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Abstract

The rapid advancement of artificial intelligence (Al) has significantly transformed various
educational domains, including engineering education. Despite AI’s growing prevalence,
limited research has explored the determinants influencing engineering students' acceptance of
Al This study investigates the factors shaping Al acceptance among engineering students in
Indonesia. Using Structural Equation Modeling (SEM) with the Partial Least Squares (PLS)
approach, data were collected from 158 engineering students across multiple universities. The
research model incorporates six constructs: Perceived Usefulness (PU), Perceived Ease of Use
(PEOU), Social Influence (SI), Facilitating Conditions (FC), Self-Efficacy (SE), and Perceived
Risks (PR), each operationalized through seven measurement indicators. The results indicate
that PU, PEOU, SI, and SE have significant positive effects on Al acceptance, while PR exerts a
significant negative influence. Conversely, FC does not demonstrate a significant impact. These
findings offer theoretical and practical implications for fostering Al adoption in engineering
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education, including strategies for educators, policymakers, and developers of Al-based tools to
enhance user acceptance. This study extends the literature on technology acceptance in
educational settings, providing actionable insights for improving the integration of Al in higher
education.

Keywords: Artificial intelligence; Blended learning environment; Engineering student; SEM
PLS
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Introduction

Artificial Intelligence (Al) is rapidly transforming various sectors, including healthcare,
finance, manufacturing, and education (Desmira, Bakar, et al., 2022; Desmira, Hamid, et al.,
2022; Verganti et al., 2020). In the field of engineering, Al technologies have demonstrated
significant potential to enhance problem-solving capabilities, optimize design processes, and
drive innovation (Garbuio & Lin, 2021; Velezmoro-Abanto et al., 2024). As such, the
integration of Al into engineering education is becoming increasingly important to prepare
students for the demands of the modern workforce (Dwivedi et al., 2021). However, the
successful adoption of Al tools and systems among engineering students remains contingent on
several factors, including their perceptions of the technology, trust in its capabilities, and the
support provided by their educational institutions (Rahim et al., 2022; Samala et al., 2024).

Previous studies have shown that technology acceptance is a complex process
influenced by various psychological, social, and environmental factors (Alzubaidi et al., 2023;
Chang et al., 2022; Chen et al., 2023; Hwang et al., 2022; Kuleto et al., 2021; Luan et al., 2020;
Maranguni¢ & Grani¢, 2015; Nallaperuma et al., 2019; Samala et al., 2024; Wu et al., 2022).
The Technology Acceptance Model (TAM) and Unified Theory of Acceptance and Use of
Technology (UTAUT) have been widely used to investigate the acceptance of emerging
technologies across various contexts (Ammenwerth, 2019; Antonietti et al., 2022; Chatterjee &
Bhattacharjee, 2020; Dwivedi et al., 2019; Hwang & Lee, 2018; Xue et al., 2024). In line with
the research (Yao et al., 2023), tthese models highlight the roles of Supporting Conditions (SC),
Perceived Ease of Use (PEOU), Trust (TR), Perceived Usefulness (PU), Self-Efficacy (SE), and
Social Influence (SI) as crucial due to the unique characteristics of Al systems.

Despite the growing body of research on Al in education, there remains a gap in
understanding the specific factors that influence engineering students’ acceptance of Al
(Chatterjee & Bhattacharjee, 2020; Eslit, 2023; Kasneci et al., 2023; Kuleto et al., 2021; Luan et
al., 2020; Roshanaei, 2023; Swindell, 2024; Tlili et al., 2023). Engineering students, as future
technology innovators and adopters, require a unique focus due to their specialized skill set and
their role in driving Al advancements in industry and academia (Ahmad, 2020). This study aims
to fill this gap by exploring the key determinants of Al acceptance among engineering students
in Indonesia, a developing country where Al adoption is still emerging. The findings of this
research are expected to provide insights that will inform educators, policymakers, and Al
developers in enhancing the effective integration of Al into engineering education; this is in line
with the results of research (Bhimdiwala et al., 2022; Menekse, 2023).

