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Abstract 
 
The rapid expansion of generative artificial intelligence (GenAI) tools in higher education has 
transformed students’ academic practices, shifting attention from initial adoption to sustained use. 
Despite this growth, empirical research examining the determinants of students’ continuance 
intention toward GenAI remains limited, particularly within Arab and African higher education 
contexts, where institutional conditions and digital transformation trajectories differ from those 
in developed economies. To address this gap, this study develops and empirically tests an 
integrated post-adoption framework that combines the D&M IS Model with the ECM Model, while 
extending these perspectives through the inclusion of trust, perceived risk, and price value. Data 
were collected through a web-based survey administered to 594 undergraduate and postgraduate 
students with prior experience using GenAI tools for academic purposes. Partial least squares 
structural equation modelling (PLS-SEM) was used to evaluate the proposed model. The results 
show that satisfaction is the most powerful predictor of the continuance intention of the students 
and next is the price value and this shows that perceived benefits are more important than costs 
of usage. Conversely, the performance expectancy is not found to have a significant direct impact 
on the continued use of GenAI. Moreover, system quality, information quality and service quality 
are important in increasing student trust and satisfaction. Confirmation has a positive impact on 
satisfaction and performance expectancy, and perceived risk is positively correlated with trust in 
GenAI tools. This study contributes to the existing knowledge about GenAI post-adoption behavior 
in Arab and African higher education and offers practical implications towards establishing 
sustainable, trustful, and value-driven application of generative AI in higher education. 
 
Keywords: Generative artificial intelligence (GenAI), Higher education, ECM, D&M IS, Trust  
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Introduction 

The swift advancements in GenAI tools 
including, ChatGPT, Gemini, and DALL-E, are 
transforming the higher education 
landscape for students, opening new 
avenues for students in higher education. 
GenAI tools offer personalized learning 
experiences, personalized feedback, writing 
support, brainstorming, and research for 
higher education students (Chan & Hu, 
2023; Nikolopoulou, 2024). GenAI is a series 
of artificial intelligence algorithms where 
new content is generated based on existing 
information, including text, audio files, and 
images (Epstein et al., 2023). GenAI tools, 
specifically large language models (LLMs) 
such as ChatGPT, Claude, and GPT-4, could 
change the learning process throughout the 
educational environment (Pesovski et al., 
2024). GenAI tools can create pertinent 
content, support creative activities, and 
supply personalized feedback based on 
natural language processing and predictive 
models to offer personalized learning 
experiences and other learning practices 
(Yusuf et al., 2024). GenAI tools may also 
support students by demonstrating 
knowledge gaps and building the 
foundational knowledge to progress future 
coursework and support the student’s goals 
(Li, 2024). As an illustration, GenAI tools 
like ChatGPT and Claude were able to assist 
students' learning by giving them feedback 
and fostering active and adaptive learning 
(Wang et al., 2024).  

Even though there is growing integration of 
GenAI tools and technologies in higher 
education, there are very few studies that 
address the factors impacting students’ 
continued intention to use them, 
particularly within the Arab region. 
Previous studies have focused on the 
intention to use and accept GenAI tools in 
higher education (Lai et al., 2024; Tian et al., 
2024; Ivanov et al., 2024; Balaskas et al., 
2025). Other studies have investigated the 
actual use of GenAI tools in higher education 
(Duong et al., 2023; Habibi et al., 2023). As 
reported by Duong et al. (2024) and Qi et al. 
(2025), students’ intention to continue 
using such tools after their initial 
acceptance and adoption seems to be an 

underexplored area. This study used the 
ECM model to examine the factors 
underlying the continued use of GenAI tools 
by university students, merging it with the 
D&M IS Model to analyze the impact of 
trust-satisfaction continuum on 
information, system, and service quality. 
This research used the ECM model to 
understand the factors impacting students’ 
continued use of GenAI tools and integrated 
the D&M IS Model to analyze how the 
dimensions of information, system, and 
service quality foster trust and satisfaction 
in students. The synthesis of these 
frameworks provides a solid base for 
understanding the factors that underpin the 
students’ continued use of GenAI tools in 
higher education contexts.  

 Literature Review 

 Generative AI Tools in Higher Education 

The emergence of GenAI tools has 
fundamentally reshaped educational 
practices within universities through 
innovative content creation capabilities, 
customized learning experiences, and 
enhanced scholarly assistance. Students, 
faculty members, and academic researchers 
have progressively adopted GenAI tools, 
including ChatGPT, Grammarly, and 
QuillBot, to facilitate written 
communication support, idea development, 
analytical research processes, and provision 
of automated responses (Chan & Hu, 2023). 
Despite the benefits GenAI tools offer in 
higher education, students face notable 
concerns and challenges. Particularly, 
concerns with academic integrity and 
plagiarism which require a 
careful management (Farrelly & Baker, 
2023). Research emphasizes the 
importance of implementing ethical, open, 
and learner-focused strategies to mitigate 
issues including academic integrity, bias 
inherent in AI-generated content, and 
appropriate utilization of GenAI tools in 
response to identified obstacles and 
apprehensions (Chan, 2023; Holmes et al., 
2022). The development of overarching 
ethical constraints and institutional policies 
could significantly increase students’ trust 
and intention for using GenAI tools while 
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enhancing the longevity of these 
technologies’ use in higher educational 
contexts (Chan, 2023; Yusuf et al., 2024).  

To investigate the impact of the UTAUT 
dimensions on the trust, attitudes, and 
intentions to continue using ChatGPT to 
learn the educational activities, Duong 
(2024) adopted the stimulus-organism-
response (SOR) model. The study, according 
to the survey data of 392 tertiary 
Vietnamese students, has found that 
positive attitudes to ChatGPT and trust in its 
outputs were appropriate predictors of the 
sustained intention of students to use the 
system. Tan et al. (2024) applied the 
UTAUT3 model and the information system 
success (ISS) model to identify 
determinants of student satisfaction and 
continuance intention of using ChatGPT and 
incorporated an aspect of conversational 
quality of the ISS model. Web-based 
questionnaires were used to collect data on 
388 students in a Malaysian university that 
is privately owned and analyzed using PLS-
SEM. Findings showed that hedonic 
motivation, habitual use and facilitating 
conditions are positive predictors of student 
continuing adoption intentions of ChatGPT, 
whereas system, information, service, and 
conversational quality dimensions are 
positive predictors of student satisfaction 
with the tool. 

Balaskas et al. (2025) examined potential 
variables that could affect the intention of 
students to adopt ChatGPT by adopting the 
technology acceptance model (TAM) to 
incorporate the perceived trust and 
perceived risk constructs. Questionnaire 
data on the perceived ease of use, perceived 
intelligence, perceived trust and perceived 
risk of 435 higher-education students were 
analyzed in a structural equation modelling, 
which showed that perceived ease of use, 
perceived intelligence, perceived trust, and 
perceived risk have significant impacts on 
adoption intention. The authors also proved 
that perceived risk is a complete mediator of 
the association between perceived 
usefulness and adoption intention, and 
perceived trust has a limited mediating 
effect. 

