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This study reports the construct validity and reliability of an instrument
designed to measure students’ behavioural intention to use ChatGPT.
The instrument is developed based on the Unified Theory of Acceptance
and Use of Technology (UTAUT) model. Data were collected from 65
undergraduate students of the Faculty of Information Management at
UiTM Puncak Perdanausing proportionate stratified sampling. Analyses
conducted with SPSS and Smart PLS confirmed that the instrument
demonstrated acceptable construct validity and moderate reliability.
Intemal consistency values included Cronbach’s alpha (0.810-0.929),
composite reliability (0.70-0.90), and average variance extracted above
0.50. Model accuracy and relevance (R? and Q?) were within acceptable
and moderate ranges, with no collinearity issues detected. Content
validity was further established using CVI, S-CVI, and S-CVI/Ave,
which exceeded 0.80, indicating strong agreement. Overall, the
instrument achieved robust validity and reliability, offering a useful
inventory for future research on ChatGPT adoption in education.

INTRODUCTION

In recent years, Artificial Intelligence (AI) has made significant progress and it is now used
across a wide range of various industries and applications (Nasim et al., 2022). Moreover, Al is
altering the way people live and work that expecting Al to evolve and play a more significant part
in society as research and technology advancements continue. Al also has been utilizing in
education sector, due to its ability to transform education through improving teaching and learning
experiences, customizing education, streamlining administrative duties, and opening up new
avenues for research (Zhai et al., 2021). Al technology can be used in a variety of ways in the
education, including intelligent tutoring systems, adaptive learning platforms, automated grading
systems, virtual reality simulations, and data analytics (Holmes & Tuomi, 2022). In term of
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intelligent tutoring systems, an Al program like Chat GPT is a tool that can assist students in
producing writing assignments, providing feedback and revision guidelines, and providing
writing assistance. Consequently, it can be used to help them develop their skills. (Abdullayeva
& Musayeva, 2023) and enhance the learning process (Ausat et al., 2023). However, the usage of
Chat GPT among students become contradiction, some parties agrees that this technology is able
to improve students learning process. Conversely, some of them put on as the opposite that
resistance of the use of Chat GPT (Crawford et al., 2023). The pro parties claimed that Chabot
such Chat GPT can improve productivity, communication, learning, and teaching support. A new
educational platform can address the most difficult educational problems by utilizing this
technology as an engagement tool (Sandu & Gide, 2019). In contrast, the other parties stated that
students might have a potential for overreliance on Chat GPT. Instead of honing their critical
thinking and problem-solving skills, they become dependent on the model for answers and
solutions. Their inability to think freely and creatively, which are essential for both academic
success and personal growth, may be hampered by this over-reliance (Fuchs, 2023). In line with
this, a study from Ali et al. (2023) pointed out that the use of Chat GPT for learning is able to
enhance the students’ learning motivation. This study intended to evaluate the construct validity
and reliability of an instrument designed to measure students’ behavioral intention to use
ChatGPT, based on the Unified Theory of Acceptance and Use of Technology (UTAUT) model
(Venkatesh, Morris, Davis & Davis, 2003). This study also aim to investigate the suitability of
the Behavioral Intention Model in ChatGPT adoption study.

Problem Statement

Limited Availability of ChatGPT-Specific Instruments in the Malaysian Context

There is currently a scarcity of validated instruments tailored for studying ChatGPT usage
among Malaysian students. This gap is due to two primary factors:
Technical and Domain Constraints of ChatGPT: Large language models like ChatGPT exhibit
notable limitations in understanding highly complex or specialized content. For instance, the
model may struggle with nuanced legal or medical queries, often generating incorrect, generic, or
even misleading responses (Gopalakrishnan, 2023; Lai & Adebayo, 2024). Specifically, it lacks
deep contextual awareness and domain-specific precision, which makes it unreliable for critical
or expert-level tasks. Accessibility Challenges in Malaysia: In the Malaysian context, accessing
ChatGPT—yparticularly for research—can be difficult. Although ChatGPT Plus, offering
improved access and elevated performance, is available, it comes at a subscription cost of around
US$20 (approximately RM85) per month (The Star, 2023; TechTRP, 2023). The free version,
while available, often suffers from performance issues like slow responses or unavailability
during peak usage times (TechTRP, 2023). These constraints pose practical barriers for
researchers attempting to conduct consistent, reliable studies using ChatGPT in Malaysia.

Lack of ChatGPT Studies Applying Behavioral Intention Theory to Student Adoption

There is a notable gap in the literature regarding the application of behavioral intention theories
to specifically examine students’ adoption of ChatGPT. While several studies have applied
theoretical frameworks such as the Unified Theory of Acceptance and Use of Technology
(UTAUT), their focus has been outside the student population. For instance, Emon et al. (2023)
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investigated factors influencing ChatGPT adoption behavior among professionals in Bangladesh,
applying the UTAUT model; however, the study was limited to knowledge workers, excluding
students. Similarly, Menon et al. (2023) analyzed user intentions toward ChatGPT adoption using
UTAUT, but their sample comprised self-employed and employed workers, not learners in
academic contexts.

Given that ChatGPT is a relatively new technology, adoption studies remain at an early stage,
with most focusing on general or professional users rather than students. Moreover, the
application of established models such as the Technology Acceptance Model (TAM) or the
Theory of Planned Behavior (TPB) to ChatGPT-specific student adoption is still lacking (Zhou
et al., 2023; Dwivedi et al., 2023). This highlights the need for empirical research targeting the
educational domain, where students represent a critical user group for Al-driven technologies like
ChatGPT.

Research Objective

The objective of this study is to assess and report the construct validity and reliability of
student adoption of ChatGPT in academic environment instruments. This research covers the
adoption of ChatGPT among university students. The instrument aims to investigate the influence
of performance expectancy, effort expectancy, social influence, facilitating condition, attitude and
anxiety towards the behavioural intention. It was developed by adapting constructs and items
from recent research and the development of new items. The assessment analysed an overall 26
items from seven constructs developed using the UTAUT Model.

