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Abstract

Objectives: In this study, we investigate the intentions of research scholars to use ChatGPT in their academic
research endeavors by employing an extended Unified Theory of Acceptance and Use of Technology model,
the UTAUT?2, which examines factors such as performance expectancy, effort expectancy, social influence,
facilitating conditions, hedonic motivation, habit, ethical concerns, and research excellence. By incorporating
“research excellence” into the model, we aim to provide insights into artificial intelligence (AI) adoption in
academic research settings and contribute to the broader discourse on the future of academic practices.

Method: We conducted a survey among 400 research scholars in Indian higher education institutions to
collect data. We then analyzed the data using Partial Least Squares-Structural Equation Modeling (PLS-SEM).

Results: The analysis revealed that performance expectancy, facilitating conditions, hedonic motivation,
habit, and research excellence significantly influence the intention to use ChatGPT, with research excellence
emerging as the strongest predictor. Effort expectancy, social influence, and ethical concerns, however, did
not significantly impact adoption intentions.

Conclusions: The findings indicate that several key factors, particularly research excellence, play a critical role
in influencing research scholars’ intentions to integrate ChatGPT into their academic activities. The study
demonstrates the importance of these factors in fostering AT adoption within the context of academic research.

Implications for Practice: The results of this study offer valuable insights for researchers, administrators,
and policymakers who aim to create environments conducive to effective Al utilization in research academia.
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By understanding the factors that influence AI adoption, stakeholders can better support research scholars in
integrating ChatGPT into their work, enhancing academic practices, and advancing the use of Al in research.
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Introduction

Artificial intelligence (AI) has profoundly influenced individuals by utilizing its systematic reasoning
capabilities, from inputs and learning, and analyzing deviations from expected outcomes (Dempere et al.,
2023; Kalla & Smith, 2023). Al tools like ChatGPT substantially impact academic research and evaluate the
perspectives of scholars (Kamalov et al., 2023; Livberber & Ayvaz, 2023).

AT can be used for knowledge advancement, productivity enhancement, and academic discourse enrichment.
Its emergence brought transformative changes to numerous fields, including academia (Dwivedi et al., 2023;
Gruetzemacher & Whittlestone, 2022; Makridakis, 2017). In the NMC Horizon Report: 2018 Higher
Education Edition (Becker, 2018), for example, experts discussed their expectation for a 43% increase in Al
use in education between the years 2018 and 2022. Additionally, in the EDUCAUSE Horizon Report 2019
Higher Education Edition (Alexander et al., 2019), experts predicted an even broader adoption of Al
applications designed for teaching and learning (Zawacki-Richter et al., 2019).

One prominent Al-based technology application, called ChatGPT, uses a “chat” generative pre-trained
transformer (GPT) language, and is gaining significant attention in the educational sector (Garcia-Pefalvo,
2021; Taecharungroj, 2023). Developed by OpenAl, ChatGPT is publicly accessible (Kirmani, 2023; Zhou et
al., 2023) and aims to achieve Artificial General Intelligence (AGI) by developing to become as intelligent—or
more intelligent—than a human. Currently, ChatGPT can accomplish a wide range of tasks (Guentzel &
Pennachin, 2007; Kissinger et al., 2023) and particularly excels in producing contextually-relevant and
human-like responses, representing a significant advancement in AI-driven conversational agents (Brown et
al., 2020; Ghafouri, 2024; Kavitha et al., 2024; Kusal et al., 2022).

Research scholars generally view ChatGPT as a valuable scientific and educational tool with the potential to
inspire new topics and research areas (Livberber & Ayvaz, 2023). For example, Al tools like ChatGPT can
significantly improve the quality and efficiency of writing scientific articles (Khalifa & Albadawy, 2024), as
well as aid in outline development, text expansion, and style refinement (Huang & Tan, 2023). ChatGPT’s
ability to identify patterns and generate text, based on the learned data, has also made it a valuable tool for
research scholars (Bender et al., 2021).

Al tools are highlighted by their significant assistance in research activities and research efficiency, as well as
assisting in preparing course materials (Ali & ChatGPT OpenAl, 2023). ChatGPT provides suggestions
(Megahed et al., 2024); offers feedback (Firat, 2023); generates human-like text based on given prompts
(Brown et al., 2020); translates text (Khan et al., 2023; Lyu et al., 2023); generates assessment tasks (Khan et
al., 2023); and assesses student performance (Baidoo-Anu & Ansah, 2023; Cotton et al., 2024; Qadir, 2023).
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As Al technologies have been increasingly incorporated into academic research—from generating literature
reviews to data collection and manuscript preparation (Rospigliosi, 2023;)—ChatGPT is recognized as a
powerful Al tool with the capabilities to address numerous queries and facilitate barnstorming ideas (King &
ChatGPT, 2023). ChatGPT can also handle a broad spectrum of text-related queries—from easy questions to
complex tasks (Liu et al., 2024). Comprehending ChatGPT’s development and evolution is crucial to
appreciating its role in scientific research, since it has been found to help researchers (Bang et al., 2023;
Biswas, 2023; van Dis et al., 2023).

ChatGPT: Usage and Behavioral Intention

Although extensive research has been conducted on ChatGPT—focusing on the various aspects of the Al
technology—investigators have not identified any single study focusing on research scholars’ usage and
behavioral intentions in academic writing. Also, even though ChatGPT shows significant potential in the
educational sector (Dianova & Schultz, 2023; Han & Cai, 2023; Totlis et al., 2023), there is still a considerable
lack of comprehensive research on the existing topic in academic research. And, as ChatGPT continues to
significantly impact teaching—learning and research outcomes, examining how research scholars intend to
embrace ChatGPT in their productivity in research activities becomes essential.

