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Abstract: Recent research emphasises the importance of Artificial Intelligence applications as
supporting tools for students in higher education. Simultaneously, an intensive exchange of views
has started in the public debate in the international educational community. However, for a more
proper use of these applications, it is necessary to investigate the factors that explain their intention
and actual use in the future. With the Unified Theory of Acceptance and Use of Technology
(UTAUT2) model, this work analyses the factors influencing students' use and intention to use
artificial intelligence technology. For this purpose, a sample of 199 Greek students at the School of
Humanities and Social Sciences from the University of Patras participated in a survey. The findings
highlight that expected performance, habit, and enjoyment of these Artificial Intelligence
applications are key determinants influencing teachers' intentions to use them. Moreover,
behavioural intention, habit, and facilitating conditions explain the usage of these Artificial
Intelligence applications. The study did not reveal any moderating effects. The limitations, practical
implications, and proposed directions for future research based on these results are discussed.

Keywords: artificial intelligence; behavioral intentions; actual use; higher education; utaut2
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Introduction

Artificial Intelligence (Al is the simulation of human intelligence in machines programmed to
think, act, and learn like humans [1]. The core objective of A.L is to enable machines to perform tasks
that typically require human intelligence, such as visual perception, speech recognition, decision-
making, and language translation. The historical journey of artificial intelligence (AI) began in the
mid-20th century with the wish to forge creations endowed with human-like intelligence. From 1950,
when Alan Turing proposed the concept of a universal machine that could perform any conceivable
mathematical computation [2] until today, Al applications have evolved considerably, offering a
range of applications that enhance both personal and professional tasks [3]. In personal use, A.L is
found in smart assistants like Siri and Alexa, responding to voice commands for managing devices
or providing information. In entertainment, A.I. systems recommend personalised content on
platforms like Netflix.

Moreover, generative A.L applications such as ChatGPT are extensively utilised daily by a vast
audience and students [4], indicating their significant impact on enhancing human-computer
interaction [5,6]. In the workplace, A.I. applications automate and optimise various processes, such
as data analysis. Furthermore, A.IL systems assist in diagnostics, tailor medical devices, and provide
healthcare [7].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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In the last two years, there has been a marked increase in the use of Al applications by higher
education students [8]. Many applications (e.g. ChatGPT, etc.) [9] are used for various purposes. Since
then, an intensive exchange of views has started in the public debate in the international educational
community, mainly at the higher education level [8], and there are even academic institutions that
choose to ban the use of Al an action that most researchers consider to be wrong [10-12]. However,
researchers propose that the most appropriate solution is the critical inclusion of Alin the educational
process, based on a specific framework of norms and the integration of Al in teaching practice,
learning, and learning assessment [12-17]. In this framework, many projects suggest and develop A.L
applications to support students' learning in higher education. For example, the augMENTOR aims
to develop a novel pedagogical framework that promotes both basic skills and 21st-century
competencies by integrating emerging technologies. This framework will be supported by an open-
access Al-boosted toolkit that builds on the strengths of big data and learning analytics to provide
different types of stakeholders with explainable recommendations for smart search and identification
of educational resources, as well as for designing personalised learning profiles that take into account
individual actors' characteristics, needs, and preferences. augMENTOR will leverage advancements
in the fields of Pedagogical Design, Creative Pedagogy, Explainable Artificial Intelligence, and
Knowledge Representation and Reasoning for instructional purposes [18]

To properly use these applications, it is necessary to investigate students' experiences [8] and
the factors that seem to explain the intention to use them in the future [19]. However, limited studies
have been conducted in the European Union e.g. [20], and according to the authors” knowledge, no
previous attempt has been reported in Greece. Previous studies mainly use the Technology
Acceptance Model (TAM), e.g. [21,22] and, to a lesser degree, the Unified Theory of Acceptance and,
to a lower degree, the Use of Technology (UTAUT) e.g. [19,23-26]. Moreover, these works investigate
the possible factors with participants from various scientific disciplines without specification in a
scientific field. Considering that most of these A.L applications (e.g. ChatGPT, Grammarly, Gemini,
etc.) are mainly utilised as writing and brainstorming assistants (e.g. facilitate literature searching,
summarise readings, etc.) [4,27,28], we consider that is very important to investigate these possible
factors with students who studied in the humanities and social sciences [28].

