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ARTICLE INFO ABSTRACT
Keywords: This study investigates the determinants of ChatGPT adoption among university students and its
ChatGPT impact on learning satisfaction. Utilizing the Technology Acceptance Model (TAM) and incor-
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porating insights from interaction learning, collaborative learning, and information quality, a
structural equation modeling approach was employed. This research collected valuable responses
from 262 students at King Faisal University in Saudi Arabia through the use of self-report ques-
tionnaires. The data’s reliability and validity were assessed using confirmation factor analysis,
followed by path analysis to explore the hypotheses in the proposed model. The results indicate
the pivotal roles of interaction learning and collaborative learning in fostering ChatGPT adoption.
Social interaction played a significant role, as researchers engaging in conversations and
knowledge-sharing expressed increased comfort with ChatGPT. Information quality was found to
substantially influence researchers’ decisions to continue using ChatGPT, emphasizing the need
for ongoing improvement in the accuracy and relevance of content provided. Perceived ease of
use and perceived usefulness played intermediary roles in linking ChatGPT engagement to
learning satisfaction. User-friendly interfaces and perceived utility were identified as crucial
factors affecting overall satisfaction levels. Notably, ChatGPT positively impacted learning
motivation, indicating its potential to enhance student engagement and interest in learning. The
study’s findings have implications for educational practitioners seeking to improve the imple-
mentation of Al technologies in university students, emphasizing user-friendly design, collabo-
rative learning, and factors influencing satisfaction. The study concludes with insights into the
complex interplay between Al-powered tools, learning objectives, and motivation, highlighting
the need for continued research to comprehensively understand these dynamics.

1. Introduction

Artificial intelligence (AI) has become a disruptive force in many fields, changing how we interact with technology and enhancing
our skills. Artificial intelligence (AI) permeates various aspects of modern life, spanning health, law enforcement, education, and
beyond [1,2]. Of particular interest is natural language processing (NLP), which enables computers to understand and generate human
language [3]. Al is becoming more and more important in the context of education, helping to improve the quality of learning ex-
periences [1]. As the educational landscape changes, using Al technology becomes essential to meeting students’ varied demands and
creating a more effective and customised learning environment [2]. The usage of conversational agents, like ChatGPT, has been a key
component in the field of Al applications in education. With its robust and clever natural language processing capabilities, ChatGPT is
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an excellent tool for learning and communication [3,4]. These tools address some of the major issues with traditional learning settings,
such as the absence of real-time feedback, the difficulty in accessing personalised training, and the insufficient support for a variety of
learning styles [1,5].

ChatGPT, a variant of the GPT language model developed by OpenAl, exemplifies the application of Al in natural language pro-
cessing. Trained on extensive human conversation data, ChatGPT can generate human-like text and engage in discussions on various
topics [6]. Widely used in fields such as language translation, chatbots, and NLP, ChatGPT streamlines manual research processes and
aids in tasks like summarizing complex concepts and generating scientific reports [6-8]. Large Language Models (LLMs), such as
ChatGPT, are advanced artificial intelligence systems proficient in understanding and generating human-like text. ChatGPT, a variant
of the GPT model, specializes in conversational interactions, offering assistance and responses akin to human conversation. Leveraging
vast amounts of data, these models have been integrated into research and academic settings, showing promise in tasks like literature
review assistance and summarizing findings [9,10]. ChatGPT is one well-known application of Al in education. It can write a variety of
creative content forms, process and produce text of human calibre, and translate between languages [11]. By helping with tasks like
literature reviews, data analysis, and paper drafting, these skills have the potential to significantly transform the field of research [12].
The ChatGPT, created by OpenAl, has amazing promise in a number of domains, including research [2]. Researching is an intricate and
challenging process, especially for graduate students who have to deal with time management issues, information overload, and
restricted access to fast feedback [13]. ChatGPT presents a viable resolution to these issues by offering assistance with a number of
research-related tasks, including 1) Coming up with research questions and theories [13,14]; ChatGPT can help academics come up
with creative study questions and ideas by analysing large datasets and finding trends [15]. 2) Assisting with the literature review,
ChatGPT can effectively scan and summarise pertinent research publications, making it possible for researchers to rapidly understand
the main conclusions and pinpoint significant gaps in the literature [16]. 3) Drafting research papers and proposals: ChatGPT offers
structure, topic, and language recommendations to help researchers write research articles and proposals that are understandable and
succinct [6,10]. 4) Promoting creativity and teamwork through open-ended conversations; ChatGPT can encourage researchers to
consider many viewpoints and come up with original answers to problems in their field of study [10,17]. Researchers extensively
explored ChatGPT’s potential applications across academic disciplines. Khan et al. (2023) highlighted its significant contributions in
medicine and public health education, including case study generation. In language learning, ChatGPT serves as a valuable tool,
simulating authentic interactions and motivating skill development [6,7,9,18]. It aids in computer software education by identifying
strengths and weaknesses, addressing coding issues, and suggesting best practices. Additionally, ChatGPT supports economics and
finance research by generating simulations and scenarios (Dowling & Lucey, 2023). Despite its promising potential, studies indicate
ChatGPT is in an early stage of application and has room for improvement [19].

Previous research has looked into how different Al-powered tools affect research [2,20-23], demonstrating how well they work to
make knowledge more accessible, encourage critical thinking, and support data analysis. Notably, ChatGPT show great promise for
raising productivity and efficiency in research [13,24]. Numerous investigations have looked on the particular uses of ChatGPT in
research settings. Lund et al. [25], studied how to utilise LLMs, such as CHatGPT to generate research ideas and hypotheses, showing
how they might help with creative research questions by finding patterns and links in massive datasets. Additionally [7], looked at how
well ChatGPT supported literature reviews and discovered that they greatly shortened the amount of time needed for scholars to
understand important results and pinpoint pertinent research gaps. Specifically, the potential of ChatGPT to promote university
students has been the subject of several studies. In their investigation of ChatGPT’s use for research paper and proposal drafting, Davis
et al. [26]found that it may offer insightful recommendations for enhancing language, structure, and clarity. Dempere et al. [27]
examined ChatGPT’s (a big language model) possible effects on higher education. They investigated its potential uses in automated
grading, improved human-computer interaction, and research assistance. Additionally, Firaina et al. [28] discovered that ChatGPT
encouraged university students to investigate other viewpoints and come up with original solutions to research problems by fostering
brainstorming and cooperation. Research indicates that ChatGPT has a great deal of promise to improve university students experi-
ences. According to Refs. [28-33], it can offer helpful recommendations for enhancing the language, structure, and clarity of research
papers. Furthermore, Huang et al. [10] emphasized how useful ChatGPT is for helping researchers come up with original study ideas
and consider a variety of viewpoints. While ChatGPT offers various important benefits, apart from these benefits, some studies also
raises some challenges and limitations regarding its reliability, accuracy, and potential biases created by language models including
ChatGPT. Few research scholars have cautioned against the over reliance of Al generated text, references due to inaccurate citations,
and they suggest that careful verification for authenticity of outputs [6,8,10,34]. Moreover, ethical considerations surrounding the use
of Al in research, such as issues of authorship, intellectual property rights, and data privacy, warrant careful examination [35]. Despite
these challenges, the adoption of ChatGPT in academic research continues to grow, driven by its potential to augment researchers’
capabilities and streamline various aspects of the research process [7].

However, learning satisfaction plays an important role in academic settings. Understanding the factors influencing learning
satisfaction is important in academic context, particularly for postgraduates utilizing Al ChatGPT for research purposes. Learning
satisfaction directly impacts students’ motivation, engagement, and academic performance. Satisfied students exhibit higher levels of
persistence and achieve better learning outcomes, adopting a positive learning environment [34,35].