LITERATURE REVIEW

Artificial Intelligence Overview

Artificial intelligence is a branch of computer science that concerns the ability of computers
to perform intelligent tasks, such as those requiring recognition, reasoning, and learning. Artificial
intelligence, as a discipline, initiated by scientist John McCarthy (McCarthy et al., 2006) and
formally publicized at Dartmouth Conference in 1956 (Moor, 2006), now occupies a center stage
for many organizations (Balugani et al., 2018; Sreedharan et al., 2018; Balugani et al., 2019;
Kumar, 2019). Artificial intelligence forms a part of computer or computing science that generates
expert systems, algorithms and programs (Aldasoro et al., 2019; Chen et al., 2019; Colicchia et
al., 2019). The real purpose of artificial intelligence is to imitate human brain and perform
decision-making like human beings during various situations and circumstances (De Sousa
Jabbour et al., 2018; Deshpande et al., 2018). Practically, it is the ability of a machine or
equipment to think, learn and act as humans. Although the concept of artificial intelligence was
initiated in 1956, but it has gained momentum recently (Dolgui et al., 2018; Felfel et al., 2018;
Garza-Reyes, 2018; Dolgui et al., 2019).

Artificial intelligence is categorized as narrow artificial intelligence and general artificial
intelligence. The former deals with simple issues like organizing business events/calendars and
resolving customer-service enquiries. However, the latter handles complex issues like driving
cars, robotics and reducing language barriers (Breja et al., 2011; Choiet al., 2018; Dupontet al.,
2018). Business creation by artificial intelligence is expected to touch $3.9 tn in 2022, while it
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was $1.2 tn in 2018, reported an increase of 70 % from 2017 (Brown, 2013; Fatorachian and
Kazemi, 2018; Richards et al., 2019). Further, expert systems, agent-based systems, big data
analytics and genetic algorithms are few other concepts that fall in close proximity of artificial
intelligence. Expert systems constitute one of the most essential aspects of Al. It mimics the
decisiveness of an expert human to solve complex issues and problems by applying reasoning and
analytical abilities like computers (Keeble-Ramsay and Armitage, 2010; Hamdi et al., 2018;
Hazen etal., 2018; Horng et al., 2018). Agent- based systems, also known as agent-based models,
are computer-based models, which perform as autonomous agents. Such agents can work either
in groups or individually towards assigned tasks. While, Big Data denotes huge volume of data,
and big data analytics is the management of such data. It does systematic organization of
unorganized data that might be large and complex. The technique is extremely useful to avoid
information asymmetry (Kazancoglu et al., 2018; Kumar et al., 2018; Kumar et al., 2019).

ChatGPT

“GPT” in ChatGPT stands for “generative pretrained transformer”, the latest Al
development in generative machine learning (ML), which is more powerful than its previous
generated forms. Not only can it make predictions; it can also create and develop answers to
almost any question (McKinsey, 2023). For testing purposes, OpenAl released it to the public
on November 30, 2022. It uses a large language model (LLM) trained on billions of words
from online sources such as books, articles and conversations, and it produces answers by
learning from this. Its abilities include, but are not limited to, accurate text translation,
generating marketing copy, summarizing reports and news and coding. It can understand the
meaning of large texts and generate accurate responses. Benuyenah (2023) is convinced that
the impact of Al in higher education is undeniable and impossible to ignore. If ethical
considerations accompany its integration, it can greatly contribute to the health of higher
education.

ChatGPT was an outcome of the huge investments in Al which have more than doubled
over the last five years and are projected to continue growing (McKinsey, 2022). Yet despite
this trend, the effects of ChatGPT and similar Al tools on the education sector remain
uncertain. It has the potential to drastically alter the landscape of education, causing us to re-
evaluate traditional methods oflearning, assessment and evaluation. As Al continues to shape
the job market, concerns are growing about the necessary skills for the new work
environment, tools like ChatGPT demonstrate the potential to automate routine tasks, saving
time and cost, and even to perform parts of more complex and creative work (Zhai, 2022).
However, it should be recognized that ChatGPT has certain limitations, for instance, those
related to reasoning, factual errors, math, coding and bias (Winner, 2009 and Borji, 2023).
As ChatGPT has brought. Its implications for education should concern us and despite our
great excitement need to be carefully evaluated, so that we are alert to its potential influence
on education. ChatGPT’s technology has propelled its rapid integration into search engines,
such as Microsoft’s Bing, through OpenAI’s ChatGPT integration, and the introduction of
Google’s rival tool, Bard (Financial the New Y ork Times, 2023). Notably, other companies
are also striving to develop more advanced alternatives, such as Baidu’s Ernie Bot in China.
According to the MIT Technology Review, Emie Bot resembles ChatGPT in performance
but only the former can generate new images. Furthermore, GPT-4, which was introduced in
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March 2023, is reported to be a hundred times more powerful than GPT-3 (OpenAl, 2023)
and thus ensures significant advances based on the data gathered from its predecessor.

Artificial Intelligence Application in Academic

Artificial Intelligence (Al) has emerged as a transformative force reshaping various
sectors of society, and academia is no exception. In recent years, Al technologies have
revolutionized teaching, learning, research, and administrative tasks in academic institutions
worldwide (Vieriu and Petrea (2025). A study by Augustine and Ali (2021) focused on the
application of Al in academic libraries in Nigeria, showing that Al could be applied in
academic library services in Nigeria like Expert Systems in Reference Services, Technical,
Indexing, Acquisition, and its application in Natural Language Processing, Pattern
Recognition, and Robotics in library activities. Additionally, Pathak (2023) and Ahmad
(2023) emphasized the Al-powered educational platforms utilize machine learning
algorithms to provide personalized learning experiences tailored to each student's individual
needs, preferences, and learning styles. These platforms analyze student performance data to
offer adaptive content, recommendations, and feedback, enhancing student engagement and
learning outcomes. Al-based tutoring systems provide interactive, individualized support to
students, offering explanations, feedback, and guidance aligned with their learning pace and
needs. These systems improve student understanding and mastery of concepts across various
subjects, supplementing traditional classroom instruction. Al model predict student
outcomes, such as academic performance and retention, based on historical data and student
characteristics. These predictive analytics tools enable academic institutions to identify at-
risk students early and provide targeted interventions to support their success, fostering
student engagement and retention. Al technologies automate repetitive tasks in the research
process, such as literature reviews, data collection, and experiment design, freeing up
researchers' time for higher-level tasks. This automation enhances research productivity,
accelerates knowledge generation, and facilitates interdisciplinary collaboration.