This work tries to cover the previous gap by using the Unified Theory of Acceptance and Use of
Technology —UTAUT 2 [29] —and investigating the factors influencing higher education students'
intention and actual use of A L technology. Therefore, this work investigates the factors that explain
the actual use and intention of Greek students of Humanities and Social Sciences to use A.L
applications for academic purposes.

The findings of this work could enhance our understanding of educational systems, providing
insights for potential improvements and reforms. Finally, these insights could foster the development
of new academic applications tailored to meet the evolving needs of students in a technology-driven
landscape. In addition, faculty members and policymakers could create a framework for the
responsible and effective utilisation of these applications to enhance teaching and learning in higher
education.

The manuscript's structure follows: Student usage of A.L. applications, the conceptual model
UTAUT2, and the corresponding hypotheses are presented. The study's analytical methodology is
then presented in sequence. Finally, the study's results are presented in detail and discussed in the
next section regarding the findings of previous studies.

Theoretical Framework
Students’ Use of Al for Academic Purposes

Although Al and its applications and implications for education have been discussed for over a
decade [30,31], the evolution and popularisation of Al over the past couple of years have sparked
new interest, concerns, and debates. Al models allow for generating multimodal content such as text,
images, and video from textual prompts. Examples of applications include ChatGPT and CoPilot for
text-to-text generation, Stable Diffusion, DALL-E and Midjourney for text-to-image, and DeepBrain
Al and Sora for text-to-video generation [32,33]. Al offers tremendous potential to disrupt current
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practices in business, education, healthcare, and the content generation industry [33]. The case of
Large Language Models such as ChatGPT in particular and its extremely rapid adoption by the
public, in comparison to platforms such as Twitter or Facebook [32], has been the focus of a largely
expanding body of research focusing on their impact on education and learning.

Studies focusing on the applications and benefits of ChatGPT, particularly in Higher Education,
have identified benefits such as the potential for the personalisation of learning, personalised
feedback and learning tasks, the impact and the shifting paradigms for students' assessment and
evaluation, increased motivation and engagement of the students, improvement of communication
abilities in language learning, and support in the decision-making process of students regarding
academic decisions [13,34,35]. Applications include language translation, increased access to
information, summarisation of relevant information personalised to the student's queries, question
answering, support of teacher practices, facilitating research such as data analysis and interpretation,
and advice on data collection methods [34,36].

Technology Acceptance Model of A.1

Unified Theory of Acceptance and Use of Technology 2 (UTAUT?) is an extension of the original
UTAUT model that was developed by Venkatesh, Morris, Davis, and Davis and was introduced in
their 2003 paper titled "User Acceptance of Information Technology: Toward a Unified View", [37].
The UTAUT2 was developed to understand better the factors influencing technology adoption and
usage, particularly in the context of consumer use, by Venkatesh, along with Thong and Xu, who
introduced their extension in their 2012 paper titled "Consumer Acceptance and Use of Information
Technology: Extending the Unified Theory of Acceptance and Use of Technology" [29]. Regarding
the context of students' usage of A.L applications, the construct Performance Expectancy (PerExp)
refers to the degree to which using A.L applications will provide benefits in performing certain
activities. Effort Expectancy (EfExp) is the ease associated with using A.L applications. Social
Influence (SocInf) involves how students perceive that essential others believe they should use A.L
applications. Facilitating Conditions (FacCon) are the degree to which a student believes that
technical and organisational infrastructure exists to support the use of A.L applications. Behavioral
Intention (Behlnt) is the degree of one's intention to use the A.lL. applications, and Use Behavior
(UsBeh) is the actual use of A.l. applications.