As a prominent Al-based technology application, ChatGPT has been proven to improve output quality
substantially, thus increasing the intention to use it (Menon & Shilpa, 2023). This intention is referred to as
Behavioral Intention (BI), which is an individual’s readiness to utilize a specific technology, such as ChatGPT,
for different tasks (Moorthy et al., 2019). Further, BI can be referred to as a motivational factor, as it drives a
research scholar’s decision to use ChatGPT (Sahu et al., 2023) and indicates the amount of effort they are
willing to invest in engaging with this technology (Acosta-Enriquez et al., 2024).

Several researchers explored ChatGPT usage and BI and found that attitudes, beliefs, and behaviors about
technology are frequently reflected in an individual’s readiness to use it (Almahri et al., 2020; Almaiah &
Alamary et al., 2022; Almaiah & Hajjej et al., 2019). Acosta-Enriquez et al. (2024), for example, studied the
effect of “intent to use” ChatGPT, in general, while Salifu et al. (2024) studied BI for the specific usage of
ChatGPT, specifically among economics students. And Yu et al. (2024) studied factors that influence users’
intention to use ChatGPT, users’ satisfaction with ChatGPT, and users’ intention to continue using ChatGPT.

Selecting research scholars as the target group for this study is highly justified, as these scholars have a
profound impact on society and academia. As key drivers of knowledge creation, research scholars spearhead
innovation and tackle complex societal issues through their research (Munshi & Marulasiddaiah, 2015), and
their contributions lead to scientific advancements, cultural insights, and notable economic effects
(Laxmanbhai & Patel, 2023). Within academic institutions, research scholars fulfill diverse roles: They
educate future generations, enhance institutional prestige, encourage interdisciplinary collaboration, and
uphold research integrity through peer review (Bouter, 2023). Research scholars are also pivotal in securing
funding and often rise to leadership positions (Campo, 2014). By focusing this study on research scholars, we
were able to highlight the extensive influence these scholars have on advancing knowledge, shaping education,
and promoting global cooperation. Research scholars also make significant contributions to academia and
society; however, research in this emerging field lacks studies that focus on these important scholars,
highlighting the need to address this gap.

Comprehending research scholars’ perceptions of ChatGPT, as well as their intentions to integrate it into their
studies, could offer valuable insights into the factors that facilitate its successful implementation in academic
research. Further, understanding this relationship can provide valuable insights into what and how research
scholars decide to adopt and integrate ChatGPT into their research practices. For example, policymakers will
find developing regulations to facilitate AI technology growth easier through understanding how research
scholars and users interact with ChatGPT. Additionally, the present study’s findings can be utilized by
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ChatGPT developers to improve the model’s functionality, as well as to gain a deeper understanding of user
needs and behavior. Moreover, this study’s findings can help the AT community gain a better understanding of
the use of ChatGPT in academic research and the behavioral intentions of research scholars toward
integrating it.

Given the identified research gap and context, this study seeks to address these primary research questions:

1.  What factors influence research scholars’ intentions to integrate ChatGPT into their academic
research activities?

2. How do these factors influence research scholars’ intentions to integrate ChatGPT into their academic
research activities?

Literature Review: Theoretical Framework and Hypotheses Development

India’s education sector is undergoing a digital shift, which is driven by technology and e-Learning usage
(Kumari & Tiwari, 2023; Manickam, 2023). The use of ChatGPT, for example, has revolutionized automated
literature synthesis by helping with synthesis, generating summary tables, and conducting comparative
analyses (Dergaa et al., 2023; Khlaif et al., 2023; Semrl et al., 2023). Al use has also been recognized for
improving the quality of communication, providing individualized assistance, and promoting a sense of
connection.

Al poses challenges with accountability, surveillance, and agency (Seo et al., 2021). For example, Al offers
anonymity to students and aids them in communicating more effectively, but its teaching systems are black-
box systems, where students cannot independently confirm the accuracy of the AI’s responses (Castelvecchi,
2022; Seo et al., 2021). And researchers worry about the responsibility for errors that might arise from AI’s
unreliable and opaque responses.

Using Al Tools to Enhance Academic Writing Quality

Although academic research writing poses different challenges for scholars, studies demonstrate that using Al
writing tools can increase the quality and efficiency of academic writing, especially in the context of writing
and its organization (Khalifa & Albadawy, 2024; Marzuki et al., 2023; Ray, 2023). Al tools have become
crucial in enhancing the effectiveness and quality of academic writing, as they allow writers to focus on the
creativity and critical elements of the research (Golan et al., 2023). ChatGPT-3, for example, produces
coherent, logical, and contextually relevant sentences, which enhances the natural flow of the work (Du et al.,
2023; Mhlanga, 2023). Al tools can also be beneficial in promoting the development of ideas, and assisting
writers to overcome writing blocks (Gayed et al., 2022). Using GPT-3 and its successor GPT-4 allows users to
create compositions that resemble human writing through suggesting the next word or paragraph in a text
(Liu et al., 2023).

AT can help improve the quality and effectiveness of writing scientific research articles (Huang & Tan, 2023).
As an example, ChatGPT can help develop and curate datasets—a critical aspect of dataset management
(Chubb et al., 2022). That said, AI’s ability to develop and curate data underscores the importance of
maintaining data integrity and enabling efficient data analysis (Christou, 2023; Currie et al., 2023; Garg et al.,
2023).

Al can also be helpful for scholars whose first language is not English. ChatGPT, for example, can aid with
grammar and sentence structure, suggest suitable vocabulary, and help translate text into different languages
(Huang & Tan, 2023). This content targeting skill uses emotional tone analysis (Currie et al., 2023) to analyze
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tone and ensure the content is convincing and compelling, thereby increasing the chances of funding approval
for grant proposals (Eggmann et al., 2023).

Chat GPT Usage Concerns in Academic Research

Generative Al has been given a generally positive review by the public, and many scholars highlight the
benefits of ChatGPT (Talan & Kalinkara, 2023), as well. However, maintaining ethical standards and integrity
in scientific research is crucial. Due to risks of data fabrication, conflicts of interest, and academic dishonesty
that may be associated with Al tools, ethical norms and integrity must be upheld in scientific research.
Additionally, critics argue that the current definitions of plagiarism are outdated (Dehouche, 2021; Sadeghi,
2019). These issues raise questions about whether a chatbot, such as ChatGPT, fits within the categories of
plagiarism and academic integrity. But despite concerns, researchers have noted the advantages of ChatGPT
(Talan & Kalinkara, 2023).