In conclusion, the widespread adoption of Al technologies in academia is transforming
teaching, learning, research, and administrative tasks, revolutionizing the academic
landscape. From personalized learning platforms to predictive analytics tools, Al offers a
myriad of opportunities to enhance educational experiences, advance research frontiers, and
improve administrative efficiency in academic institutions. Embracing Al in academia
promises to unlock new possibilities for innovation, collaboration, and knowledge creation,
shaping the future of education and scholarship in the digital age. Table 1 below highlights
the selected studies on ChatGPT in education applying UTAUT and a systematic review to
provide a holistic views on the perspectives.

Table 1: Related studies on ChatGPT in education

Author Aim of Study Research Method Main Findings
Shoufan, A (2023) To analyze its impact on teaching and |Questionnaire Perception’s student about
learning it is crucial to understand how ChatGPT

students perceive ChatGPT and assess
its potential and challenges.
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IPathak,M (2023)

To examine the awareness regarding
ChatGPT among students.

-Online survey

- Descriptive statistics and
independent sample t-test
has been employed using
IBM SPSS 27 software to
examine the awareness

level
of ChatGPT.

The study attempts to find
whether is there any difference
in awareness of ChatGPT
based on gender or the field of
study among the students.

Tili, A (2023)

To examine chatbots in education and
for this purpose, the study approaches
ChatGPT as a representative case of an
advanced chatbotamong early adopters

-Qualitative method

Investigate social network
analysis of tweets, content
analysis of interviews, and
user experiences using
ChatGPT

|Albanna, S (2023)

To explore the advantages of
integrating a new generative artificial
intelligence (AI) technology in
education.

-Literature search
-Screening and Selection
-Analysis

-Synthesis of Findings

ChatGPT can be effectively
integrated into education to
automate routine tasks and
enhance the leaming
lexperience for students,
ultimately increasing
productivity and efficiency
and fostering adaptive
learning

'Yusoff, N. (2022)

To explore the perceive benefits of Al
in ELS and language.

-ESL
-Language Leaming

Focuses on Al in ESL
classrooms; identifies benefits
like adaptive feedback, and
challenges such asteacher
preparedness and cost.

Shoaib, M. et
al.(2021)

To highlight the opportunities of Al
applications in secondary and tertiary
education.

Systematic Review

Provides a comprehensive
review of Al applications in
leducation; discusses
opportunities (personalization,
lassessment) and challenges
(privacy, ethics).

ILu, X & Yang, J
(2021)

IReview the contributions of Al
application in personalization education.

Systematic Review
Sustainability & Education

Reviews how Al contributes to
sustainable education
practices; highlights benefits
such as personalized leaming
and challenges such as bias.

Hussain, 1. (2020)

Reports generally positive attitudes
toward Al’s instructional role; highlights
teacher concems about training and
control

University students &
teachers (survey)

Directly addresses attitude
toward Al: showing positive
attitude is present, which is a
key factor in many acceptance
imodels. Doesnot appear to
deeply explore anxiety or
IUTAUT but relevant for the
attitude part.

Shon, K & Kwon,
0 (2020)

Useful crossover: while not education-
only, shows what constructs (usefulness,
enjoyment) tend to drive intention; can
inform which constructs you might
include for Al in education.

Users of Al-based
intelligent products
(consumer / product
context)

Compared different acceptance)
theories (TAM, UTAUT,
IVAM etc.) for Al-based
intelligent products; found that
enjoyment, perceived
usefulness, etc. are important;
IVAM did well in modeling

acceptance.
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Theoretical Framework

In understanding the students’ behavioral intention in using ChatGPT, Figure 1
illustrates the framework of this research. To analytically accomplish the objective of this
study, development of theoretical framework is necessary so that further conclusions can be

made.

‘ Performance Expectancy @
‘ Effort Expectancy @\ \

‘ Social Influence @ - -

‘ Facilitating Condition
‘ Attitude /

-

| Independent variables | | Dependent variable

Behavioral Intention

‘v L

" A

Figure 1: Theoretical Framework for assessing students’ behavioral intention in using
ChatGPT.

Description of Variables
Performance Expectancy

Performance Expectancy is a concept within the Unified Theory of Acceptance and Use of
Technology (UTAUT) Venkatesh et, al. (2003) model, which seeks to explain individuals'
acceptance and use of new technologies. Specifically, Performance Expectancy refers to the
degree to which an individual believes that using a particular technology will help them to achieve
gains in job performance or task accomplishment. In simpler terms, Performance Expectancy
assesses the perceived usefulness of the technology in enhancing an individual's performance or
productivity. It reflects the user's belief that using the technology will lead to improved outcomes,
such as increased efficiency, effectiveness, or convenience in performing tasks.

Effort Expectancy

Effort expectancy focuses on the perceived ease of use or the degree of effort required to
use the technology. It assesses the user's perception of how easy or difficult it is to use a
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particular technology. It reflects the user's belief that using the technology will require
minimal effort and be straightforward, intuitive, and user-friendly. Effort Expectancy is a
critical factor in determining the acceptance and adoption of technology or systems, as users tend
to prefer technologies that are easy to use (Kwak et al., 2022).

Social Influence

Social influence aims to explain individuals' acceptance and use of new technologies.
Social Influence refers to the perceived impact of social factors, such as the expectations,
opinions, and behaviors of others, on an individual's intention to use a technology. Social
Influence reflects the extent to which an individual's decision to adopt and use a technology
is influenced by the attitudes, norms, and behaviors of their social network, including peers,
colleagues, supervisors, and other influential individuals. Social influence is defined as the
extent of social pressure exerted on an individual to adopt new technology (Chaouali et al., 2016;
Kesharwani and Singh Bisht, 2012; Martins et al., 2014)

Facilitating Condition

Facilitating Conditions aims to explain individuals' acceptance and use of new
technologies. Facilitating Conditions refer to the perceived resources, support, and
infrastructure available to individuals that facilitate their use of the technology. Facilitating
Conditions assess the extent to which individuals perceive that they have the necessary
resources, support, and organizational infrastructure to effectively use the technology.
According to Hong et al. (2008), “if users would not have necessary operational skills, they would
have lower intention to adopt information technology.”