Additionally, UTAUT?2 introduces three constructs specific to consumer contexts, such as habit
(Hab) and the extent to which students perform behaviours automatically due to learning. It
underscores the role of past behaviour and experience in predicting future A.L application use.
Hedonic Motivation (HedMot) represents the fun or pleasure derived from using A.IL applications.
Price Value (PrVal) is the cognitive trade-off between the perceived benefits of the applications and
the monetary cost of using A.L applications. Finally, Gender, Age, and experience are considered
moderating variables that can influence the strength and the direction of relationships between the
model’s core constructs and outcomes like BehInt and UsBeh. The UTAUT2 model offers a nuanced
understanding of how various factors, including enjoyment, cost, and habit, collectively influence
Al application adoption and sustained use in a personal context. This makes it a valuable framework
for investigating students, and teachers' technology usage for educational purposes, as it accounts
for both the practical and affective dimensions of technology adoption [38].

Despite the growing interest in Al in recent years, there are only a few research studies on the
use of Al by students worldwide [39]. Recently, but scarcely similar studies utilising the UTAUT
model across various countries have highlighted a consistent set of factors influencing students'
behavioural intentions and acceptance of A in general [19,25] and specifically in chatbot
technologies [23,24,26]. Some of them have investigated the factors that explain only the behavioural
intention of usage Al applications [19,24], and only one work that investigated the moderating effect
(only two of them, study years, and gender of students) was found [40]. Moreover, three studies have
investigated the previous factor with a sample from the European Union: England [23], Spain [26],
and Poland [40].
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Mainly, Alzahrani [19], using a combination of TAM and UTAUT models with 350 students from
universities in Saudi Arabia, investigated the factors that explain only the behavioural intention of
students to use A.L applications in general. Performance expectancy, effort expectancy, and
facilitating conditions significantly affected behavioural intention. Similarly, Alshammari and
Alshammari [24], using a UTAUT model with 136 from the same Country, found that performance
expectancy and facilitating conditions explain the behavioural intention of students to use ChatGPT.
In addition, Dahri et al. [25], using the UTAUT model with 305 university students (203 from Pakistan
and 102 from Malaysia), found performance expectancy and facilitating conditions that explain the
behavioural intention of students to use A.L applications. Moreover, behavioural intention explains
their actual use.

In the European Union, Almahri et al. [23], using an adapted UTAUT2 model without
moderating effects with 431 higher education students from the UK, found that performance
expectancy, expected effort, and Habit explain the behavioural intention of students to use ChatGPT.
Moreover, behavioural intention explains their actual use. Similarly, Romero-Rodriguez et al. [26],
using the UTAUT2 without moderating effects with 400 students from various universities in Spain,
found that performance expectancy, hedonic motivation, price value, and habit explain the
behavioural intention of students to use ChatGPT. Moreover, habit, facilitating conditions and
behavioural intention explain their actual use. Finally, Strzelecki [40], using the UTAUT2 model
with moderating effect only the gender and the years of study of 534 students from various
universities of Polish found habit, performance expectancy, hedonic motivation, effort expectance,
and social influence explain the behavioural intention of students to use ChatGPT. Moreover, habit,
facilitating conditions and behavioural intention explain their actual use. Finally, moderating effects
were not revealed.

Research hypotheses

Based on the UTAUT2 model, we examined eleven hypotheses (see Figure 1) consisting of the
main effects and the interactions influenced by the moderating factors (gender, age, and experience
with A.L):

e  H1: Expected Performance positively affects students’ Intention to use A.L applications for
academic purposes (PerExp ->BehlInt).

e H2: Expected effort positively affects students’ intention to use A.L applications for academic
purposes (EfExp -> Behlnt).

e H3: Social Influence positively affects Students’ Intention to use A.L applications for academic
purposes (SocInf -> Behlnt).