Al engages its audiences and customizes its content for various platforms, but researchers (Garg et al., 2023;
Sharma et al., 2023; Tang et al., 2024) agree that its use must also uphold research ethics and ensure research
integrity. Even with ChatGPT’s bright future, questions remain regarding content accuracy and the ethical
considerations for its use (Floridi & Cowls, 2019), and the educational community has expressed concerns
regarding plagiarism and academic integrity (Dehouche, 2021; Lampropoulos et al., 2023; Sullivan et al.,
2023; Yeo, 2023). Large datasets, for example, can be processed and analyzed using Al tools to quickly assist
scholars in producing current and up-to-date literature reviews. Researchers warn that although Al
integration streamlines such research and ensures methodological soundness, careful supervision is necessary
to maintain rigor and academic integrity (Dergaa et al., 2023; Giray, 2023; Khlaif et al., 2023).

Expanding the UTAUT Model to Address the Research Gap

The UTAUT Model

This study uses the Unified Theory of Acceptance and Use of Technology (UTAUT) model, propounded by
Venkatesh et al. (2003), as its guiding theoretical framework to address the research gap we identified in our
research. The UTAUT is a comprehensive framework for analyzing technology adoption and usage, and it
relies upon various theories like the Theory of Reasoned Action (TRA) and the Theory of Planned Behavior
(TPB) (Ajzen, 1991); as well as the Technology Adoption Model (TAM) (Davis, 1989). The UTAUT
incorporates these theories, presenting four key concepts: (1) performance expectancy; (2) effort expectancy;
(3) social impact; and (4) facilitating factors (Venkatesh et al., 2003).

As a sociopsychological model, the UTAUT attempts to forecast and explain the variables affecting users’
acceptance and usage of a particular technology (Venkatesh, 2022; Venkatesh et al., 2016). In the context of
information systems, the UTAUT model uses key constructs, such as performance expectancy, effort
expectancy, social influence, hedonic motivation, and price value, to investigate the intricate dynamics
surrounding technology adoption (Venkatesh et al., 2016). The UTAUT model can also be adopted to
represent the unique features of Al technology in the context of Al tools (Hasija & Esper, 2022; Venkatesh,
2022). For example, the model has been applied to study Al tools, and chatbots are among them
(Balakrishnan et al., 2022; Mogaji et al., 2021).

Expanded UTAUT2 Model

In our expansion of the original UTAUT model, called UTAUT?2, this study provides a thorough framework for
forecasting the variables that influence technology adoption in various contexts—particularly in the context of
information systems, such as ChatGPT (Khan et al., 2023; Tamilmani et al., 2021). The UTAUT2 model is
well-suited for conducting research in ChatGPT, as it is very effective at predicting individual behavioral
intentions (BIs) and is good at using information technology like AI (Cabrera-Sanchez et al., 2021). This

Higher Learning Research Communications 5



Sharma et al., 2025 Open=/Access

expansion provides more accurate insights into technology adoption in academic research settings and
acknowledges research scholars’ distinct needs, concerns, and motivations (Tijssen & Winnink, 2022).

For this study, the factors “Ethical Concerns” and “Research Excellence” were added (as displayed in Figure
1), specifically to investigate research scholars’ adoption of ChatGPT for academic research work (Tijssen &
Winnink, 2022). Ethics and research excellence are relevant factors for scholars who prioritize quality
research (Lindhult, 2019) and address a unique motivational aspect, which allows for context-specific
adaptation (Aradjo et al., 2017). Incorporating Ethical Concerns into this study addresses potential risks and
moral implications of using ChatGPT, ensuring that research scholars will consider the ethical dimensions of
Al use in their academic work (Bin-Nashwan et al., 2023). Research Excellence can significantly enhance the
predictive power of a group of researchers, as well, and includes aspects like fostering innovation, knowledge
sharing, and network building (Weggeman & Groeneveld, 2005). By including the Research Excellence factor,
the model recognizes that scholars’ technology adoption is likely influenced by how it contributes to their
academic pursuits (Liu et al., 2020).

In the following sections, each factor (or key construct) for the expanded UTAUT2 is discussed. A hypothesis
is given for each of the factors.

Performance Expectancy

Performance expectancy (PE) is one of the key constructs in UTAUT2. This construct explains the degree to
which individuals believe that using a particular technology will bring them significant performance or
expected outcomes (Venkatesh et al., 2012). Further, individual views and expectancies about technology, as
well as how it will improve the output, will influence their intentions toward integrating it (Almahri et al.,
2020; Emon et al., 2023).

In this study, research scholars’ expectations about ChatGPT’s ability to accurately generate literature reviews,
as well as brainstorm ideas for manuscript preparation, can directly influence their attitudes toward adopting
the tool. As a result, research scholars’ performance expectations can shape their BIs to integrate ChatGPT
into their academic research processes. Consequently, the following hypothesis was formulated:

Hai: Performance expectancy significantly influences research scholars’ Bls to integrate ChatGPT into
their academic research activities.

Effort Expectancy

Effort expectancy (EE) refers to the perceived ease of use associated with a system or technology
(Balakrishnan et al., 2022). EE is one of the strong predictors of user’s willingness to adopt new technologies
(Mensah & Onyancha, 2022; Nikulina & Wynstra, 2022; Onaolapo & Oyewole, 2018).

In this study, EE reflects research scholars’ perceptions of ChatGPT’s usability and accessibility in effectively
meeting their professional needs. Consequently, the following hypothesis was formulated:

H2: Effort expectancy significantly influences research scholars’ BI to integrate ChatGPT into their
academic research activities.