Attitude and Anxiety

In many UTAUT extensions, attitude is added as an additional predictor of behavioral
intention, defined as an individual’s overall positive or negative evaluation of using the
technology (Or, 2023). Likewise, anxiety (or technology anxiety) has been incorporated in
extended UTAUT models as an emotional factor capturing worry, stress, or apprehension about
using the system; empirical studies find that anxiety negatively influences intention (Gunasinghe,
2020) and more recent work adds Al anxiety in UTAUT extensions (Wang et al.,2024).

INSTRUMENT DEVELOPMENT

In designing the instrument, this study adapted and adopted questions from the previous
studies. A detail literature review that has been done to identify related studies. All the items
adapted have been tested the validity and reliability. The instrument is the major contributors
for this study. The instrument consists of items that use a five-point Likert Scales for
measuring all the variables. It will be five-point from 1-5: (1) Strongly Disagree, (2) Disagree,
(3) Neutral, (4) Agree and (5) Strongly Agree. The instrument is divided into 7 parts, namely
A: Performance Expectancy, B: Effort Expectancy, C: Social Influence, D: Facilitating
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Condition, E: Attitude, F: Anxiety and G: Behavioral Intention. Table 2 below explains the

instrument items and references.

Table 2: Instrument Items and References

Variable/Theory

Item

Reference

Performance Expectancy

1.1 would find ChatGPT useful in my
study

2. Using ChatGPT enables me to
accomplish task more quickly

3. Using ChatGPT increases my
productivity.

4. Using ChatGPT is a good idea.

D, J., Srinivasan, M.,
Dhanunjay, G. S., &
Shamala, R. (2023),
Pangaribuan, C. H., &
Wulandari, Y. (2019)

Effort Expectancy

1.My interaction with ChatGPT would
be understandable

2.1t would be easy for me to become
skillful at using ChatGPT

3.1 would find ChatGPT easy touse

4.Leaming touse ChatGPT easy touse

D, J., Srinivasan, M.
Dhanunjay, G. S., &
Shamala, R. (2023),
Pangaribuan, C. H.,
&Waulandari, Y. (2019)

Attitude

1.Using ChatGPT is a good idea

2. ChatGPT makes study more
interesting.

3.Using ChatGPT is fun

4.1 like interacting with ChatGPT

Kanwal, A., Hassan, S., &
Igbal, 1. (2023)

Social Influence

1. People who influence my leaming
behavior think that I should use
ChatGPT.

2.People who are important to me think
that use of ChatGPT

3. In general, the university has
supported the use of ChatGPT.

Ventakesh et al. (2003),
Pangaribuan, C. H., &
Wulandari, Y. (2019)

Facilitating Conditions

1. Thave the resources necessary to use
ChatGPT.

2.1 have necessary knowledge to use
ChatGPT

3.ChatGPT is not compatible with other
application I use

4. I can get assistant whenever I come
across with ChatGPT with ChatGPT
difficulties.

Pangaribuan, C. H., &
Waulandari, Y. (2019)

Anxiety

1. I feel uneasy about using Chat GPT.

2. It scares tome think that I could lose a
lot of information using ChatGPT by
giving the wrong command.

3. ChatGPT is somewhat intimidating.

4.1 doubt to use ChatGPT for fear of
making mistakes

Shen et al. (2022)

Behavioral Intention

1.1 intend to use ChatGPT in the coming
semester

2. I predict I will beusing ChatGPT in
coming semester

3. I will encourage others to use
ChatGPT in coming semester.

Davis et al. (1989),
Shen at al (2022)
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METHODOLOGY

Research Design

This study employs a quantitative method using survey research techniques. The survey
instrument was assessed using smartPLS-SEM 3.0 to determine its validity and reliability. The
smartPLS-SEM 3.0 analysis of validity and reliability was divided into two analyses: i) analysis
of the measurement model (outer model) and ii) analysis of the structural model (inner model).

Population and Sampling

The average population of undergraduate students at Ui'TM Puncak Perdana's Faculty of
Information Management is around 2000. The sample size of the respondents has been run
from Raosoft and the results from the calculation is 323 respondents. The sample size for the
pilot test is around 10 to 20% of full-scale survey sample size or at least 30 to 50 respondents
according to Hertzog (2008). So, from 20% of 323 will be 65 respondents. Hence, the
questionnaires will be distributed to 65 respondents. The sample targeted are undergraduate
students from the Faculty of Information Management

Data Collection

This study distributed the questionnaires to the respondents of the undergraduate students
from the Faculty of Information Management, UiTM Puncak Perdana. After the process of
creating questionnaires using the Google Form platform, the link was distributed to the
respondents through a social media platform such as WhatsApp and email and had to ensure they
respond within the specified time frame.

DATA ANALYSIS

The following were the main statistical techniques used to analyze the data and obtain the
results of the study:
1. Descriptive statistics to analyze the respondent’s profile.

il. Cronbach’s Alpha, a reliability measure that indicates how well a set
of items relates to each other (that is if the items have internal
consistency). A higher value of Cronbach’s Alpha (0.6 or higher)
indicates higher reliability of the item’s measures.

1ii. Structural Equation Modelling (SEM) using SPSS and SmartPLS to
estimate the causal-effect relationship among multiple and
interrelated variables.

This study undertakes two validity procedures, which are face validity and content validity
testing. Rahman et al. (2016) denote that validity is the extent which specific items on a tool
accurately assess the concept being measured in the research. The instrument face and content
validity were concurrently assessed by a panel of expert. The validation procedure took
approximately 1 month to complete. The content validity test for the I-CVI and S-CVI are
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calculated based on the following formula:

1I-CVI are calculated as by dividing the number of experts that rated 3 (Relevant) and 4 (Very

Relevant) on the relevancy scale by the total number of the number of experts. S-CVI are
calculated as I-CVI/Ave, which calculate the average of all I-CVI. S-CVI=I-CVI/Ave

This study also undertakes analyses of the instrument construct validity and reliability were
performed using the Smart PLS-SEM 3.0. According to Ibrahim and Tain (2016), the analysis
involved two-level models. First model is analyze the measurement model to assess the
instrument construct validity using internal consistency of the Cronbach’s alpha (CR) value, the
convergent validity using factor loading and average variance extracted (AVE) values, and
discriminant validity using Fornell-Larcker’s criterion and cross-loading value (Hair, Hult,
Ringle, & Sarstedt, 2017; Hair, Sarstedt, Hopkins, & Kuppelwieser, 2014). Second is the analysis
of the structural model assessing the construct reliability using the model predictive accuracy
analyses. The model predictive accuracy involved coefficient determination (R?), predictive
relevance (Q?), effect size (f2), and VIF (Collinearity Statistics).