Lai et al. (2024) studied how 
undergraduates are influenced in their 

intention to use ChatGPT to complete 
assessment-related tasks. Using a structural 
equation modelling method, the paper 
expanded the UTAUT model and gathered 
information through an online 
questionnaire of 483 higher education 
students in Hong Kong. The results 
indicated that moral obligation and 
perceived risk have a strong impact on the 
acceptability of ChatGPT among students 
and that the intentions to use the system in 
evaluative tasks are boosted considerably 
by performance expectancy and effort 
expectancy. Tian et al. (2024) studied the 
utilization and acceptance of the generative 
AI chatbots by the Chinese university 
students based on the UTAUT and the 
expectation-confirmation model (ECM). The 
responses of 373 students in different 
universities in China were analyzed through 
the structural equation modelling. The 
results revealed that ECM-based constructs 
are related to a superior explanation of 
student attitudes and behavioral intentions 
than UTAUT variables, and that personal 
innovativeness is a significant factor that 
can or cannot make students willing to use 
generative-AI chatbots in their studies. 

Duong et al. (2023) used the UTAUT model 
to test how effort expectancy correlates 
with performance expectancy among the 
students of the university. Survey data of 
1,461 Vietnamese university students were 
used to assess the effects of both effort 
expectancy and performance expectancy 
using both the methods of the polynomial 
regression and the response-surface 
analysis, which demonstrated that both 
expectancy variables have significant 
positive influence on the intentions of the 
students to use ChatGPT. Habibi et al. (2023) 
examined the aspects of ChatGPT adoption 
in Indonesian institutions of higher 
education. Based on the UTAUT2 framework 
and using PLS-SEM and importance-
performance map analysis (IPMA) to the 
answers of 1,117 students, the authors 
found that the facilitating conditions were 
the main predictor of the behavioral 
intention of students towards the use of 
ChatGPT. Furthermore, the behavioral 
intention became the most effective 
predictor of the actual utilization of 
ChatGPT.  
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Previous investigations into adoption and 
sustained use of digital technologies within 
universities’ contexts have predominantly 
utilized either the Expectation-
Confirmation Model (ECM) or the DeLone 
and McLean IS Success Model (D&M IS) as 
separate frameworks. Although ECM 
effectively demonstrates how expectation 
and confirmation mechanisms drive user 
satisfaction and continuance intention, this 
model lacks comprehensive coverage of 
system quality, information quality, and 
service quality aspects which are important 
to consider for assessing digital 
technologies such as Generative AI tools. 
Conversely, the D&M IS model provides an 
explanation for all three system related 
success factors, however, it provides little 
explanation of post-adoption psychological 
mechanisms including confirmation and 
expectations. By integrating ECM with the 
D&M IS frameworks, this study bridges 
these two perspectives, providing a more 
comprehensive explanation of students’ 
continuance intention. This is novel 
integration in terms of generative AI in 
higher education, as it is both addressing 
users’ cognitive evaluations (confirmation, 
satisfaction, trust, risk, and value) and 
system success components (system, 
information, and service quality). Moreover, 
according to the researcher’s knowledge, a 
few studies have examined the continuance 
intention of GenAI tools in higher education 
context. Therefore, filling the gap in 
literature, as they are rarely combined to 
explain the continuance intention toward 
emerging technologies in educational 
settings. 

Theoretical Foundation 

Expectation-Confirmation Model of IS 
Continuance 

ECM was first introduced by Bhattacherjee 
in the year of 2001 (Bhattacherjee, 2001). 
As an extension of the ECT Model, 
Bhattacherjee proposed the ECM for 
Information Systems, shifting attention 
from initial adoption to continued use 
(Cheng, 2019). The ECM is significant in 
post-adoption studies, as it provides 
sufficient theoretical framework for the 
analysis of user perception to abandon or 
continue technology use (Tam et al., 2020). 

As for GenAI in higher education, the ECM 
model provides a deeper perspective of 
analysis on the factors underpinning 
students’ sustained engagement with such 
innovative tools. As cited in Ngo et al. 
(2024), expectation confirmation was 
proven to significantly impact the perceived 
usefulness and satisfaction of ChatGPT. 
Moreover, in the ECM based study by Tian et 
al. (2024), a significant relationship of 
performance expectancy was established. 
This study also established a positive 
correlation between students’ satisfaction 
and expectation confirmation with AI 
chatbots. This in turn, fosters their academic 
engagement with AI chatbots. 

DeLone and McLean Information Systems 
Success Model (D&M IS Model) 

The DeLone and McLean Information 
Systems Success Model by Delone & Mclean 
(2003) outlines the following three primary 
dimensions of quality: system quality, 
information quality, and the quality of 
service. User perceptions and, therefore, 
user satisfaction and intended use, as well 
as the benefits that the information system 
is able to provide, could be tied to the D&M 
IS Model’s quality dimensions (Gao & 
Waechter, 2017; Isaac et al., 2019). Such a 
model illustrates a continual-level of 
flexibility and durability, which is 
corroborated in the majority of literature 
devised to assess the model’s quality 
characteristics to technologies in the 
domains of e-governance, mobile payments 
and educational technology (Gao & 
Waechter, 2017; Isaac et al., 2019). The D&M 
IS Model could provide a framework to 
analyze the antecedents of continuous 
engagement with GenAI tools in academic 
contexts. The model’s flexibility to 
accommodate emergent technologies and 
changing expectations is an advantage in 
educational settings (Aldholay et al., 2020). 
Therefore, the integration of D&M IS Model 
and ECM Model could enrich the 
understanding of what motivates students 
in higher education to persist in their use of 
GenAI tools.  
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Theory Integration 

This study converges Bhattacherjee (2001) 
with Delone & Mclean (2003) to explain 
within a single framework students’ 
intention to continue using generative AI 
tools in higher education. The D&M model 
states that system use satisfaction and trust 
are contingent on the system evaluation 
along the dimensions of system, 
information, and service. High trust and 
satisfaction are more likely to occur if the 
system’s components are rated positively. 
Trust is the belief in the system’s reliability 
and usefulness and is foundational to the 
acceptance of a system’s positive attitudes 
toward continued use. Within this context, 
the ECM addresses the confirmation of 

expectations’ satisfaction and their 
influence on behavioral outcomes’ post 
adoption. Bhattacherjee (2001) argues that 
if the technology meets or exceeds the 
expectations, the level of satisfaction 
augments and that enhances the intention 
to use it more. In an integrated approach, 
the present study posits that the D&M 
model quality dimensions are the factors 
which enhance users’ trust and satisfaction, 
which are foundational in the ECM 
framework, and lead to continuance 
intention. This integration yields a level of 
understanding about the determinants of 
students’ sustained use of generative AI 
tools which are more sophisticated and 
nuanced than in previous studies. 

 

Figure 1: The proposed model 
 
 

Research Hypotheses 

Effect of Information Quality on Trust and 
Satisfaction 

Information quality is defined as the degree 
to which an information system produces 
output content with a level of accuracy, 
timeliness, organization, and completeness 
(Delone & Mclean, 2016). Prior studies have 
found significant relationships between 
information quality, trust, and satisfaction, 
so we argue that GenAI tools’ high-quality 
outputs generate student trust and 
satisfaction (Ding et al., 2023; Qi et al., 
2025).  In the Tan et al. (2024) study, they 
emphasized the positive relation of 
ChatGPT-generated information and 
students’ satisfaction. Therefore, this study 
investigates information quality through the 

considerations of accuracy, timeliness, and 
relevance of GenAI tool outputs. 
Accordingly, the following hypotheses are 
proposed: 
 
  H1a: Higher information quality enhances 
students’ trust in GenAI tools. 
  H1b: Higher information quality enhances 
students’ satisfaction with GenAI tools. 
 