Social Influence

Social Influence (SI) refers to the degree to which an individual’s beliefs are affected by the opinions and
actions of others, thereby affecting their intention and actual use of a particular technology (Huang & Chueh,
2022; Wang et al., 2022). SI plays an essential role in determining whether an individual adopts a particular
technology, as it reflects the influence of peer groups, mentors, or society (Hamundu et al., 2023; Gatzioufa &
Saprikis, 2022). Additionally, previous research shows that SI positively impacts students’ intention to use
ChatGPT (Emon et al., 2023).
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In this study, SI is defined as the degree to which research scholars’ perceptions and use of ChatGPT are
shaped by the opinions or behaviors of their peers or academic community, ultimately affecting their usage of
ChatGPT. Consequently, the following hypothesis was formulated:

H3: Social influence significantly influences research scholars’ Bls to integrate ChatGPT into their
academic research activities.

Facilitating Conditions

Facilitating Conditions (FC) refers to the degree to which individuals believe that the necessary technological
infrastructure and resources are in place to support the adoption and use of modern technologies (Chatterjee
et al., 2022). FC has been proven to significantly influence university students’ willingness to adopt Al-based
technologies, such as ChatGPT (Rahim et al., 2022; Almahri et al., 2020; Grover et al., 2020). When adequate
resources, technical support, and compatibility with existing systems are available, individuals tend to exhibit
positive usage behavior towards that technology (Canziani & MacSween, 2021).

In this study, FC is represented by the availability of resources, technical support, and compatibility with
existing Al-based tools that facilitate research scholars’ use of ChatGPT for different academic research
activities, including writing. Consequently, the following hypothesis was formulated:

Hg: Facilitating conditions significantly influence research scholars’ BIs to integrate ChatGPT into
their academic research activities.

Hedonic Motivation

Hedonic Motivation (HM) refers to the drive or desire to engage in technological activities for pleasure,
happiness, and satisfaction (Venkatesh et al., 2012). The enjoyment derived from using technology can turn a
practical task into a more enjoyable and engaging experience (Salifu et al., 2024). Previous studies have
shown that HM positively influences students’ intention to use Al-based technologies, including chatbots
(Sebastian et al., 2022; Grover et al., 2020).

In this study, HM reflects the research scholars’ enjoyment and satisfaction in using ChatGPT, which drives
their adoption and continued use of the tool for academic research activities. Consequently, the following
hypothesis was formulated:

Hs5: Hedonic motivation significantly influences research scholars’ BIs to integrate ChatGPT into
their academic research activities.

Habit

Habit (HT) is an instinctive behavior repeated frequently, tends to occur subconsciously, and can develop
unintentionally (Kurz et al., 2014). In the context of technology, HTs are ingrained behaviors that guide
individuals’ regular and automatic use of technology (Varma & Marler, 2013). HT is often seen as a crucial
factor in behavioral change (Verplanken & Sato, 2011; Yue et al., 2021) and has been shown to positively
influence students’ intention to use chatbots (Rahim et al., 2022).

In the present study, HT refers to the habitual use of ChatGPT by research scholars as an integral part of their
academic research activities, including academic writing. Consequently, we formulated the following
hypothesis:

H6: Habit significantly influences research scholars’ Bls to integrate ChatGPT into their academic
research activities.
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Ethical Concerns

Ethical concerns (EC) arise from the considerations and guidelines that outline acceptable and unacceptable
behavior in the use of technology (Ramachandran, 2019). Assessing technological applications from the user’s
perspective is essential, as addressing ethical concerns can foster trust and ensure responsible usage (Rahim
et al., 2022).

In this study, ethical concerns encompass establishing clear guidelines, ensuring transparency, promoting
accountability, safeguarding data privacy, and fostering the responsible use of ChatGPT by research scholars
in their academic research activities. Consequently, the following hypothesis was formulated:

H: Ethical concerns significantly influence research scholars’ BIs to integrate ChatGPT into their
academic research activities.

Research Excellence

Research Excellence (RE) refers to maintaining high-quality standards in planning, conducting, and reporting
research, which can be optimized through the use of different AI-based technologies, including chatbots such
as ChatGPT. It also denotes the ability to enhance the quality and impact of research activities by integrating
such tools. Further, the growing influence of ChatGPT in academic research activities, particularly in
academic writing, is increasingly recognized (Picazo-Sanchez & Ortiz-Martin, 2024).

In this study, research excellence refers to ChatGPT’s role in facilitating comprehensive literature reviews,
aiding data analysis, improving writing quality, preparing manuscripts, and addressing ethical concerns
promptly, thus supporting research scholars in their academic research activities. Consequently, the following
hypothesis was formulated:

HS8: Research excellence significantly influences research scholars’ Bls to integrate ChatGPT into their
academic research activities.

Figure 1. Conceptual Model

Performance Effort Expectancy Social Influence (SI)
Expectancy (PE) (EE)
H1 H2 H3
Research Excellence | Ha Behavioral Intention (BI) fe— Facilitating
(RE) Conditions (FC)
I H6 H5

Ethical Concerns H? Habit (HT) Hedonic Motivation

(EQC) (HM)

Higher Learning Research Communications 8



Sharma et al., 2025 Open=/Access

Methodology
Research Design

This study employed a quantitative research design to determine the factors influencing research scholars’
intentions to integrate ChatGPT into their research activities. Many studies on ChatGPT acceptance in the
field of education have used a quantitative research approach, often incorporating constructs from the
UTAUT2 model and employing PLS-SEM techniques to examine relationships among the defined constructs
(Bilos$ & Budimir, 2024; Grassini et al., 2024). Following this example, our study employed the PLS-SEM
technique in the extended UTAUT2 model. Consistent with this approach, we developed a structured survey
questionnaire as our primary data collection tool.