Al improves personalized learning in blended environments by facilitating the creation
of customized educational materials, interactive instruction, and the integration of classroom
and online learning (Aleksandra & Tatiana, 2024; Alshahrani, 2023a, 2023b; Xiang & Ma,
2023; Zheng, 2020). Al facilitates the development of a cutting-edge intelligence program
designed to enhance instructional methodologies inside certain courses, allowing teachers as
well as students to benefit from improved educational experiences (Karatas & Yiice, 2024;
Oungjjar et al., 2024). The integration of Al in blended learning fosters innovative educational
methodologies, including blended teaching, which enhances the quality of both teaching and
learning (Aleksandra & Tatiana, 2024; Xie, 2019; X. Zhao & Yang, 2021; Zheng, 2020).

The integration of Al in blended learning settings poses several challenges. These
include a notable disjunction between offline and online instructional elements, inadequate
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emotional engagement between students and their teachers, and the restricted utilization of Al-
enhanced teaching methods (Wang & Rao, 2024). Contemporary Al solutions in blended
learning mostly provide asynchronous online individual learning, with little integration of
online activities and classroom-based offline interactions (Park, 2024). Moreover, technical
inequalities, data security concerns, and user acceptance challenges provide further
impediments to the efficient use of Al in improving blended learning settings (Ou, 2024;
Oungjjar et al., 2024). Confronting these problems is essential for optimizing the capabilities of
Al in developing integrated and efficient blended learning experiences.

This study employs Structural Equation Modeling using the Partial Least Squares (SEM-
PLS) method to investigate the relationships among key variables influencing engineering
students’ acceptance of artificial intelligence (Al) technology. The variables examined include
Supporting Conditions (SC) (Huang et al., 2022; Wang et al., 2022; Wu et al., 2019), Perceived
Ease of Use (PEOU) (Abdullah et al., 2016; Amin et al., 2014; Gefen et al., 2000; Ma & Liu,
2005, 2006, 2008; Mishra et al., 2023), Trust (TR) (Glikson & Woolley, 2020; Habbal et al.,
2024; Hua et al., 2021; Kivijarvi et al., 2013; Lankton et al., 2015; Sabetzadeh & Chen, 2023),
Perceived Usefulness (PU) (Amin et al., 2014; Ebadi & Raygan, 2023; Fuchs, 2022; Salim et
al., 2021; Wang et al., 2022), Self-Efficacy (SE) (Findik-Coskungay et al., 2018; Galos &
Aldridge, 2021; Kulviwat et al., 2014; Li et al., 2019; Ma & Liu, 2005), and Social Influence
(SI) (Bayaga & du Plessis, 2024; Brown et al., 2010; Kurdi et al., 2020). By analyzing these
factors, the study aims to provide a comprehensive understanding of the determinants,
challenges, and opportunities associated with Al adoption in engineering education,
contributing valuable insights to the development of effective strategies for integrating Al in
this domain.

This study is interesting due to its thorough analysis of the variables affecting
engineering students’ acceptance of Artificial Intelligence (Al) in Indonesian higher education,
particularly in a developing nation where Al deployment is nascent. This research distinguishes
itself from prior studies by concentrating on engineering education and integrating a distinctive
combination of variables: Supporting Conditions (SC), Perceived Ease of Use (PEOU), Trust
(TR), Perceived Usefulness (PU), Self-Efficacy (SE), and Social Influence (SI) to evaluate their
collective impact on Al acceptance. This work uses Structural Equation Modeling (SEM) and
Partial Least Squares (PLS) to comprehensively analyze the dynamic interactions among these
components, particularly focusing on trust, an often-overlooked element in Al adoption.
Furthermore, the geographical emphasis on Indonesia provides context-specific insights that
may serve as a model for Al integration in other developing nations, enhancing the global
dialogue on Al use in education. The results enhance both theoretical and practical
implementations of Al in engineering education, providing novel techniques to promote Al
adoption in developing countries.

