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Examining Google Gemini’s acceptance and usage in higher education
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Due to the growing use of chatbots such as ChatGPT and Google Gemini 
in educational contexts, there is an increasing interest in exploring the 
perception of students accepting and using Gemini as a unique and 
effective platform in their educational activities. This research examines 
the perceptions of Saudi Arabian higher education students towards 
accepting and using Gemini for academic purposes. Drawing upon the 
Unified Theory of Acceptance and Use of Technology (UTAUT), a self-
administered questionnaire was used; 400 forms were completed and 
validated for analysis from seven public universities in Saudi Arabia. 
Structural Equation Modeling (SEM) using SmartPLS was adopted to 
examine the research hypotheses. The major findings agree with UTAUT 
and prior studies to some extent in terms of the positive influence of 
performance expectancy (PE), effort expectancy (EE), and social influence 
(SI) on students’ intention to utilize Gemini, as well as the influence only 
of PE on the actual use of Gemini. However, the findings differ from 
previous research regarding the influence of facilitating conditions (FC) 
on students’ intention to utilize Gemini; the results were significant but 
negative. In addition, EE, SI, and FC did not directly affect the actual use of 
Gemini. These results were due to the lack of valid resources, assistance, 
and guidance from educational authorities and external sources about 
the ideal use of Gemini. Furthermore, the findings exposed that BI 
partially mediates the connection between PE and Gemini’s actual usage 
and fully mediates between EE and SI and Gemini’s actual usage. 
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Introduction 

Under the National Vision 2030 project, which strongly 
emphasizes technological integration, Saudi Arabia’s 
educational system is experiencing radical change (Asem 
et al., 2024; Ismail et al., 2024). According to Perera and 
Lankathilake (2023), Google Gemini, a large language 
model to personalize instruction and supply on-demand 
information, offers exciting opportunities for revolutionary 
learning tools. Nevertheless, student acceptance and 
usage decisions are critical to the effectiveness of these 
technologies in their learning (Lee et al., 2023; Popenici 
et al., 2023; Popenici, 2023). In the context of higher 
education, Google Gemini, a state-of-the-art large language 
model (LLM), is a revolutionary force that affects teaching 
and learning (Lee et al., 2023; Perera & Lankathilake, 
2023; Hasanein & Sobaih, 2023; Mardiansyah & Surya, 
2024; Rudolph et al., 2024; Sobaih et al., 2024). Artificial 
Intelligence platforms like Google Gemini are multi-faceted 
in different contexts (Popenici, 2023; Metwally et al., 2024; 
Rane et al., 2024a). These facets in terms of educational 
context comprised simplicity of usage, ease of access to the 
platform, and rising students’ academic performance (Rane 
et al., 2024b). A recent study by Latif and Zhai (2024) added 
other benefits of using AI for educational purposes, such 
as guiding students with their assignments, helping them 
comprehend critical subjects, and enhancing their mindsets 
by creating innovative ideas about specific topics. Moreover, 
AI applications can motivate students to overcome their 
language obstacles in terms of proofreading, grammar 
checking, listening as well as speaking skills (Perera & 
Lankathilake, 2023; Rudolph et al., 2023; Rane et al., 2024a; 
Carlà et al., 2024; Sevnarayan & Potter, 2024). 

However, several studies have argued that using AI platforms 
for educational purposes does not have a specific validated 
framework by educational institutions for its efficient 
usage (Lee et al., 2023; Yeadon & Hardy, 2024). Due to the 
numerous features of using AI platforms, e.g., Gemini and 
ChatGPT, some questions remain unanswered regarding 
using these tools while maintaining long-term impacts 
(Sobaih, 2024; Mardiansyah & Surya, 2024). Recent studies 
(Lee et al., 2023; Mardiansyah & Surya, 2024; Sobaih, 2024) 
reported several issues regarding the use of AI platforms 
for educational purposes. One of these issues is the biased 
information by AI platforms, which mislead students 
with unverified information (Lee et al., 2023). Moreover, 
the complete reliance on AI platforms negatively affects 
students’ mindsets and decreases their mind-mapping 
skills (Mardiansyah & Surya, 2024). In addition, generating 
texts for assignments or essays in a few seconds solely by 
AI platforms may negatively affect the quality of work and 
academic integrity (Sobaih, 2024). 