Despite the increasing adoption of Al technologies in education, there remains a gap in understanding the factors that influence
learning satisfaction specifically in the context of Al-powered tools like ChatGPT [35]. While previous research has examined the
efficacy of Al in improving various aspects of the learning process [36-39], limited attention has been paid to its impact on students’
satisfaction with their learning experiences [34,40]. The rationale for using the Technology Acceptance Model (TAM) in this study
stems from its established effectiveness in understanding users’ acceptance and adoption of new technologies, including Al-based
systems [34,35,41]. TAM provides a theoretical framework for examining users’ perceptions of a technology’s usefulness and ease
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of use, which are key determinants of their behavioral intentions and actual usage [42]. By applying TAM to investigate students’
satisfaction with Al ChatGPT, this research aimed to gain perceptions into the factors that determination their acceptance and usage of
this technology in academic research. Additionally, TAM allows us to explore the mediating role of perceived ease of use and perceived
usefulness in the relationship between interaction with ChatGPT and learning satisfaction, providing a comprehensive understanding
of the underlying mechanisms at play.

1.1. Problem statement

University students face several challenges, including limited time, information overload, and lack of immediate feedback, which
can hinder their learning satisfaction and research progress [43]. Traditional research methodologies often require extensive time and
effort, leading to feelings of frustration and inadequacy [7,43]. Existing Al-powered research tools, while offering some benefits, often
lack the flexibility and personalization needed to effectively address the diverse needs of university students. There is a lack of un-
derstanding regarding the specific impact of ChatGPT on learning satisfaction among university students [44]. Despite promising
potential in supporting various research tasks, the effectiveness of ChatGPT and its influence on researchers’ learning experiences
remain unclear. This lack of knowledge hinders the optimal integration of ChatGPT into university students workflows and limits its
ability to maximize its potential benefits.

1.2. Research questions

1. To what extent does interaction with ChatGPT influence learning satisfaction among university students?

2. How do perceived ease of use and perceived usefulness of ChatGPT mediate the relationship between interaction with ChatGPT and
learning satisfaction?

3. What are the roles of information quality, interaction quality, collaborative learning, and learning motivation in influencing
learning satisfaction among university students using ChatGPT?

1.3. Research objectives

1. To examine the factors influencing university students’ adoption of ChatGPT for research purposes, focusing on its impact on
learning satisfaction.

2. To assess the mediating role of perceived ease of use and perceived usefulness in the relationship between ChatGPT adoption and
learning satisfaction among university students.

3. To identify and analyze the effects of information quality, interaction quality, collaborative learning, and learning motivation on
learning satisfaction among university students utilizing ChatGPT.

2. Theoretical model

The theoretical model for investigating influencing factors of learning satisfaction in AI ChatGPT for research, from university
students, incorporates several key constructs that collectively contribute to understanding the dynamics of learner satisfaction [45].
Each construct reflects a critical aspect of the learner’s experience with Al, particularly ChatGPT, and its application in the research
context (See Fig. 1 depicting the proposed theoretical model). It is crucial to identify the factors influencing researchers’ use of
ChatGPT for active learning. Various models in prior literature, including the Unified Theory of Acceptance and Use of Technology
(UTAUT), Technology Acceptance Model (TAM), and Extended Expectation Confirmation Model, can help uncover these factors [9].
TAM, especially, has been extensively applied across different countries (e.g., the US, Saudi Arabia, Greece, Indonesia, South Korea,
China) and domains (e-learning, remote education, massive open online courses, mobile library applications) to understand the
acceptance of technology [46-52]. In this research extend the TAM by adding new constructs such as interaction learning, Information

Interaction learning Perceived Ease of Use

Learning Motivation
Information Quality

ChatGPT Use

Interaction Quality

Learning Satisfaction

Collaborative learning
Perceived Usefulness

Fig. 1. Proposed model.
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Quality, Interaction Quality, Collaborative learning, Learning motivation, and learning Satisfaction in the context of research support
through ChatGPT. explanation of each construct in this context is given as follows”

2.1. Perceived ease of use (PEU)

The degree to which university students think using ChatGPT for research requires no effort is known as perceived ease of use [53,
54]. It includes how easy and uncomplicated the user feels that interacting with ChatGPT is. This construct represents university
students’ opinions about how simple it is to understand and use ChatGPT’s features [53,54]. This covers the interface’s ease of use, the
instructions’ clarity, and the accessibility of educational materials. Previous research in the field of educational technology has
consistently shown that perceived ease of use is a critical determinant of technology acceptance and adoption among students [55,56].
Studies [57-59] have found that students are more likely to use and engage with technology tools that they perceive as easy to use [35,
41]. Therefore, this study’s construct of perceived ease of use is aligned with existing literature underscores its importance in un-
derstanding students’ acceptance and utilization of Al-powered tools like ChatGPT in educational research contexts.

2.2. Perceived usefulness (PU)

The extent to which university students feel ChatGPT improves their efficiency when conducting research is known as perceived
usefulness [54,60]. It includes ChatGPT’s reported advantages and usefulness for study. This construct reflects the opinions of uni-
versity students on ChatGPT’s usefulness in improving their research methodology [54,60]. This covers how valuable people think
ChatGPT is for coming up with pertinent research topics, helping with literature reviews, enhancing research writing, and encouraging
teamwork [61]. Studies have demonstrated that students are more likely to adopt and continue using technology tools that they
perceive as useful in achieving their academic goals [15,41,55]. By incorporating perceived usefulness as a construct theoretical
model, in this research acknowledge its significance in shaping students’ attitudes and behaviors towards Al-powered tools like
ChatGPT in educational settings.

2.3. ChatGPT use (GPTU)

ChatGPT Use is a measure of how much university students actively use and interact with ChatGPT during their research projects
[62,63]. It displays how frequently and thoroughly ChatGPT is used during the study procedure [62]. Previous studies [35,55,56] on
technology acceptance and usage behavior have consistently emphasized the importance of actual system usage as a key indicator of
technology adoption. Research has shown that students’ intention to use technology is strongly influenced by their actual experience
with the system [59]. Therefore, by including ChatGPT use as a construct in this research theoretical model, in this research align with
existing literature that underscores the significance of actual usage behavior in understanding students’ acceptance and utilization of
Al-powered tools like ChatGPT [35].

2.4. Interaction with ChatGPT (INL)

The educational benefit gained from interacting with ChatGPT in an interactive manner is known as interaction learning. The
dynamic and responsive character of the engagement facilitates the development of information and skills. The level to which uni-
versity students use ChatGPT for different research activities, such as idea development, literature review, research paper writing, and
collaborative learning, is represented by this construct. The amount and duration of ChatGPT usage, the variety of activities performed
using ChatGPT, and the degree of interaction with the feedback and information offered may all be used to gauge this construct. While
existing literature may not directly address this construct in the context of ChatGPT, studies on computer-mediated communication
and online learning have highlighted the importance of interaction and engagement in facilitating effective learning experiences
[64-66]. Therefore, this research inclusion of interaction learning in the theoretical model is from the broader literature on the sig-
nificance of interaction and engagement in online learning environments.

2.5. Information quality (INQ)

The trustworthiness, relevance, and correctness of the data produced by ChatGPT are all reflected in the information quality. It
evaluates the degree to which university students think ChatGPT’s material is reliable and beneficial. This term describes the precision
and applicability of the data that ChatGPT offers. This covers the extent to which data are factually accurate, current, compliant with
research guidelines, and pertinent to the particular subject of study. INQ may be assessed by contrasting ChatGPT’s material with data
from reputable sources and determining how well it answers research queries.