This study seeks to address the following research questions to explore the factors
influencing engineering students’ acceptance of Artificial Intelligence (Al):

e How do Supporting Conditions (SC) influence engineering students’ acceptance of
Artificial Intelligence in educational settings?

e What is the effect of Perceived Ease of Use (PEOU) on the adoption of Artificial
Intelligence among engineering students?
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e To what extent does Trust (TR) in Al systems impact students’ intention to accept and
use Artificial Intelligence technologies?

e How does Perceived Usefulness (PU) of Artificial Intelligence affect students’
willingness to adopt Al in their academic learning processes?

e What role does Self-Efficacy (SE) play in influencing engineering students’ acceptance
of Artificial Intelligence?

e How does Social Influence (SI) from peers and educators shape students’ attitudes
toward adopting Al technologies in engineering education?

e What is the combined effect of SC, PEOU, TR, PU, SE, and SI on the overall
acceptance of Artificial Intelligence among engineering students?

Literature Review

Supporting Conditions (SC)

Supporting Conditions (SC) include the necessary resources, infrastructure, and
institutional backing essential for the effective adoption and use of technology (Ghobakhloo et
al., 2012; D. Wu et al., 2019). In educational contexts, SC encompasses access to necessary
hardware, software, technical support, and training programs that facilitate the effective
integration of technology into learning environments (Bingimlas, 2009; Brata & Amalia, 2018).
Supporting conditions have been demonstrated to improve technology acceptance by
diminishing perceived barriers and promoting favorable attitudes toward technology use
(Kanwal & Rehman, 2017). For engineering students, SC is essential, as access to advanced Al
tools, computational resources, and expert technical guidance significantly influences their
capacity to integrate Al into their educational experiences. Adequate institutional support
facilitates the development of Al-related competencies and promotes sustained engagement and
confidence in using Al technologies, thereby reinforcing its adoption in engineering education.
Based on the theoretical framework and literature review, we have formulated the hypotheses
related to supporting conditions:

e How do Supporting Conditions (SC), including access to necessary resources,
infrastructure, and institutional support, positively and significantly influence
engineering students’ acceptance of Artificial Intelligence?

Perceived Usefulness (PU) and Perceived Ease of Use (PEOU)

Perceived Usefulness (PU) refers to the extent to which an individual believes that
utilizing a particular system will improve their job or learning performance (Findik-Coskuncay
et al., 2018; Gefen et al., 2000; Rubiyanti et al., 2023; Wang et al., 2022). Empirical evidence
highlights perceived usefulness as a key factor in technology acceptance, affecting users’
attitudes and behavioral intentions. In the field of business intelligence systems, perceived
usefulness (PU) is influenced by factors including the perceived quality of system outputs,

Online Learning Issue29 Vol4 December 2025



565

system adaptability, and task relevance (Hu, 2022; Peres et al., 2020). In online learning
environments, perceived usefulness significantly influences students' intentions to adopt and
engage with learning management systems (Hwang et al., 2022; J. S. Hwang & Lee, 2018; Tang
et al., 2021). Studies show that students are more inclined to embrace technology when they
recognize its utility in attaining their academic objectives.

Perceived Ease of Use (PEOU) refers to the extent to which individuals view a system
as requiring minimal effort. User satisfaction and technology adoption intentions are
significantly influenced by this factor (Abdullah et al., 2016; Amin et al., 2014; Brown et al.,
2010; Davis, 1989; Gefen et al., 2000). In mobile applications, perceived ease of use (PEOU)
positively impacts user satisfaction, retention, and intentions for continued usage, as users
prefer systems that reduce cognitive and operational effort (AlNawafleh et al., 2023; Chen et al.,
2023; Rafique et al., 2020). Furthermore, perceived ease of use (PEOU) is affected by factors
including technological self-efficacy, computer anxiety, and the presence of organizational
support, which collectively diminish perceived obstacles to technology utilization (Antonietti et
al., 2022; Chatterjee et al., 2020, 2021; Ebadi & Raygan, 2023; Kanwal & Rehman, 2017;
Kashive et al., 2021; Yao et al., 2023). The findings underscore the importance of user-friendly
design and training in improving perceptions of ease of use.