RESULT
Instrument Assessment

Validity
a) Face Validity
The instrument is sent to an identified panel of experts in the field of librarianship and
academia for the validity assessment. The expert eligibility is set according to their fields
of expertise, experience in the field of library and information science, total number of
working experience, professional certification and academic certification. Below table 3
describes the expert panels.

Table 3: Expert Panel

Panel Expert in Field
Academician (2) Subject Expert & Methodology
Librarian (1) Subject Expert

An invitation letter is sent to the panels to seek their agreement to participate in the
validation process. The instrument was sent upon receiving their agreement and consent.
They are required to provide comments and suggestions on the following face validity
criteria as suggested by Oluwatayo (2012) namely: i) Appropriateness of grammar, ii) The
clarity and unambiguity of items, iii) The correct spelling of words, iv) The correct
structuring of sentences, v) Appropriateness of font size, vi) Structure and format, vii)
Appropriateness of difficulty level for respondents, and viii) Adequacy of instruction on
the instrument. The face validity assessment analysis is represented in Table 4 describes
the 8 elements of the assessment.

Table 4: Analysis of Face Validity

© Universiti Teknologi MARA, 2025



145 A’dillah Mustafa et al. / Journal of Information and Knowledge Management (2025) Vol. 15, No. 2

Criteria P1 P2 P3 | Interpretation
Appropriateness of grammar Yes | Yes | Yes | Appropriate

The clarity and unambiguity of items Yes | Yes | Yes | Appropriate

The correct spelling of words Yes | Yes | Yes | Appropriate

The correct structuring of sentences Yes | Yes | Yes | Appropriate
Appropriateness of font size Yes | Yes | Yes | Appropriate
Structure and format No Yes | Yes | Need for revision
Appropriateness of difficulty level for respondents Yes | Yes | Yes | Appropriate
Adequacy of instruction on the instrument No Yes | Yes | Need for revision

Based on the comments from the panel, there are two (2) elements of the instrument need
to be reviewed and improved. The structure and format and adequacy of instruction on the
instrument was received two disagreements (with “No” remark). The instrument then
undergone a revision exercise, accordingly to the recommendations.

b) Content Validity

In the content validity assessment, panels are required to rate the item according to the
scoring guide based on the relevancy and clarity if the items. The rating of the score is from
4 (Very relevant) to 1 (Not relevant) and 4 (Very clear) to 1 (Not clear). Below table 5
represents the items and constructs for content validation.

Table 5: Total items

Name of Construct Total Items Number of items

Performance Expectancy 4 1-4
Effort expectancy 4 5-8
Attitude 4 9-12

Social influence 4 13-16

Facilitating conditions 4 17-20

Anxiety 4 21-24

Behavioral Intention 3 25-27

Total 27

I-CVI, and S-CVI

The content validity assessment is analyzed using two methods: I-CVI, and S-CVI
calculation. I-CVI and S-CVI is divided into two subtopic which is relevancy and clarity.
Table 6 and Table 7 describe the relevancy and clarity assessments.

Table 6: Calculation I-CVI Based on Relevancy

Items | Relevant | Non-relevant I-CVI Interpretation
1 3 0 1 Appropriate
2 3 0 1 Appropriate
3 3 0 1 Appropriate
4 3 0 1 Appropriate
5 2 1 0.67 Need for refinement
6 3 0 1 Appropriate
7 3 0 1 Appropriate
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8 3 0 1 Appropriate
9 3 0 1 Appropriate
10 3 0 1 Appropriate
11 3 0 1 Appropriate
12 3 0 1 Appropriate
13 3 0 1 Appropriate
14 3 0 1 Appropriate
15 3 0 1 Appropriate
16 3 0 1 Appropriate
17 3 0 1 Appropriate
18 3 0 1 Appropriate
19 3 0 1 Appropriate
20 3 0 1 Appropriate
21 3 0 1 Appropriate
22 3 0 1 Appropriate
23 3 0 1 Appropriate
24 3 0 1 Appropriate
24 3 0 1 Appropriate
26 3 0 1 Appropriate
27 3 0 1 Appropriate
Table 7: Calculation I-CVI based on Clarity
Items | Clarity Unclear I-CVI Interpretation

1 3 0 1 Appropriate

2 3 0 1 Appropriate

3 3 0 1 Appropriate

4 3 0 1 Appropriate

5 2 1 0.67 Need for refinement
6 3 0 1 Appropriate

7 3 0 1 Appropriate

8 2 1 0.67 Need for refinement
9 3 0 1 Appropriate

10 3 0 1 Appropriate

11 3 0 1 Appropriate

12 3 0 1 Appropriate

13 3 0 1 Appropriate

14 3 0 1 Appropriate

15 3 0 1 Appropriate

16 3 0 1 Appropriate

17 3 0 1 Appropriate

18 3 0 1 Appropriate

19 3 0 1 Appropriate
20 3 0 1 Appropriate
21 3 0 1 Appropriate
22 3 0 1 Appropriate
23 3 0 1 Appropriate
24 3 0 1 Appropriate
25 2 1 0.67 Need for refinement
26 3 0 1 Appropriate
27 3 0 1 Appropriate
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I I | | I |

The calculation of I-CVI (Content Validity Index) according to Larsson et al. (2015) and
Polit, Beck & Owen (2007) the [-CVI was calculated for both “relevant” and “clarity”. Schilling,
Dixon and Knafi, et al (2007) define I-CVI as the proportion of expert that provided a rating of 3
(very relevant) or 4 (extremely relevant) on the relevance scale and rating 3 (fairly clear) or 4
(very clear) on the clarify scale. The I-CVI cutoff as suggested by Lynn (1986) and Polit, Beck
& Owen (2007) is a below than 0.78. As for this assessment, a conservative value of >.80 for
both relevant and clarify are used as suggested by Paul, et al (2016). Items rated below 0.80 are
eliminated. Based on the I-CVI, from Relevance table 4.5 shows that, 1 was remarked as need
some revision and 26 items rated very relevant. After that, from Clarity table 4.6 shows that, 3
are remarked as need some revision also and 24 items rated very clear. So, the analysis of the
overall items originates 1 item are rated below 0.80 for relevancy and 3 items are rated below
0.80 for clarity. A total of 4 items (0.67) are eliminated based on the relevancy and clarity rates,
3 items are reworded or revised for clarity. Table 8 & 9 described the analysis of the S-CVI for
inter-ratter agreement and calculation of S-CVI /Ave.