This research study examines the perceptions of Saudi 
Arabian students’ regarding the use of AI tools in higher 
education, particularly Gemini, in their educational activities. 
The study’s theoretical framework has adopted the UTAUT 
to comprehend the key aspects that affect Saudi Arabian 
students’ acceptance and usage of AI platforms, particularly 
Gemini, for educational purposes. Additionally, this study 
seeks to comprehend the role of behavioral intention (BI) 
in the relationship between students’ acceptance of using 

Gemini on their BI and its use in their education. 

Literature review

Students’ acceptance to use Google Gemini and BI

The UTAUT was utilized because it provides a comprehensive 
framework for the adoption and use of AI platforms in many 
contexts, particularly in education (Magsamen-Conrad et al., 
2015; Venkatesh, 2022; Venkatesh et al., 2003). According 
to Venkatesh et al. (2003), there are four elements of the 
UTAUT framework: performance expectation (PE), effort 
expectancy (EE), social influence (SI), and facilitating 
conditions (FC). In terms of PE, it was adopted to explore 
students’ perception of using AI platforms e.g., using Gemini 
to enhance their academic performance (Brachten et al., 
2021). As mentioned by numerous studies (e.g., Fagan et al., 
2012; Kasilingam, 2020; Brachten et al., 2021; Al-Emran et al., 
2023; Sevnarayan & Potter, 2024), students mainly rely on 
using AI in their challenging educational activities because 
of their beliefs that it may assist them in the critical activities 
as well as enhance their performance. With regard to EE, it 
indicates students’ observations of how simple or difficult it 
is to utilize the technology. Students perceive AI platforms 
like Gemini to be intuitive, user-friendly, and effortlessly 
incorporated into daily activities, which improves their BI 
(Menon & Shilpa, 2023). Elements such as user interface 
design, overall user experience, and ease of interaction 
all influence students’ impressions (Strzelecki, 2023; Al-
Emran et al., 2023; Ashrafimoghari et al., 2024). Considering 
the fact that using AI platforms such as Gemini requires 
minimal effort, it increases the likelihood that students will 
incorporate it into their regular learning routines (Hasanein 
& Sobaih, 2023; Wang & Zhao, 2023; Chaka, 2024; Tian et 
al., 2024).  

SI addresses how teachers and colleagues affect students’ 
attitudes toward AI platforms, such as Gemini (Venkatesh 
et al., 2003; García-Peñalvo, 2024). This influence may be 
reflected in how students perceive others’ attitudes, beliefs, 
and actions toward the use of Gemini in the classroom 
(Venkatesh, 2022). Empirical research (e.g., Menon & Shilpa, 
2023) has shown that when peers use Gemini for learning, it 
has the ability to improve other students’ BI performance. FC 
assesses the availability of resources necessary for efficient 
usage (Venkatesh et al., 2003). The FC component comprises 
technical mobility, access to appropriate instruction 
and tools, and broad incentive programs for integration 
(Strzelecki, 2023; Menon & Shilpa, 2023; Oye et al., 2014). 
Students’ BI refers to their intention to utilize AI learning 
platforms, e.g., ChatGPT is highly impacted by their view 
that the learning environment provides the resources and 
help required for its successful implementation (Hasanein 
& Sobaih, 2023; Sevnarayan & Potter, 2024). A recent study 
by Al-Emran et al. (2023) deepens the emphasis of FC over 
technological facilities and improves students’ ability to 
interact with technology by highlighting the necessity for a 
favourable environment that supports students’ navigation 
in the effective usage of ChatGPT. Thus, we are prompted to 
develop the following hypotheses:
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PE positively affect BI to use Google Gemini.

EE positively affect BI to use Google Gemini.

SI positively affect BI to use Google Gemini.

FC positively affect BI to use Google Gemini.

H1:

H2:

H3:

H4:

Figure 1. The conceptual model.