Information quality in online environments has emphasized the importance of reliable and relevant information for facilitating
effective decision-making and problem-solving [67-70]. By incorporating Information Quality as a construct in this research theo-
retical model, we recognize the critical role of information reliability and relevance in shaping users’ perceptions and behaviors in
online contexts, highlighting the importance of high-quality information in facilitating effective learning and research outcomes
among university students.
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2.6. Interaction quality (IQ)

Interaction Quality describes how well a user interacts with ChatGPT overall [71]. Communication efficacy, coherence, and
responsiveness are some of its components. The user experience and responsiveness that ChatGPT provides are reflected in this ar-
chitecture [71]. This comprises ChatGPT’s capacity to comprehend customer inquiries, offer succinct, understandable solutions, and
adjust to various learning preferences. The effectiveness of ChatGPT’s feedback, the speed and precision of its replies, and the general
level of user interface pleasure may all be used to gauge IQ.

2.7. Collaborative learning (CL)

The extent to which university students collaborate while utilizing ChatGPT for research is known as collaborative learning [72]. It
evaluates the cooperative elements of sharing and creating knowledge [47,72,73]. This concept describes how university students may
work together and share information more easily by using ChatGPT. This includes ChatGPT’s capacity to facilitate communication
between researchers and experts, colleagues, and pertinent research communities. It also offers resources for idea exchange, brain-
storming, and discussion of research findings. The frequency of ChatGPT-facilitated collaborative activities, the intensity of discussion
participation, and the perception of the influence of collaboration on research advancement are indicators of CL. Existing research on
collaborative learning in online environments has highlighted its benefits for promoting critical thinking, problem-solving skills, and
social interaction [70,74-76]. By incorporating CL into the research theoretical model, we can explore how ChatGPT supports
collaborative knowledge creation, communication, and research advancement among university students. This study contribute to the
existing body of literature on CL, highlighting the potential of ChatGPT to facilitate effective collaboration and knowledge exchange
among users.

2.8. Learning motivation (LM)

This concept captures the innate drive of university students to advance their knowledge and abilities in research [77]. This
comprises their degree of curiosity, openness to investigating novel ideas, and dedication to lifelong learning [78]. Literature on
motivation theory in education underscores the significance of intrinsic motivation for promoting engagement, persistence, and
learning outcomes [79-82]. This study explores the impact of Learning Motivation on students’ experiences with ChatGPT, focusing on
how motivation shapes their research interactions, highlighting the crucial role of intrinsic motivation in fostering a supportive and
productive learning environment for university students.

2.9. Learning satisfaction (LS)

The degree to which university students are satisfied with ChatGPT for research-related learning is indicated by their overall level
of learning satisfaction [83,84]. It incorporates the effects of several elements on the overall happiness of the students. This construct
reflects the general level of pleasure that university students have with their experience learning via research. This covers how much
they love conducting research, how much they think the learning exercises are worth doing, and how they feel about themselves
overall. studies on satisfaction in educational settings have highlighted its importance for fostering positive attitudes, engagement, and
academic achievement [40,83,84], By integrating Learning Satisfaction into our research theoretical model, we investigate how
satisfaction influences students’ attitudes and behaviors when utilizing ChatGPT for research purposes, shedding light on its impact on
their overall learning experience.

Interaction learning Hla Perceived Ease of Use H5b

b bisa Learning Motivation
Information Quality

a
ChatGPT Use Hga
Interaction Quality H3
Learning Satisfaction
H Hba
H
Collaborative learning Hab
Perceived Usefulness

Fig. 2. Constructs and their paths.
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2.10. Hypothesis

Based on the proposed theoretical model, Fig. 2 depicts the relationships between the following constructs, leading to the
formulation of several hypotheses.

Hla. Interaction learning (INL) has a significant effect on perceived ease of use (PEU) of ChatGPT.
H1b. Interaction learning (INL) has a significant effect on ChatGPT use (GPTU).

H2a. Interaction quality (IQ) has a significant effect on ChatGPT use (GPTU).

H3a. Information quality (INQ) has a significant effect on ChatGPT use (GPTU).

H4a. Collaborative learning (CL) has a significant effect on ChatGPT use (GPTU).

H4b. Collaborative learning (CL) has a positive effect on perceived usefulness (PU) of ChatGPT.
H5a. Perceived ease of use (PEU) has a significant effect on ChatGPT use (GPTU).

H5b. Perceived ease of use (PEU) has a significant effect on learning motivation (LM).

H5c. Perceived ease of use (PEU) has a significant effect on learning satisfaction (LS).

H6a. Perceived usefulness (PU) has a significant effect on ChatGPT use (GPTU).

H6b. Perceived usefulness (PU) has a significant effect on learning motivation (LM).

H6c. Perceived usefulness (PU) has a significant effect on learning satisfaction (LS).

H7a. ChatGPT use (GPTU) has a significant effect on learning motivation (LM).

H7b. ChatGPT use (GPTU) has a positive effect on learning satisfaction (LS).

H8a. Learning motivation (LM) has a significant effect on learning satisfaction (LS).

The established links in the TAM framework and the extra components that are particularly pertinent to the study setting serve as
the basis for these hypotheses. To gain a better understanding of ChatGPT’s potential to improve university students experiences, more
study is needed to determine the veracity of these ideas.

3. Research methodology

The effect of ChatGPT on university students’ learning satisfaction was examined in this study using a quantitative research
methodology. The study specifically used Partial Least Squares Path Modelling (PLS-SEM), a structural equation modelling (SEM)
approach, to analyze the intricate interactions between many constructions [85]. This method was selected because it can estimate
both direct and indirect effects and is appropriate for handling complicated models with latent variables.

3.1. Instrument development and survey administration

Translation Process: Ensuring your questionnaire reaches Arabic speakers effectively requires a careful translation process. This
excursion transforms your English questionnaire into a clear, accurate, and culturally relevant tool see appendix A.

The first step involves a skilled bilingual translator fluent in both English and Arabic. Ideally, this expert also possesses knowledge
of the questionnaire’s topic to ensure accurate translation of any technical terms.

Next, a team of experts reviews the translated version. These experts typically include linguistic, subject matter experts and cultural
experts who understand the research study being conducted, translation experts who can identify difficult phrasing in Arabic, and
cultural experts who ensure the questionnaire avoids offensive language or concepts and resonates with the target audience. This
review panel meticulously examines the translated version for accuracy, clarity, and cultural appropriateness. They discuss any dis-
agreements or ambiguities until they reach a consensus on the best wording for the Arabic audience.

Following the expert review process, a second bilingual translator, distinct from the initial translator, is engaged to perform the
back-translation of the Arabic version into English. This translator is proficient in both languages and possesses expertise in translation
techniques. They ensure the fidelity of the back-translation by accurately rendering the Arabic text into English, aiming to capture the
original meaning as closely as possible [86].

We considered the Linguistic and cultural equivalence as key goals throughout this process. Linguistic equivalence guarantees the
Arabic version conveys the same information and meaning as the original English version. Cultural equivalence ensures the ques-
tionnaire is phrased in a way that’s understandable and relevant to the Arabic audience, avoiding cultural biases or offensive language.

Finally, a pilot test is conducted with a small group of Arabic speakers. They take the translated questionnaire to assess its clarity,
whether the questions make sense within their cultural context, and its overall cultural relevance. Based on their feedback highlighted
issues such as technical language complexity, cultural insensitivity, and inaccuracies in translation, the Arabic version receives any
necessary adjustments to ensure it is clear, accurate, and culturally appropriate for the target audience. This multi-step process ensures
your questionnaire delivers accurate and reliable data from your Arabic-speaking participants.
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The Final survey questionnaire consisted of fourty two items designed especially to gauge the following constructs such as learning
satisfaction, collaborative learning, quality of information, perceived usefulness, perceived ease of use, and utilization of ChatGPT.

