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Introduction: The rapid advancement of generative artificial intelligence (AI) has created new opportunities and challenges in higher education, particularly in STEM disciplines. Understanding the factors that influence students' behavioral intention to adopt generative AI is essential for effective integration into learning environments. This study applies the Unified Theory of Acceptance and Use of Technology (UTAUT) to examine these factors among STEM students.

Methods: A cross-sectional survey was conducted among 464 STEM students at Prince Sattam Bin Abdulaziz University in Saudi Arabia. Data were analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM) to test the proposed model. Model fit indices indicated good fit (χ2/df = 2.94, GFI = 0.92, AGFI = 0.89, RMSEA = 0.056, NFI = 0.91, CFI = 0.94).

Results: Performance expectancy (β = 0.491, p < 0.001), effort expectancy (β = 0.130, p < 0.001), social influence (β = 0.239, p < 0.001), and facilitating conditions (β = 0.213, p < 0.001) significantly predicted behavioral intention to adopt generative AI. Subgroup analyses revealed higher adoption intentions among female students, those with beginner-level computer experience, and students majoring in Engineering and Computer Science.

Discussion: The findings highlight the crucial role of perceived usefulness, ease of use, social norms, and institutional support in influencing AI adoption among STEM students. To enhance adoption, the study recommends improving digital infrastructure, providing targeted AI training, and promoting peer-led initiatives. Future research should investigate longitudinal and cross-cultural dynamics of AI adoption in education.
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1 Introduction

Science, Science, technology, engineering, and mathematics (STEM) education represents a critical foundation for equipping students with the skills needed in today's digital and innovation-driven workforce (Aithal, 2025; Chasokela and Moyo, 2025). However, traditional instructional methods often fall short in helping students grasp complex concepts and stay engaged in their learning, especially as educational demands and industry expectations evolve (Scherer and Teo, 2019; Sungur Gül and Ateş, 2023; Plageras et al., 2023). In response, educators and institutions are increasingly exploring artificial intelligence (AI), particularly generative AI, as a transformative tool for enhancing STEM teaching and learning.

Generative AI technologies offer dynamic capabilities such as real-time feedback, personalized learning paths, and interactive environments that can increase student motivation and academic performance (Chen et al., 2022; Xu and Ouyang, 2022; Romero-Rodríguez et al., 2023). These tools have shown particular promise for students who struggle with traditional methods, enabling deeper engagement and improved understanding of abstract STEM concepts (Krasovskiy, 2020; McLaren et al., 2010; Hsieh and Chiu, 2019). Additionally, AI supports formative assessment by identifying students' strengths and weaknesses, allowing for more targeted instructional support (Hillmayr et al., 2020; Shin, 2020).

Despite these advantages, the adoption of AI in higher education remains uneven. Barriers include concerns about academic integrity, an issue extensively explored by Yusuf et al. (2024), whose cross-cultural study found that many perceive the use of GenAI in academic work as a form of cheating, highlighting deep ethical tensions and the need for clear regulatory policies. Similarly, these concerns are echoed across the literature, where barriers such as academic integrity, skepticism toward AI-generated content, infrastructural limitations, and insufficient faculty training are frequently cited (Abreh et al., 2025; Acosta-Enriquez et al., 2024; Truong and Pham, 2025). These challenges highlight the need for more than just access to technology; successful integration depends on understanding the factors that influence user acceptance, particularly among students.

To explore these factors, researchers often apply the Unified Theory of Acceptance and Use of Technology (UTAUT), which identifies four key determinants of behavioral intention: performance expectancy (the belief that using a technology will lead to improved outcomes), effort expectancy (the perceived ease of use), social influence (the impact of others' expectations), and facilitating conditions (available resources and infrastructure) (Venkatesh et al., 2003). While UTAUT has proven effective in various educational contexts, the relative impact of each construct can differ across disciplines, cultural settings, and learner characteristics (Acosta-Enriquez et al., 2024; Ateş and Gündüzalp, 2025; Kumar et al., 2025; Lakulu et al., 2025).

Previous studies have produced mixed findings. Flores-Alonso et al. (2023) identified performance expectancy and self-efficacy as dominant factors in STEM adoption. In contrast, O‘dea and O'Dea (2023) emphasized the role of social influence and institutional support in non-STEM fields. Similarly, Du et al. (2025) and Han and Guo (2025) found differences in AI adoption across STEM and non-STEM disciplines, as well as across demographic groups. These inconsistencies suggest that AI adoption cannot follow a universal model but must instead be tailored to the unique demands of different academic disciplines, demographic subgroups, and educational environments. Moreover, many prior studies have primarily focused on Western or East Asian contexts such as the United States, China, or Malaysia (Mohamad Mozie et al., 2025; Lakulu et al., 2025), leaving a geographic gap in our understanding of how generative AI is perceived in Middle Eastern settings.

This study addresses these gaps by applying the UTAUT model to examine the behavioral intention of undergraduate STEM students in Saudi Arabia to use generative AI for academic purposes. It also explores how demographic and experiential variables, such as gender, field of specialization, and computer experience, shape students' perceptions and usage intentions. By focusing on a specific student population in a non-Western, Arab cultural context, this research contributes threefold: (1) it expands geographic representation in AI adoption studies, (2) it clarifies how the original UTAUT constructs function in STEM-specific, digital-native environments, and (3) it informs culturally responsive implementation strategies for integrating AI in higher education.