Table 8: Scale-level content validity index (S-CVI) (Relevance)

Expert in Agreement Item I-CVI
3

=
@
=

L[ [ LI [ LI [ [ [LI[LI [ | [ W[ [N |W[W LW (W]

[T I ] IS [C) [ ) Uiy puiiy iy [y iy Uiy Ui puiliy Uiy Fy
N IS I EN I T g e P I N T N P IS I IS R el il Sl Al el ad A

S-CVI (Relevance) = 0.98

Table 9: Scale-level content validity index (S-CVI) (Clarity)
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Items Expert in Agreement Item [-CVI
1 3 1
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12
13
14
15
16
17
18
19
20
21
22
23
24
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26
27 3

S-CVI (Clarity) = 0.96
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The S-CVI (Scale-level Content Index) of this study are calculated based on Polit, Beck & Owen
(2007) and Davis (1992). Where they suggested the value of S-CVI should be greater than 0.8 or
80% or better agreement among reviewers. The S-CVI based on relevance and clarity for this
study instrument are 0.98 and 0.96 and considered achieve “high-level agreement” which is
acceptable and consistence

Reliability

Analyses of the instrument construct validity and reliability were performed using the Smart
PLS-SEM 3.0. According to Ibrahim and Tain (2016), the analysis involved two-level models
which is analysis of the measurement model to assess the instrument construct validity using
internal consistency of the Cronbach’s alpha (CR) value, the convergent validity using factor
loading and average variance extracted (AVE) values, and discriminant validity using Fornell-
Larcker’s criterion and cross-loading value (Hair, Hult, Ringle, & Sarstedt, 2017; Hair, Sarstedt,
Hopkins, & Kuppelwieser, 2014) and analysis of the structural model to assess the construct
reliability using the model predictive accuracy analyses. The model predictive accuracy involved
coefficient determination (R?), predictive relevance (Q?), effect size (), and VIF (Collinearity
Statistics). This analyses also is constructed in two sections which is analysis of the measurement
model (outer model) and analysis of the structural model (inner model). Both the outer and inner
models follow the Smart PLS-SEM 3.0 requirements of structural model analysis.
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Analysis of Measurement Model

Analysis of the construct validity and reliability of the measurement model was based on
Internal Consistency. Internal consistency analysis is using Cronbach’s alpha and composite
reliability resulted in all dimensions being accepted at a score from 0.718 to 0.955, which
exceeded the cut-off point of >.07 Cronbach's alpha. The composite reliability (CR) value was
acceptable (Gefen, Straub, & Boudreau, 2000) with all dimension values of n > 0.70. Next,
analysis of the construct validity and reliability of the measurement model also was based on
Convergent Validity. Convergent validity was assessed using indicator loading and the average
variance extracted (AVE) value. It was considered satisfactory since all dimension values
exceeded the cut-off point of >.50 (Byrne, 2010; Fornell & Larcker, 1981; Hair, Sarstedt, et al.,
2014). For item loading, the cut off value for this report was accepted at 0.6, where 0.4 — 0.6 was
considered acceptable (Hair, Black, Babin, & Anderson, 2010). Thus, the model achieved internal
consistency and convergent validity. Table 10 describes the construct’s Cronbach’s alpha, CR,
AVE value, and item loadings.

Table 10: Measurement Model Analysis

Construct Items Items CA CR1 AVE
Loading

PERFORMANCE 0.929 | 0.932 0.824

EXPECTANCY

Bl: I would find ChatGPT | 0.923
useful in my study
B2: Using ChatGPT enables | 0.904
me to accomplish. tasks more

quickly.
B3: Using ChatGPT increases | 0.888
my productivity.
B4: Using ChatGPT is a good | 0.916
idea.
EFFORT 0.929 | 0.947 | 0.826
EXPECTANCY
Cl: My interaction with | 0.941
ChatGPT would be
understandable.
C2: It would be easy formeto | 0.828
become skillful at wusing
ChatGPT.
C3: I would find ChatGPT easy | 0.941
to use.
C4: Learning to use ChatGPT | 0.920
is easy forme.
ATTITUDE 0.909 | 0.912 | 0.786
D1: Using ChatGPT is a good | 0.877
idea.

D2: ChatGPT makes study | 0.873
more interesting.
D3 : Using with ChatGPT is | 0.954
fun.
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D4 : I like interacting with | 0.88
ChatGPT.
SOSIAL INFLUENCE 0.810 | 0.821 | 0.643

E1: People who influence my | 0.658
learning behavior think that
I should use ChatGPT. *

E2: People who are important | 0.856
to me think that I should use
ChatGPT.

E3: Seniors in this program has | 0.855
been helpful in the use of
ChatGPT.

E4: In general, the university | 0.821
has supported the use of
ChatGPT.

FACILITATING 0.834 | 0.888 | 0.681
CONDITIONS

F1: 1 have the resources | 0.910
necessary to use ChatGPT.
F2: 1 have the necessary | 0.936
knowledge to use ChatGPT.
F3: ChatGPT is not | 0.553
compatible with other
applications I use. *

F4: 1 can get assistant | 0.844
whenever I come across with
ChatGPT difficulties.
ANXIETY 0.887 | 0.817 | 0.609
G1: I feel uneasy about using | 0.603
ChatGPT. *
G2: It scares me to think that | 0.140
I could lose a lot of
information using ChatGPT
by giving the wrong
command.