Effect of System Quality on Trust and 
Satisfaction 

System quality is defined along the 
dimensions: reliability, ease of use, response 
time, and performance (Al-Obthani et al. 
2019). These dimensions help determine 
users’ satisfaction and trust within 
technological contexts. Daher & Hussein 
(2024) identified that students experienced 
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greater satisfaction related to the 
interactivity and responsiveness of the 
GenAI tools that they utilized, which 
suggests system quality is important for 
developing trust for users that are more 
tech savvy.  Tan et al. (2024) have also 
indicated the importance of system quality 
in students’ satisfaction of the continued 
use of ChatGPT in higher education. In this 
study, system quality means the reliability, 
user-friendly, and responsiveness of GenAI 
tools. Thus, the following hypotheses are 
suggested:  
 
  H2a: Higher system quality enhances 
students’ trust in GenAI tools. 
  H2b: Higher system quality enhances 
students’ satisfaction with GenAI tools. 
 

Effect of Service Quality on Trust and 
Satisfaction 

Service quality is the extent to which the 
information system assists its users (Petter 
& McLean, 2009). It also encompasses 
accessibility, multimedia tools, and real-
time feedback (Aldholay et al., 2018). Such 
factors are elementary in building users’ 
trust and satisfaction. A recent study by 
Lisana & Handarkho (2023) on mobile 
payment adoption in Indonesia, for 
instance, noted that, of all the factors 
considered, service quality had the highest 
impact on user trust. Service quality, as 
shown in Tan et al. (2024), is also one of the 
major predictors of students’ satisfaction in 
the utilization of ChatGPT for higher 
education. Consistent with the previous 
research, the study’s aim proposes the 
following hypotheses: 
 
  H3a: Higher service quality enhances 
students’ trust in GenAI tools. 
  H3b: Higher service quality enhances 
students’ satisfaction with GenAI tools. 
 
Effect of Trust on Perceived Risk and 
Continuous Intention 

Trust has become an essential factor in the 
willingness of higher education students to 
continue adopting generative AI tools. Jung 
& Jo (2025) showed that trust is associated 
with initial adoption and continued use of 
generative AI tools. Chatterjee & 

Bhattacharjee (2020) further argue that 
learners' confidence in the reliability and 
transparency of information generated by 
AI affects how they intend to continue using 
AI powered writing and tutoring systems 
which are a measure of persistence. Trust 
also mediates students' perceptions of the 
risks associated with their academic work 
and their intention to continue using GenAI 
tools. Ding et al. (2023) state that learners 
are more likely to integrate tools into their 
study routines when they consider those 
tools to be accurate and reliable—like 
ChatGPT. Luo (2024) uncovered that 
students' assignment of their reliance with 
GenAI tools and the corresponding absence 
of transparency regarding the grading and 
assessment criteria promotes a culture of 
low trust. This research defines trust as 
students' confidence in GenAI tools' 
reliability and credibility for academic 
support purposes. Therefore, the following 
hypotheses are advanced: 
 
  H4a: Higher trust reduces students’ 
perceptions of perceived risk when using 
GenAI tools. 
 
  H4b: Higher trust enhances students’ 
continuous intention to use GenAI tools. 
 
Effect of Perceived Risk on Continuous 
Intention 

Risk perception continues to be regarded as 
a primary barrier to the students' ongoing 
access to GenAI tools. Previous research by 
Al-Emran et al. (2025) and Oc et al. (2024) 
has shown that privacy, bias, and 
misinformation issues act as formidable 
barriers to GenAI tool use in student 
populations. Furthermore, research 
demonstrates that students' perceptions of 
risk also concern issues of academic 
dishonesty and ethical concerns. Research 
shows that a considerable proportion of 
students do not use GenAI tools and 
technologies primarily because of the fear of 
being “detected” or falsely accused of 
academic misconduct. For example, Golding 
et al. (2025) explain that a great majority of 
students consider the use of GenAI for 
assignment production as cheating even 
though they understand that it can be used 
for studying and brainstorming. This 
ambiguity breeds confusion and worry, 
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which leads students to shy away from the 
use of GenAI tools because of concerns 
about academic integrity (Song, 2024). This 
study views risk perception as concerns 
regarding academic integrity and privacy 
risk. Based on the arguments which have 
been put forward, the study proposes the 
following hypothesis: 
 
  H5: Higher perceived risk reduces 
students’ continuous intention to use GenAI 
tools. 
 
Effect of Performance Expectancy on 
Satisfaction and Continuance Intention 

Performance expectancy refers to 
individuals’ beliefs about to what degree 
using a system will help improve job 
performance (Venkatesh et al., 2003). 
Studies have shown performance 
expectancy affects students’ satisfaction 
and behavioral intentions to keep using 
GenAI tools. Ngo et al. (2024) found that the 
perceived usefulness of ChatGPT 
significantly influences higher education 
students’ intention to continue ChatGPT 
use. Similarly, Tian et al. (2024) had a 
similar finding as they found that 
performance expectancy positively 
correlates with satisfaction towards the use 
of AI Chatbots. Meta-analytical studies also 
found performance expectancy is the 
strongest predictor of students’ behavioral 
intentions and continued engagement 
towards GenAI, emphasizing the need to 
align students’ expectations with the 
capabilities of generative AI tools (Diao et 
al., 2024; Wu et al., 2025). From these 
findings, the following hypotheses are 
formed:  
 H6a: Higher performance expectancy 
enhances students’ satisfaction. 
 H6b: Higher performance expectancy 
enhances students’ continuous intention to 
use GenAI tools. 
 
Effect of Confirmation on Performance 
Expectancy and Satisfaction 

"The users' level of the appropriateness 
between their actual performance and 
expectation of the usage of information 
systems and services" characterizes 
confirmation (Hsu & Lin, 2015). Existing 
research has established connections 

linking confirmation with performance 
expectancy, demonstrating that satisfaction 
emerges and continuance intentions 
develop when students' GenAI tool 
expectations achieve confirmation. 
Research by Tian et al. (2024) and Ngo et al. 
(2024) revealed that confirmation of 
student expectations substantially affects 
their continued usage intentions for 
ChatGPT and AI chatbots, showing positive 
associations with both satisfaction and 
performance expectancy within higher 
education settings. Accordingly, the 
following hypotheses are formulated: 

   H7a: Higher confirmation enhances 
students’ performance expectancy. 
   H7b: Higher confirmation enhances 
students’ satisfaction. 
 
Effect of Price Value on Continuance 
Intention 

Price value refers to users' evaluation of 
whether the technological benefits—
including performance, usefulness, 
convenience, and more provided benefits—
are worth the monetary costs and any other 
losses required for the use of the technology 
(Venkatesh et al., 2012). In the literature, a 
direct connection has been established 
between the perceptions of high price value 
and increased user intention towards using 
the GenAI tool. Thus, Sergeeva et al. (2025) 
stated that intentions of students in higher 
education concerning the behavioral use of 
GenAI technology are influenced by price 
value in a positive manner. In another 
research by Ni & Cheung (2023) about the 
value of price in the use of AI intelligent 
tutoring systems in learning English, price 
value was found to have a direct positive 
impact on the students’ continuance 
intention of using the technology. Based on 
the reviewed literature, the following 
hypothesis is presented. 
 