2 Literature review and hypothesis development

The This study builds upon the Unified Theory of Acceptance and Use of Technology (UTAUT) framework (Venkatesh et al., 2003) to investigate the behavioral intention of STEM students to adopt generative AI technologies in higher education. While UTAUT has been widely applied across diverse educational settings, the unique capabilities and complexities of generative AI call for a contextualized reinterpretation of its core constructs—performance expectancy, effort expectancy, social influence, and facilitating conditions—within STEM learning environments.

Performance Expectancy (PE) reflects students' beliefs that using generative AI will enhance their academic performance through automation, personalized feedback, and improved problem-solving capabilities. Prior research highlights PE as a consistent and strong predictor of technology adoption (Venkatesh et al., 2003; Romero-Rodríguez et al., 2023). In STEM education, where mastery of complex concepts is critical, the potential for AI tools to support simulation, coding, and data analysis reinforces the relevance of PE (Chen et al., 2022; Xu and Ouyang, 2022). Therefore, this construct is expected to significantly influence students' intentions to adopt generative AI.

• Hypothesis 1 (H1): Performance expectancy positively affects STEM students' behavioral intention to use generative AI technologies.

Effort Expectancy (EE) pertains to the perceived ease of use of AI tools. Despite generative AI's increasingly intuitive interfaces, variability in students' technical expertise may influence their perceptions of usability (Acosta-Enriquez et al., 2024; Ateş and Gündüzalp, 2025). Research suggests that ease of use remains a critical determinant for adoption, particularly for those less experienced with advanced technologies (Suhail et al., 2024). In the context of generative AI, minimizing perceived complexity is essential to foster positive behavioral intentions.

• Hypothesis 2 (H2): Effort expectancy positively affects STEM students' behavioral intention to use generative AI technologies.

Social Influence (SI) captures the extent to which students perceive that important others—such as peers, faculty, and institutional leaders—endorse the use of AI technologies. As AI integration in higher education expands, normative pressures and endorsement by educators and peers can significantly shape adoption decisions (Han and Guo, 2025; Plageras et al., 2023). Given the ethical considerations and evolving discourse surrounding AI, social influence plays a crucial role in students' acceptance of generative AI tools.

• Hypothesis 3 (H3): Social influence positively affects STEM students' behavioral intention to use generative AI technologies.

Facilitating Conditions (FC) refer to the availability of technical infrastructure, training, and institutional support necessary for effective AI adoption. Prior studies demonstrate that adequate resources and assistance enhance students' capacity to utilize emerging technologies, bridging the gap between intention and actual use (Kumar et al., 2025; Mohamad Mozie et al., 2025). In the AI context, facilitating conditions include access to AI platforms, prompt engineering guidance, and reliable internet connectivity.

• Hypothesis 4 (H4): Facilitating conditions positively affect STEM students' behavioral intention to use generative AI technologies.

In addition to the direct effects of these constructs, this study incorporates moderating variables to examine how individual differences influence the strength and direction of the relationships. Moderators include gender, academic specialization, and computer experience, which prior research links to varying perceptions and adoption patterns in technology acceptance (Devi et al., 2025; Han and Guo, 2025; Suhail et al., 2024).

Gender may moderate relationships by reflecting differential trust, risk perceptions, and familiarity with AI technologies (Suhail et al., 2024). Academic specialization captures domain-specific exposure and perceived relevance, with STEM students potentially exhibiting stronger performance expectancy effects due to greater alignment with their coursework (Acosta-Enriquez et al., 2024). Computer experience relates to digital literacy and self-efficacy, likely amplifying the influence of performance expectancy while attenuating the impact of effort expectancy (Han and Guo, 2025).

• Hypothesis 5a (H5a): Gender moderates the structural relationships between UTAUT constructs and behavioral intention.

• Hypothesis 5b (H5b): Academic specialization moderates the structural relationships between UTAUT constructs and behavioral intention.

• Hypothesis 5c (H5c): Computer experience moderates the structural relationships between UTAUT constructs and behavioral intention.

By situating these constructs and moderating variables within the context of generative AI adoption in a Saudi Arabian STEM student population, this study aims to extend theoretical understanding and provide culturally responsive insights for effective AI integration in higher education (see Figure 1).
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FIGURE 1
 Conceptual model based on UTAUT (Venkatesh et al., 2003).




3 Methodology

This study employed a quantitative, cross-sectional design using a structured questionnaire to examine the factors influencing STEM students' behavioral intention to adopt generative AI technologies in education. The study was guided by the Unified Theory of Acceptance and Use of Technology (UTAUT) framework, which has been widely applied in technology adoption research. A two-stage analytical procedure was used to analyze the data using Partial Least Squares Structural Equation Modeling (PLS-SEM), conducted through SmartPLS 4.0.


3.1 Sample

The target population consisted of STEM students enrolled at a public university in Saudi Arabia. An online questionnaire was distributed via institutional email, allowing participants to complete the survey at their convenience. This approach aimed to promote voluntary participation and candid responses. A total of 464 valid responses were collected for analysis.

The demographic profile of the participants reflected a balanced sample in terms of gender, academic specialization, and experience. Of the respondents, 62.9% were male and 37.1% were female. Regarding specialization, 37.8% were from Science and Mathematics, while 62.2% were from Engineering and Computer Science. In terms of academic experience, 22.4% were experts, 45.3% were advanced, and 32.3% were beginners. As for educational qualifications, 54.7% held a diploma, 33.2% had a bachelor's degree, and 12.1% held a master's or doctorate (see Table 1).

