This study proposes that performance expectancy, effort expectancy, and social influence 
directly and positively impact behavioural intention and subsequently positively impact use behav
iour. Therefore, we hypothesise: 

H7. Behavioural intention has a positive and significant impact on the use behaviour of ChatGPT.

Figure 1 illustrates the theoretical framework.

Research method

Measurement instruments

Measurement scales were primarily adapted from earlier studies and modified to fit ChatGPT adop
tion in Nepal and the UK context. The items for all the seven latent variables, namely, PE, EE, SI, FC, 

Figure 1. UTAUT with anxiety model.
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ANX, BI and UB were derived from the widely accepted UTAUT model developed by Venkatesh et al. 
(2003). The scale items of the independent variables were measured by a five-point Likert scale 
ranging from 1 (strongly disagree) to 5 (strongly agree). Two academics pre-tested the survey ques
tionnaire to assess its face and content validity. Based on their comments, we revised some of the 
items. The revised version of the questionnaire was pilot tested with 40 students. The Cronbach’s 
alpha values of all constructs exceeded the threshold (i.e. α > 0.6–0.7) recommended by Ursachi, Hor
odnic, and Zait (2015).

Data collection

The data was collected through a Qualtrics online survey in Nepal and UK higher education insti
tutions between May and September 2023. We only used a questionnaire in English because stu
dents from Nepal studied in English medium and had sufficient command of the English 
language to fill out the survey. Convenience sampling was employed to collect the required 
data. Survey questionnaires were randomly distributed to 1400 students from both countries 
and received 510 responses, representing 36.42% of the surveys. A total of 45 responses were 
discarded due to missing values. As a result, the number of usable questionnaires in this study 
was 465. The respondents were university students, and the sample characteristics are summar
ised in Table 2.

Results

We used IBM SPSS AMOS (v. 28) statistical software to perform the structural equation modelling 
(SEM).

Measurement model

We assess the measurement properties of the constructs using confirmatory factor analyses (CFA). As 
shown in Table 3, the results of model goodness-of-fit indicate that both models achieve a good 
overall fit. In particular, the Chi-Square value relative to the degree of freedom (CMIN/DF) is less 
than the cut-off value of 3.00, suggesting an acceptable fit (Schermelleh-Engel, Moosbrugger, and 
Müller 2003). In addition, the comparative fit indices (CFIs) of 0.921 and 0.922 indicate a good fit 

Table 2. Sample characteristics.

Nepal (N = 239) UK (N = 226)

Gender Frequency % Frequency %

Male 195 81.6 78 34.5
Female 40 16.7 145 64.2
Non-Binary/Third Gender 1 0.4 2 0.9
Prefer not to say 3 1.3 1 0.4
Age
18–21 103 43.1 52 23.0
22–25 120 50.2 47 20.8
26–29 9 3.8 36 15.9
30 and above 7 2.9 91 40.3
Education
Undergraduate 228 95.4 146 64.6
Masters/MBA 7 2.9 54 23.9
Doctorate 4 1.7 26 11.5
ChatGPT Use
1 Month 12 5 32 14.2
2 Month 92 38.5 42 18.6
3 Month and above 129 54 97 42.9
None 6 2.5 55 24.3
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(Hu and Bentler 1999). Tucker–Lewis index (TLI) values are above the threshold level of 0.90, indicat
ing a good fit. Finally, the root mean square error of approximation (RMSEA) also indicates the accep
table fitness of both Nepal and the UK models since their RMSEA values are below the threshold of 
0.08 (Hu and Bentler 1999).

Hair et al. (2010) argued that all standardised factor loadings should be at least 0.5 and our con
structs meet this threshold and are statistically significant (p < 0.000). A general accepted rule is the 
Cronbach alpha of 0.6–0.7 indicates an acceptable level of reliability (Ursachi, Horodnic, and Zait 
2015). All our constructs meet this criteria, which noticeably means that they have good internal con
sistency (c.f. Table 4).

The average variance extracted (AVE) and construct reliability were calculated to verify conver
gent validity. Generally, an AVE of 0.5 or greater (Hair et al. 2010) and a CR of 0.6 or greater is desir
able (Fornell and Larcker 1981). As shown in Table 4, composite reliability (CR) for all the latent 
constructs (except PE construct of Nepal) was greater than the recommended value. Likewise, 
AVEs of the seven latent constructs ranged from 0.681–0.863, above the recommended value and 
thus, the convergent validity was confirmed.