G3: ChatGPT is somewhat | 0.009
intimidating to me.
G4: 1 doubt to use ChatGPT | 0.232
for fear of making mistakes.
BEHAVIORAL 0.893 | 0.896 | 0.823
INTENTION

H1: Iintend touse ChatGPT in | 0.904
the coming semester.
H2: T predict I will be using | 0.918
ChatGPT in the coming
semester.

H3: I will encourage others to | 0.900
use ChatGPT in the coming
semester.

Note. * Item loading below 0.7 are suggested to be retained due to AVE > 0.5

Discriminant Validity

Discriminat validity is one of the analyses use to construct validity and reliability of the
measurement model. Discriminant validity was assessed using the Fornell-Larcker criterion and
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item cross loading. The Fornell-Larcker test revealed that the individual construct loading was
greater than in another construct loading and obtained a value of less than 0.1 as in the model
suggested by Chin (1998); Anxiety=0.331, Attitude=0.887, Behavioral Intention=0.907, Effort
Expectancy=0.909, Facilitating conditions= 0.825, Performance Expectancy=0.908 and Social
influence=0.802. Thus, the model met the requirements for discriminant validity. Table 4.10
presents the Fornell and Larcker criteria. The items were assessed for discriminant validity using
their cross-loading values. Item loading must be higher in the construct than in another construct.
The loading indicator requirement item loaded at 0.7 or higher was recommended, but lower
loadings (0.4) are adequate (Hair, et al., 2014). A loading of 0.6 was acceptable for this study,
and discriminant validity was achieved. Table 11 explains the item cross loadings.

1) Fornell-Larcker Criterion

Table 11: Fornell-Larcker Criterion

Anxiety | Attitude | Behavioral | Effort Facilitating | Performance | Social

Attention Expectancy | Conditions | Expectancy Influence

Attitude 0.326 0.887

Behavioral 0.288 0.789 0.907

Attention

Effort -0.259 0.809 0.679 0.909

Expectancy

Facilitating -0.175 0.745 0.789 0.653 0.825

Conditions

Performance | -0.236 0.884 0.756 0.775 0.762 0.908

Expectancy

Social 0.069 0.674 0.579 0.502 0.593 0.615 0.802

Influence

Items Cross Loading

Table 12: Item Cross Loading
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Items Anxiety [Attitude Behavioral Intention |Effort Expectancy |Facilitating Conditions |Performance Expectancy Social Influnce

B1 -0.237 0.815 0.690 0.783 0.701 0.923 0.523
B2 -0.200 0.770 0.724 0.662 0.668 0.904 0.557
B3 -0.176 0.780 0.624 0.678| 0.695 0.888 0.530
B4 -0.240 0.845 0.700 0.693 0.705 0.916 0.621
Cl -0.246 0.765 0.686 0.941 0.609 0.697 0.496
C2 -0.100 0.642 0.483 0.828| 0.562 0.619 0.461
C3 -0.297 0.780 0.672 0.941 0.629 0.786 0.474
C4 -0.268 0.740 0.596 0.920 0.574 0.705 0.396
D1 -0.241 0.877 0.684 0.675 0.573 0.781 0.671
D2 -0.304 0.874 0.636 0.685 0.643 0.765 0.595
D3 -0.309 0.954 0.737 0.785 0.743 0.818 0.607
D4 -0.172 0.838 0.731 0.715 0.675 0.766 0.523
E1 0.091 0.421 0.399 0.312 0.507 0.399 0.659
E2 0.040 0.595 0.476 0.418 0.472 0.555 0.856)
E3 0.032 0.532 0.473 0.404] 0.397 0.463 0.855
E4 0.065 0.597 0.500 0.461 0.531 0.541 0.821
F1 -0.067 0.682 0.677 0.566 0.910 0.690) 0.633
F2 -0.165 0.774 0.766 0.691 0.936 0.806 0.589
F3 0.054 0.333 0.380 0.353 0.553 0.365 0.285
F4 -0.314 0.585 0.708 0.497 0.844 0.577 0.397
Gl 0.589 -0.198 -0.118 -0.254 -0.054 -0.175 -0.039
G2 0.132 -0.084 -0.029 -0.089 -0.111 -0.087 -0.136
G3 -0.002 -0.115 0.021 -0.092 0.043 -0.082 -0.126
G4 -0.248 0.049 0.102 -0.050 0.067| 0.018 -0.125
H1 -0.233 0.675 0.904 0.596 0.686 0.616 0.530
H2 -0.348 0.775 0.920 0.655 0.786 0.738 0.473
H3 -0.107 0.691 0.897 0.591 0.668 0.698 0.581

Analysis of The Structural Model

Analysis of the structural model to assess the construct reliability is based on the model
predictive accuracy analyses. The model predictive accuracy involved coefficient determination
(R?), predictive relevance (Q?), effect size (f2) and VIF (Collinearity Statistics).

i)

ii)

Coefficient Determination (R?)
This analysis followed the rule of thumb suggested by Hair et al. (2014), which indicated
0.75,0.50, and 0.25 as substantial, moderate, and weak levels of predictive accuracy, respectively.
As this model’s R2 score was at behavioral intention (0.717), its predictive accuracy was
considered substantial, as shown in Table 13.

Table 13: R? Score

R Square

Behavioral Intention

0.717

Predictive Relevance (Q?)
The predictive relevance of the model was measured using the Q? value. A Q2 value between
0.02 and 0.15 indicates a weak effect, one between 0.15 and 0.35 indicates a moderate effect and
one higher than 0.35 indicates a strong effect, as stated by Hair et al. (2012). Q* was 0.823 for
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behavioral intention. This indicates that the model has very high degree of predictive relevance,
as the cutoff point was Q?> 0 (Cohen,1988).

iii) Effect Size

Cohen’s #* analysis (Cohen, 1988) was used to evaluate the effect size of the predictor
construct. This analysis followed the rule of thumb suggested by Cohen (1988), which considers
large, medium, and small effect sizes of 0.35, 0.15, and 0.02, respectively. The result indicated
that anxiety (0.012), effort expectancy (0.002), performance expectancy (0.002) and social
influence (0.004) had a small effect on behavioral intention, while attitude (0.055) had a medium
effect on behavioral intention. Facilitating conditions (0.249) had a large effect on behavioral
intention. Table 14 displays the effect sizes of these variables.