TABLE 1 Respondent demographics.




	Demographic
	Characteristics
	Frequency
	Percent





	Gender
	Male
	292
	62.9%


 
	Female
	172
	37.1%



	Specialization
	Science and Math
	176
	37.8%


 
	Engineering and Computer Science
	288
	62.2%



	Computer experience
	Expert
	104
	22.4%


 
	Advanced
	210
	45.3%


 
	Beginner
	150
	32.3%



	Education
	Diplom
	254
	54.7%


 
	Bachelor's
	154
	33.2%


 
	Higher Education (Master's)
	56
	12.1%



	Total
	
	464
	100%








3.2 Data collection and instrument design

Data were collected through a structured online questionnaire adapted from the Unified Theory of Acceptance and Use of Technology (UTAUT) and its extended model, UTAUT2 (Venkatesh et al., 2003, 2012). The instrument was designed to evaluate key determinants of generative AI adoption among STEM university students in higher education.

Ethical approval for this study was granted by the Scientific Research Committee at a public university in Saudi Arabia (Approval No. SCBR-525/2025) on August 24, 2025. Data collection took place between August 25 and September 2, 2025. Before participation, all respondents provided informed consent electronically. The questionnaire was administered through the institutional students' email to ensure confidentiality and academic integrity.

The questionnaire consisted of two primary sections:

• The first section captured demographic data, including gender, academic specialization, educational level, and self-assessed computer proficiency.

• The second section assessed five core UTAUT constructs: performance expectancy (PE), effort expectancy (EE), facilitating conditions (FC), social influence (SI), and behavioral intention (BI) to use generative AI in academic settings.

These constructs were measured using 18 items, rated on a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree) (Creswell and Creswell, 2017). The instrument was reviewed to ensure construct validity and alignment with the study's research objectives and theoretical framework. A complete list of items is provided in Appendix 1.



3.3 Data analysis

To validate the proposed research model and examine the relationships among UTAUT constructs, Partial Least Squares Structural Equation Modeling (PLS-SEM) was applied using SmartPLS version 4.0. PLS-SEM is particularly suitable for analyzing complex models involving latent constructs and moderation effects. It has been extensively used in recent educational technology research due to its predictive capability and ability to generate robust results from small to medium sample sizes (Abreh et al., 2025; Hair et al., 2022; Kumar et al., 2025; Lakulu et al., 2025).

The analysis followed a structured two-stage procedure, consistent with established PLS-SEM guidelines:

Stage 1: measurement model assessment

The measurement model was evaluated to determine the reliability and validity of the latent constructs:

• Internal consistency reliability was confirmed through Cronbach's alpha and Composite Reliability (CR), with all values exceeding the 0.70 threshold.

• Convergent validity was assessed using Average Variance Extracted (AVE), with all constructs reporting AVE values above 0.50 (Fornell and Larcker, 1981).

• Discriminant validity was examined using both the Fornell–Larcker criterion and the Heterotrait–Monotrait (HTMT) ratio. The results showed that the square roots of AVEs were greater than inter-construct correlations, and HTMT values were all below 0.90, confirming adequate discriminant validity (Henseler et al., 2015).

Stage 2: Structural Model Assessment

The structural model was then analyzed to test the hypothesized relationships between the UTAUT constructs:

• Path coefficients, t-values, and p-values were obtained through a non-parametric bootstrapping procedure with 5,000 resamples.

• The model's explanatory power was assessed using the coefficient of determination (R2).

• Effect sizes (f2) and predictive relevance (Q2) were calculated to evaluate the relative impact and predictive capability of each path.

To complement the structural analysis, descriptive statistics were computed using SPSS (Version 25) to profile the demographic characteristics of the sample and assess its representativeness. The data demonstrated an approximately normal distribution, supporting the appropriateness of the statistical procedures employed.




4 Results


4.1 A pilot testing

A pilot study was conducted with a sample of 40 students to evaluate the preliminary reliability of the questionnaire. Pearson correlation coefficients were computed among the items corresponding to each latent construct. All coefficients exceeded 0.70, indicating satisfactory internal consistency and suggesting that the instrument demonstrated acceptable initial reliability.



4.2 Assisting the measurement model

The evaluation of the measurement model involves establishing its validity and reliability (Hair et al., 2022). Convergent and discriminant validity are used to assess the validity of the measurement model.

• As shown in Tables 2, 3, the values of the standardized factor loading measuring the underlying constructs exceeded the threshold value of 0.70, confirming indicator reliability and convergent validity. Furthermore, the values of the average variance explained (AVE) surpassed the minimum cutoff point of 0.50 across all latent variables. Hence, this study established convergent validity for each latent variable.

• As for reliability assessment, the results shown in Table 3 indicate that the values of both composite reliability (CR) and Cronbach's alpha exceeded the minimum acceptable value of 0.70 for internal consistency reliability across all latent variables. Therefore, the reliability of all latent variables was established.

• Table 4 shows the results of the Heterotrait-Monotrait Ratio (HTMT) and the Fornell-Larcker criterion, which were used for discriminant validity assessment. Using HTMT, all values were below the cut-off value of 0.85 (Henseler et al., 2015). Moreover, the Fornell-Larcker method indicated that none of the off-diagonal correlations exceeded the square root of the AVE, confirming the discriminant validity of the latent variables. Thus, the discriminant validity of all latent variables was established.