To verify discriminant validity, the square root of the AVE and the correlation coefficients with the 
other variables were compared. If the square root of the AVE is greater than the correlations with 
other variables, discriminant validity holds (Fornell and Larcker 1981). As shown in Table 5, all the 
latent variables met this condition, thus confirming the discriminant validity.

In addition, Harman’s (1967) single factor test was conducted to check for the existence of 
common method variance. We found that a single factor explains only 27.259% (less than the 50 
percent threshold) of the total variation. Thus, no common factor emerged (Podsakoff, MacKenzie, 
and Podsakoff 2012). To search for possible multicollinearity issues, the variance inflation factor 
(VIF) was analysed. The all-constructs VIF value was less than 5 (see Appendix A), suggesting that 
our model does not show multicollinearity (Kock and Lynn 2012).

Structural model

To test the proposed hypotheses, a path analysis was used to assess the relationships among the 
constructs of the structural models of the two nations: Nepal and the UK; the outcome of the 
testing hypotheses are presented in Table 6. The results show that the relationships between PE 
and BI (β = 0.587, t = 5.765, p < .01), EE and BI (β = 0.412, t = 5.151, p < .01), SI and BI (β = 0.197, t =  
3.607, p < .01), and BI and UB (β = 0.832, t = 8.031, p < .01) were significant. Thus, H1, H2, H3 and 
H7 were supported for Nepal. However, unexpectedly, ANX → UB path was insignificant at p >  
0.05 in the Nepal context. It can be shown in Figure 2 that a proportion of the variance in the BI 
with R2 value of 0.840 indicates the good explanatory power of the proposed model. Moreover, 
an excellent R2 value of 0.639 was documented for use behaviour, which, in turn, facilitates the expla
natory power of the proposed model.

However, Figure 3 shows the results of structural analysis in the UK. The results indicate that 
the association between PE and BI (β = 0.417, t = 6.201, p < .01), EE and BI (β = 0.453, t = 6.880, p  
< .01), SI and BI (β = 0.237, t = 4.502, p < .01), ANX and BI (β = −0.107, t = −2.050, p < .05) and BI 
and UB (β = 0.847, t = 8.918, p < .01) were significant. Therefore, H1, H2, H3, H5 and H7 were sup
ported; however, surprisingly, FC →UB and ANX → UB paths were insignificant. Thus, H4 and H6 

Table 3. Fit-Indices of the measurement models.

Fit-index Standard threshold Nepal UK

Chi-Square 465.083 558.224
df 251 247
x2/df ≤3.00 1.853 2.260
CFI >0.90 0.921 0.922
TLI >0.90 0.906 0.905
RMSEA <0.08 0.060 0.075
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Table 4. Reliability and validity.

Nepal UK

Constructs Items
Factor 

Loadings α* CR AVE
Factor 

Loadings a∗ CR AVE

Using the ChatGPT would:
… enable me to accomplish 

tasks more quickly (PE1)
0.632 0.704 0.560 0.681 0.925 0.843 0.754 0.849

Performance 
expectancy

… make it easier to do my 
coursework (PE2)

0.703 0.789

… be useful in my class (PE3) 0.709 0.833
Effort 

expectancy
Learning to use ChatGPT is easy 

for me (EE1)
0.741 0.881 0.629 0.746 0.821 0.936 0.751 0.847

I find it easy to get the ChatGPT 
to do what I want it to do (EE2)

0.771 0.844

My interaction with the ChatGPT 
is clear and understandable 
(EE3)

0.761 0.905

I find the ChatGPT to be flexible 
for interacting with (EE4)

0.752 0.833

It is easy for me to become skilful 
at using the ChatGPT (EE5)

0.638 0.804

I find the ChatGPT easy to use 
(EE6)

0.816 0.877

Social 
influence

Teachers at my university have 
been helpful in the use of the 
ChatGPT (SI1)

0.794 0.861 0.718 0.821 0.834 0.897 0.773 0.863

My teacher is very supportive of 
the use of the ChatGPT for my 
class (SI2)

0.891 0.933

In general, the university has 
supported the use of the 
ChatGPT (SI3)

0.780 0.823

Facilitating 
condition

I have the resources necessary to 
use the ChatGPT (FC1)

0.789 0.664 0.610 0.727 0.830 0.748 0.655 0.770

I have the knowledge necessary 
to use the ChatGPT (FC2)