Survey Instrument, Sampling, and Data Collection

The questionnaire used in this study consists of a three-part survey. The first section provides respondents
with information about the study’s purpose, clear instructions, and a request for participation and consent.
The second section includes a research instrument with items in a 5-point Likert scale for the constructs of
PE, SI, HM, FC, EE, HT, and BI, collectively referred to as the UTAUT2 constructs (see Appendix A). The
UTAUT?2 constructs were then derived from the research work of Venkatesh et al. (2012) and tailored to fit the
context of ChatGPT. The researchers developed the final section of the questionnaire, comprising items for the
constructs of Ethical Concerns (EC) and Research Excellence (RE), by drawing on the works of Shaw et al.
(2000) and Twum et al. (2022).

The questionnaire was validated and finalized by a panel of experts, comprised of two academicians and two
research scholars who specialize in educational technology and Al This expert validation ensured the
questionnaire items were relevant, precise, and reliable for the study’s context.

Following expert validation, we conducted a pilot survey with 100 research scholars from Indian higher
education institutions (HEIs). Each participant had prior experience using ChatGPT, and these participants
were excluded from the subsequent full-scale survey. The pilot study demonstrated strong reliability with a
Cronbach’s alpha 0.927 (Ursachi et al., 2015). Subsequently, a full-scale survey was conducted over 12 weeks,
from April 2024 to June 2024. Responses were gathered from 400 research scholars across various HEIs in
India. Purposive sampling was employed to ensure participants had relevant ChatGPT experience (Campbell
et al., 2020).

The survey questionnaire was distributed both in person and online through Google Forms. The detailed
demographic details of the respondents (n = 400) are presented in Table 1. Reliability and convergent validity
of the sampled participants are presented in Table 2.
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Table 1. The Demographic Details of the Respondents (n = 400)

Demographic Category Frequency (n) Percentage (%)
PhD Type

Part time 128 32

Full time 272 68
PhD Stream

Sciences 166 41.5

Non-sciences 234 58.5
Gender

Male 192 48

Female 208 52
PhD Year

First-year student 78 19.5

Second-year 65 16.25

student

Third-year student 84 21

Fourth-year student 99 24.75

Fifth-year student 74 18.5
University Type

Central government 137 34.25

State government 167 41.75

Private 96 24

Data Analysis

The demographic details in Table 1 show that the majority (68%) of respondents are pursuing their PhD full
time, while the remaining respondents (32%) are part-time scholars. Regarding academic disciplines, 41.5%
are enrolled in sciences and 58.5% in non-sciences. Gender distribution shows a balanced representation with
48% male and 52% female participants. Further, 19.5% of respondents are in their first year of their PhD
program, 16.25% are in their second year, 21% are in their third year, 24.75% are in their fourth year, and
18.5% are in their fifth year. Regarding university affiliations, 34.25% of respondents are from central
government universities, 41.75% are from state government universities, and 24% are from private
universities. This demographic diversity ensures a comprehensive understanding of research scholars’
perspectives on integrating ChatGPT into their research activities.

To validate the proposed extended UTAUT2 conceptual model, the Partial Least Squares-Structural Equation
Modeling (PLS-SEM) method was performed with SmartPLS 4.0 software (Sarstedt & Cheah, 2019). This
structural equation modeling (SEM) method allows for simultaneous evaluation of measurement and
structural models, and ensures thorough analysis (J. Hair et al., 2014; Meet & Kala, 2021). Moreover, the PLS-
SEM is particularly effective for analyzing complex relationships between observed and latent variables, and
accommodates small and large sample sizes without requiring normal distribution assumptions (El Maalmi et
al., 2021). Additionally, the accuracy of the PLS-SEM in assessing complex models and validating explanatory
power makes it the ideal choice for our study (Usakli & Rasoolimanesh, 2023).

Measurement Model Evaluation

The measurement model was evaluated by assessing each of the construct’s reliability and validity properties.
The internal consistency and item reliability were measured using the metrics of Cronbach's alpha (a) and
Composite reliability (CR). As Fornell and Larcker (1981) outlined, reliable constructs typically show
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Cronbach’s a and CR values above 0.7 (Lance et al., 2006). Our findings (detailed in Table 2) demonstrate
that all of the study’s constructs exhibit a desired level of reliability and internal consistency, with Cronbach’s
a values of each item and CR values of each construct exceeding the 0.7 threshold (Mohamad et al., 2021).

During our study, we used convergent validity, which ensures that items measuring the same construct are
correlated. The validity was confirmed using the metrics of factor loadings and average variance extracted
(AVE) for each construct (Chin & Yao, 2014). During our initial measurement model evaluation, some items
exhibited factor loadings lower than the threshold value and were removed from the final model evaluation.
This refinement ensured all remaining items demonstrated strong convergent validity, as indicated by their
satisfactory factor loadings and AVE values meeting the 0.5 thresholds (Hair et al., 2009; Hair & Hult et al.,
2021). According to Fornell and Larcker (1981), however, an AVE value of 0.4 or above is acceptable if the
same construct’s CR is higher than 0.6. Therefore, constructs with borderline AVE values were retained since
they were close to the threshold and met the necessary CR criteria (see Table 2).

Table 2. Reliability and Convergent Validity

Constructs and Items Mean SD Factor Loading VIF
Performance Expectancy (PE) a = 0.729, CR=0.783, AVE=0.475

PE1 2.757 0.429 0.665 1.03
PE2 2,712 0.453 0.68 1.045
PE3 2.752 0.432 0.722 1.117
PE4 2.748 0.434 0.689 1.126
Effort Expectancy (EE) a = 0.714, CR=0.786, AVE=0.480

EE1 2,72 0.449 0.697 1.098
EE2 2.638 0.481 0.709 1.195
EE3 2.55 0.497 0.735 1.108
EE4 2.632 0.482 0.627 1.089
Social Influence (SI) a = 0.718, CR=0.811, AVE=0.522

SI1 2.783 0.413 0.661 1.317
SI2 2.705 0.404 0.76 1.366
SI3 2.812 0.39 0.836 1.427
SI4 2.775 0.418 0.613 1.287
Facilitating Conditions (FC) a = 0.698, CR=0.769, AVE=0.455