PU and PEOU collectively influence users' attitudes toward technology, subsequently
affecting their behavioral intentions. Extensions of the Technology Acceptance Model (TAM)
have incorporated additional constructs, including perceived enjoyment, trust, and guidance
from professional associations, to elucidate technology acceptance in particular contexts, such
as e-learning and professional development tools (Ali et al., 2024; Baki et al., 2018; Sumak et
al., 2011; Zhao et al., 2021). The extensions highlight the complex nature of technology
acceptance, underscoring the significance of perceived usefulness (PU) and perceived ease of
use (PEOU) in shaping attitudes and behavioral outcomes across diverse domains. These two
variables have consistently been shown to be strong predictors of technology acceptance (Amin
et al., 2014). In the context of Al, students are more likely to accept and use Al-driven tools if
they perceive them as useful and easy to use. Studies have demonstrated that both PU and
PEOU significantly impact students’ intentions to adopt educational technologies, including Al-
based systems (Abdullah et al., 2016). In engineering education, where complex problem-
solving and critical thinking are essential, PU and PEOU are particularly relevant in
determining students' willingness to embrace Al technologies. Based on the theoretical
framework and literature review, we have formulated the following hypotheses:

e How does Perceived Ease of Use (PEOU) positively and significantly influence their
acceptance of Artificial Intelligence?

e How does Perceived Usefulness (PU) positively and significantly affect their acceptance
of Artificial Intelligence?

Trust (TR) in Al

Trust is a crucial factor in the integration of Al in education, especially since students may
have concerns over dependence on automated systems. It includes faith in the technology and in
the organizations or persons overseeing the management and deployment of Al systems
(Glikson & Woolley, 2020). In educational contexts, trust is defined as the degree to which
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students see Al systems as dependable, precise, and proficient in facilitating their learning
processes (Harrison & Luna-Reyes, 2020). This is particularly vital in situations when Al
technologies provide suggestions or conduct evaluations that directly influence academic results
(Lankton et al., 2015). Studies have repeatedly shown that trust profoundly affects technology
adoption, moderating the connection between perceived hazards and consumers' intents to
embrace Al systems (Habbal et al., 2024). Engineering students' trust in Al is influenced by
their views on the technology's dependability, openness, and fairness in decision-making,
underscoring the need of creating ethical and transparent Al systems to cultivate confidence and
adoption.

Trust in Al strongly impacts user acceptance and adoption, with transparency, accuracy,
clarity, and predictability serving as critical elements. Establishing confidence in Al systems
through transparency and explainability is crucial, and the ethical consequences of trust in Al
and its influence on decision-making need more investigation (Balasubramaniam et al., 2022;
Batut et al., 2024; Benk et al., 2024; A Duenser & Douglas, 2023; Haresamudram et al., 2023;
C. Lee & Cha, 2024; Mylrea & Robinson, 2023). It is essential to recognize that, while the
abstracts provide significant insights, there may exist supplementary study beyond the confines
of the offered abstracts that might further augment our comprehension of these subjects. Based
on the theoretical framework and literature review, we have formulated the following
hypothesis:

e How does Trust (TR) in Al systems, encompassing factors such as reliability,
transparency, and fairness, positively and significantly influence engineering students'
acceptance of Artificial Intelligence in their academic environment?