0.605 0.740

Using the ChatGPT fits into my 
work style (FC3)

0.788 0.741

Anxiety It scares me to think that I could 
lose a lot of information by 
using the ChatGPT and hitting 
the wrong key (ANX1)

0.935 0.766 0.702 0.799 0.832 0.824 0.680 0.786

I hesitate to use the ChatGPT for 
fear of making mistakes that I 
cannot correct (ANX2)

0.586 0.895

The ChatGPT is somewhat 
intimidating to me (ANX3)

0.877 0.631

Behavioural 
intentions

Whenever possible, I intend to 
use the ChatGPT in my studies 
(BI1)

0.770 0.872 0.683 0.794 0.717 0.872 0.662 0.776

I plan to use the ChatGPT in the 
next three months (BI2)

0.743 0.831

To the extent possible, I would 
use ChatGPT to do different 
things (school or not school) 
related (BI3)

0.807 0.755

To the extent possible, I would 
use the ChatGPT in my studies 
frequently (BI4)

0.856 0.801

Use behaviour I use the free version of ChatGPT 
(UB1)

0.609 0.806

I use ChatGPT as AI powered 
writing assistant (UB2)

0.779 0.749 0.600 0.714 0.785 0.750 0.640 0.756

I use ChatGPT to generate 
assessed work (UB3)

0.756 0.679

Notes: α = Cronbach’s Alpha, CR = Composite Reliability, AVE = Average Variance Extracted.
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Table 5. Discriminant validity results.

Constructs UB BI PE EE SI FC ANX

Nepal
UB 0.845
BI 0.502** 0.891
PE 0.573** 0.512** 0.825
EE 0.519** 0.564** 0.444** 0.864
SI 0.094 0.272** 0.122 0.141* 0.906
FC 0.225** 0.495** 0.389** 0.419** 0.322** 0.852
ANX 0.050 −0.150* −0.083 −0.113 −0.125 −0.236* 0.894
UK
UB 0.869
BI 0.735** 0.880
PE 0.534** 0.591** 0.921
EE 0.584** 0.602** 0.426** 0.920
SI 0.255** 0.381** 0.139* 0.190** 0.929
FC 0.564** 0.65** 0.488** 0.717** 0.258* 0.877
ANX −0.280** −0.358** −0.265** −0.418** −0.069 −0.462** 0.886

Notes: Diagonals represent the square root of the AVE. Other entries represent the correlations *p ≤ 0.05, ** p ≤ 0.01.

Table 6. Hypotheses testing.

Nepal UK

Hypothesis Path β t-value Decision β t-value Decision

H1 PE → BI 0.587 5.765*** Accepted 0.417 6.201 *** Accepted
H2 EE → BI 0.412 5.151*** Accepted 0.453 6.880*** Accepted
H3 SI → BI 0.197 3.607*** Accepted 0.237 4.502*** Accepted
H4 FC → UB −0.123 −2.349** Rejected 0.031 0.585 Rejected
H5 ANX → BI −0.091 −1.448 Rejected −0.107 −2.050** Accepted
H6 ANX →UB 0.215 2.983** Rejected 0.055 1.027 Rejected
H7 BI → UB 0.832 8.031*** Accepted 0.847 8.918*** Accepted

Notes: **p ≤ 0.05, ***p ≤ 0.01.

Figure 2. The Nepal model.
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were not supported at the p > 0.05 level in the context of the UK. Figure 3 shows there is a 
large portion of the variances in the behavioural intention with R2 value of 0.696 and the 
actual use behaviour with R2 value of 0.742 indicates the explanatory power of the current 
study model.

Discussion and implications

This study aimed to identify the predictors of behavioural intention and use behaviour towards 
ChatGPT among students in the UK and Nepal. The findings indicate that in both Nepal and the 
UK, Performance Expectancy (PE), Effort Expectancy (EE), and Social Influence (SI) had a significant 
direct effect on students’ intent to use ChatGPT. Additionally, Anxiety (ANX) was found to signifi
cantly but adversely predict behavioural intention in the UK. However, no significant relationships 
were found between Facilitating Conditions (FC) and Use Behaviour (UB) in either country.

In this study, PE has the greatest effect on the behavioural intent to use ChatGPT in Nepal. This is 
consistent with previous studies that examined the intent to adopt AI-based technology among stu
dents using the UTAUT model (Bin-Nashwan, Sadallah, and Bouteraa 2023; Kwak, Seo, and Ahn 
2022).