FC1 2.73 0.444 0.652 1.064
FC2 2.533 0.499 0.647 1.072
FC3 2.737 0.44 0.652 1.12
FC4 2.587 0.492 0.744 1.143
Hedonic Motivation (HM) a = 0.685, CR=0.765, AVE=0.450

HM1 2.785 0.411 0.628 1.103
HM2 2.68 0.466 0.707 1.075
HM3 2.493 0.5 0.695 1.18
HM4 2.513 0.5 0.652 1.151
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Habit (HT) a = 0.710, CR=0.767, AVE=0.453

HT1 2.61 0.488 0.633 1.094
HT2 2.505 0.5 0.679 1.131
HT3 2.555 0.497 0.645 1.149
HT4 2.595 0.491 0.731 1.139
Ethical Concerns (EC) a = 0.725, CR=0.790, AVE=0.487

EC1 1.955 0.385 0.623 1.604
EC2 1.982 0.403 0.668 1.761
EC3 1.978 0.409 0.688 1.273
EC4 1.817 0.489 0.802 1.1
Research Excellence (RE) a = 0.712, CR=0.843, AVE=0.519

RE1 2.61 0.488 0.737 1.29
RE2 2.652 0.476 0.679 1.571
RE3 2.667 0.471 0.749 1.601
RE4 2.65 0.477 0.735 1.411
RE5 2.62 0.485 0.701 1.219
Behavioral Intention (BI) a = 0.743, CR=0.828, AVE=0.492

BI1 2.638 0.481 0.71 1.244
Bl2 2,712 0.453 0.658 1.315
BI3 2.663 0.473 0.771 1.447
Bl4 2.63 0.483 0.717 1.373
BIs 2.72 0.449 0.646 1.14

The discriminant validity, which ensures that constructs intended to be distinct are indeed different from one
another (Hubley, 2014), was checked using the heterotrait—monotrait (HTMT) ratio metric. The HTMT ratio
compares the average correlations of items across constructs measuring different concepts to the average
correlations of items within the same construct (Henseler et al., 2015). According to Kline (2011), an HTMT
value below 0.85 indicates adequate discriminant validity. By ensuring that all HTMT ratios were below this
threshold (see Table 3), we confirmed that each construct was unique and not overly correlated with others in
the model.

Table 3. HTMT Criterion for Discriminant Validity

BI EC EE FC HM HT PE RE
BI
EC 0.213
EE 0.56 0.297
FC 0.676 0.205 0.83
HM 0.818 0.251 0.719 0.756
HT 0.821 0.246 0.771 0.645 0.712
PE 0.819 0.194 0.824 0.783 0.816 0.757
RE 0.809 0.17 0.66 0.766 0.699 0.804 0.638
SI 0.204 0.12 0.341 0.44 0.415 0.344 0.344 0.249
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Structural Model Evaluation

Prior to the evaluation of the structural model and testing the hypothesized relationships, we conducted an
assessment to identify potential collinearity issues among indicators by validating the Variance Inflation
Factor (VIF) against a criterion set at 3 and detailed in Table 2 (Ringle et al., 2023). Further, we examined the
proposed relationships within the extended UTAUT2 conceptual model in the Structural Model Evaluation
(see Figure 2).

Figure 2. SEM Output

This examination involved assessing the strength and significance of the proposed paths between constructs
to test the hypothesized relationships (Nikolopoulou et al., 2020). The analysis focused on understanding how
each exogenous construct influences the endogenous constructs in the model. Path coefficients ([3) were
examined to determine the strength and direction of these relationships through the bootstrapping procedure
(see Table 4), while R-squared (R2) as the goodness-of-fit measure was used to assess how well the model
explains the variance in the endogenous constructs (Camilleri, 2024).

Table 4. Bootstrapping Results of Hypotheses Testing

Hypothesis  Path B Values p-Values Decision

Hi PE —» BI  o0.127%* 0.008 Confirmed
H2 EE —® BI 0.027 0.580 Not Confirmed
Hj3 SI — BI 0.075 0.065 Not Confirmed
Hg4 FC —® BI  0.118*% 0.009 Confirmed
Hs HM —® BI  0.18** 0.001 Confirmed
H6 HT —® BI  0.184***  0.000 Confirmed

H7 EC —® BI  0.066 0.061 Not Confirmed
H8 RE —” Bl  0.442***  0.000 Confirmed

Note: ***p <0.001, **p <0.01
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Based on the hypothesis testing results, hypotheses H1, H4, H5, H6, and H8 were confirmed as indicated by
their significant (3 values (see Table 4). Constructs, such as Performance Expectancy (PE), Facilitating
Conditions (FC), Hedonic Motivation (HM ), Habit (HT), and Research Excellence (RE), specifically,
demonstrated statistically significant positive relationships with BI (Table 4). Among these, the most
significant path was from RE to BI with a 3 value of 0.442, underscoring its strong influence.

In contrast to the statistically significant positive relationships, the least significant supported path was from
FC to BI (see Table 4). Conversely, hypotheses H2, H3, and H7 were not confirmed, with constructs EE, SI,
and EC showing non-significant relationships with BI (Table 4).

In PLS path models, squared correlation values are classified as substantial, moderate, and weak, respectively
(Hair et al., 2014). The R2 statistic quantifies the proportion of variance in the dependent variable explained
by the independent variables (Hair et al., 2019; Mohd Rahim et al., 2022).

In this study, the R2 value for the endogenous construct BI is 0.506 (Figure 2), which is considered moderate.
This finding suggests that the model successfully explains a substantial portion of the variance in the
dependent variable, BI.

Discussion

In this study, we examine the elements that affect scholars’ intentions to use ChatGPT, a large language model
revolutionizing online interactions and daily task completion, by employing an extended UTAUT2 model,
thereby expanding its applicability to the context of ChatGPT. The findings of this study are pertinent to
researchers, policymakers, and educators in universities and colleges. Understanding the extended version of
UTAUT2 can help guide administrators and policymakers in creating supportive environments that facilitate
the effective utilization of Al tools in research endeavors. By focusing on these aspects of Al, and specifically
ChatGPT, more tailored solutions for research scholars, including essential resources, training programs, and
technical support, can be developed (Eager & Brunton, 2023; Koos & Wachsmann, 2023).