Out of 42 items, 15 were adapted from studies that developed the TAM, TAM2, and TAM3 Model [59,87,88], while the sources of
adaptation for the remaining items are provided in Table 1. Additionally, the Likert scale was utilized to rate each construct, with 5
indicating strong agreement and 1 indicating strong disagreement [89,90]. Prior to the primary data collection phase, the ques-
tionnaire underwent piloting among a small group of thirty undergraduate students of Scientific College, at King Faisal university to
ensure clarity, relevance, and internal consistency of the items [91]. Important input from this pilot testing was incorporated into the
final draft of the questionnaire. First, Cronbach’s alpha coefficient was used to assess the internal consistency of the questionnaire, with
values ranging from 0.75 to 0.90 across different constructs as highlighted in Table 1, aligning with previous studies [86,92].

Second, Participants provided feedback on the questionnaire’s clarity, relevance, and cultural appropriateness. For instance, one
participant suggested simplifying a question inquiring about the ease of using AI ChatGPT by proposing, "Using Al ChatGPT makes my
research tasks easier." Additionally, another participant noted the need for further explanation of the term "collaborative environment"
in the questionnaire, ensuring universal understanding across diverse cultural backgrounds. These examples showcase how participant
feedback guided minor modifications to enhance the questionnaire’s readability and cultural relevance. Overall, the pilot testing phase
helped refine the questionnaire and ensured its suitability for the target population. All constructs achieved Cronbach’s alpha values
exceeding this threshold, confirming the reliability of the data for subsequent analysis then final questionnaire was electronically
distributed to university students at King Faisal University. Participation was voluntary and anonymous, and data collection continued
until a sufficient sample size was obtained to ensure the generalizability of the findings [92]. The collected data underwent thorough
analysis to exclude outliers, incomplete replies, and unnecessary data points, ensuring data quality [98]. In managing missing data, the
SPSS 21v application was utilized, employing appropriate methods such as mean imputation or deletion [92]. Mean imputation was
chosen as the preferred method for handling missing data, as it helps to preserve sample size and maintain statistical power [68]. This
approach was justified based on its effectiveness in minimizing bias and maintaining the integrity of the dataset [69].

3.2. Measurement and structural model analysis

In accordance with well-established two-step PLS-SEM analysis procedures [92], the present study utilized SmartPLS 4.0 for
structural modeling. The first stage focused on developing, converging, and evaluating the measurement model. This entailed assessing
both the reliability and validity of the constructs [85].

3.2.1. Measurement model Evaluation

Internal consistency reliability was established through Cronbach’s alpha and composite reliability, exceeding the recommended
thresholds of 0.7 [98]. Convergent validity was confirmed by examining average variance extracted (AVE) values exceeding 0.5 and
factor loadings exceeding 0.5 for each indicator, indicating adequate convergent validity [86]. Discriminant validity was verified using
both the Fornell-Larcker criterion and cross-loadings analysis, ensuring that each construct demonstrated greater variance shared with
its own indicators compared to other constructs [92].

3.2.2. Structural model Evaluation

The structural model was assessed based on key PLS-SEM criteria: path coefficients signifying the direction and strength of re-
lationships between constructs [98], R-squared values indicating the proportion of variance explained in each endogenous construct
[92], and path coefficients and their associated p-values used to test the formulated hypotheses [92]. This study aims to interpret the
impact of ChatGPT on learning satisfaction among university students. The mediating roles of perceived ease of use and perceived
usefulness will be further explored and discussed. Based on the empirical results, the theoretical model will be refined and
strengthened to provide deeper insights into this emerging field of research.

Table 1

Key Constructs information.
Constructs No. of Items Piloting Results Source of adoption
Perceived Ease of Use (PEU) 5 0.85 [62,63,77]
ChatGPT Use (GPTU) 5 0.80 [62,63,77]1
Perceived Usefulness (PU) 5 0.88 [49,63,77,93]
interaction learning (INL) 5 0.75 [94-96]
Information Quality (INQ) 5 0.82 [53,68]
Interaction Quality (IQ) 4 0.79 [56,97]1
Collaborative learning (CL) 3 0.81 [47,62,73]
Learning Motivation (LM) 5 0.90 [771
Learning Satisfaction (LS) 5 0.87 [63,96]
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4. Results and analysis
4.1. Demographics data analysis

Table 2 shows the demographic analysis of the study participants. The demographic analysis of the dataset, comprising 262
participants, revealed a gender distribution where 66.79 % identified as male (175), and 33.21 % as female (87). Regarding age
distribution, the majority of respondents fell within the 23-26 age range (59.54 %, 156), followed by the 18-22 age group (12.98 %,
34). Other age categories included 27-30 (6.49 %, 17), 31-34 (10.31 %, 27), and more than 35 (10.69 %, 28). In terms of academic
level, 58.40 % identified as undergraduate students (153), while 41.60 % were pursuing postgraduate studies (109). The participants
represented diverse fields of study, with 16.41 % from scientific colleges (43), 51.53 % from humanities colleges (135), and 32.06 %
from medical colleges (84).

4.2. Assessment of the research model
A. Descriptive analysis (Mean, SD)

The factor loadings for all constructs, including Perceived Ease of Use (PEU), Perceived Usefulness (PU), Interaction Learning (INL),
Interaction Quality (IQ), Information Quality (INQ), Collaborative Learning (CL), and ChatGPT Use (GPTU), consistently surpassed the
recommended threshold of 0.70 [92,98]. These robust factor loadings indicate a strong association between individual items and their
respective constructs, affirming the reliability and validity of this research measurement model. Specifically, items within constructs
such as PEU, PU, INL, and CL demonstrated factor loadings ranging from 0.804 to 0.924 (see Table 3 for factor loading), emphasizing
the coherence and significance of these constructs. The high factor loadings observed across all constructs contribute to the overall
robustness of this research instrument, ensuring the accurate measurement of the intended theoretical constructs [92,98].

B. Reliability and Convergent Validity Analysis

In accordance with established criteria for evaluating the reliability and validity of this research measurement model, in this
research examined Cronbach’s alpha, Average Variance Extracted (AVE), and Composite Reliability (CR) for each construct as shown
in Table 4 [92,98]. The reliability analysis reveals strong internal consistency across all constructs. Cronbach’s alpha values range from
0.878 to 0.934, exceeding the recommended threshold of 0.7. This indicates that the items within each construct are highly reliable
and consistently measure the underlying construct. Convergent validity, assessed through AVE, signifies the extent to which the items
within a construct converge. The AVE values range from 0.888 to 0.938, surpassing the threshold of 0.5 [92,98]. This suggests that a
substantial portion of the variance in the constructs is captured by their respective items, confirming the convergent validity of the
measurement model. Composite Reliability (CR), an indicator of internal consistency and reliability, demonstrates robust values
ranging from 0.710 to 0.838. All constructs surpass the threshold of 0.7 [92,98]., reinforcing the reliability of the measurement model.
The findings collectively underscore the strong reliability and validity of this research measurement model. These results instill
confidence in the accuracy and consistency of the constructs, affirming their suitability for evaluating the factors influencing learning
satisfaction in the context of AI ChatGPT for research from university students.

Table 5 presents the R-squared values and adjusted R-squared values for all endogenous latent variables in the structural model.