e  H4: Facilitating Conditions positively affect Students’ Intention to use A.I. applications for
academic purposes (FacCon -> BehlInt).

e  H5: Hedonic Motivation positively affects Students’ Intention to use A.L applications for
academic purposes (HedMot -> Behlnt).

e  H6: Price value positively affects Students’ Intention to use A.L applications for academic
purposes (PrVal -> Behlnt).

e  H7: Habit positively affects Students’ Intention to use A.L. applications for academic purposes

(Hab -> Behlnt).

e  HB8: Intention to Use positively affects students' use of A.L applications for academic purposes

(BehInt -> UsBeh).

e HO: Facilitating conditions positively affect students’ use OF A.I. applications for academic
purposes (FacCon -> UsBeh).
e  HI10: Habit positively affects students” use OF A I applications for academic purposes (Hab ->

UsBeh).

e  HI11: Gender, age, and experience moderate the use of A.IL applications for academic purposes.
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Figure 1. Direct effects among the constructs of the UTAUT2.
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Research Methods

The study was conducted in November and December 2023 and approved by the Institutional
Review Board of the Department of Educational Science and Early Childhood Education of the
University of Patras (85812/09-11-2023). This cross-sectional study was based on a quantitative
educational research strategy, and the data was collected using an online questionnaire [41].

Research instrument

The survey questionnaire, which consisted of two sections of questions, initially included the
objective, instructions for completion, and our assurance of respondent anonymity [42]. The first
question section included questions regarding the demographic information of the student
participants, such as gender, age, year of study, and frequency of experience with AL applications
for academic purposes. The second section consisted of 27 statements corresponding to the nine
constructs of the UTAUT2 model. Students could answer on a five-point scale (1 strongly disagree to
5 strongly agree). These statements, three for each construct, are an adaptation of the corresponding
valid and reliable research instrument used in the work of Nikolopoulou et al. [38]. These researchers
used the UTAUT2 model to investigate the factors that explain Greek higher education students'
usage of mobile devices for academic purposes [38]. Specifically, the adaptation involved replacing
the term "mobile devices" with the term "A.L applications" (see Appendix for the corresponding
statements for each construct).

The Strategy of Data Analysis

The R environment [43] and the “seminr” package [44] were used for data analysis. The method
for structural equation modelling (Partial Least Squares - Structural Equation Modeling "PLS-SEM")
that allows the estimation of complex cause-effect relationships in path models with latent variables
was utilised [45]. This method is considered suitable for the UTAUT2 model since it is complex and
includes many constructs (nine and three moderator variables), indicators (27 statements), and model
relationships. Moreover, this method offers satisfying solutions with small sample sizes where the
model consists of many constructs, as in this study [46]. The guidelines of Hair et al. [46] were used
to present the results of PLS-SEM. The bootstrapping method was utilised to estimate the parameters
(e.g., path coefficients and their confidence intervals) of both the measurement model and the
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structural model, according to which 2000 random samples with replacement from the original
dataset were created [45]. Finally, the validity and reliability issues of the measurement tool are
detailed in the measurement model.

Participants

The convenience sample for this study consists of 197 students from various departments at the
School of Humanities and Social Sciences of the University of Patras, such as Philosophy, Educational
Sciences, Early Childhood Education, and Philology. Table 1 presents the demographic
characteristics of these participants.

Table 1. Demographic information of the participating students of the School of Humanities and
Social Sciences (N=197).

Frequencies Relative Frequencies (%)
Gender
Male 25 12,7
Female 172 87,3
Age
up to 19 131 66,5
20-21 52 26,4
at least 22 14 7,1
Years of study
First 85 43,2
Second 40 20,4
Third 50 25,3
Fourth 15 7,6
Last 7 3,5
Experience with A.IL.
Never 79 40,1
Sometimes, in a month 85 43,1
Many times a week 23 11,7
Daily 10 5,1

Results

Initially, the measurement model will be presented, providing evidence about the reliability and
validity of the research instrument. This model follows the structural model, namely the check of the
hypotheses of the conceptual model.