  H8: Higher price value enhances students’ 
continuous intention to use GenAI tools. 
 
Effect of Satisfaction on Continuance 
Intention 

Satisfaction at technology adoption is “the 
result of a comparison between what a user 
desires and expects from a technology and 
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what is experienced at the point of 
adoption” (Liu & Khalifa, 2003). In studies of 
generative AI tools in education, satisfaction 
has consistently been shown to play a 
critical role in shaping students’ continued 
use. For example, Tian et al. (2024) reported 
a strong positive relationship between 
graduate students’ satisfaction and their 
intention to keep using AI chatbots. Tan et 
al. (2024) also found a similar impact 
among undergraduates using ChatGPT for 
academic purposes. More recently, Qi et al. 
(2025) highlighted the mediating effect of 
satisfaction, showing that perceptions of 
information quality influenced students’ 
long-term engagement with GenAI tools 
primarily through their satisfaction with the 
technology. Thus, we propose the following 
hypothesis: 
 
  H9: Higher satisfaction enhances students’ 
continuous intention to use GenAI tools. 

 
Research Methodology 

A quantitative survey methodology was 
adopted in this study to investigate the 
factors affecting higher education students’ 
intentions to continue using generative AI 
tools. Partial Least Squares Structural 
Equation Modeling (PLS-SEM) was used as 
the analytical method due to its ability to 
test complicated relationships between 
constructs while simultaneously estimating 
the structural model and measurement 
model components (Hair et al., 2019). The 
analysis was carried out in a specific 
sequence. Among the first steps is the 
presentation of demographic profiles of 
respondents. Next, the reliability and 
validity of the constructs were upheld, then 
came descriptive statistics of the constructs 
and path coefficients which assessed the 
hypothesized relationships and the 
correlation among the constructs. Finally, 
the confirmation of the structural model 
assessment explained its utility and gauged 
the extent to which the theoretical 
framework outlined the students' 
continuance intentions. 
 

Measurement Development  

Using a survey tool, GenAI tool demographic 
and background data pertaining to higher 
education students were gathered. The 
factor that the research question sought to 
understand was students’ intentions to 
continue using the technologies for 
academic purposes. The survey tool was 
created through the modification of 
validated instrument items to align with the 
specific purposes of the research study. The 
constructs names: Information quality (IQ), 
System quality (SYQ), and Service quality 
(SEQ) adapted from (Chen et al., 2023). 
Trust (TRU) and Continuance Intention 
from (Kang et al., 2024), Confirmation 
(Conf) and Satisfaction (Satisf) from (Tian 
et al., 2024), Performance expectancy (PE) 
from (Khlaif et al., 2024), Perceived risk 
(PR) from (Lai et al., 2024), and Price value 
(PV) from (Gansser & Reich, 2021). All 
measurement items employed a seven-
point Likert scale with responses spanning 
from 1 ("strongly disagree") to 7 ("strongly 
agree").  

Data Collection and Sample Size 

The questionnaire was completed and 
subsequently distributed through the Zoom 
Survey platform to students in higher 
education institutes in Egypt. Participants 
were recruited through non-probability 
convenience sampling using university 
mailing lists, student groups and various 
social media platforms. This sampling 
technique was chosen because the GenAI 
tools in education are still in the emerging 
stage, which means the target population 
should have had a certain level of 
interaction with such tools. The sample 
consisted of 734 undergraduates and 
postgraduates in higher education from four 
reputable private universities in Egypt. 140 
responses were considered invalid as either 
the responses were incomplete, or the 
participants had never used GenAI tools. 
Therefore, 594 responses were used for 
further analysis. 
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Data Analysis 
Table 1: Demographic analysis 

Variable Category N % 

Gender 
Female 281 47.3% 

Male 313 52.7% 

Age 

18 to 25 years old 457 76.9% 

26 to 35 years old 45 7.6% 

36 to 45 years old 66 11.1% 

Above 45 years old 26 4.4% 

Education level 
Postgraduate 151 25.4% 

Undergraduate 443 74.6% 

Faculty 

Business 298 50.2% 

Computer science 82 13.8% 

Engineering 64 10.8% 

Logistics 61 10.3% 

Media/Language 52 8.8% 

Medicine 23 3.9% 

Other 14 2.4% 

Prior Experience with GenAI 
tools  

Extensive experience 116 19.5% 

Minimal experience 100 16.8% 

Moderate experience 378 63.6% 

How frequently do you use 
GenAI in your study? 

Daily 274 46.1% 

Monthly 47 7.9% 

Rarely 35 5.9% 

Weekly 238 40.1% 

Primary Purpose for Using 
GenAI Tools in your study 

(Multiple Response Question) 

Research assistance  436 38.1% 

Writing and editing support 
problem 

319 27.9% 

Solving and study assistance 360 31.5% 

Other 29 2.5% 

What type of GenAI tool are you 
using for study? (Multiple 

Response Question) 

ChatGPT 565 40.7% 

Claude 45 3.2% 

DeepSeek 158 11.4% 

CoPilot 77 5.5% 

Grammarly 149 10.7% 

QuillBot 159 11.5% 

Gemini Google’s 219 15.8% 

Other 16 1.2% 

 
 
Measurement Model Assessment  
 
Measurement Model Assessment is a crucial 
part of PLS-SEM Analysis as it evaluates the 
validity and reliability of the constructs 
prior to structural relationship 
assessments. Measurement Model 
Assessment includes three key components 
of assessment: convergent validity, internal 
consistency reliability, and discriminant 

validity (Hair et al., 2019). Assessing the 
measurement model provides assurance 
that indicators are a good representation of 
the constructs they measure for each 
indicator; further, that the constructs 
themselves are distinguishable and 
separate from one another. Therefore, an 
assessment of the measurement model will 
provide the researcher with greater 
confidence in the results obtained when 
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assessing the structural model and testing 
hypotheses. 
 