Self-Efficacy (SE) on Al in Blended Learning

Self-Efficacy (SE) defines an individual's belief in their ability to successfully carry out
activities using a certain technology (Kulviwat et al., 2014). Within the framework of Al
adoption, self-efficacy indicates students’ confidence in their capacity to use Al technologies
proficiently. Numerous research have recognized self-efficacy as a crucial predictor of
technology adoption, especially in educational contexts (Pan, 2020; Q. Wang & Rao, 2024).
Students who see themselves as proficient in using Al technologies are more inclined to interact
with and incorporate them into their educational pursuits (Huffman et al., 2013). Engineering
students, often engaged with intricate systems and technologies, may demonstrate enhanced
self-efficacy when acquainted with Al ideas and applications, hence promoting the integration
of Al within their academic milieu.

The influence of self-efficacy on artificial intelligence in blended learning is substantial,
with several aspects affecting students’ academic self-efficacy. Assessing self-efficacy in this
context may be accomplished using questionnaires and theoretical frameworks. Challenges in
fostering self-efficacy include managing academic stress and strengthening learning behaviors,
while optimal practices entail bolstering self-efficacy, community support, and the cultivation
of critical thinking among educators and students (Chen et al., 2024; Lian, 2019; Nuhoglu et al.,
2024; Rayyan et al., 2024; Wilson & Narayan, 2016; Yang et al., 2024; Yokoyama, 2024).
Based on the theoretical framework and literature review, we have formulated the following
hypothesis:
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e How does Self-Efficacy (SE) positively and significantly influence their acceptance of
Artificial Intelligence in blended learning environments?

Social Influence (S1)

Social Influence (SI) serves as a significant factor in technology acceptance, indicating
the degree to which individuals believe that key figures, including peers, instructors, or societal
norms, anticipate their use of a specific technology (Brown et al., 2010; Tondeur et al., 2017).
In educational contexts, the technology adoption behaviors of students are frequently influenced
by their peers, educators, and institutional policies. Empirical studies indicate that social
influence directly affects technology acceptance, especially when the adoption of technology
corresponds with normative expectations or social pressure (Brata & Amalia, 2018; Dwivedi et
al., 2021; Hsu & Lin, 2008; Rehman et al., 2024). Engineering students may encounter SI from
knowledgeable peers in Al faculty promoting its integration into the curriculum, or industry
benchmarks highlighting Al-related skills as crucial for future career advancement. The impact
of these social factors highlights the necessity of establishing supportive learning environments
and cultivating communities that enhance favorable perceptions of Al adoption. Based on the
theoretical framework and literature review, we have formulated the following hypothesis:

e How does Social Influence (SI), including the impact of peers, educators, and societal
expectations, positively and significantly affect engineering students' acceptance of
Artificial Intelligence in their academic and professional pursuits?

Despite the growing research on Al's role in education, a notable gap remains in
understanding the specific factors influencing engineering students' adoption of Al, particularly
in developing countries like Indonesia. While research has broadly explored Al in education,
there has been insufficient focus on engineering students, whose distinct skill sets and
contributions to Al advancements necessitate targeted investigation (Ahmad, 2020). This
research examines the factors influencing Al acceptance among engineering students in
Indonesia, a developing nation where Al adoption remains in its early phases.

Method

Research Design

This study used a quantitative method with cross-sectional research design to investigate
the factors affecting engineering students' acceptance of Artificial Intelligence (Al) in
educational contexts. Structural Equation Modelling (SEM) utilizing Partial Least Squares
(PLS) was employed for data analysis, a method appropriate for investigating intricate models
involving multiple variables and their interrelations (Kholifah et al., 2024; Lowry & Gaskin,
2014; Sarstedt et al., 2014). The research framework utilizes the Technology Acceptance Model
(TAM) and includes six essential variables: Supporting Conditions (SC), Perceived Ease of Use
(PEOU), Trust (TR), Perceived Usefulness (PU), Self-Efficacy (SE), and Social Influence (SI).
The constructs were chosen due to their recognized significance in research on technology
adoption, especially within educational settings. This study investigates the direct and indirect
relationships among these variables to enhance understanding of their influence on engineering
students’ acceptance of Al. Figure 1 presents the theoretical framework that supports the study.
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Figure 1

Theoretical Framework
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Participants and Data Collection