This emphasises that a higher perception of benefits compared to costs is linked to increased 
adoption intentions. This is in line with the findings of recent research that has emphasised two 
significant positive drivers of ChatGPT adoption in academia: its time-saving features and its per
ceived capacity to enhance academic efficiency and reduce stress among users (Bin-Nashwan, 
Sadallah, and Bouteraa 2023), and improve skills, ultimately leading to increased productivity 
(Dwivedi et al. 2023).

In the UK, EE emerged as the strongest predictor of the intent to use ChatGPT. Effort expectancy 
refers to users’ perceived level of effort required for a particular task and the ease of the task (Ven
katesh, Thong, and Xu 2012). Multiple studies have documented that effort expectancy predicts 
intent to use and attitude toward technology (El-Masri and Tarhini 2017; Kwak, Seo, and Ahn 2022).

The significance of SI in academic technology adoption is supported by multiple studies (El-Masri 
and Tarhini 2017; Maican et al. 2019). Moreover, the positive links between behavioural intention and 
usage behaviour in both the UK and Nepal affirm the pivotal role of intention in shaping actual use. 

Figure 3. The UK model.
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Strong intention corresponds to heightened engagement. This aligns with earlier studies highlight
ing intention’s significance in technology adoption (Šumak and Šorgo 2016).

Anxiety’s impact varied between Nepal and the UK. In Nepal, anxiety lacked a significant 
impact on usage behaviour, whereas in the UK, it negatively affected behavioural intention but 
not usage behaviour. This suggests that UK students might hesitate due to anxiety, yet this 
does not necessarily impede actual use, potentially due to other factors like perceived usefulness 
and social encouragement outweighing anxiety-induced hesitation. This finding extends prior 
research acknowledging the psychological dimension of technology adoption (Meinhardt-Injac 
and Skowronek 2022).

Anxiety’s relevance in technology acceptance is particularly notable in voluntary technology use 
contexts (Khechine and Lakhal 2018). Existing evidence establishes anxiety’s direct negative effect on 
adoption intention (Holtzman, Pereira, and Yeung 2018; Maican et al. 2019), while other studies 
confirm its role in predicting usage behaviour (Khechine and Lakhal 2018). Recent research indicates 
that incoming undergraduates at a UK university demonstrated confidence in their grasp of aca
demic integrity, as observed by Newton (2016). The heightened awareness of academic integrity 
and the consequential penalties for violations among UK students could potentially elucidate the 
apprehension associated with utilising ChatGPT. Bin-Nashwan, Sadallah, and Bouteraa (2023) 
point out the impact of academic integrity on the adoption of ChatGPT by academics. Their 
findings reveal an inverse relationship between academic integrity and the utilisation of ChatGPT, 
suggesting that higher levels of academic integrity correspond to lower usage of the AI tool. 
However, academic integrity also serves as a positive moderator for other factors influencing 
ChatGPT usage. This highlights the necessity for collaborative efforts among stakeholders to effec
tively address these concerns. Shelton and Hill (1969) establish a link between anxiety and increased 
instances of student cheating. Their research of how anxiety and awareness of peer performance 
shape academic dishonesty attributes cheating to the negative emotions associated with the fear 
of failure.

The non-significant influence of facilitating conditions on usage behaviour in both contexts 
enriches discussions on resource and institutional support roles. This aligns with prior examin
ations of facilitating conditions in technology adoption (Kumar and Bervell 2019; Nikolopoulou, 
Gialamas, and Lavidas 2020). This insignificance implies that while technology access and 
institutional support matter, they might not be primary drivers for ChatGPT use. Notably, the 
FC to BI relationship, unverified in the original UTAUT, is validated in UTAUT2 (Venkatesh, 
Thong, and Xu 2012) and corroborated by other studies (El-Masri and Tarhini 2017; Maican 
et al. 2019).

The research findings carry significant implications: The divergent impact of anxiety in the two 
countries underscores the necessity of tailoring technology adoption approaches due to cultural 
and contextual influences on emotional responses. Emphasising ChatGPT’s role in academic 
enhancement (PE), user-friendliness (EE), and social support (SI) can incentivise students to 
embrace and utilise the technology. Despite its insignificant effects on usage, institutions must allo
cate resources to create an environment conducive to seamless tech integration, irrespective of facil
itating conditions and anxiety levels. Addressing technology-related anxiety, particularly in the UK, 
through awareness initiatives can enhance students’ comfort with ChatGPT. The findings regarding 
facilitating conditions and anxiety call for further studies, aligning with the demand for nuanced 
investigations.