TABLE 2 Descriptive analysis of constructs and Cronbach's alpha values.




	Construct
	M
	SD
	Cronbach's alpha
	Items





	PE
	16.89
	3.484
	0.914
	4



	EE
	12.69
	2.699
	0.911
	3



	SI
	12.24
	2.855
	0.881
	3



	FC
	16.71
	3.298
	0.837
	4



	BI
	17.04
	3.443
	0.926
	4



	All items
	75.57
	13.527
	0.957
	18






TABLE 3 Results of measurement model evaluation.




	Latent variable
	Indicators
	Factor loading
	AVE
	CR
	Cronbach's Alpha





	PE
	PE1
	0.858
	0.795
	0.939
	0.914


 
	PE2
	0.903


 
	PE3
	0.921


 
	PE4
	0.883



	EE
	EE1
	0.927
	0.850
	0.944
	0.911


 
	EE2
	0.942


 
	EE3
	0.896



	SI
	SI1
	0.881
	0.808
	0.927
	0.881


 
	SI2
	0.907


 
	SI3
	0.908



	FC
	FC1
	0.817
	0.671
	0.891
	0.837


 
	FC2
	0.863


 
	FC3
	0.807


 
	FC4
	0.787



	BI
	BI1
	0.898
	0.818
	0.947
	0.926


 
	BI2
	0.926


 
	BI3
	0.896


 
	BI4
	0.897





AVE, average variance explained; CR, composite reliability.

All values computed based on 5,000 bootstrap samples.




TABLE 4 Results of discriminant validity assessment.




	
	PE
	EE
	SI
	FC
	BI





	Heterotrait-Monotrait Ratio (HTMT)



	PE
	—
	
	
	
	



	EE
	0.783
	—
	
	
	



	SI
	0.621
	0.636
	—
	
	



	FC
	0.727
	0.702
	0.759
	—
	



	BI
	0.829
	0.756
	0.737
	0.811
	—



	Fornell-Larcker criterion



	PE
	0.892a
	
	
	
	



	EE
	0.717
	0.922a
	
	
	



	SI
	0.559
	0.571
	0.899a
	
	



	FC
	0.641
	0.616
	0.652
	0.819a
	



	BI
	0.817
	0.696
	0.668
	0.721
	0.905a





aThe square root of the AVE. All values computed based on 5,000 bootstrap samples.

Bold values along the diagonal represent the square roots of the AVE for each construct.






4.3 Assessment of the structural model

The initial step is to assess the presence of multicollinearity among the exogenous constructs, which occurs when two exogenous latent variables are highly correlated or when their variance inflation factor (VIF) exceeds the threshold value of 5.00, or ideally, remains below 3.00 (Hair et al., 2019). The study employs a standard PLS model and then evaluates the values of VIF for the exogenous variables, presenting the results in Table 5. The results reveal that none of the VIFs exceeded 3.0, confirming the absence of this problem.

TABLE 5 Results of the assessment of the direct effects of the structural model.




	Path
	b
	STDEV
	T-statistic
	f2
	P-value(a)
	VIF
	Result





	PE → BI
	0.506
	0.059
	8.582
	0.445
	0.000
	2.398
	H1 Supported



	EE → BI
	0.091
	0.055
	1.657
	0.015
	0.098
	2.331
	H2 Not supported



	SI → BI
	0.194
	0.046
	4.186
	0.082
	0.000
	1.915
	H3 Supported



	FC → BI
	0.214
	0.049
	4.364
	0.086
	0.000
	2.233
	H4 Supported



	R-squared
	0.760
	
	
	
	
	



	Adjusted R-squared
	0.758
	
	
	
	
	



	SRMR
	0.060
	
	
	
	
	



	Predictive relevance (Q2)
	0.612
	
	
	
	
	





(a)Bias-corrected p-values; f2, effect size. b, path coefficient; STDEV, standard deviation; VIF, variance inflation factor.




Once the absence of multicollinearity was confirmed, the study employed a PLS-SEM with a non-parametric bootstrap procedure (with 5,000 samples) to estimate the path coefficients and assess their significance. However, before examining the study hypotheses, it is important to evaluate the goodness of fit of the structural model (Hair et al., 2022). The goodness of fit of the structural model was assessed using the standardized root mean square residual (SRMR), the coefficient of determination (R2), and the cross-validated redundancy measure, also known as predictive relevance (Q2). As displayed in Table 5, the structural model exhibits a good fit, as evidenced by an SRMR value of 0.060, which is below the recommended threshold of 0.08 (Henseler et al., 2014). Furthermore, the adjusted R2 value of 0.758 indicates that the structural model has strong explanatory power, accounting for a significant proportion of variance in BI (Hair et al., 2022). The Q2 value of 0.612 confirms that the model possesses predictive validity (Falk and Miller, 1992). These findings highlight the validity of the structural model. The estimated structural model is illustrated in Figure 2, which reports the standardized factor loadings and path coefficients along with their respective p-values.