The study was conducted among undergraduate engineering students from various
universities across Indonesia. A total of 158 respondents were selected using purposive sampling
(random sampling within a purposeful subgroup), ensuring that participants had prior exposure
to Al technologies in their education (Westland, 2010). The selection criteria focused on
engineering students at various year of study, actively using technology in their academic
activities, and engaged in blended learning environments, allowing for informed perspectives on
Al adoption (George & Wooden, 2023; Nagaraj et al., 2023). Twenty-eight students had no
significant prior exposure to Al; however, they possessed some low-intensity experience with the
technology. By targeting students with prior Al experience, the study enhances the validity of
responses, as familiarity with Al influences perceptions of usability, usefulness, and institutional
support (Al-Gerafi et al., 2023; Hazaimeh & Al-Ansi, 2024). Including respondents from both
state and private universities further strengthens the analysis by capturing institutional variations
in resources, faculty support, and infrastructure (Almenara et al., 2024; Nagaraj et al., 2023).
This diversity provides a comprehensive understanding of how different academic settings shape
students' acceptance and engagement with Al in engineering education (George & Wooden,
2023; Ofosu-ampong et al., 2023). The sample size was determined based on the minimum
requirements for SEM-PLS analysis, which suggests that sample sizes of over 100 are sufficient
for reliable results (Willaby et al., 2015).
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Demographic of the Participants (N= 158)

569

Characteristic Category Frequency (n)  Percentage (%)
Gender Male 95 60.1%
Female 63 39.9%
Age 18 — 22 years 110 69.6%
23 — 27 years 42 26.6%
28 years and above 6 3.8%
Year of study First year 45 28.5%
Second year 40 25.3%
Third year 45 28.5%
Fourth year 28 17.7%
University type Public university 120 75.9%
Private university 38 24.1%
Prior exposure to Al Yes 130 82.3%
No 28 17.7%
Previous experience with Al High 50 31.6%
tools
Moderate 62 39.2%
Low 46 29.1%
Academic major Electrical Engineering 40 25.3%
Computer and
Informatics 40 25.3%
Engineering
Civil Engineering 35 22.2%
Mechanical 38 24.1%
Engineering
Others 5 3.2%
Technology usage frequency Daily 75 47.5%
Several times a week 50 31.6%
Weekly 25 15.8%
Rarely 8 5.1%

Data were collected using an online questionnaire, which was distributed via email and
social media platforms. The questionnaire consisted of two main sections: demographic
information and questions related to the six research variables. The questions were adapted from
validated scales used in previous studies (W. Ahmed, 2023) to ensure reliability and validity.
Each item was measured using a 5-point Likert scale, ranging from “strongly disagree” (1) to
“strongly agree” (5). The questionnaire was pre-tested with a small group of 20 engineering
students to ensure clarity and comprehensibility of the questions. Based on the feedback, minor
revisions were made before the final distribution. Data collection took place over a two-month

period.
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Instrumentation and Data Analysis

The survey instrument was developed based on established measures from the Technology
Acceptance Model (TAM), Unified Theory of Acceptance and Use of Technology (UTAUT),
and related frameworks (Yildiz Durak, 2019). Each item was rated on a 5-point Likert scale,
ranging from “strongly disagree” to “strongly agree.” Prior to data collection, the questionnaire
was subjected to a pilot test with a small group of engineering students to assess its clarity,
reliability, and validity. Cronbach’s alpha coefficients were calculated for each construct, with
values above 0.70 indicating acceptable internal consistency. Samples of the instrument items
utilized in this investigation are available in the supplementary material through online
instrument links.