Table 2: Item Loadings 

Item <- Construct Loading t-value P-value 

95% CI for 
Loading 

LL UL 

SYQ1 <- System Quality 0.896 61.551 0.000 0.864 0.922 

SYQ2 <- System Quality 0.909 77.065 0.000 0.883 0.930 

SYQ3 <- System Quality 0.891 70.808 0.000 0.864 0.913 

IQ1 <- Information quality 0.798 37.449 0.000 0.752 0.835 

IQ2 <- Information quality 0.826 38.688 0.000 0.779 0.863 

IQ3 <- Information quality 0.887 81.622 0.000 0.864 0.906 

IQ4 <- Information quality 0.815 37.914 0.000 0.767 0.851 

SEQ1 <- Service quality 0.823 39.101 0.000 0.778 0.859 

SEQ2 <- Service quality 0.852 55.948 0.000 0.820 0.881 

SEQ3 <- Service quality 0.849 49.671 0.000 0.813 0.879 

TRU1 <- Trust 0.850 53.323 0.000 0.816 0.880 

TRU2 <- Trust 0.891 65.134 0.000 0.860 0.914 

TRU3 <- Trust 0.855 54.310 0.000 0.821 0.882 

Satisf1 <- Satisfaction 0.853 48.482 0.000 0.815 0.884 

Satisf2 <- Satisfaction 0.873 53.884 0.000 0.838 0.900 

Satisf3 <- Satisfaction 0.886 72.617 0.000 0.860 0.908 

Satisf4 <- Satisfaction 0.891 73.002 0.000 0.864 0.913 

Conf1 <- Confirmation 0.691 20.032 0.000 0.615 0.755 

Conf2 <- Confirmation 0.784 27.640 0.000 0.716 0.829 

Conf3 <- Confirmation 0.767 24.507 0.000 0.689 0.816 

PE1 <- Performance Expectancy 0.510 10.259 0.000 0.401 0.598 

PE2 <- Performance Expectancy 0.802 33.954 0.000 0.751 0.842 

PE3 <- Performance Expectancy 0.877 70.627 0.000 0.851 0.899 

PE4 <- Performance Expectancy 0.870 59.895 0.000 0.839 0.895 

PR1 <- Perceived Risk 0.902 71.009 0.000 0.874 0.924 

PR2 <- Perceived Risk 0.892 62.148 0.000 0.862 0.918 

PR3 <- Perceived Risk 0.891 67.751 0.000 0.864 0.916 

PV1 <- Price value 0.876 51.271 0.000 0.840 0.908 

PV2 <- Price value 0.905 79.330 0.000 0.879 0.925 

PV3 <- Price value 0.876 60.120 0.000 0.845 0.902 

CI1 <- Continuance Intention 0.878 59.281 0.000 0.848 0.905 

CI2 <- Continuance Intention 0.841 40.881 0.000 0.797 0.879 

CI3 <- Continuance Intention 0.903 88.780 0.000 0.882 0.922 

 
The results provide significant evidence of 
the convergent validity of the indicators in 
measuring the constructs they were 
designed to measure. Each factor loading 
exceeded .40, which is a minimum 
recommended value for a valid indicator; 
factor loadings ranged from 0.510 to 0.909. 
Each factor loading had a t-value greater 
than 1.96 and a p-value of 0.000, thus 

confirming that all loadings are statistically 
significant and providing significant 
evidence of convergent validity. The 95% 
confidence interval around each factor 
loading further supports this finding as 
none of the intervals included "zero" and 
therefore demonstrated sufficient precision 
around the estimated parameters. 
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Table 3: Reliability and convergent validity 

  
Cronbach's 

Alpha 
rho_A 

Composite 
Reliability 

Average Variance 
Extracted (AVE) 

System Quality 0.881 0.883 0.927 0.808 

Information quality 0.851 0.855 0.900 0.693 

Service quality 0.794 0.797 0.879 0.708 

Trust 0.833 0.837 0.900 0.749 

Satisfaction 0.899 0.901 0.929 0.767 

Confirmation 0.611 0.599 0.792 0.560 

Performance Expectancy 0.768 0.810 0.856 0.607 

Perceived Risk 0.876 0.877 0.923 0.801 

Price value 0.862 0.862 0.916 0.784 

Continuance Intention 0.846 0.851 0.907 0.765 

 
The Average Variance Extracted (AVE) 
scores for most constructs provide 
additional evidence for convergent validity 
for the models. All constructs achieve AVE 
scores above the 0.50 mark which indicates 
that these constructs account for more than 
50% of the variance in their respective 
indicators (Fornell & Larcker, 1981). The 
internal consistency evaluation 
demonstrates that AVE is more than 0.5 
which indicates strong internal consistency. 
Cronbach alpha scores between 0.611 and 
0.899 are recorded, whereby most 
constructs surpass the benchmark 

threshold of 0.70 (Nunnally & Bernstein, 
1995). The rho-A values, as an alternative 
and more robust indicator of internal 
consistency which is less impacted by the 
number of items, confirm these 
observations by yielding values between 0. 
599 and 0.901, reinforcing the evidence 
concerning model reliability. Every 
construct, on the other hand, as PLS-SEM 
evidence composite reliability values lower 
than PLS-SEM thresholds of 0.793, 
surpasses the 0.70 standard benchmark set 
(Hair et al., 2019). 

 
Table 4: Heterotrait-Monotrait Ratio (HTMT) 

 
Conf CI IQ PR PE PV Satisf SEQ SYQ TRU 

Conf                     

CI 0.679 
CI.95(0.
570,0.77
5) 

                  

IQ 0.772 
CI.95(0.
685,0.84
6) 

0.618 
CI.95(0.
531,0.6
97) 

                

PR 0.776 
CI.95(0.
699,0.85
0) 

0.790 
CI.95(0.
72, 
0.851) 

0.669 
CI.95(0
.591,0.
736) 

              

PE 0.754 
CI.95(0.
654,0.85
5) 

0.507 
CI.95(0.
402,0.6
01) 

0.465 
CI.95(0
.357,0.
564)  

0.453 
CI.95(0
.344,0.
554) 

            

PV 0.761 0.861 0.610 0.735 0.555           
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CI.95(0.
670,0.84
8) 

CI.95(0.
670,0.8
48) 

CI.95(0
.525,0.
685) 

CI.95(0
.669,0.
794) 

CI.95(0
.458,0.
645) 

Sati
sf 

0.697 
CI.95(0.
596,0.78
7) 

0.951 
CI.95(0.
920,0.9
8) 

0.638 
CI.95(0
.563,0.
709) 

0.769 
CI.95(0
.701,0.
830) 

0.482 
CI.95(0
.375,0.
576) 

0.887 
CI.95(
0.844,
0.93) 

        

SEQ 0.792 
CI.95(0.
696,0.87
8) 

0.695 
CI.95(0.
607,0.7
77) 

0.840 
CI.95(0
.785,0.
888) 

0.798 
CI.95(0
.731,0.
861) 

0.467 
CI.95(0
.352,0.
567) 

0.706 
CI.95(
0.629,
0.784) 

0.697 
CI.95(
0.607,
0.776) 

      

SYQ 0.595 
CI.95(0.
490,0.69
2) 

0.595 
CI.95(0.
506,0.6
78) 

0.703 
CI.95(0
.633,0.
762) 

0.719 
CI.95(0
.642,0.
787) 

0.280 
CI.95(0
.161,0.
392) 

0.548 
CI.95(
0.451,
0.635) 

0.597 
CI.95(
0.508,
0.682) 

0.766 
CI.95(
0.692,
0.829) 

    

TRU 0.794 
CI.95(0.
715,0.86
6) 

0.778 
CI.95(0.
713,0.8
38) 

0.712 
CI.95(0
.639,0.
779) 

0.901 
CI.95(0
.853,0.
944) 

0.439 
CI.95(0
.333,0.
538) 

0.742 
CI.95(
0.677,
0.802) 

0.740 
CI.95(
0.673,
0.801) 

0.746 
CI.95(
0.666,
0.819) 

0.679 
CI.95(
0.592,
0.756) 

  

Note: “Confirmation (Conf), Continuous intention (CI), Information Quality (IQ), Perceived Risk (PR), 
Performance expectancy (PE), Price Value (PV), Satisfaction (Satisf), Service Quality (SEQ), System Quality 
(SYQ), Trust (TRU) 

 
 
The assessment of the Heterotrait-
Monotrait (HTMT) criterion ensures there is 
adequate discriminant validity for all 
construct pairs. Most HTMT values remain 
below the conservative threshold of 0.90 for 
related constructs; the highest value of 
0.951 is the one obtained for Satisfaction 
and Continuance Intention (Henseler et al., 
2015). The 95% confidence intervals for 
HTMT ratios also lend support, as all 
intervals remain less than 1.0, showing the 
constructs are indeed distinct. This is a 
significant finding due to the expected 
theoretical relations between these 
constructs, as it has been shown they are 
related, while still representing different 
conceptual domains. The results of 
discriminant validity as a whole show that 
every construct contains variance that is not 
explained by other constructs in the model, 
which supports the theoretical 
distinctiveness of the constructs, and 
confirms the measurement model is 
appropriate for the subsequent structural 
analysis. 
 