[image: A structural model illustrating direct effects of UTAUT constructs on Behavioral Intention (BI). Constructs Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), and Facilitating Conditions (FC) are depicted as circles connected by arrows to BI. Each construct contains indicators, labeled PE1–PE4 and BI1–BI4, shown as squares with loading values. Arrows indicate the direction, strength, and significance of relationships, represented by path coefficients and p-values. The model visually presents both measurement and structural relationships tested in the study, highlighting how perceptions, social norms, and resources influence students’ intention to use generative AI.]
FIGURE 2
 The structural model for the direct effects, based on UTAUT (Venkatesh et al., 2003).




4.4 Direct hypothesis testing

The results presented in Table 5 indicate a statistically significant and direct relationship between PE and BI (β = 0.506, t-statistic = 8.582, p-value = 0.000). As PE increases by one standard deviation, BI increases by 0.506 standard deviations. The effect size of 0.445 indicates a moderate effect of PE on BI (Hair and Alamer, 2022). Therefore, the findings provide strong evidence to support the acceptance of the first hypothesis (H1). However, the empirical analysis yields an insignificant effect of EE on BI, demonstrating that no relationship between EE and BI (b = 0.091, t-statistic = 1.657 <1.96, p-value = 0.098 > 0.05). Therefore, the second hypothesis (H2) is not supported.

The findings of this study also reveal a statistically significant and positive effect of SI on BI, with an estimated standardized path coefficient of 0.194 (t-statistic = 4.186, p-value = 0.000 <0.05). Meanwhile, its effect size is 0.082, which signifies a modest effect (Hair and Alamer, 2022). Hence, the third hypothesis (H3) of this study is strongly supported, indicating a positive linkage between the SI and BI among students in Saudi Arabia. This result highlights that a one-standard-deviation increase in SI corresponds to a 0.194-standard-deviation increase in BI. Likewise, the results demonstrate that the effect of FC was positive, with a standardized path coefficient of 0.214. This estimated coefficient was statistically significant because it was associated with a t-statistic of 4.364 > 1.96 and a p-value = 0.000 <0.05. The effect size was 0.086, signifying a modest effect of FC on BI (Hair and Alamer, 2022). This finding supports the fourth hypothesis (H4), confirming that general education students in Saudi Arabia perceived that FC positively impacted their perceived BI toward including AI technology in education. BI increases by 0.214 standard deviations with a one standard deviation increase in FC.



4.5 Results of moderation testing

The moderating effects of gender, specialization, and computer experience are examined using multi-group analysis (MGA). This approach is appropriate when the moderator is a categorical variable rather than a continuous one (Hair et al., 2022; Sarstedt et al., 2011). Using this approach, the data is divided into distinct groups (e.g., male vs. female), allowing for a direct comparison of structural path coefficients across groups (Hair et al., 2022). The researcher employs a non-parametric bootstrapping procedure with 5,000 samples. Accordingly, a moderation effect is considered significant if the differences in the path coefficients are statistically significant across the categories of the moderator variable (Henseler, 2007; Sarstedt et al., 2011).


4.5.1 Moderation effect of gender

The moderating effect of gender is examined by conducting separate PLS-SEM models for male and female samples through assessing the significance of the difference between the two estimated coefficients for males and females in MGA. The results are shown in Table 6. The results indicated that none of the relationships are significantly moderated by gender (p-values > 0.05). These findings do not support the first part of the fifth hypothesis (H5a). More specifically, none of the sub-hypotheses (H5a, H5b, H5c, and H5d) are supported, indicating that the effects of PE, EE, SI, and FC on BI did not differ significantly by gender.

TABLE 6 Results of the moderation effect of gender.




	Path
	βMale
	βFemale
	Δβ (βMale - βFemale)
	P-value
	Result





	PE → BI
	0.414
	0.644
	−0.231
	0.057
	H5a Not supported



	EE → BI
	0.166
	−0.011
	0.177
	0.147
	H5b Not supported



	SI → BI
	0.165
	0.201
	−0.036
	0.695
	H5c Not supported



	FC → BI
	0.283
	0.128
	0.155
	0.178
	H5d Not supported





βMale, path coefficient for male group; βFemale, path coefficient for female group; Δ, difference operator.






4.5.2 Moderation effect of specialization

Similarly, this study examines the moderating effect of specialization (Science vs. Engineering) on the relationships between PE, EE, SI, and FC, on the one hand, and BI, on the other. The results of the MGA displayed in Table 7 revealed that the effect of PE on BI was significantly stronger among engineering and computer science students (βECS = 0.625) than among science and mathematics students (βSM = 0.419), with the difference reaching statistical significance (difference in β = −0.205, p-value = 0.047 <0.05). This finding supports H6a and suggests that students in computer science and engineering have a more positive perception of the expected performance benefits of AI technologies, which in turn influences their intention to adopt them. Conversely, the moderating effects of specialization are not significant for the other UTAUT predictors, including EE (Δ β = 0.197, p-value = 0.723), SI (Δβ = 0.141, p-value = 0.064), and FC (Δβ = −0.037, p-value = 0.102). These results provided strong evidence that did not support H6b, H6c, and H6d.

TABLE 7 Results of the moderation effect of specialization.




	Path
	βSM
	βECS
	Δβ (βSM - βECS)
	P-value
	Result





	PE → BI
	0.419
	0.625
	−0.205
	0.047
	H6a Supported



	EE → BI
	0.181
	−0.016
	0.197
	0.723
	H6b Not supported



	SI → BI
	0.267
	0.126
	0.141
	0.064
	H6c Not supported



	FC → BI
	0.195
	0.232
	−0.037
	0.102
	H6d Not supported





βSM, path coefficient for science and mathematics group; βECS, path coefficient for engineering and computer science group; Δ, difference operator.