The collected data were analyzed using the SEM-PLS approach using the SmartPLS
software. SEM-PLS was chosen because it allows for the analysis of complex relationships
between latent constructs and is robust with small to medium sample sizes. The analysis
proceeded in two stages: a) Measurement Model Assessment: The reliability and validity of the
constructs were assessed through Cronbach’s alpha, composite reliability, and average variance
extracted (AVE). Discriminant validity was checked using the Fornell-Larcker criterion, and all
constructs met the threshold values of 0.70 for reliability and 0.50 for AVE; b) Structural Model
Assessment: Hypotheses were tested to examine the direct and indirect effects of the variables on
Al acceptance. Path coefficients were calculated to determine the strength and significance of
each relationship. The model’s predictive accuracy was assessed using the R? value for the
dependent variable (Al acceptance) were used to evaluate the magnitude of each predictor.

Ethical Considerations

All participants provided informed consent and voluntarily agreed to participate in the
study (Adley et al., 2024; H. Ahmed, 2024). Approval was secured from all institutions
participating in the study for data collection and the comprehensive research process. Participant
identity data remains anonymous. Prior approval for the study was obtained from both the
supervisor and the ethics committee at Yogyakarta State University prior to the commencement
of fieldwork. All collected data, including participant identities, are maintained in a confidential
manner and utilized solely for research purposes to safeguard against any potential impact on
participants' future research (Adley et al., 2024; H. Ahmed, 2024; Kholifah et al., 2025).

Results and Discussion

This research provides a comprehensive analysis of the factors that influence engineering
students' acceptance of Artificial Intelligence (Al) across Indonesia. Using a Structural Equation
Modeling (SEM) approach with the Partial Least Squares (PLS) method, this study assesses the
relationships between six key variables: Supporting Conditions (SC), Perceived Ease of Use
(PEOU), Trust (TR), Perceived Usefulness (PU), Self-Efficacy (SE), and Social Influence (SI).
The analytical model of this study is presented in Figure 2.

Measurement Model Assessment

To ensure the reliability and validity of the constructs used in this study, a thorough
assessment was conducted using Cronbach’s alpha, Composite Reliability (rho_a, and rho c),
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and Average Variance Extracted (AVE). These methods are important to confirm the internal
consistency and convergent validity of the measurement model. Table 2 presents the results of
the reliability and validity analysis.

Table 2

Reliability and Validity Metrics

Construct Cronbach' Composite Composite Average variance
salpha  reliability (rtho_a) reliability (tho c) extracted (AVE)

Artificial 0.886 0.891 0914 0.639
Intelligence (AI)
Supporting 0.867 0.870 0.901 0.602
Conditions (SC)
Perceived Ease of 0.906 0.911 0.928 0.682
Use (PEOU)
Trust (TR) 0.857 0.865 0.893 0.583
Perceived 0.871 0.874 0.903 0.608
Usefulness (PU)
Self-Efficacy (SE) 0.849 0.854 0.888 0.571
Social Influence 0.850 0.853 0.889 0.572
(SD

This study rigorously evaluated the reliability and validity of the measurement model to
confirm the robustness of the constructs and the quality of the data. Cronbach's alpha values for
all constructs surpassed the accepted threshold of 0.70, demonstrating strong internal consistency
among the variables. The values for each construct were as follows: Artificial Intelligence (Al) at
0.886, Supporting Conditions (SC) at 0.867, Perceived Ease of Use (PEOU) at 0.906, Trust (TR)
at 0.857, Perceived Usefulness (PU) at 0.871, Self-Efficacy (SE) at 0.849, and Social Influence
(ST) at 0.850. The values indicate that the items within each construct reliably measure the
intended dimensions, demonstrating a high level of internal consistency among the constructs.
Alongside Cronbach’s alpha, Composite Reliability (CR) values, specifically tho a and rho_c,
have been calculated to enhance the evaluation of construct reliability. The rho c values for all
constructs surpassed the recommended threshold of 0.70, yielding the following results: Al at
0.914, SC at 0.901, PEOU at 0.928, TR at 0.893, PU at 0.903, SE at 0.888, and SI at 0.889. The
values affirm the reliability of the constructs, demonstrating that the indicators within each
construct are consistent and dependable.