Students’ acceptance to use Google Gemini and actual 
usage

A growing body of research (e.g., Al-Emran et al., 2023; 
Cheong et al., 2023; Asrif & Fatmi, 2024; García-Peñalvo, 
2024; Ashrafimoghari et al., 2024; Sobaih et al., 2024) 
has examined the significance of PE (e.g., the chatbot for 
educational purposes, accessibility) and EE (e.g., clarity, and 
its compatibility with the particular requirements of the 
students) in predicting students’ acceptance and utilization 
of chatbots in education, e.g., Google Gemini. According 
to Venkatesh (2022) and Terblanche and Kidd (2022), 
SI enhances the significance of behavioral intention in 
adopting technology. According to Chang and Park’s study 
(2024), adopting AI chatbots, such as Google Gemini, can 
be strongly influenced by favorable social cues from peers 
in their social network who actively utilize the technology or 
encourage it. Furthermore, as recent research by Tian et al. 
(2024) demonstrated, students’ decisions to use technology 
in their daily educational activities, such as integrating 
Google Gemini into their learning tasks, can be greatly 
influenced by recommendations, inspiration, or positive 
shared experiences of others. The significant influence of FC 
on adoption and actual usage is highlighted by earlier studies 
(Menon & Shilpa, 2023; Al-Emran et al., 2023; Chan & Zhou, 
2023; Duong et al., 2023) evaluating Gemini’s adaptability 
in education. In terms of the FC aspect, it contained all the 
infrastructure needed and assistance towards the effective 
use of AI platforms in an educational context (Menon & 
Shilpa, 2023). Therefore, we can hypothesize that:

PE positively affect Google Gemini Usage

EE positively affect Google Gemini Usage

SI positively affect Google Gemini Usage

FC positively affect Google Gemini Usage

H5:

H6:

H7:

H8:

Students’ BI and actual use of Google Gemini

One of the most vital roles in comprehending the beneficial 
characteristics of using AI tools is to explore the relationship 
between students’ behavioral intention to use AI platforms 
in educational themes (Terblanche & Kidd, 2022). Users’ 
behavioral intention reflects their alignment toward 
accepting and using new innovative technology, e.g., AI 
platforms (Venkatesh et al., 2003). The positive behavioral 
intention towards students’ usage of AI applications for 
educational purposes is considered a crucial motive for 
their actual usage in their daily educational tasks (Menon 
& Shilpa, 2023; Al-Emran et al., 2023; Duong et al., 2023; 
Anayat et al., 2023; Chaka, 2024). Recent studies argued that 
a strong positive correlation exists between students’ BI and 
the actual use of AI in an educational context due to the 

critical help needed to complete their educational activities 
(Chan & Zhou, 2023). Thus, drawing upon these insights, we 
are driven to construct this hypothesis:

BI positively affect Google Gemini UsageH9:

The role of BI in the link between accepting and using 
Google Gemini
Despite the numerous studies (Yeadon & Hardy, 2024; 
García-Peñalvo, 2024; Sobaih et al., 2024; Tian et al., 2024; 
Carlà et al., 2024) that explored the crucial relationship 
between BI, students’ accepting as well as using AI 
platforms e.g., Gemini in educational purposes, there is still 
limited research interest regarding the BI role in terms of 
the relationship between students’ perception to accept 
and use Gemini in educational context. The current study 
tries to overcome the gap by applying the UTAUT model to 
postulate the following hypotheses:

BI mediates the connection between PE and 
Google Gemini Usage

BI mediates the connection between EE and 
Google Gemini Usage

BI mediates the connection between SI and 
Google Gemini Usage

BI mediates the connection between FC and 
Google Gemini Usage

H10:

H11:

H12:

H13:

Methods

Participants

The population for this research is all the undergraduate 
college students within Saudi universities who utilize Gemini 
for learning. The participants of this study were students 
from four Saudi regions. The seven universities that were 
involved were part of King Faisal University (East), Taibah 
University (West), North Border University (North,) and 
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Jazan University (South). Hence, the scores indicated good 
participation by the students from the seven universities. 
Out of all the participants, we had approximately 75 
students from each university. Out of 525 administered 
questionnaires, we collected 400 forms that were filled out 
completely and used for data analysis. Among these forms 
collected, more males participated in the given topic, with 
290 participants, than female participants, with only 110 
participants. If we take age groups of students, it is identified 
that a maximum number of 56% of students fall in the age 
of 19-25 years. Also, surprisingly, the social sciences and 
humanities students’ sharing was slightly higher than that 
of other groups. In analysing the distribution of academic 
disciplines among participants, it was observed that there 
was higher participation from students in social sciences and 
humanities (250 participants) compared to those in natural, 
applied, and basic sciences (150 participants). The latter 
group included students from colleges such as the College 
of Science, College of Medicine, College of Pharmacy, and 
College of Engineering. 