Measurement Model

Table 2 presents descriptive statistics and reliability and convergent validity indices for each
construct of the UTAUT2 model. All the Cronbach's Alphas are close to .7 or exceed .7, but Composite
reliability exceeds 7, indicating satisfactory internal consistency reliability for all
constructs [45]. Moreover, all items’ loadings are very close or exceed .7, and simultaneously, the
Average Extracted Variance for each construct exceeds .5, indicating a satisfactory level of

convergent validity for all constructs [45].
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Table 2. Means, Standard Deviations, reliability, and validity indices for the constructs of the

UTAUT2 model.
Mean (S.D.) A a CR AVE
Use Behavior (UsBeh) 2.86(.77) .706 .838 .636
UsBehl .803
UsBeh2 .906
UsBeh3 .666
Behavioral Intention (BehInt) 3.00(.95) 923 951 .866
BehlIntl 923
BehInt2 920
BehInt3 .949
Performance Expectancy (PerExp) 3.37(.82) .865 918 .848
PerExpl .903
PerExp2 .893
PerExp3 .866
Effort Expectancy (EfExp) 3.81(.88) 914 943 .829
EfExpl .894
EfExp2 942
EfExp3 .926
Social Influence (SocInf) 2.58(.87) 902 938 .837
SocInf1 .902
SocInf2 .938
SocInf3 904
Facilitating Conditions (FacCon) 3.32(.75) .669 .807 .584
FacConl .690
FacCon2 .836
FacCon3 759
Hedonic Motivation (HedMot) 3.24(.79) .809 .886 723
HedMotl .790
HedMot2 .862
HedMot3 .895
Price Value (PrVal) 3.06(.71) .833 .898 748
Prvall 722
Prval2 922
Prval3 934
Habit (Hab) 2.65(.79) .657 815 .595
Habl .827
Hab3 723
Hab4 .760

Notes: SD= Standard Deviation, A=Factor Loadings, a=Cronbach's Alpha, CR=Composite Reliability,
AVE=Average Variance Extracted.
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In addition, Pearson’s linear correlation coefficients among the constructs are significant (see
Table 3). Finally, the Fornell-Larcker criterion [47] indicates satisfactory discriminant validity of
constructs since the square roots of the average variance extracted (see on diagonal cells) for each
construct are higher from all their correlations.

Table 3. Product moment Pearson's linear correlation coefficients and Fornell-Larcker discriminant
validity criterion for the UTAUT2 constructs.

1 2 3 4 5 6 7 8 9
1. UsBeh (.797)
2. BehInt ,738** (.930)
3.PerExp 614 703"  (.921)
4. EfExp A79% 207 450" (.910)
5. SocInf ,498** ,559** ,489** 0,044 (.915)
6. FacCon A34** ,388*%* ,502** ,A462** ,352*%* (.764)
7.HedMot  ,601** ,591** ,636** ,384** ,360%* ,514** (.850)
8. PrVal ,393** ,A418** A51*%* ,314** ,318** ,379** ,554** (.865)
9. Hab ,720%* 714 ,548** ,147% ,559** ,334** ,516** ,459** (.771)

Notes: Correlation is significant at the **. .01 level *. 05 (2-tailed). The square roots of the AVE for each construct
are on diagonal cells, and the lower triangles are correlations among them. Use Behavior (UsBeh), Behavioral
Intention (BehInt), Performance Expectancy (PerExp), Effort Expectancy (EfExp), Social Influence (Soclnf),
Facilitating Conditions (FacCon), Hedonic Motivation (HedMot), Price Value (PrVal), and Habit (Hab).