The R-squared values indicate the proportion of variance in each endogenous variable explained by the model. As shown, ChatGPT
Use (GPTU) demonstrates the highest R-squared value of 0.677, indicating that the model explains 67.7 % of the variance in this
construct. Learning Satisfaction (LS) follows with an R-squared value of 0.719, suggesting that the model explains 71.9 % of the
variance in this key outcome variable. The R-squared values for Perceived Ease of Use (PEU) and Perceived Usefulness (PU) are 0.449
and 0.424, respectively, indicating that the model explains 44.9 % and 42.4 % of the variance in these constructs. Finally, the R-

Table 2
Information of participants.
Demographic Questions Overall Total
Items Characteristic Count %
Gender Female 87 33.21
Male 175 66.79
Age(Years) 18-22 34 12.98
23-26 156 59.54
27-30 17 6.49
31-34 27 10.31
More than 35 28 10.69
Academic Level Undergraduate 153 58.40
Postgraduate 109 41.60
Field of Study Scientific Colleges 43 16.41
Humanties Colleges 135 51.53
Medical Collges 48 32.06
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Factor loading results.
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Constructs Item Factor loading
Perceived Ease of Use (PEU) PEU1 0.850
PEU2 0.911
PEU3 0.924
PEU4 0.886
PEU5S 0.822
Perceived Usefulness (PU) PU1 0.858
PU2 0.899
PU3 0.857
PU4 0.902
PUS 0.858
interaction learning (INL) INL1 0.804
INL2 0.842
INL3 0.867
INL4 0.856
INLS 0.845
Interaction Quality (IQ) INQ1 0.905
INQ2 0.894
INQ3 0.888
INQ4 0.900
INQ5 0.863
Information Quality (INQ) 1Q1 0.847
1Q2 0.874
1Q3 0.832
104 0.865
Collaborative learning (CL) CL1 0.916
CL2 0.910
CL3 0.919
ChatGPT Use (GPTU) GPTU1 0.855
GPTU2 0.878
GPTU3 0.891
GPTU4 0.877
GPTU5 0.891
Learning Motivation (LM) LM1 0.855
LM2 0.892
LM3 0.904
LM4 0.883
LM5 0.854
Learning Satisfaction (LS) LS1 0.798
Ls2 0.872
LS3 0.819
LS4 0.812
LS5 0.824

Table 4

Convergent validity results (Cronbach’s alpha, AVE, and CR).
Constructs Reliability AVE CR
Collaborative learning (CL) 0.903 0.907 0.838
ChatGPT Use (GPTU) 0.926 0.928 0.772
interaction learning (INL) 0.898 0.904 0.710
Interaction Quality (IQ) 0.934 0.938 0.792
Information Quality (INQ) 0.878 0.888 0.730
Learning Motivation (LM) 0.925 0.926 0.770
Learning Satisfaction (LS) 0.884 0.889 0.681
Perceived Ease of Use (PEU) 0.926 0.927 0.773
Perceived Usefulness (PU) 0.924 0.926 0.766

squared value for Learning Motivation (LM) is 0.428, suggesting that the model explains 42.8 % of the variance in this construct.
Adjusted R-squared values, which consider the model complexity and penalize for adding additional variables, show similar trends.
They are slightly lower than the R-squared values but remain within acceptable ranges. Overall, these R-squared values suggest that
the proposed model provides a good fit to the data and explains a significant proportion of the variance in the investigated constructs.

C. Discriminant Validity Analysis

Discriminant validity assesses the degree to which constructs are distinct from each other, ensuring that they measure separate



M.A. Almulla Heliyon 10 (2024) e32220

Table 5
Model fitness score -R2 of the endogenous latent variables.
Variables R-square R-square adjusted
ChatGPT Use (GPTU) 0.677 0.669
Learning Motivation (LM) 0.428 0.421
Learning Satisfaction (LS) 0.719 0.714
Perceived Ease of Use (PEU) 0.449 0.447
Perceived Usefulness (PU) 0.424 0.422

concepts. This study employed two methods to assess discriminant validity: the Heterotrait-Monotrait (HTMT) ratio and the Fornell-
Larcker criterionTwo distinct methods, the Heterotrait-Monotrait (HTMT) ratio and the Fornell-Larcker Criterion, were employed to
assess discriminant validity across the constructs in this study [52,73]. Table 6 presents the HTMT ratios for all construct pairs. The
values range from 0.534 to 0.971, with all values falling below the recommended threshold of 0.85 [99]. This indicates that the
constructs in the model are sufficiently distinct from each other and capture unique dimensions of the research domain. The research
results demonstrate that all constructs meet this criterion, confirming satisfactory discriminant validity. Notably, the highest HTMT
ratio is 0.971, indicating strong discriminant validity among the constructs.

Table 7 presents the Fornell-Larcker criterion values for all construct pairs. The diagonal elements represent the square root of the
AVE for each construct, while the off-diagonal elements represent the correlations between constructs. All diagonal elements are
greater than the corresponding off-diagonal elements, demonstrating satisfactory discriminant validity according to the Fornell-
Larcker criterion [100]. In this study, all constructs meet this criterion, with the square root of the AVE consistently higher than
the correlations, indicating robust discriminant validity. Both the HTMT ratio and the Fornell-Larcker Criterion consistently support
the discriminant validity of the constructs in this study.

In conjunction, these results provide convincing evidence that the constructs in the model are distinct and capture unique aspects of
the research domain. This ensures that the findings and interpretations based on these constructs are reliable and valid for further
analysis in the context of investigating influencing factors in AI ChatGPT for research from university students.

D. Hypotheses Testing (Path analysis of the structural model)

The structural equation model analysis was conducted using Smart PLS, applying the maximum likelihood estimation approach to
explore the interrelationships among various theoretical constructs within the structural model [69,72,75]. The hypothesis testing
results unveiled significant relationships among the identified constructs as highlighted in Table 8, offering crucial insights into the
factors influencing learning satisfaction in the context of AI ChatGPT for research from university students. Interaction learning (INL)
exhibited a substantial impact on both Perceived Ease of Use (PEU) (T = 13.512, p = 0.000) and ChatGPT Use (GPTU) (T =5.172,p =
0.000), supporting Hla and H1b. These results suggest that heightened interaction learning experiences positively contribute to the
perceived ease of using ChatGPT and its actual usage among university students.

Information Quality (INQ) and Collaborative Learning (CL) significantly influenced ChatGPT Use (GPTU) (T = 4.104, p = 0.000)
and Perceived Usefulness (PU) (T = 14.065, p = 0.000), respectively, affirming H3a and H4b. This implies that the quality of infor-
mation and collaborative learning experiences strongly contribute to the adoption of ChatGPT for research purposes and enhance its
perceived usefulness among university students.

Perceived Ease of Use (PEU) emerged as a pivotal factor, significantly impacting ChatGPT Use (GPTU) (T = 7.204, p = 0.000),
Learning Motivation (LM) (T = 2.495, p = 0.013), and Learning Satisfaction (LS) (T = 1.932, p = 0.023), supporting H5a, H5b, and
H5c. These findings suggest that university students’ perceptions of the ease of using ChatGPT not only influence their usage patterns
but also play a crucial role in shaping their motivation to learn and overall satisfaction with the learning experience.

Perceived Usefulness (PU) significantly influenced Learning Motivation (LM) (T = 4.750, p = 0.000) and Learning Satisfaction (LS)
(T = 3.931, p = 0.000), supporting H6b and H6c. This indicates that university students who perceive ChatGPT as useful are more
motivated in their learning endeavors and experience higher satisfaction with their learning outcomes.