Measurement scales

In collecting data, this study utilized a pre-administered 
survey questionnaire among students. As a whole, the 
questionnaire form consists of three main sections. On the 
first page of the questionnaire, we provided some facts 
about the topic, the aim and the objective of the study 
and informed the participant to participate in the study 
by filling out the questionnaire voluntarily. In Part One, 
the questions on the participants’ demographic profiles, 
including questions about gender and study discipline, were 
asked. Part Two has the scales of PE, EE, SI and FC. The scale 
questions were derived from Strzelecki (2023) and Strzelecki 
& ElArabawy (2024) and were originally developed based 
on the UTAUT framework introduced by Venkatesh et al. 
(2003). The questions used a five-point Likert scale ranging 
from strongly agree to strongly disagree. Part Three of the 
questionnaire has five variables measuring the intention 
and use of ChatGPT in learning, which were derived from 
the work of Strzelecki (2023) and Strzelecki and ElArabawy 
(2024). The credibility of the questionnaire form was 
established regarding content validity and face validity by 
twelve professors, and few modifications were made to the 
format and content of the questionnaire questions.

Data analysis 

In order to verify the research hypotheses, the PLS-SEM 
analysis was conducted. According to Hair et al. (2019), 
PLS-SEM yields a lower bias estimation where the data are 
non-parametric. Therefore, PLS-SEM might be appropriate 
for analyzing data in this study. SmartPLS program Version 
4 was employed for the inner and outer model estimation.

Results 

Like many other quantitative studies, in order to assess 
research hypotheses, Henseler et al. (2009) pointed out that 
the researchers have to establish the convergent validity, 

discriminant validity, and reliability of the constructs before 
performing a PLS-SEM test. As mentioned by Hair et al. 
(2019), acceptable levels of convergent validity comprise 
the outer loadings and the criterion average variance 
extracted (AVE) threshold equal to or greater than 0.5. The 
results revealed factor loading values from 0.513 to 0.955. 
These were higher than the minimum threshold of 0.5 (Table 
1). Moreover, in Table 2, AVE values ranged from 0.661 to 
0.823 (exceeding the cutoff value of 0.5). Therefore, all the 
constructs displayed good levels of convergent validity 
with 0.7, as Hair et al., 2019 recommended. Moreover, as 
presented in Table 3, it is clear that the square root of AVE 
was significantly higher than its relative correlations. Hence, 
discriminant validity for all the variables was achieved at 
acceptable levels and could be deemed adequate.

Table 1. Cross-loadings and VIF values. 

Table 2. The validity and reliability of latent variables.

Table 3. Fornell–Larcker criterion matrix and HTMT results.

In PLS, the reliability of the construct should also be 
assessed by two more coefficients – composite reliability 
(CR) and Cronbach’s alpha (CA). As Hair et al. (2019) noted, 
a CR and CR of 0.7 should be used as a measure of reliability 
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in identifying whether the level of reliability is excellent 
or not. Table 2 stated that CR and CA ranged from 0.833 
(Performance Expectancy) to 0.852 (behavior intention), 
respectively, exceeding the cutoff value of 0.7. Accordingly, 
the reliability of the study’s latent variables was satisfied. 
Likewise, to ensure the estimation of discriminant validity, 
the researchers employed Fornell and Larcker’s, where the 
square root of the AVE should exceed the intercorrelation 
for each factor, as shown in Table 3. Furthermore, the 
“Heterotrait-Monotrait” (HTMT) ratio, which is admitted as 
a more robust approach compared to Fornell and Larcker’s 
(1981), was examined. The probable worries regarding 
discriminant validity occur when HTMT scores (Table 3) 
surpass 0.90. As shown in Table 3, all ratios fall below 0.9, 
thus confirming the discriminant validity. Hair et al. (2019) 
also identified that the existence of multicollinearity is 
an issue when the variance inflation factor (VIF) exceeds 
the value of five as a threshold. Table 2 shows that the 
highest value of VIF was 4.335. Hence, the possibility of a 
multicollinearity issue was not a problem. Additionally, the 
researchers evaluated the chance of common method bias 
(CMB) that might occur in this paper as cross-sectional data 
gathered from the same respondents. To deal with this issue, 
Podsakoff et al. (2003) suggested that researchers would 
employ Harman’s one-factor test. The exploratory factor 
analysis found that the single dimension explained 43% of 
the overall variance, which signaled a low likelihood of CMB.
As revealed in Figure 2 and Table 4, the PLS-SEM outcomes 
revealed that BI was positively, directly and significantly 
impacted by PE (β = 0.192, t=2.067, p<.001), EE (β = 0.109, 
t=2.226, p<.001), and SI (β = 0.466, t=7.523, p<.001), which 
approve H1, H2, and H3. It is worth noting that the weak 
negative correlation between BI and EE in Table 3 (-0.070) and 
the positive and significant path coefficient in Table 4 (H2: 
β = 0.109) are not necessarily contradictory, considering the 
effects of multiple variables simultaneously. In a multivariate 
context, the positive impact of EE on BI might become 
evident when controlling for the effects of other constructs 
like PE, SI, and FC.