Structural Model

The analysis did not reveal collinearity problems since all variance inflation factor (VIF)
coefficients are lower than 3 [46]. The explained variance in the two endogenous constructs (R2 of
BehInt = 75% and R2 of UsBeh= = 67%) indicates moderate to substantial predictive power [45].
Regarding the testing of the eleven hypotheses (see Table 2), only six of them are supported (zero is
not included in the corresponding 95% confidence interval). Indeed, in these confirmed hypotheses,
the corresponding direct effect coefficients indicate small to medium effects [45]. Finally, the
hypothesis of moderating effects of Gender, Age, and Experience with A.L. applications was not
confirmed.
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Table 2. Testing the assumptions of the conceptual model: Direct effect coefficients (b) and their 95%
confidence intervals based on bootstrapping (2000 samples).

Hypotheses Direct effect 95% CI Results

H1 PerExp ->BehInt 422 232 571 Supported

H2 EfExp -> BehlInt -.058 -176 .084 Not supported
H3 SocInf -> BehlInt .081 -.025 217 Not supported
H4 FacCon -> BehInt .010 -114 138 Not supported
H5 HedMot -> BehlInt 184 .052 315 Supported

Hé PrVal -> BehInt -.034 -.153 .108 Not supported
H7 Hab -> BehlInt .335 187 488 Supported

H8 BehInt -> UsBeh 423 262 .558 Supported

H9 FacCon -> UsBeh 187 078 292 Supported
H10 Hab -> UsBeh 284 151 420 Supported
H11  Moderating effects Not supported

Notes: Use Behavior (UsBeh), Behavioral Intention (Behlnt), Performance Expectancy (PerExp), Effort
Expectancy (EfExp), Social Influence (SocInf), Facilitating Conditions (FacCon), Hedonic Motivation (HedMot),
Price Value (PrVal), and Habit (Hab). BehInt (R2=75%), UsBeh (R2= 67%).

Conclusions and Discussion

In this work, we investigated the factors according to the UTAUT?2 technology acceptance model
that explains the intention and actual use of artificial intelligence applications by humanities and
social sciences students for academic purposes. The data analysis confirms the robust structure of the
UTAUT?2 model and the satisfactory fit with the data related to the factors explaining the intention of
higher education students to use A.I. applications [23,26,40]. Also, the explanatory power of the
model, the percentage of explained variance regarding students' intention and actual use of A.L
applications, is similar to previous research [26,40].

More specifically, in explaining students' intention to use A.L applications, the factors of
Performance Expectancy (direct effect =.422), Habit (direct effect =.335), and Hedonic Motivation
(direct effect =.184) play a dominant role. These positive effects suggest that high values of students'
perceptions of the performance expectancy of A.I applications in their academic support, when other
factors included in the model are held constant, are more likely to lead to their utilisation in the future.
Similarly, the more students perceive that specific applications have become a habit, the more likely
they will use them. Similarly, the more pleasure they derive from utilising these applications, the
more likely they will use them. Other researchers have reported the explanatory role of students'
attitudes towards the Expected Performance of A.L. applications [19,23-26,40]. Similar to previous
research is the explanatory role of habit [23,26,40] and hedonic motivation [26,40].

To explain the actual use of AL applications by students, the factors of intention to use (direct
effect=.423), habits (direct and indirect effect=425), and facilitating conditions (direct and indirect
effect=.191) play a dominant role. These positive effects suggest high student perceptions that they
will use A.L applications for academic support when other factors included in the model are held
constant and are more likely to lead to actual use. Previous studies also report this effect [23,25,26,40].
Also, the more students perceive that these applications have become a habit, the more likely they
are to adopt them for academic support. Previous studies also reported this effect [26,40]. In the same
vein, but to a lesser extent, the more they perceive that adequate technical support is provided for
these applications, the more likely they are to adopt them for their academic support. This small effect
has also been reported in previous studies [26,40].