ChatGPT Use (GPTU) demonstrated a significant positive influence on Learning Motivation (LM) (T = 2.138, p = 0.033), supporting
H7a. This implies that university students who actively use ChatGPT in their research activities experience heightened motivation in

Table 6
Discriminant Validity (HTMT ratio).
CL GPTU INL INQ 1Q LM LS PEU PU
CL
GPTU 0.676
INL 0.638 0.754
INQ 0.801 0.647 0.705
1Q 0.884 0.623 0.726 0.971
LM 0.684 0.596 0.579 0.680 0.671
LS 0.811 0.689 0.688 0.813 0.806 0.860
PEU 0.658 0.820 0.729 0.721 0.749 0.634 0.731
PU 0.710 0.665 0.753 0.854 0.870 0.636 0.752 0.731
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Table 7
Discriminant Validity (Furnell larker Criterion).
CL GPTU INL INQ 1Q LM LS PEU PU
CL 0.915
GPTU 0.619 0.878
INL 0.582 0.694 0.843
INQ 0.741 0.606 0.649 0.890
1Q 0.794 0.570 0.646 0.885 0.855
LM 0.627 0.555 0.534 0.634 0.609 0.878
LS 0.729 0.628 0.613 0.739 0.713 0.795 0.825
PEU 0.603 0.760 0.670 0.672 0.677 0.588 0.660 0.879
PU 0.651 0.617 0.688 0.797 0.783 0.592 0.677 0.677 0.875

Table 8

Hypothesis testing (Path, T-Value, and P-value).
Relationships Original sample T statistics P values Decision
Hla = Interaction learning (INL) —Perceived Ease of Use (PEU) 0.670 13.512 0.000 Supported
H1b = interaction learning (INL) —ChatGPT Use (GPTU) 0.290 5.172 0.000 Supported
H2a = Interaction Quality (IQ) —ChatGPT Use (GPTU) 0.114 1.254 0.210 Rejected
H3a = Information Quality (INQ) —ChatGPT Use (GPTU) —0.336 4.104 0.000 Supported
H4a = Collaborative learning (CL) — ChatGPT Use (GPTU) 0.292 3.797 0.000 Supported
H4b = Collaborative learning (CL)— Perceived Usefulness (PU) 0.651 14.065 0.000 Supported
H5a = Perceived Ease of Use (PEU)—- > ChatGPT Use (GPTU) 0.500 7.204 0.000 Supported
H5b = Perceived Ease of Use (PEU)— Learning Motivation (LM) 0.234 2.495 0.013 Supported
H5c = Perceived Ease of Use (PEU)—Learning Satisfaction (LS) 0.116 1.932 0.023 Supported
H6a = Perceived Usefulness (PU)— ChatGPT Use (GPTU) 0.060 0.891 0.373 Rejected
H6b = Perceived Usefulness (PU)— Learning Motivation (LM) 0.324 4.750 0.000 Supported
H6c = Perceived Usefulness (PU) —Learning Satisfaction (LS) 0.211 3.931 0.000 Supported
H7a = ChatGPT Use (GPTU)—Learning Motivation (LM) 0.177 2.138 0.033 Supported
H7b = ChatGPT Use (GPTU)—Learning Satisfaction (LS) 0.109 1.691 0.091 Rejected
H8a = Learning Motivation (LM) - > Learning Satisfaction (LS) 0.542 12.867 0.000 Supported
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Fig. 3. Structural model (path coefficients).
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their learning pursuits.

However, Interaction Quality (IQ) did not significantly influence ChatGPT Use (GPTU) (T = 1.254, p = 0.210), leading to the
rejection of H2a. Similarly, ChatGPT Use (GPTU) did not significantly influence Learning Satisfaction (LS) (T = 1.691, p = 0.091),
resulting in the rejection of H7b. These results provide a nuanced understanding of the intricate relationships among various constructs
in the proposed model, offering a comprehensive view of the factors influencing learning satisfaction in the utilization of AI ChatGPT
for research from university students.

The results showed a number of important connections. The study found that both ChatGPT use and perceived ease of use were
favourably impacted by interaction and collaborative learning, underscoring the significance of these learning strategies in promoting
technology adoption. The usage of ChatGPT was also significantly impacted by the quality of the content, indicating that user
engagement is greatly impacted by having access to high-quality information. Learning motivation and learning satisfaction were
positively influenced by perceived ease of use and perceived usefulness, indicating their mediation roles in the link between ChatGPT
interaction and learning outcomes. Notably, ChatGPT use improved learning motivation, indicating that it may be used as a technique
to increase students’ drive to study. Ultimately, learning motivation was found to have a considerable and beneficial impact on
learning satisfaction, indicating its significance in attaining favourable learning results. Some hypotheses, meanwhile, were not
validated. The lack of a significant relationship between interaction quality and ChatGPT use suggests that other factors may be more
important than interaction quality. Furthermore, ChatGPT use was not directly impacted by perceived usefulness, suggesting that
other characteristics, such as perceived ease of use, may moderate ChatGPT’s influence on learning outcomes. Finally, ChatGPT use did
not directly affect learning satisfaction, showing that technology use and learning outcomes may be complicated and impacted by
other factors. These data shed light on ChatGPT uptake and learning outcomes. Interaction learning, collaborative learning, infor-
mation quality, perceived simplicity of use, and perceived utility can improve learning outcomes using this technology, according to
the research. The results also suggest that ChatGPT may motivate learners, but more study is needed to understand the complicated
interaction between technology use and learning outcomes, see Fig. 3.

5. Discussion

This study investigated the factors influencing university students’ adoption of ChatGPT for research purposes and its subsequent
impact on learning satisfaction, supporting primary research objectives. The research analysis was guided by three key objectives:
firstly, to explore the determinants of ChatGPT adoption among students; secondly, to assess the mediating role of perceived ease of use
and perceived usefulness in the relationship between ChatGPT adoption and learning satisfaction; and thirdly, to identify and analyze
the effects of information quality, interaction quality, collaborative learning, and learning motivation on learning satisfaction among
students utilizing ChatGPT. By systematically examining these objectives, this research aimed to contribute to a deeper understanding
of Al adoption in education and its implications for learning outcomes. First objective: Factors influencing university students’ adoption of
ChatGPT for research purposes: this study aimed to investigate the factors influencing university students’ adoption of ChatGPT for
research purposes and its impact on learning satisfaction. The findings revealed several key determinants of ChatGPT adoption among
students. Interaction learning and collaborative learning emerged as significant factors influencing the adoption of ChatGPT for
research support context [10,25,44]. Students who engaged in conversations and shared experiences with colleagues regarding
ChatGPT reported increased comfort and confidence in using the tool, highlighting the importance of social interaction in technology
adoption [10,25,44]. Additionally, information quality played a crucial role in students’ choice to continue using ChatGPT [14].
Students were less inclined to rely on ChatGPT for their research needs when they encountered inaccurate or irrelevant information,
consistent with prior studies emphasizing the role of information quality in technology adoption [34,101,102].

Second objective: Mediating role of perceived ease of use and perceived usefulness. This study also assessed the mediating role of
perceived ease of use and perceived usefulness in the relationship between ChatGPT adoption and learning satisfaction among uni-
versity students. The results confirmed the intermediate function of perceived ease of use and perceived usefulness in this relationship,
consistent with the Technology Acceptance Model (TAM) [42,59]. Students reported heightened satisfaction with their learning
experience when they found ChatGPT to be user-friendly and beneficial for their research and learning activities. Enhancing ChatGPT’s
user-friendliness and perceived usefulness emerged as important choices for improving its impact on learning outcomes [25,103]. The
results further confirm the intermediate function of perceived ease of use and perceived usefulness in the connection between
engagement with ChatGPT and satisfaction with learning, consistent with the Technology Acceptance Model [42,59]. However, few
hypotheses proposing a positive relationship between perceived usefulness and ChatGPT Use was rejected. This finding contradicts
some previous research indicating that perceived usefulness significantly impacts technology usage [15]. However, it aligns with
studies suggesting that perceived usefulness may not always directly translate into actual usage behavior [57]. One possible expla-
nation could be that while students may perceive ChatGPT as useful, they may encounter barriers or lack sufficient motivation to
incorporate it into their research activities. Another poistive relationships linking ChatGPT Use to Learning Satisfaction was also
rejected. This result challenges the notion that increased technology usage necessarily leads to greater learning satisfaction. While
previous studies have demonstrated positive associations between technology usage and learning outcomes, the research findings
suggest a more nuanced relationship. It’s possible that other factors, such as the quality of interaction or the relevance of information
provided by ChatGPT, play a more significant role in shaping learning satisfaction. This underscores the complexity of the relationship
between technology usage and learning outcomes, emphasizing the need for a multifaceted approach when examining the impact of Al
adoption on learning satisfaction.