However, FC failed to positively affect BI (β = -0.259, t=5.375, 
p<.001), rejecting H4. Similarly, the study results signaled that 
PE is the only factor positively and significantly impacting 
Geminin Usage (β = 0.102, t=3.067, p<.001) supporting H5. 
Conversely, all the other factors of the UTAUT framework 
failed to positively and significantly impact the usage of 
Google Gemini by university students, rejecting H6 (β = 
-0.028, t=1.158, p=247), H7 (β = 0.057, t=1.633, p=.103) and 
H8 β = -0.001, t=0.032, p=974). Finally, the results showed a 
high positive direct impact of BI on Gemini usage (β = 0.805, 
t=31.194, p<.001) supporting H9.

Finally, the negative correlations observed in the Fornell-
Larcker Table 3 are generally consistent with the hypotheses 
testing results, particularly for the relationships involving 
Facilitating Conditions (FC) and their negative impacts. 
These findings reinforce the conclusion that despite the 
perceived ease of use and social influence, the lack of 
adequate resources and support (facilitating conditions) 
plays a significant role in hindering the intention and actual 
usage of Google Gemini among students.

Table 4. Hypotheses testing results.

Figure 2. Results of the inner model.

As for the indirect, specific impact, the study results showed 
that BI could mitigate the insignificant direct impacts by 
mediating significantly between PE and Gemini Usage (β 
= 0.155, t=2.038, p<.001), which supports H10. Similarly, 
BI successfully mediates the relationship between EE and 
Gemini Usage (β = 0.087, t=2.208, p<.05), SI and Gemini 
Usage (β = 0.375, t=6.794, p<.001), supporting H11 and 
H12.  However, BI failed to positively mediate the impact of 
FC on Gemini Usage (β = -0208, t=5.206, p<.001), rejecting 
H12.

Discussion

This paper addresses students’ acceptance and use of Gemini 
in their learning process. For this reason, the questionnaire 
survey developed using the UTAUT framework was directed 
at students in Saudi universities. The findings showed that 
PE has a positive but insignificant effect on the BI of students 
who adopt Gemini in education. As discussed earlier, PE 
refers to students’ perception of using Gemini to enhance 
their academic performance (Brachten et al., 2021). However, 
this result confirms that students are unsure that Gemini 
would significantly impact their academic performance. On 
the other hand, the findings confirmed that PE significantly 
and positively impacts the BI to use Gemini in education. 
This aligns with previous research results that students 
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use the AI tool in their educational activities because they 
believe it may assist them in critical activities and enhance 
their performance (e.g., Sevnarayan & Potter, 2024).

The results also showed that EE in educational activities 
significantly and positively affects the BI to use Gemini. This 
means that EE students perceive Gemini as a simple AI tool 
to utilize. They perceive it as intuitive, user-friendly, and 
effortlessly incorporated into daily activities that stimulate 
the BI of students (Menon & Shilpa, 2023). This finding 
concurs that Gemini requires minimal effort to incorporate 
it into their regular learning routines like other AI tools, e.g. 
ChatGPT (Hasanein & Sobaih, 2023; Wang & Zhao, 2023; 
Chaka, 2024; Tian et al., 2024). However, the result is not in 
line with the UTAUT framework (Venkatesh, 2022) as EE has a 
negative, albeit significant impact on BI of students to adopt 
Gemini in educational activities. This could be because the 
spread of the Gemini tool among Saudi students is recent. 
Therefore, students’ acceptance of Gemini did not directly 
affect their use of Gemini in their educational activities. 
 