This research makes contributions at theoretical, practical, and methodological levels to under
standing AI acceptance, especially within student settings. It enriches the understanding of AI 
acceptance, especially in student contexts, by integrating technology anxiety into the UTAUT 
model. This expansion acknowledges the emotional dimension in addition to the cognitive 
aspects of technology adoption. By identifying links between technology anxiety and key 
UTAUT predictors, the study offers practical insights for educators, developers, and regulators/ 
policy makers seeking to enhance AI adoption in education. Furthermore, the research 
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contributes methodologically by showcasing the importance of adapting existing frameworks to 
accommodate emerging technologies like ChatGPT, urging future studies to consider emotional 
dimensions in technology acceptance models for a more comprehensive understanding of user 
behaviour. The findings on anxiety’s influence on technology adoption behaviour underline the 
importance of a nuanced approach to teaching, learning, and knowledge development within 
Higher Education Institutions (HEIs). Educators in HEIs need to tailor their pedagogical approaches 
to accommodate the diverse cultural backgrounds and psychological dispositions of students. For 
example, in Nepal, where anxiety has less impact on technology usage, educators can focus on 
highlighting the practical benefits and social encouragement of technology adoption. Conversely, 
in the UK, where anxiety negatively affects behavioural intention, educators should consider 
implementing additional support mechanisms to alleviate student apprehensions and promote 
effective technology utilisation. Furthermore, HEIs should reassess their technology integration 
strategies, incorporate anxiety-related modules into curricula, provide professional development 
opportunities for staff to address psychological dimensions of technology adoption, and foster 
collaborative initiatives among stakeholders to tackle the complex interplay between anxiety, 
technology adoption, and academic integrity. It highlights the necessity of adapting adoption 
theories to different contexts while acknowledging cultural disparities and barriers. Methodologi
cally, it establishes variable validity and reliability, providing a framework for studying ChatGPT 
adoption in universities within the UK and Nepal.

Conclusions, limitations and future research

This study aimed to examine university students’ adoption of ChatGPT in Nepal and the UK, employ
ing the Unified Theory of Acceptance and Use of Technology. It contributes to the literature by inves
tigating how factors such as technological access and cultural differences affect adoption intention 
and usage behaviour. Furthermore, the study extends the UTAUT theory by integrating anxiety, 
highlighting the emotional aspect of technology adoption.

Results indicated that performance expectancy, effort expectancy, and social influence signifi
cantly impacted intent to use in both countries, with anxiety negatively affecting intention in the 
UK but not in Nepal. Facilitating conditions did not predict usage behaviour. In Nepal, perceived 
benefits were the strongest predictor, while ease of use (effort expectancy) was most influential in 
the UK.

The study highlights the importance of addressing technology-related anxiety, particularly in 
the UK, and suggests tailoring technology adoption strategies to cultural nuances, while 
emphasising benefits, user-friendliness, and social support. It also emphasises the need to 
consider emotional dimensions in technology acceptance models and recommends integrating 
anxiety-related modules into curricula. Overall, this research enhances our understanding of 
AI tool adoption in higher education and provides valuable insights for both theory and 
practice.

While the study provides valuable insights into the adoption of ChatGPT in higher education, 
it is essential to acknowledge several limitations. Firstly, the research was confined to the UK 
and Nepal, potentially limiting the generalisability of its findings to other contexts. Secondly, 
the reliance on self-reported data and a snapshot approach may introduce biases and overlook 
long-term changes in adoption behaviour. Thirdly, while the UTAUT framework is robust, it may 
not encompass all relevant factors influencing ChatGPT adoption. Lastly, the quantitative focus 
of the study may overlook qualitative aspects of students’ experiences with ChatGPT.

To address these limitations, further research is needed to enhance our understanding of 
ChatGPT adoption. This could involve expanding to diverse educational contexts beyond the UK 
and Nepal, employing longitudinal and qualitative research methods to capture nuanced changes 
over time, exploring additional factors such as trust and perceived risks associated with ChatGPT, 
and investigating the roles of educators and institutions in facilitating or hindering adoption. 
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Such endeavours would provide deeper insights into the complex dynamics surrounding ChatGPT 
adoption in higher education.
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