Structural Model Assessment 
 
The structural model exhibits good 
collinearity properties as all variance 
inflation factor values are significantly 

below the critical limit of 5.0. VIF values 
vary within the interval of 1.0 to 3.042, 
hence, multicollinearity is not a concern 
with regards to the model, its validity or the 
understanding of path coefficients. The 
greatest VIF of 3.042 is seen with the 
satisfaction to continuance intention 
relationship, and even this figure is VIF, 
satisfaction and intention, theoretical 
overlap, not analytically weak value within 
satisfactory considerate bounds, and it does 
not overreach the boundaries of value 
analytical strength. The strong R² and Q² 
values, combined with acceptable 
collinearity indicators, support the model's 
validity and practical utility for guiding 
educational technology implementation 
strategies. The common method bias does 
not significantly undermine the validity of 
the findings. Harman’s single factor test 
which uncovered, to the extent of 44.6%, the 
total variance, in disguise, is a way of 
showing how it is only weakly above the 
baseline requirement, or, 50%, and 
therefore, it disproves the assertion made 
by (Podsakoff et al., 2003). Furthermore, the 
collinearity diagnosis showed that the 
highest VIF value calculated in the model 
was 3.042, which is well below the typical 
cut off value of 5.0. (Hair et al., 2019). These 
findings indicate that method bias is not an 
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issue in the dataset, which allows the 
dataset to be considered reliable for the 
analysis that follows and its interpretations.
 
 

Table 5: Structural Model Assessment 

 Path VIF 
f-

square 
R-

square 
Q-

square 

H8 Price value → Continuance Intention 2.933 0.026 

0.733 0.555 

H9 Satisfaction → Continuance Intention 3.042 0.383 

H4b Trust → Continuance Intention 2.753 0.016 

H5 Perceived Risk → Continuance Intention 2.963 0.016 

H6b 
Performance Expectancy → Continuance 
Intention 

1.298 0.005 

H1a Information quality → Trust 2.106 0.062 

0.475 0.344 H2a System Quality → Trust 1.865 0.068 

H3a Service quality → Trust 2.240 0.061 

H1b Information quality → Satisfaction 2.333 0.012 

0.462 0.348 

H2b System Quality → Satisfaction 1.882 0.040 

H3b Service quality → Satisfaction 2.413 0.038 

H6a Performance Expectancy → Satisfaction 1.377 0.030 

H7b Confirmation → Satisfaction 1.900 0.029 

H4a Trust → Perceived Risk 1.000 1.506 0.601 0.476 

H7a Confirmation → Performance Expectancy 1.000 0.339 0.253 0.146 

 
 

Hypothesis Testing 

Path coefficient estimation constitutes the 
central analytic procedure in structural 
equation modeling, substantiating the 
hypothesized interrelationships in the 
proposed measurement framework. The 
strength and direction of relationships 
between latent variables are measured 
through path coefficients, taking on values 
between -1 and +1, such that greater 
absolute magnitudes denote stronger 
effects (Hair et al., 2019). The empirical 
significance of these coefficients is 
evaluated via t-statistics and p-statistics 

obtained through bootstrapping 
resampling, where t-statistics that exceed 
1.96 and corresponding p-statistics that fall 
below 0.05 signal significance at the 95% 
confidence threshold. The bias-corrected 
confidence intervals (BCCI) provide 
additional robustness to the significance 
testing by accounting for potential sampling 
bias in the bootstrap distribution. All 
hypotheses were supported. Conversely, 
Performance Expectancy → Continuance 
Intention (β = 0.041, t = 1.674, p = 0.094) 
presents insignificant relationships. 
Therefore, hypothesis H6b was not 
supported.  
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Figure 2: Path Coefficients with Corresponding P-values 

Table 6: Path coefficients and hypothesis testing 

 Path B t-value 
P-

value 

95% BCCI 
Remark 

LB UB 

H1a 
Information Quality → 
Trust 

0.262 4.934 0.000 0.153 0.358 Supported 

H1b 
Information Quality → 
Satisfaction 

0.123 2.311 0.021 0.023 0.230 Supported 

H2a System Quality → Trust 0.259 4.688 0.000 0.154 0.369 Supported 

H2b 
System Quality → 
Satisfaction 

0.202 4.720 0.000 0.121 0.293 Supported 

H3a Service Quality → Trust 0.267 4.990 0.000 0.161 0.371 Supported 

H3b 
Service Quality → 
Satisfaction 

0.222 3.809 0.000 0.098 0.328 Supported 

H4a Trust → Perceived Risk 
-

0.775 
32.521 0.000 -0.817 

-
0.723 

Supported 

H4b 
Trust → Continuance 
Intention 

0.108 2.268 0.023 0.016 0.199 Supported 

H5 
Perceived Risk → 
Continuance Intention 

-
0.112 

2.214 0.027 -0.203 
-

0.006 
Supported 

H6a 
Performance Expectancy → 
Satisfaction 

0.149 3.486 0.001 0.065 0.232 Supported 
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H6b 
Performance Expectancy → 
Continuance Intention 

0.041 1.674 0.094 -0.005 0.091 
Not 

Supported 

H7a 
Confirmation 
→Performance Expectancy 

0.503 11.890 0.000 0.414 0.580 Supported 

H7b Confirmation → Satisfaction 0.172 3.762 0.000 0.086 0.263 Supported 

H8 
Price value →Continuance 
Intention 

0.142 2.840 0.005 0.047 0.243 Supported 

H9 
Satisfaction → Continuance 
Intention 

0.557 11.068 0.000 0.455 0.649 Supported 

 

Model-Fit 

The saturated model was found to have a 
perfect fit with a SRMR equal to 0.046, 
whereas the estimated model had a SRMR 
equal to 0.096, which is within the generally 
accepted maximum limit of 0.10 when using 
PLS-SEM, meaning that there is no 
significant model misspecification. Even 
though traditional covariance-based SEM 
guidelines suggest using a more stringent 
cut-off (e.g., SRMR < 0.08) (Hu & Bentler, 
1999), the evaluation of PLS-SEM models is 
more focused on predictive accuracy and 
explanatory ability than on global goodness-
of-fit measurements (Hair et al., 2019; 

Henseler et al., 2014). In that regard, the 
predictive relevance of the model also 
supports its sufficiency, with the Q2 values 
(0.146-0.555) indicating a significant 
predictive idea out of the samples, and the 
R2 of the continuance intention (0.733) 
showing strong explanatory power. 
Altogether, the fit values of the saturated 
and estimated models along with the 
previously determined reliability, validity, 
and predictive relevance prove that the 
proposed structural model is strong and can 
be used to explain and predict the 
perceptions and continuance intentions of 
students toward GenAI tools in higher 
education. 