Regarding the effect of SI on BI to use Gemini in educational 
activities, there was an agreement with UTAUT and previous 
research (Venkatesh et al., 2003; García-Peñalvo, 2024) that 
the BI to use Gemini in educational activities is positively 
affected by SI. This means that teachers and peers have an 
effect on students’ BI when using Gemini. Empirical research 
(e.g., Menon & Shilpa, 2023) has shown that when peers 
use Gemini for learning, it has the ability to improve other 
students’ BI performance. On the other hand, SI’s influence 
on Gemini's use was positive but not significant. The effect 
of teachers and peers was enough to stimulate the BI of 
students to use Gemini but not their definite use of Gemini 
in their education activities.   

The results showed a positive and significant relationship 
concerning the effect of FC on BI to adopt Gemini in their 
teaching. This means that technical mobility, access to 
appropriate instruction and tools, and broad incentive 
programs for integration (Strzelecki, 2023; Menon & Shilpa, 
2023; Oye et al., 2014) were enough to stimulate students’ 
BI to use Gemini but were not enough to affect their 
actual use of Gemini in education. There was a negative 
but insignificant effect on the facilities and support given 
by institutions to students regarding AI tools, particularly 
Gemini. This concurs with the work of Sobaih et al. (2024), 
who state that the support universities in Saudi Arabia give 
for using AI in learning is often limited and absent. Hence, 
they also found FC's negative but insignificant effect on 
students’ use of ChatGPT in their education.

This research study confirmed the mediation role of BI in the 
relationship between EE, PE, SI and the adoption of Gemini 
in teaching by university students. This result supported the 
UTAUT framework and the work of Sobaih et al. (2024), who 
confirmed a mediating role of BI in the relationship between 
EE, PE, SI and the adoption of AI in learning. Although EE and 
SI had no direct effect on the use of Gemini, BI confirmed the 
indirect relationship. This means that BI was able to change 
these relationships, reflecting its great importance in driving 
students’ use of Gemini in learning. On the other hand, BI 
did not have any mediating role in linking FC and students' 
use of Gemini. This is because the current level of FC given 

by institutions to their students was not significant enough 
to affect their BI in using Gemini in their education. These 
findings are unlike the study of Sobaih et al. (2024), which 
confirmed this mediation effect of FC in the link between 
acceptance and use of ChatGPT among Saudi students. This 
could be because students did not have enough support 
from their institutions to facilitate their use of Gemini in their 
education activities despite it being a new AI tool for them 
to use. Gemini is less common among students, and they 
may not have developed their BI to actually use it in their 
education without external support. The findings encourage 
scholars to undertake further studies to understand the 
actual usage of AI tools in education. There is a need 
for more studies that analyze how these tools could be 
better integrated into students’ learning while considering 
their long-term consequences as well as addressing any 
associated ethical concerns (Sobaih, 2024).       

Conclusion

This study responds to university students’ growing usage 
of AI tools in education. The study examined students’ 
acceptance and use of Gemini for educational activities. 
The study confirmed that BI to adopt Gemini is significantly 
affected by PE. Students believe it assists them in educational 
activities. On the other hand, the results showed that PE has 
a positive but insignificant effect on the BI of students who 
adopt Gemini in education. Students are not sure that Gemini 
would significantly affect their academic performance. On 
the other hand, despite EE having an insignificant effect on 
BI to use Gemini, it has a direct positive effect on the use 
of Gemini because they found its ease of access.  As the 
individual’s decisions in Saudi society are affected by peers, 
the BI to use Gemini is significantly affected by SI, but SI 
did not confirm a significant influence on the real adoption 
of Gemini in educational activities. In the same context, FC 
had a significant effect on BI to use bua significant effect 
on BI use, but it did not significantly affect the actual use 
of Gemini. The external support given to students was not 
enough to change the BI effect in the relationship between 
FC and the use of Gemini for learning. The study confirmed 
that BI mediates the link between EE, PE, SI and the use of 
Gemini by university students. The study of value is not only 
for Saudi higher education but also for other countries’ 
higher education sectors.
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