Third Objective: Effects of information quality, interaction quality, collaborative learning, and learning motivation on learning satisfac-
tion. Furthermore, this study identified and analyzed the effects of information quality, interaction quality, collaborative learning, and
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learning motivation on learning satisfaction among university students utilizing ChatGPT. The results demonstrated the significant
impact of these factors on learning satisfaction. Higher levels of learning satisfaction were associated with high-quality information
provided by ChatGPT, effective interaction experiences, collaborative learning activities, and increased learning motivation among
students. These findings contribute to a deeper understanding of the factors influencing learning satisfaction in the context of Al
adoption in education. The study found that the information quality given by ChatGPT had a substantial impact on researchers’ choice
to continue using it. Researchers were less inclined to depend on ChatGPT for their research requirements when they came across
erroneous or irrelevant material. This aligns with previous studies that highlight the significance of information quality in the adoption
and utilization of technology [70,104]. This underscores the necessity for ongoing enhancement in the precision and pertinence of
information delivered by ChatGPT to guarantee its enduring viability in research settings. The results of the study showed a strong
positive correlation between using ChatGPT and learning motivation, indicating that using ChatGPT may stimulate a person’s desire to
learn. This result builds on other studies investigating the potential for Al-powered educational tools to motivate students [25,103].
The capacity of ChatGPT to provide innovative material, offer tailored feedback, and enable interactive learning sessions can all help to
pique interest, build a feeling of achievement, and eventually increase motivation to study more about research subjects. The results
indicate an indirect impact mediated by learning desire, despite the study’s failure to uncover a direct correlation between ChatGPT
use and learning satisfaction. This suggests that although using ChatGPT by itself would not directly result in enhanced learning
satisfaction, it might be able to do so by encouraging learners to be more motivated to study. This result emphasizes the intricate
relationship that exists between learning results, motivation, and technology use. It also emphasizes the need for more study to
completely comprehend the processes by which Al-powered tools might affect learning satisfaction. The results of the study
demonstrate how several factors that affect ChatGPT adoption and learning outcomes are interrelated. Users became more comfortable
and confident using ChatGPT as a result of interaction learning and collaborative learning, which enhanced use. Maintaining user
involvement was largely dependent on the quality of the information provided, highlighting the ongoing need to improve the rele-
vance and accuracy of the content. Higher levels of learning pleasure were translated from ChatGPT interaction through the mediating
effects of perceived utility and simplicity of use. Lastly, the application of ChatGPT improved learning motivation, indicating that it has
the ability to raise student involvement and promote deeper learning.

Apart from all success, there is the hypothesis stating a positive relationship between Interaction Quality (IQ) and ChatGPT Use
(GPTU) was rejected. This finding challenges some existing literature suggesting that higher interaction quality leads to increased
technology usage [64-66]. While previous studies have highlighted the importance of interaction quality in fostering technology
adoption, results suggest that in the context of ChatGPT, other factors such as ease of use or perceived usefulness might have a stronger
influence on usage behavior. This discrepancy underscores the need for further investigation into the specific factors driving tech-
nology adoption in different educational contexts.

Comparing findings with existing literature in the field, this study aligns with previous research highlighting the importance of
social interaction, information quality, and perceived ease of use in technology adoption [15,34,35,52,67,105-107]. However, this
study extends this understanding by specifically examining the adoption of ChatGPT for research purposes and its impact on learning
satisfaction among university students. By integrating insights from the TAM and theories of collaborative learning, in this research
provided a comprehensive analysis of the factors influencing Al adoption and its effects on learning outcomes. Overall, this study
contributes to the current understanding of Al adoption and its impact on learning satisfaction by identifying key determinants and
mediating mechanisms in the context of ChatGPT. These findings have implications for educators, researchers, and policymakers
seeking to enhance technology adoption and improve learning outcomes in educational settings.

5.1. Implications

The results of this study have important consequences for both the academic community and educational professionals regarding
the use of AI ChatGPT by university students for research purposes. The significance of user-friendly interfaces and interactive learning
experiences in promoting the usage of ChatGPT is shown by the favourable impact of perceived ease of use and interaction learning.
These findings may be utilized by educational practitioners to improve the usability of Al technologies, guaranteeing a smooth and
instinctive user experience for university students involved in research activities. These key findings are aligned with existing theories,
particularly the Technology Acceptance Model (TAM) and collaborative learning theories. The results indicate that both ChatGPT use
and perceived ease of use are positively influenced by interaction and collaborative learning experiences, echoing the TAM’s emphasis
on the importance of perceived ease of use and perceived usefulness in technology adoption (Davis, 1989). Moreover, the significant
impact of information quality on ChatGPT use underlines the role of collaborative learning in promoting technology adoption and
enhancing user engagement, consistent with collaborative learning theories emphasizing knowledge construction through social
interaction [108]. These findings contribute to a deeper understanding of technology adoption and collaborative learning in educa-
tional contexts, highlighting relationships between technology use, learning motivation, and satisfaction. Additionally, the study
reveals the mediating roles of perceived ease of use and perceived usefulness in the relationship between ChatGPT interaction and
learning outcomes, highlighting the importance of considering these factors in educational interventions for AI technologies.
Furthermore, the observed beneficial effect of collaborative learning on the perceived utility underscores the importance of collab-
orative settings in promoting the perceived value of AI ChatGPT for research purposes. Educational institutions and instructors can
strategically include collaborative learning activities into research methodology, therefore fostering information sharing and coop-
erative involvement. This approach is consistent with collaborative learning theories [109] and frames AI technologies as tools that
support collaborative research activities, improving the educational experience for university students.

The consequences pertain to the assessment of learning satisfaction, wherein the favourable effects of perceived ease of use,
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perceived utility, and learning motivation underscore the interdependence of these elements in moulding the happiness of university
students using AI ChatGPT. Educational practitioners may utilise these observations to create interventions that target the highlighted
characteristics, prioritising user-friendly interfaces, highlighting perceived utility, and encouraging active involvement to improve
overall satisfaction levels. This is consistent with overarching ideas of user pleasure and motivation in the field of educational tech-
nology, as discussed by Refs. [110,111].

Moreover, the surprising results about the absence of statistical significance between the use of ChatGPT and the level of pleasure
with learning necessitate thoughtful examination. Educational practitioners should recognize the distinct attributes of Al ChatGPT and
university students environments, acknowledging that the correlation between technology use and contentment may be impacted by
subtle circumstances. This underscores the necessity for customised interventions and more study to reveal the complex dynamics of
technology use in advanced educational environments.