4.5.3 Moderation effect of computer experience

The results of the MGA are shown in Table 8, which indicates that the level of computer experience did not impact the perceived PE, EE, SI, and FC on the BI perception among students in Saudi Arabia. Hence, the study provides strong evidence that does not support H7a, H7b, H7c, and H7d. Accordingly, the direct links between UTAUT variables and BI do not vary by the level of computer proficiency.

TABLE 8 Results of the moderation effect of computer experience.




	Path
	Δβ (βBeginner - βAdvanced)
	Δβ (βBeginner - βExpert)
	Δβ (βAdvanced - βExpert)
	Result





	PE → BI
	−0.236
	−0.070
	0.166
	H6a Not supported



	P-value
	0.084
	0.673
	0.307
	



	EE → BI
	0.031
	0.047
	0.016
	H6b Not supported



	P-value
	0.811
	0.775
	0.911
	



	SI → BI
	0.219
	0.159
	−0.060
	H6c Not supported



	P-value
	0.095
	0.277
	0.537
	



	FC → BI
	−0.028
	−0.116
	−0.088
	H6d Not supported



	P-value
	0.809
	0.390
	0.428
	





βBeginner, path coefficient for beginner group; βAdvanced, path coefficient for students with advanced level in using a computer; βExpert, path coefficient for students who are in the expert computer group; Δ, difference operator.








5 Discussion

This study investigated the behavioral intention of undergraduate STEM students in Saudi Arabia to adopt generative AI for academic purposes, applying the Unified Theory of Acceptance and Use of Technology (UTAUT) as the theoretical framework. The findings offer both theoretical and practical insights, highlighting how core UTAUT constructs, performance expectancy (PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC).


5.1 Performance expectancy as a dominant predictor

Consistent with prior research (e.g., Acosta-Enriquez et al., 2024; Hsieh and Chiu, 2019), performance expectancy emerged as the strongest and most significant predictor of behavioral intention (β = 0.506, p < 0.001). Also, this aligns with findings from other UTAUT-based studies in diverse STEM contexts, such as Devi et al. (2025), Du et al. (2025), and Kumar et al. (2025), all of which highlight the centrality of performance-related perceptions in driving AI adoption. This finding reinforces the notion that students are most inclined to adopt AI tools when they perceive tangible academic benefits, such as improved understanding, efficiency, or academic performance. The moderate effect size (f2 = 0.445) indicates that performance-related beliefs are not only statistically significant but practically impactful in shaping students‘ technology adoption behaviors. These results corroborate theoretical assumptions within UTAUT and empirical studies in similar educational contexts (Acosta-Enriquez et al., 2024; Deng et al., 2023; Hsieh and Chiu, 2019; Romero-Rodríguez et al., 2023). In STEM and AI adoption contexts, numerous studies report similar findings: for example, Du et al. (2025) found that performance expectancy (alongside hedonic motivation and price value) significantly predicted mathematics teachers' intention to use AI in China. Similarly, Lakulu et al. (2025) observed that performance expectancy strongly influenced the adoption of AI-powered mobile learning among Malaysian students.

However, there is variation. Ateş and Gündüzalp (2025) integrated UTAUT2 and GETAMEL frameworks and found that enjoyment, self-efficacy, anxiety, and experience mediated or moderated the influence of perceived usefulness. That suggests that in some contexts, performance expectancy alone may not fully explain intention, and other psychological or contextual factors play a stronger role. In our study's context, the strong predictive power of PE might partly reflect the high relevance of AI to STEM fields, or may be strengthened by students' prior exposure to technologically rich environments.

Additionally, the finding that performance expectancy had a stronger influence on behavioral intention among engineering and computer science students compared to those in science and mathematics aligns with existing research highlighting the role of academic specialization in shaping technology adoption. Han and Guo (2025), for example, reported that STEM students tend to place greater emphasis on perceived usefulness than their non-STEM counterparts. This supports the disciplinary relevance hypothesis, which suggests that students in fields more directly engaged with technology are more likely to recognize and value the performance benefits of AI tools (Kersten and Pape, 2024; Hsieh and Chiu, 2019). These results point to the importance of tailoring AI integration strategies to the specific needs and expectations of different academic disciplines within STEM education.



5.2 The limited role of effort expectancy

A striking and somewhat unexpected finding in this study is that effort expectancy (EE) did not significantly predict behavioral intention to adopt generative AI tools among Saudi STEM undergraduates (β = 0.091, p = 0.098). This result contrasts with several prior studies, where EE played a meaningful role in shaping technology adoption—particularly in populations with lower digital fluency or more limited exposure to emerging technologies (Acosta-Enriquez et al., 2024; Ateş and Gündüzalp, 2025; Devi et al., 2025; Mohamad Mozie et al., 2025). For example, in a study on gamified STEM learning in Kuwait, Aljamaan et al. (2025) found that effort expectancy significantly influenced students' learning enjoyment, which in turn shaped behavioral intention. Similarly, Devi et al. (2025) reported that effort expectancy was a critical determinant among women in STEM in India, suggesting the salience of ease-of-use perceptions in contexts where confidence or familiarity with digital tools may vary.