 

Table 7: Model-Fit 

 Saturated model Estimated model 

SRMR 0.046 0.096 

d_ULS 1.198 5.148 

d_G 0.587 0.832 

Chi-square 1764.459 2330.460 

NFI 0.874 0.834 

 

Discussion 

Results from H1a and H1b demonstrate that 
information quality significantly impacts 
trust as well as satisfaction levels. Students' 
emphasis on the dependability and 
functionality of Generative AI tools is 
evident from the substantial relationship 
between system quality and satisfaction. 
Such findings align with the proposition 
established in the D&M IS model, which 
identifies system quality as an essential 
predictor of user satisfaction, and extends it 
to the context of AI in higher education. 

Moreover, Chan & Hu (2023) validated this 
result, arguing that any doubts students 
harbor regarding the accuracy and 
reliability of the output produced by GenAI 
tools may substantially lower the basic trust 
necessary for positive engagement.  

The analysis for hypotheses H2a and H2b 
has an affirmative and powerful effect of 
system quality on students’ trust and 
satisfaction. This indicates that effective and 
user-friendly system could raise students’ 
trust and satisfaction with GenAI tools. This 
is also further supplemented by Daher & 
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Hussein (2024), who state that students are 
more satisfied with the interactivity and 
ability of generative AI tools, where system 
quality is basic in creating user trust in 
highly advanced technical capabilities. Tan 
et al. (2024) also ascertained the system 
quality of ChatGPT and the students’ 
satisfaction with it. 

The results concerning H3a and H3b show 
that perceived service quality materially 
increases the students’ trust in GenAI tools 
and their overall satisfaction. This means 
that the quality of feedback and the 
multiservice features have a favorable effect 
on the students’ trust in the system and 
overall satisfaction with the experience. The 
findings are in accord with the study of Tan 
et al. (2024) on the specific domain of 
ChatGPT post adoption in higher education, 
which emphasizes system quality with 
respect to students’ satisfaction in the 
context of their use experience of ChatGPT.  

Furthermore, trust presents the greatest 
level of negative association with perceived 
risk (H4a), which clearly indicates that the 
higher the users' confidence in a tool, the 
lower their concern about fraudulence on 
academic grounds, data protection, and the 
probability of being detected. In addition, 
trust shows positive correlation with 
continuance intention (H4b), which 
provides additional support for the trust-
based adoption theories; however, the 
magnitude of trust is comparatively 
subdued relative to other antecedents. 
These results are corroborated by the 
studies of  Ding et al. (2023) and Luo (2024), 
who highlighted that trust mitigates risk 
perception and fosters sustained use. 

The results also demonstrate that 
continuance intention is undermined by 
risk perception and diminished by the 
strongest negative effect (H5) as aligned to 
the works of Al-Emran et al. (2025), Bhaskar 
et al. (2024) and Oc et al. (2024), who all 
regarded risk perception as a hurdle in the 
use of technology. These findings highlight 
the need to address risk perception more 
broadly within higher education through 
evidence-based and clearly framed policy 
settings, alongside trust-focused scaffolding 
designed to support the user in adopting 
GenAI tools. 

The findings indicate that performance 
expectancy still retains a considerable 
positive association with user satisfaction 
(H6a), which affirms the original claim that 
users gain the most positive experiences 
from a system that they expect to work 
optimally and efficiently. This is consistent 
with Baig & Yadegaridehkordi (2025), who 
showed that effort expectancy is a central 
architect in the usage of GenAI tools and 
central in the user’s decision process. 
Conversely, performance expectancy did not 
have a significant direct effect on 
continuance intention toward GenAI tools 
(H6b), making it the only unsupported 
relationship in the proposed model. This 
finding suggests that the effect of 
performance expectancy on continuance 
intention is more likely to be indirect and 
mediated through satisfaction rather than 
direct. This interpretation is consistent with 
Expectation-Confirmation Theory, which 
posits that perceived usefulness plays a 
more central role in shaping continuance 
intention through satisfaction rather than 
exerting a direct influence. 

Findings pertaining to H7a and H7b show a 
strong positive relationship between 
confirmation of expectations with 
performance expectancy and satisfaction, 
respectively, which supports the 
foundational proposition of expectation-
confirmation theory whereby expectations 
that are confirmed or exceeded improve 
perceived usefulness and user satisfaction. 
These findings are consistent with Diao et 
al. (2024), Wu et al. (2025) and Qi et al. 
(2025), who found that higher levels of 
confirmation increased user satisfaction 
and improved the intention to continue 
using GenAI tools. 

Price value has a positive and significant 
impact on continuance intention (H8), 
signifying that perceived favorable costs 
and benefits lead to the intention to use it 
continuously. This is also supported by Ni & 
Cheung (2023), where it was shown that 
price value is a significant determinant to 
students’ continuance intention towards AI 
powered intelligent tutoring systems, as 
well as the study by Sergeeva et al. (2025) 
on GenAI technologies to higher education 
students. 
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H9 indicated that satisfaction is the most 
powerful predecessor of continuance 
intention, suggesting that positive user 
experiences are central drivers of GenAI 
tools’ post-adoption. These findings provide 
significant support for expectancy-
confirmation theory and emphasize the 
relevance of positive user experiences for 
sustained technology adoption. These 
findings are aligned with earlier results by 
Tian et al. (2024), who confirmed the strong 
correlation between satisfaction and 
continuance intention use of AI chatbots 
among graduate students. 
 
Theoretical Implication 

To date, empirical research has not 
integrated the Expectation-Confirmation 
Model (ECM) and DeLone and McLean 
Information Systems (D&M IS) frameworks 
for the analysis of the initial adoption or 
continued use of GenAI tools. Studies using 
Continuous Adoption models for the 
analysis of tool adoption, especially the 
ECM, are done primarily using ECM models 
in isolation or in combination with the 
UTAUT model. This research aims to fill the 
gap by combining ECM and D&M IS Models 
in addition to trust and perceived risk, and 
perceived price value, to form a solid 
explanatory groundwork for assessing 
students’ intentions to continue using GenAI 
pedagogical tools. Integrating ECM with 
D&M IS framework enhances the analysis by 
including system quality, information 
quality and service quality, as predictors of 
trust and satisfaction. These frameworks 
emphasize the cognitive and evaluative 
engagement of students along with their 
technical skills, outlining the multifaceted 
influences on students’ post adoption use of 
GenAI tools in higher education pedagogy. 
 
Practical Implications 

This study is particularly useful for higher 
educational institutions, policymakers, and 
technology developers interested in 
cultivating students’ attitudes toward GenAI 
tools in education. For higher education 
administrators, efforts should, therefore, be 
directed at educational policies and support 
frameworks that optimally develop 
students’ AI related competencies and 
capabilities to assist ethical GenAI tool use. 