6. Conclusion

This study set out to investigate the factors influencing university students’ adoption of ChatGPT for research purposes and its
subsequent impact on learning satisfaction, aligning with primary research objectives. This research employed a structural equation
modelling approach to assess the relationships based on a well specified theoretical model that included constructs like perceived
usefulness, perceived ease of use, interaction learning, information quality, collaborative learning, and their interactions. The use of
Smart PLS for structural equation modelling (SEM) enhanced theoretical model’s resilience even more. The reliability and validity of
study were confirmed by the careful examination of the data gathered using a structured questionnaire, which provided a strong
framework for the investigation of the elements that influence the learning experience. The research analysis was guided by three key
objectives: firstly, to explore the determinants of ChatGPT adoption among students; secondly, to assess the mediating role of
perceived ease of use and perceived usefulness in the relationship between ChatGPT adoption and learning satisfaction; and thirdly, to
identify and analyze the effects of information quality, interaction quality, collaborative learning, and learning motivation on learning
satisfaction among students utilizing ChatGPT. Addressing first objective, findings revealed several crucial determinants of ChatGPT
adoption among students. Interaction learning and collaborative learning emerged as significant factors influencing ChatGPT adop-
tion, emphasizing the importance of social interaction in technology adoption. Additionally, the quality of information provided by
ChatGPT significantly influenced students’ decisions to continue using the tool, underscoring the importance of information quality in
technology adoption. Moving on to second objective, this study confirmed the mediating role of perceived ease of use and perceived
usefulness in the relationship between ChatGPT adoption and learning satisfaction. Students reported heightened satisfaction with
their learning experience when they found ChatGPT to be user-friendly and beneficial for their research and learning activities.
Furthermore, this study addressed the effects of information quality, interaction quality, collaborative learning, and learning moti-
vation on learning satisfaction among students utilizing ChatGPT, as outlined in third objective. The results demonstrated the sig-
nificant impact of these factors on learning satisfaction, highlighting the importance of providing high-quality information, fostering
effective interaction experiences, promoting collaborative learning activities, and enhancing learning motivation among students. This
study contributes to the current understanding of AI adoption and its impact on learning satisfaction by identifying key determinants
and mediating mechanisms in the context of ChatGPT. These findings have implications for educators, researchers, and policymakers
seeking to enhance technology adoption and improve learning outcomes in educational research settings. This study advances the field
of Al adoption and learning satisfaction research.

6.1. Limitations

In this research must note many intrinsic limitations in study, which might possibly impact the extent and generalizability of
findings. The exclusive focus of research on university students in the Saudi Arabian educational system may restrict the generaliz-
ability of findings to other cultural or institutional contexts. The distinct socio-cultural elements specific to Saudi Arabia may have
impacted the way participants responded and perceived things, in a way that may not be representative of other educational settings.
Furthermore, the use of a cross-sectional methodology in study limits capacity to establish causal linkages between variables, therefore
making it difficult to fully capture the dynamic character of AI ChatGPT adoption and its influence on learning satisfaction over a
period of time. Additionally, the use of self-reported data obtained through a questionnaire adds possible biases, including social
desirability and response bias, which can affect the accuracy of participant replies. This study primarily examined Al ChatGPT, and the
results may not be immediately applicable to other AI technologies or educational chatbots, which restricts the range of technical
representation in this research.

6.2. Future work

In order to overcome these constraints and enhance the comprehension of Al ChatGPT in educational environments, next research
endeavours should explore several routes. Longitudinal studies would provide a more thorough investigation of the time-related
patterns of AI ChatGPT adoption, documenting alterations in user attitudes and experiences over a prolonged duration. Conducting
comparative analyses in various educational settings and with different student demographics would improve the capacity to apply the
findings to a wider range of situations, taking into account cultural and contextual differences. Integrating qualitative research ap-
proaches, like as interviews or focus group discussions, can offer more comprehensive insights into the experiences of university
students with AI ChatGPT, complementing quantitative data. Furthermore, delving into the ethical aspects linked to Al in education,
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including concerns about privacy, data security, and the appropriate utilization of AI, will enhance comprehensive comprehension of
the consequences of using Al technology in academic environments. Future research might explore the collective influence of various
Al technologies on learning satisfaction, taking into account the changing Al landscape in education and providing insights into the
wider technology environment that affects educational methods. Future study can enhance comprehension of the intricate relationship
between artificial intelligence and education by taking into account these factors.
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Appendix A. Questionnaire

Please rate your agreement with the following statements on a scale from 1 to 5, where 1 represents "Strongly Disagree" and 5
represents "Strongly Agree".

Constructs Items

Perceived Ease of Use (5 items) 1. Interacting with AI ChatGPT for research purposes is easy for me.

2. I find it simple to navigate and use Al ChatGPT in my research activities.

3. Learning to use Al ChatGPT for research is simple.

4. Using AI ChatGPT enhances the ease of conducting research tasks.

5. I feel confident in my ability to use AI ChatGPT effectively for research purposes.
6

7

8

9

ChatGPT Use (5 items) . I actively use AI ChatGPT as a research tool.
. AI ChatGPT is an integral part of my research workflow.
. I consistently use AI ChatGPT in various aspects of my research.
. Al ChatGPT is a significant factor in my research efforts.
10. I utilise AI ChatGPT as a primary tool for conducting research.
Perceived Usefulness (5 items) 11. AI ChatGPT enhances the efficiency of my research tasks.
12. Using AI ChatGPT improves the quality of my research outputs.
13. Al ChatGPT adds value to my research process.
14. 1 perceive Al ChatGPT as a valuable resource for achieving research objectives.
15. The use of Al ChatGPT positively impacts the outcomes of my research projects.
Interaction Learning (5 items) 16. Interacting with AI ChatGPT enhances my learning experience in the context of research.
17. Al ChatGPT facilitates a more interactive and engaging learning process in my research activities.
18. I find that interaction with AI ChatGPT enhances my understanding of research concepts and methodologies.
19. Al ChatGPT contributes positively to my ability to grasp complex research ideas.
20. The interactive nature of AI ChatGPT enhances my overall learning satisfaction in research endeavors.
Information Quality (5 items) 21. The information provided by AI ChatGPT for research is accurate and reliable.
22. AI ChatGPT provides high-quality information that is relevant to my research objectives.
23. I trust the information provided by AI ChatGPT in my research projects.
24. Al ChatGPT enhances the overall quality of information available for my research.

(continued on next page)
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(continued)
Constructs Items
25. The information derived from AI ChatGPT significantly contributes to the rigor of my research outcomes.
Interaction Quality (4 items) 26. The interactions with AI ChatGPT are pleasant and user-friendly.
27. Al ChatGPT provides a seamless and enjoyable user experience in my research activities.
28. The interactions with AI ChatGPT are effective in addressing my research inquiries.
29. I find the interaction with AI ChatGPT to be satisfying and conducive to my research tasks.
Collaborative Learning (3 items) 30. AI ChatGPT supports collaborative learning efforts within my research team.
31. Collaborating with AI ChatGPT enhances the synergy among research team members.
32. AI ChatGPT fosters a collaborative environment conducive to shared research insights.
Learning Motivation (5 items) 33. Interacting with AI ChatGPT motivates me to actively participate in my research tasks.
34. The use of AI ChatGPT enhances my motivation to achieve meaningful outcomes in my research.
35. AI ChatGPT contributes positively to my overall motivation in the pursuit of research excellence.
36. I feel more motivated to engage in research activities with the support of AI ChatGPT.
37. Interacting with AI ChatGPT stimulates my motivation for conducting rigorous and insightful research.
Learning Satisfaction (5 items) 38. Overall, I am satisfied with the learning experience facilitated by Al ChatGPT in my research endeavors.
39. The use of AI ChatGPT enhances my satisfaction with the research process.
40. I find that AI ChatGPT contributes significantly to my overall satisfaction with research-related activities.
41. The learning opportunities provided by AI ChatGPT contribute to my overall satisfaction as a postgraduate researcher.
42. T am highly satisfied with the learning outcomes and experiences facilitated by Al ChatGPT in my research journey.
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