Finally, other studies confirm the non-support of moderation effects, as supported in the
UTAUT2 model [40]. However, it is worth emphasising that this study [40] only considered gender
and years of study, not experience with A.I applications.
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Given the above, several suggestions for practical applications and future research are
suggested. Academics and lecturers should explain and demonstrate the usefulness of A.L
applications as supporting tools for students in their academic careers. This means that in the context
of courses, student seminars, and workshops on the use of technology, these applications should be
included by demonstrating to students their benefits and advantages, which increase their efficiency
[34] and academic performance [25]. In this context, ways of implementation, general functions, and
features of A.I applications that excite students could be presented. Also, these applications could be
included in the existing curriculum. Finally, the creators of these applications need to provide
technical support in the form of feedback instructions, making it easier for the users to address any
problems during its utilisation effectively.

As in any research, some limitations should be considered in reading and interpreting the
findings, which will also feed the avenue for further research. The presented effects between variables
should be considered mainly as correlations since this research is cross-sectional [41]. Furthermore,
using self-reports in the study increases the possibility of measurement bias and socially desirable
results [48]. Future longitudinal studies should explore these hypotheses with a representative
sample, such as a cluster sample including students across different departments, universities, and
countries. Also, for a complete picture regarding factors explaining the intention as well as the actual
use of AL applications, other factors such as perceived trust [21] or information accuracy [25] and
perceived satisfaction [22,25] should be investigated. Finally, a qualitative approach with semi-
structured interviews could provide rich insights regarding the previous possible factors.
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Appendix

1. PerExpl. Ifind Artificial Intelligence applications such as ChatGPT useful in my studies.

2. PerExp2. Using Artificial Intelligence applications like ChatGPT helps me to complete various
activities related to my studies faster

3. PerExp3. Using Artificial Intelligence applications like ChatGPT increases productivity in my

studies

EfExpl. It is easy to learn using Artificial Intelligence applications like ChatGPT.

5. EfExp2. My interaction with Artificial Intelligence applications like ChatGPT is clear and
understandable

6. EfExp3. Artificial Intelligence applications like ChatGPT are easy to use.

7. SocInfl. The people who are important to me (e.g., friends and family) believe I should use
Artificial Intelligence applications like ChatGPT for my studies.

8.  SocInf2. The people influencing my behaviour believe I should use Artificial Intelligence
applications like ChatGPT in my studies.

L
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9.  SocInf3. The people whose opinions I value prefer that I use Artificial Intelligence applications,
like ChatGPT, for my studies as well

10. FacConl. It is easy to find user instructions for Artificial Intelligence applications like
ChatGPT.

11. FacCon2. I have the knowledge necessary to use Artificial Intelligence applications like
ChatGPT.

12. FacCon3. The Artificial Intelligence applications like ChatGPT that I use in my studies align
well with other applications I use

13. HedMotl. The use of Artificial Intelligence applications like ChatGPT in my studies is

enjoyable.

14. HedMot2. The use of Artificial Intelligence applications like ChatGPT in my studies is
pleasant.

15. HedMot3. Using Artificial Intelligence applications like ChatGPT in my studies is very
entertaining.

16. PrVall. The cost of Artificial Intelligence applications like ChatGPT is reasonable

17. PrVal2. The cost of the services I access through Artificial Intelligence applications like
ChatGPT is worth the money.

18. PrVal3. Artificial Intelligence applications like ChatGPT are worth their cost.

19. Habl. Using Artificial Intelligence applications like ChatGPT has become a habit for me.

20. Hab2. I must use Artificial Intelligence applications like ChatGPT.

21. Hab3. Using Artificial Intelligence applications like ChatGPT is self-evident for me.

22. UsBehl. I intend to continue using Artificial Intelligence applications like ChatGPT in my
studies.

23. UsBeh2. I will always strive to use Artificial Intelligence applications like ChatGPT in my
studies.

24. UsBeh3. I plan to use Artificial Intelligence applications like ChatGPT frequently in my studies.

25. BehlIntl. Using Artificial Intelligence applications like ChatGPT is a pleasant experience.

26. BehInt2. I'use Artificial Intelligence applications like ChatGPT to support my studies.

27. BehInt3. I spend much time using Artificial Intelligence applications like ChatGPT in my
studies
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