UTAUT?2 provides researchers with a comprehensive framework for understanding the adoption of Al tools,
such as ChatGPT, in academic research activities. By incorporating the constructs of UTAUT—Performance
Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), Facilitating Conditions (FC), Hedonic
Motivation (HM), Habit (HT)—and the additional extensions of Ethical Concerns (EC) and Research
Excellence (RE) to create UTAUT2, this model offers valuable insights into the factors influencing AI adoption
in research academia (Al Farsi, 2023; Ahmad et al., 2023). As examples, the empirical results of this study
indicate that five constructs from the UTAUT2 model—PE, FC, HM, HT, and RE have a significant positive
relationship with the BI to use ChatGPT among research scholars in India. These results align with findings
from previous studies by (Romero-Rodriguez et al., 2023).

Research Excellence

In this study, the model’s emphasis on RE suggests that researchers should consider how Al tools can improve
the quality and impact of their outputs, and potentially influence policy decisions, industry practices, and
public understanding of various fields of study (Palacios-Marqués et al., 2019; Romero-Rodriguez et al.,
2023). The specificity of this research lies in its focus on early-career scholars and doctoral students, who are
often at the forefront of technology adoption in academia. As digital natives, these younger researchers are
significant for AT adoption, represent the future of academic research, and are typically more open to new
technologies (Koos & Wachsmann, 2023).
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The most substantial positive relationship with the BI to use ChatGPT among research scholars in India (f =
0.442, p < 0.001) was found for RE, indicating that scholars perceive ChatGPT as a tool that significantly
enhances research quality and productivity across various domains and offers benefits like improved writing
style and streamlined problem-solving processes (Azaria et al., 2024). ChatGPT’s natural language interaction
capabilities and ability to generate coherent text have transformed scientific communication and information
synthesis (Ferrante & Lanera, 2023). This finding extends the UTAUT2 model by incorporating a domain-
specific factor relevant to academic research (Teo, 2011; Wong et al., 2024).

Habit and Hedonic Motivation

HT was the second most influential factor for BI, followed by HM. These results suggest that scholars find
using ChatGPT enjoyable and have integrated it into their regular research routines, a finding consistent with
that of Palacios-Marqués et al. (2019). The strong positive relationship between HT and HM (f = 0.184, p <
0.001; B = 0.18, p < 0.01, respectively) indicates that these constructs significantly influence the intention to
use ChatGPT.

Additionally, the UTAUT2 model highlights the importance of habit and BI in influencing user behavior
toward ChatGPT use (Romero-Rodriguez et al., 2023). Strzelecki (2024) found that students demonstrate a
high level of comfort in adopting new technology, and the frequency of their usage contributes to the
development of routine actions (Strzelecki, 2024). Furthermore, the impact of hedonic motivation on the
intention to use ChatGPT indicates its significant role in shaping user behavior (Foroughi et al., 2023).

Performance Expectancy

PE showed a significant positive relationship with BI (§ = 0.127, p < 0.01) in this study, as well, suggesting
that scholars believe ChatGPT can enhance their research productivity and quality (Firat, 2023; Liao, 2011).
This finding aligns with the goal-oriented nature of research scholars who value tools that improve efficiency
and effectiveness (Emon et al., 2023). University students, when embracing new technologies like ChatGPT,
evaluate AT’s benefits compared to traditional methods, as well as its ease of learning and use. These
considerations play a crucial role in their decision-making process regarding the adoption of ChatGPT and its
potential utility in enhancing their academic endeavors.

Facilitating Conditions

FC had a positive influence on BI (3 = 0.118, p < 0.01). This finding indicates that the availability of resources
and support for using ChatGPT is crucial for adoption intentions (Puspitasari et al., 2019). The impact of FC
on technology adoption is evident across various contexts.

Studies on Muslim Sacco mobile apps (Hamzah et al., 2023) and e-wallet usage (Boon et al., 2023) found
significant positive influences on user intentions. Similarly, research on massive open online course (MOOC)
adoption, in Thailand and Pakistan, revealed that facilitating conditions (such as resources and support) are a
key predictor of BIs (Chaveesuk et al., 2022). These findings underscore the crucial role of FC in shaping user
engagement with diverse technological platforms and services.

Effort Expectancy, Social Influence, and Ethical Concerns

Interestingly, EE, SI, and EC did not show significant relationships with BI. The non-significance of EE might
stem from the advanced technological literacy of research scholars, which reduces the importance of perceived
ease of use (Nyembezi & Bayaga, 2015). The lack of significance for SI suggests that scholars’ decisions to use
ChatGPT are more influenced by a personal assessment of its benefits rather than peer or institutional
pressure (Jowarder, 2023).
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In this study, the non-significance of EC is notable. This result may potentially indicate that, while scholars
are aware of ethical issues, they may prioritize the benefits of ChatGPT instead, or they may feel confident in
their ability to use the tool ethically (Lampropoulos et al., 2023).

Implications

The implications of this study extend beyond individual researchers to encompass broader institutional and
societal impacts. The findings highlight, for example, the necessity of creating policies and guidelines for the
ethical use of Al in research for universities and research institutions. These measures will help address
potential concerns and promote responsible adoption (Xue et al., 2024). Also, a more specifically designed Al
could have far-reaching effects on the nature and quality of academic output for academic researchers, such as
influencing the academic community, industry practices, and public understanding of various fields of study.

This research helps shape the future landscape of scholarly work and knowledge dissemination in research
activities by providing a nuanced understanding of AI adoption in academia. Research scholars’ adoption of
ChatGPT could help accelerate the development and refinement of Al tools specifically designed for academic
research. Further development and refinement could potentially lead to more sophisticated and specialized Al
assistants in the future (Balel, 2023; Vicente-Yagiie-Jara et al., 2023).