It is important to set up policies and 
guidance that encourage ethical use and 
address students’ concerns about fairness, 
bias, and academic integrity. Providing 
training, technical support, and clear 
instructions can make it easier for students 
to use these tools confidently. Improving 
service quality, ensuring accurate and 
relevant information, and making tools 
accessible, affordable, and equally available 
to all students are key factors in boosting 
satisfaction and the intention to continue 
using GenAI, as in Egypt and many 
developing countries, economic constraints 
are stronger, therefore students are often 
sensitive to cost and price value and many of 
them rely on free or low-cost digital tools 
because not everyone can afford 
subscriptions. Technology developers 
should provide GenAI tools that could align 
with students’ academic tasks and their 
learning objectives. At the same time, 
enhancing student satisfaction and the 
continued use of such technology tools can 
directly result from providing robust and 
effective support and assistance to users of 
GenAI tools. GenAI tools’ developers should 
also focus on the accuracy and reliability of 
information, since students’ concerns about 
inaccuracies and bias information might 
result negatively in their students’ 
satisfaction and intentions to continue using 
them. Therefore, developing appropriate 
safety and security measures that address 
their privacy concerns could foster 
students’ trust and satisfaction. 
Additionally, demonstrating how GenAI 
tools provide value to students when 
compared to cost or price will aid in the 
long-term retention of GenAI tools as a part 
of students' ongoing educational process; 
flexible pricing plans or even free access 
could help students from different economic 
backgrounds to continue using them. 
Collectively, technology developers, 
policymakers, and higher education 
institutions can foster an educational 
environment that enables students to have 
seamless and continuous integration of 
GenAI tools throughout their learning 
processes. 

Limitations and Future Directions 

Several constraints within this research 
present opportunities for subsequent 
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investigations. The utilization of cross-
sectional survey methodology represents 
the initial limitation, which inhibits the 
observation of how students’ attitudes and 
behaviors evolve over time. As technologies 
such as GenAI tools are continuously 
evolving, further research could employ 
longitudinal studies to obtain more accurate 
results. Additionally, the research employed 
quantitative survey approaches for 
gathering data from university students. 
Therefore, implementing mixed-method 
designs incorporating surveys alongside 
interviews or experimental procedures 
could yield more comprehensive 
understanding regarding supplementary 
variables influencing students' continuance 
intentions while strengthening result 
validity. Furthermore, this study was 
conducted among higher education 
students in Egypt, which may limit the 
generalizability of the findings to other 
cultural contexts. Future research could 
conduct cross-cultural comparisons (e.g. 
Egyptian and Middel East students, or 
Egyptian and European students) to 
examine whether factors such as trust, 
perceived risk, or price value differ across 
countries or regions. Such comparisons 
would provide deeper insights into how 
cultural and educational contexts influence 
students’ continuance intention to use 
Generative AI tools. Finally, further research 
could examine how GenAI tools affect ethics 
and society in higher education settings, as 
concerns about academic integrity, data 
privacy, and equitable access could reduce 
students’ satisfaction and trust and, in turn, 
their sustained usage of GenAI tools in their 
learning process. 
 
Conclusion 

A comprehensive theoretical framework 
was developed to identify factors that drive 
students’ continuous intention to use GenAI 
tools in higher education contexts. A 
combination of the D&M IS Success Model 
and Expectation Confirmation Theory was 
utilized, and constructs for trust, perceived 
risk, and price value were added to the 
theoretical framework. Responses from 594 
students at universities and colleges were 
analyzed using survey data, indicating high 
validity and reliability, providing evidence 
of the theoretical framework's capability to 

provide strong predictions. Satisfaction was 
the most influential factor in students' 
continued usage of GenAI tools in an 
educational context. All quality dimensions 
demonstrate positive relationships with 
trust and satisfaction with Gen AI Tools. 
Confirmation was found to have large 
positive relationships with performance 
expectancy and satisfaction with GenAI 
tools. 
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Appendix A 

Construct Item Measures References 

System  
quality 

SYQ1 
SYQ2 
 
SYQ3 
 

I believe that GenAI tools are easy to use. 
I believe that GenAI tools are flexible and easy to interact 
with. 
I believe that GenAI tools are clear and easy to 
understand. 

Chen et al. 
(2023) 

Information 
quality 

IQ1 
IQ2  
IQ3  
IQ4 

GenAI tools provide the latest knowledge. 
GenAI tools provide accurate knowledge. 
GenAI tools provide comprehensive knowledge. 
GenAI tools provide systematic knowledge. 

Chen et al. 
(2023) 

Service 
quality 

SEQ1 
SEQ2 
 
 
 
 
SEQ3 

I believe that GenAI tools have good feedback speed. 
I believe that GenAI tools have a multi-functional and 
well-trained language model, which can provide code 
writing, language translation, text generation, and other 
functions. 
I believe that GenAI tools realize interactive 
communication. 

Chen et al. 
(2023) 

Trust TRU1 
TRU2 
 
TRU3  

I believe that GenAI tools are generally trustworthy.  
I believe that the information provided by GenAI tools is 
trustworthy.   
I trust GenAI tools to provide me with the information I 
want. 

Kang et al. 
(2024) 

Perceived 
risk 

PR1 
 
PR2 
 
PR3 

I will receive a mark penalty for plagiarism if I use GenAI 
tools to complete the assessments.  
I think that if I used GenAI tools to complete the 
assessments, I would likely face detection. 
I think using GenAI tools to complete the assessments 
puts my privacy at risk. 

Lai et al. 
(2024) 
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Confirmation  Conf1 
 
Conf2 
 
Conf3 

My use of GenAI tools for learning and research has 
surpassed my expectations. 
The service level offered by GenAI tools surpassed my 
initial expectations. 
Overall, I've found that the use of GenAI tools has largely 
met my expectations. 

Tian et al. 
(2024) 

Performance 
Expectancy 

PE1 
PE2 
 
PE3 
 
PE4 

I believe that GenAI tools are useful in my studies. 
I believe that GenAI tools help me solve problems in my 
studies. 
I believe that using GenAI tools enables me to 
accomplish my learning tasks more quickly. 
I believe that using GenAI tools increases the efficiency 
of my study. 

Khlaif et al. 
(2024) 

Price value PV1 
PV2 
PV3 

GenAI tools are reasonably priced 
GenAI tools are good value for money 
GenAI tools offer good value at the current price. 

Gansser & 
Reich 
(2021) 

Satisfaction Satisf1 
 
Satisf2 
 
Satisf3  
 
Satisf4 
 

I believe that using GenAI tools for learning and research 
is a good decision. 
I find the experience of using GenAI tools for learning 
and research to be enjoyable. 
I am satisfied with the effectiveness of using GenAI tools 
for learning and research. 
Overall, I am satisfied with using GenAI tools for learning 
and research. 

Tian et al. 
(2024) 

Continuance 
Intention 

CI1 
 
CI2 
CI3 

 I will continue to use GenAI tools to assist me with my 
learning tasks in the future.  
 I would prioritize GenAI tools over other tools.  
 I would highly recommend the GenAI tools I currently 
use to others. 

Kang et al. 
(2024) 

 