However, the findings align more closely with studies that emphasize the contextual and domain-specific nature of EE. Han and Guo (2025), for instance, found that effort expectancy had a stronger influence on non-STEM students than on STEM students, implying that those with greater technical exposure perceive AI tools as inherently less difficult to use. Du et al. (2025) and Lakulu et al. (2025) also highlighted how EE's significance can diminish in settings where users are technically proficient or accustomed to using complex educational technologies. These studies suggest that technical familiarity and disciplinary background are crucial moderators of EE's predictive power.

In the current context, several factors may explain the diminished role of EE. First, Saudi STEM students generally demonstrate a high level of digital literacy and routine interaction with technical systems, reducing the perceived effort associated with adopting generative AI. Technologies that may seem daunting to less digitally inclined users are likely viewed as manageable—or even intuitive—by this population. Second, many generative AI tools have matured significantly in usability, often featuring user-friendly, conversational interfaces that lower the threshold for engagement without requiring deep technical training. Third, institutional and cultural factors, such as mandated digital skill development, integration of AI tools in coursework, or the presence of robust IT support, may have further alleviated any perceived barriers to use.

Notably, the absence of significant moderating effects by gender, specialization, or computer experience reinforces the conclusion that ease of use may no longer serve as a differentiating factor within this user group. In other words, EE may have become a baseline expectation among digitally fluent learners rather than a driver of adoption—assumed rather than actively evaluated. This finding further contributes to the growing body of research that challenges the generalizability of EE as a universally important factor within the UTAUT model (Kumar et al., 2025; Sarstedt et al., 2011).

Ultimately, this divergence highlights the need for context-sensitive interpretations of UTAUT constructs. While EE remains important in certain environments, especially those involving novice users, marginalized groups, or non-STEM disciplines, its relevance may decline in high-tech, high-competence contexts where digital tools are seen as standard components of academic life.



5.3 The role of social influence and facilitating conditions

Social influence (SI) had a statistically significant but modest effect on behavioral intention (β = 0.194, p < 0.001; f2 = 0.082), consistent with recent findings that emphasize the situational and cultural variability of this construct (Plageras et al., 2023; Kersten and Pape, 2024). In the Saudi context, where collective norms, authority figures, and institutional expectations may play a stronger role than in more individualistic societies, the impact of peers, instructors, and university messaging emerges as a meaningful, albeit secondary, influence on students' adoption of generative AI. This finding is echoed in other culturally similar contexts; for example, Abreh et al. (2025) reported that subjective norm and perceived social good were significant predictors of AI learning intentions among STEM students in Ghana. These parallels highlight how social conformity and perceived collective benefit can meaningfully shape students' behavioral intentions in regions with strong communal values.

Similarly, facilitating conditions (FC) showed a significant yet modest influence on behavioral intention (β = 0.214, p < 0.001; f2 = 0.086), emphasizing the importance of technological infrastructure, institutional support, and resource availability. This finding aligns with a wide body of literature emphasizing institutional readiness as a core enabler of AI adoption in higher education (Acosta-Enriquez et al., 2024; Kumar et al., 2025; Mohamad Mozie et al., 2025; Truong and Pham, 2025). Notably, facilitating conditions did not vary significantly across gender, specialization, or computer experience in this study—suggesting that adequate access to infrastructure and support is relatively evenly distributed among Saudi STEM students.

Comparable results have been found in other national contexts. For instance, studies in India (Kumar et al., 2025), Malaysia (Lakulu et al., 2025), and Turkey (Ateş and Gündüzalp, 2025) also confirm that institutional support systems, digital access, and user guidance are cross-cutting determinants of successful technology integration. Together, these findings underscore that while SI and FC may not be the strongest predictors, they are nonetheless essential elements of a supportive educational environment that fosters AI adoption—particularly in contexts with emerging or evolving digital ecosystems.



5.4 Moderation by demographics: limited but specific

The current study found limited moderating effects of demographic variables on technology acceptance, with only academic specialization significantly influencing the relationship between performance expectancy (PE) and behavioral intention (BI). This aligns with prior research by Truong and Pham (2025) and Mohamad Mozie et al. (2025), who observed minimal gender differences in technology acceptance in digitally fluent contexts. The absence of significant moderation by gender or computer experience likely reflects a baseline level of digital competence among STEM students, reducing variability in perceived technological barriers. In contrast, the significant moderation by academic specialization supports findings by Han and Guo (2025), who noted substantial variation in AI adoption across STEM sub-disciplines. This pattern emphasizes the influence of domain-specific relevance in shaping students' perceptions of generative AI's utility, reinforcing arguments by Ateş and Gündüzalp (2025), Du et al. (2025), and Flores-Alonso et al. (2023) regarding the importance of context-sensitive implementation and the recalibration of traditional technology acceptance predictors based on disciplinary needs.



5.5 Implications for practice

The results of this study have several important implications for educators, institutions, and policymakers:

• Focus on demonstrating performance benefits: To increase generative AI adoption, institutions should highlight how these tools directly support academic performance, such as improving understanding of complex STEM topics, enhancing problem-solving skills, or enabling more efficient study practices.

• Tailor implementation by discipline: Since the perceived usefulness of AI varies across STEM specializations, AI adoption strategies should be customized to align with the unique needs and expectations of each academic field.

• Enhance institutional support: While facilitating conditions had only a modest effect, their significance confirms the necessity of adequate technological infrastructure, training, and institutional endorsement to encourage widespread adoption.