Limitations and Future Research Suggestions

The findings of this study can be interpreted in light of several significant limitations, which provide avenues
for future research on Al usage. For example, the sample was limited to research scholars in India, which may
not be generalizable to other countries or academic contexts. Future studies could expand to different
geographical regions and academic levels.

Future studies could explore ChatGPT adoption among research scholars across different countries, as well as
other generative Al tools, and potentially incorporate additional constructs and moderating factors. Such
varied research would provide a more comprehensive understanding of AT adoption in education across
different cultural and demographic settings.

The UTAUT2 model used in this study is limited by its reliance on self-reported data, where individuals report
their intentions rather than actual behaviors. Self-reporting can introduce inaccuracies and validity issues,
and can compromise the reliability of the model’s findings, which becomes a limitation of this model. This
extended model also opens up opportunities for further research in diverse contexts. Excluding moderators,
such as gender, age, and experience, would simplify the study by focusing directly on the relationships
between key constructs and facilitating the development of straightforward models to analyze direct
correlations. Additionally, the cross-sectional nature of the data in this study limits causal inferences. Further
research using longitudinal studies, for example, could provide insights into how ChatGPT adoption evolves
over time.

In this study, we focused on BI, rather than the actual usage of ChatGPT. Future research could examine the
relationship between “intention to use” ChatGPT and “actual use” of ChatGPT in academic writing.
Additionally, qualitative methods could provide deeper insights into scholars’ motivations and concerns
regarding ChatGPT adoption.

Finally, the non-significance of ethical concerns warrants further investigation—perhaps through more
nuanced measures or qualitative exploration. Future studies could also examine potential moderating factors,
such as academic discipline, research experience, or institutional policies, on Al use in academia.
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Conclusion

Research scholars have adopted ChatGPT, which represents a significant shift in academic practices with far-
reaching implications. As Al tools become more prevalent in academia, institutions must balance the potential
benefits with ethical considerations and maintain research integrity.

This research employed an extended UTAUT2 model and a PLS-SEM approach to examine ChatGPT adoption
among research scholars in Indian higher education institutions. By analyzing both BI and actual usage
patterns, while following the UTAUT2 model, this study provided insights into how the ChatGPT interface
might influence these scholars’ intentions to use the technology in their academic work and day-to-day lives.

Integrating Al into research processes may help reshape individual scholarly practices, as well as broaden
higher education dynamics, such as teaching methods, publication processes, and interdisciplinary
collaboration. This study highlights the importance of implementing PE, FC, HM, HT, EC, and RE in driving
ChatGPT adoption intentions.

The strong influence of RE in our study suggests that ChatGPT is perceived as a valuable tool for enhancing
scholarly output. The academic community, however, must remain conscious of potential pitfalls, such as
over-reliance or ethical misuse, when using ChatGPT and other Al. As these tools evolve, their impact on
academic research and knowledge production will likely grow, necessitating ongoing adaptation and
thoughtful integration within the scholarly ecosystem.
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Appendix A
Constructs Items
Performance PE1. Using ChatGPT significantly enhanced the quality of my research

Expectancy (PE) activities.
PE2. ChatGPT helps me to complete my research tasks more efficiently.
PE3. Integrating ChatGPT leads to more innovative research ideas.

PE4. ChatGPT provides valuable insights that contribute to my research

success.

Effort Expectancy  EE1. I find it easy to use ChatGPT for my research activities.

(EE) EE2.Learning to use ChatGPT does not require significant effort from
my side.

EE3. I am comfortable in navigating the functionalities of ChatGPT.

EE4. Using ChatGPT requires minimal time investment for effective
results.

Social Influence SI1. My peer group actively supports the use of ChatGPT in research
(SD activities.
SI2. I often see colleagues in my field using ChatGPT for academic
research purposes.
SI3. There is a general belief among my peers that ChatGPT is beneficial
for research & academic tasks.
SI4. My mentors support the integration of ChatGPT in research
activities.

Facilitating FC1. I have access to the necessary resources to use ChatGPT in my
Conditions (FC) research effectively.
FC2. Technical support is always available to help me integrate ChatGPT
into my academic work.
FC3. I have a reliable internet connection to use ChatGPT without
interruptions.
FC4. I have access to the necessary software and tools to utilize ChatGPT
effectively.

Hedonic HMa1. I enjoy using ChatGPT for my research tasks.

Motivation (HM)  HMz2. Engaging with ChatGPT makes the research more enjoyable for
me.

HM3. Using ChatGPT adds an element of fun to my research activities.

HMj4. I look forward to exploring the upcoming features of ChatGPT at
work.

Habit (HT) HT1. I regularly use ChatGPT as part of my research routine.
HT2. Using ChatGPT has become a habitual part of my research work.

HTS3. I find myself using ChatGPT automatically when I need research
assistance.

HT4. I consistently turn to ChatGPT when I encounter challenges in my
research.
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Ethical Concerns  ECi1.Iam concerned about the ethical implications of using ChatGPT in
(EC) my research.

EC2. I worry that relying on ChatGPT may lead to plagiarism in my
academic research work.

EC3. There are ethical guidelines that I need to follow when using

ChatGPT.
EC4. I feel doubtful about the accuracy and reliability of information
generated by ChatGPT.
Research RE1. I believe that using ChatGPT contributes to achieving high
Excellence (RE) standards in my academic activities.

RE2. ChatGPT supports my efforts to produce original and high-quality
research work.

RE3. I feel that integrating ChatGPT aligns with my goals of research
excellence.

RE4. I see ChatGPT as a tool that enhances my scholarly contributions.

RE5. Using ChatGPT helps me maintain productive academic research

practices.
Behavioral BI1. I intend to use ChatGPT for my academic research activities in the
Intention (BI) future.

BI2. I plan to incorporate ChatGPT into my scholarly works regularly.
BI3. I am motivated to explore how ChatGPT can enhance my research
outcomes.

BI4. I will recommend the use of ChatGPT to my colleagues for their
academic research activities.

BI5. Using ChatGPT will become a significant part of my research
activities.
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