Table 14: Effect size

BEHAVIORAL INTENTION
ANXIETY 0.012
ATTITUDE 0.055
EFFORT EXPECTANCY 0.002
FACILITATING CONDITIONS 0.249
PERFORMANCE EXPECTANCY 0.002
SOCIAL INFLUENCE 0.004

iv) (Collinearity Statistics) VIF

Collinearity is critical for the assessment of the structural model. According to (Kock & Lynn,
2012), despite discriminant validity (vertical collinearity), the lateral collinearity issue (predictor
criterion collinearity) may create misleading research findings. It was important to assess the VIF
value of the predictor constructs to ensure that there was no multi-collinearity among the
constructs. The VIF value cut off used in this study followed the recommendation of (Hair et al.,
2010), which must be below 5. Any value higher than 5 indicated potential collinearity problems.
Table 15 displays the constructs’ VIF values. All constructs obtained values below six; thus, this
structural model was free from collinearity problems.

Table 15: VIF value

BEHAVIORAL INTENTION
ANXIETY 1.265
ATTITUDE 4.095
EFFORT EXPECTANCY 3.099
FACILITATING CONDITIONS 2.623
PERFORMANCE EXPECTANCY 3.478
SOCIAL INFLUENCE 2.220
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FINDINGS AND DISCUSSION

To report the validity of the ChatGPT adoption study instrument adapting the Behavioral
Intention Model

The face and content validity assessment, including face and content analysis, indicated that
the instrument was in good order. The face analysis was giving feedback and recommendations
for do the improvement for that questionnaire. For content analysis have two methods which are
Scale Validity Index (CVI) and Scale level Content Validity Index (S-CVI). The calculation of
I-CVI (Content Validity Index) according to Larsson et al. (2015) and Polit, Beck & Owen (2007)
the I-CVI was calculated for both “relevant” and “clarity”. Schilling, Dixon and Knafi, et al
(2007) define I-CVI as the proportion of expert that provided a rating of 3 (very relevant) or 4
(extremely relevant) on the relevance scale and rating 3 (fairly clear) or 4 (very clear) on the
clarify scale. The I-CVI cutoff as suggested by Lynn (1986) and Polit, Beck & Owen (2007) is a
below than 0.78. As for this assessment, a conservative value of >.80 for both relevant and clarify
are used as suggested by Paul, et al (2016). Items rated below 0.80 are eliminated. The S-CVI
(Scale-level Content Index) of this study are calculated based on Polit, Beck & Owen (2007) and
Davis (1992). Where they suggested the value of S-CVI should be greater than 0.8 or 80% or
better agreement among reviewers. The S-CVI based on relevance and clarity for this study
instrument are 0.98 and 0.96 and considered achieve “high-level agreement” which is acceptable
and consistence. Overall, the instrument met all the analysis requirements for face and content
validity assessment.

To report the reliability of the ChatGPT adoption study instrument, adapting the
Behavioral Intention Model

The validity and reliability assessment, including measurement and structural model analysis,
indicated that the instrument was in good order. The internal consistency value of Cronbach's
alpha showed that all constructs' scores were between 0.718 and 0.965, indicating that the scale
was highly reliable and that the items were highly related to the construct (Cronbach, 1988).
Internal consistency measured by the composite reliability (CR) value was within the acceptable
range, where the acceptable CR value should be between 0.70 and 0.90 (Gefen et al., 2000). The
convergent validity value of AVE should account for at least 50 % of the indicator variance (AVE
>(.50) (Hair et al., 2014) to prove the construct sufficiently explains the indicator's variance. The
AVE value of the constructs in this instrument showed a maximum 0.80 and a minimum of 0.10.
Constructs with a low AVE value should be complemented with an acceptable CR value to be
accepted (Ramayah & Chuah 2017). Discriminant validity, which measures the loadings of each
indicator, requires that the loading of the individual indicator be higher in the designated construct
compared to other constructs on a diagonal. The loadings are indicated by the Fornell-Larcker
criterion and item cross-loading. Analyses of the instrument provided evidence of fulfilling the
discriminant validity requirements. All constructs explained the variance of its indicator (high
square root of the AVE in its indicator) and the high item cross-loading value on the assigned
indicator variable compared to other variables. The measurement model had a satisfactory and
acceptable value to meet the requirements of construct validity and reliability. Structural model
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analysis begins with a model-predictive relevancy assessment. The coefficient of determination
(R?) was used to measure the model predictive accuracy, which assessed the effect of the
exogenous construct (independent variables) on the endogenous construct (dependent variables),
and the acceptable effect range was between 0.75, 0.50 and 0.25 (Hair et al., 2014). Model R?
values were considered substantial at behavioral intention (0.717). A predictive relevance
analysis of Q* was used to compare the original value with the predictive value to calculate the
predictive error. A model with a low predictive error has high predictive accuracy. The Q? value
should be greater than zero in the endogenous construct. Based on the above requirement,
endogenous constructs in the instrument were (0.823 = behavioral intention) indicated sufficient
prediction relevancy values. The third analysis was effect size (%), which measured the relative
impact or strength of the explanation of exogenous variables on the endogenous variables (Cohen,
1988).

The effect size of model prediction accuracy was rated for medium and small effect sizes. The
collinearity statistical analysis of the variance inflation factor (VIF) used to identify each
construct was assessed separately. VIF indicates the overlapping of variables when measuring
the same construct. The value according to Hair et al. (2014) was VIF<5.0, indicating potential
collinearity. The results of the analysis revealed no collinearity issues in the instrument because
all the values obtained were less than 5. Overall, the instrument met all the analysis requirements
for construct validity and reliability assessment.

CONCLUSION

The construct validity and reliability assessment of the instrument provided evidence
of acceptable validity and reliability, and the structural model revealed a collinearity problem.
Thus, the instrument is valid and reliable for measuring the adoption of ChatGPT among student
in an academic environment. The instrument was developed based on well-established models
UTAUT and been used in various research previously. This has methodologically contributed
to a valid instrument for artificial intelligence and student learning behaviour research, which
may benefit from the instrument in terms of developing practice guidelines for academic
assessments and Al training for academic libraries.
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