• Leverage social influence strategically: Institutional and peer encouragement can play a meaningful role in influencing adoption, especially in culturally collective societies. Initiatives such as peer-led workshops or faculty showcases could enhance the social legitimacy of AI use in learning.



5.6 Theoretical contributions

This study contributes to the growing body of literature applying the UTAUT model in educational settings by:

• Validating UTAUT, STEM-focused university context, thereby enhancing its cross-cultural applicability.

• Demonstrating that performance expectancy remains the most robust predictor of AI adoption intentions in higher education.

• Revealing nuanced insights into the role of academic specialization, suggesting that perceived benefits of AI tools vary significantly depending on disciplinary context.

• Challenging the relevance of effort expectancy and demographic moderators in contexts with high digital literacy.



5.7 Limitations and future research

Despite the valuable insights offered by this study, several limitations warrant consideration. First, the use of a cross-sectional research design restricts the ability to draw causal inferences regarding the relationships between the UTAUT constructs and STEM students' behavioral intention. Longitudinal studies are recommended to capture the dynamic evolution of students‘ perceptions and usage behaviors over time.

Second, the study was conducted at a single university in Saudi Arabia, which may limit the generalizability of the findings. Future research should consider incorporating more diverse institutional settings, both within the region and internationally, to capture broader cultural, institutional, and disciplinary variations in AI adoption among STEM students.

Third, while the UTAUT model offered a robust theoretical foundation, it may not fully capture the complexity of STEM students' decision-making processes regarding emerging technologies. Integrating additional constructs such as perceived risk, perceived enjoyment, or AI self-efficacy may enhance explanatory power and provide a more nuanced understanding of students' attitudes toward generative AI.

Furthermore, future studies could extend the current framework by examining how UTAUT factors relate to global trends in online learning, lifelong learning, and continuous professional development, particularly as AI tools become increasingly integrated into digital and remote education platforms.

Finally, employing a mixed-methods approach, combining qualitative techniques such as interviews or focus groups with quantitative surveys, would offer a more comprehensive perspective. This would allow researchers to triangulate findings, deepen contextual understanding, and capture the subjective experiences and motivations underlying students' adoption behaviors.
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Appendix 1

Part One: Demographic Information:

Gender: Male - Female

Field of Specialization: Administrative/Educational/Health/ Scientific/Engineering (including engineering and computer engineering)

Academic Level: First/Second/Third/Fourth/Fifth/Sixth/Seventh/ Eighth

Academic Level: Diploma/Bachelor's/ Master's

Computer Experience: Beginner - Advanced - Expert

Part Two: Factors Influencing Students' Behavioral Intention to Use Generative AI in Education

Strongly Disagree Neutral Agree Strongly Agree Items

Axis 1: Expected Performance

1. I believe that generative AI will increase my ability to complete tasks and assignments.

2. I believe that generative AI will help me obtain important information during my learning.

3. I believe that generative AI will increase my academic productivity.

4. I believe that generative AI will benefit my overall learning.

Axis 2: Expected Effort

1. I believe that it will be easy to master using Generative AI in My Learning.

2. I think it will be easy for me to become proficient in using generative AI.

3. I think it will be easy for me to become proficient in using generative AI applications.

Axis 3: Social Influence

1. My teacher and peers believe I should use generative AI in my learning.

2. People I influence believe I should use generative AI in my learning.

3. People whose opinions I care about support my use of generative AI in my learning.

Axis 4: Facilitating Factors

1. I have the necessary resources (computer, internet, etc.) to use generative AI in my learning.

2. The devices I currently use in my learning are compatible with generative AI.

3. I receive appropriate technical support when I encounter a problem related to using generative AI in my learning.

4. I have the necessary knowledge to use generative AI in my learning.

Axis 5: Behavioral Intention to Use Generative AI

1. I intend to use generative AI in the near future.

2. I plan to use generative AI in my learning over the coming months.

3. I will seek to use generative AI in my learning when I have the opportunity.

4. I expect to use generative AI in my learning shortly.

Copyright
 © 2025 BinJwair. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/xhtml/Nav.xhtml




Contents





		Cover



		Predicting STEM students' adoption of generative AI in academic contexts: an application of the UTAUT model



		1 Introduction



		2 Literature review and hypothesis development



		3 Methodology



		3.1 Sample



		3.2 Data collection and instrument design



		3.3 Data analysis







		4 Results



		4.1 A pilot testing



		4.2 Assisting the measurement model



		4.3 Assessment of the structural model



		4.4 Direct hypothesis testing



		4.5 Results of moderation testing



		4.5.1 Moderation effect of gender



		4.5.2 Moderation effect of specialization



		4.5.3 Moderation effect of computer experience













		5 Discussion



		5.1 Performance expectancy as a dominant predictor



		5.2 The limited role of effort expectancy



		5.3 The role of social influence and facilitating conditions



		5.4 Moderation by demographics: limited but specific



		5.5 Implications for practice



		5.6 Theoretical contributions



		5.7 Limitations and future research







		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Generative AI statement



		Publisher's note



		References



		Appendix 1

















OPS/images/cover.jpg
& frontiers | Frontiers in Education

Predicting STEM students’
adoption of generative Al in
academic contexts: an
application of the UTAUT model





OPS/images/feduc-10-1669750-g001.gif





OPS/images/feduc-10-1669750-g002.gif
[











OPS/images/crossmark.jpg
©

|






OPS/images/logo.jpg
& frontiers | Frontiers in Education