The Average Variance Extracted (AVE) values were calculated to evaluate the convergent
validity of the constructs. The AVE values for all constructs surpassed the 0.50 threshold,
indicating that over 50% of the variance in the indicators is accounted for by the corresponding
latent variables. The AVE values for Al (0.639), SC (0.602), PEOU (0.682), TR (0.583), PU
(0.608), SE (0.571), and SI (0.572) demonstrate sufficient convergent validity, thereby affirming
that the constructs effectively represent the intended underlying dimensions of Al acceptance.
The results from the reliability and validity assessments demonstrate that the measurement model
employed in this study is reliable and valid. The elevated Cronbach’s alpha values, substantial
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Composite Reliability, and adequate AVE values collectively affirm the robustness of the
measurement model, confirming that the constructs are accurately assessed and suitable for
subsequent structural analysis. The findings affirm the measurement model's reliability in
capturing the key factors that influence engineering students' acceptance of Al, establishing a
robust basis for further analysis and interpretation of the study's results.

Figure 2
Analytical Model
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Discriminant Validity

The discriminant validity analysis presented in Table 3 indicates several high correlations,
which may imply concerns regarding the distinctiveness of the constructs. Al demonstrates
significant correlations with SC (1.030), PEOU (1.000), TR (0.983), PU (0.963), SE (1.025), and
ST (0.982). The values indicate considerable overlap between Al and other constructs, particularly
concerning PEOU and PU, which are conceptually associated with user perceptions and ease of
use. Additionally, SC exhibits a strong correlation with PEOU (1.006) and PU (1.002), suggesting
that supporting conditions may not be sufficiently differentiated from perceived ease of use and
usefulness. The high correlation values suggest a potential conceptual similarity between
constructs, indicating that they may not be measuring distinct dimensions. This requires additional
analysis and refinement of the constructs to ensure that each one accurately represents a distinct
aspect of the theoretical model.
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Discriminant Validity
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Variables Al SC PEOU RP PU SE SI
Artificial Intelligence (AI) - - - - - -
Supporting Conditions (SC) 1,030 - - - - -
Perceived Ease of Use (PEOU) 1,000 1,006 - - - -
Trust (TR) 0,983 0,956 1,000 - - -
Perceived Usefulness (PU) 0,963 1,002 0976 0,992 - -
Self-Efficacy (SE) 1,025 0,978 0,999 0,952 0,976 - -
Social Influence (SI) 0,982 1,004 0986 0,990 0,964 0,981 -

Structural Model Assessment

The assessment of the structural model regarding Al acceptance among engineering
students indicates significant relationships among the latent variables, as illustrated in Table 4.
All hypotheses concerning the impact of different constructs on Al acceptance are validated,

exhibiting significant path coefficients and p-values.
Table 4

Correlation Hypotheses

Hypotheses coeIf)‘gtc};en ¢ P-value  Results
H1: Supporting Conditions (SC) positively influence 0,349 0,000  Supported
engineering students’ acceptance of AL
H2: Perceived Ease of Use (PEOU) positively influences 0,158 0,000  Supported
engineering students’ acceptance of Al.
H3: Trust (TR) positively influence engineering students’ 0,126 0,000  Supported
acceptance of Al.
H4: Perceived Usefulness (PU) positively influences 0,016 0,000  Supported
engineering students’ acceptance of Al.
HS5: Self-Efficacy (SE) positively influences engineering 0,313 0,000  Supported
students’ acceptance of Al
H6: Social Influence (SI) positively influences engineering 0,034 0,000  Supported

students’ acceptance of Al
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Supporting Conditions (SC)

The path coefficient of 0.349, accompanied by a p-value of 0.000, demonstrates a
robust and statistically significant positive correlation between supporting conditions and Al
acceptance. Supporting conditions include infrastructure, resources, and institutional support,
which directly affect students' ability to adopt and engage with Al technologies. The path
coefficient indicates that establishing an enabling environment, including access to
technology, adequate training, and organizational support, significantly increases students’
willingness to accept Al This finding is consistent with the literature, which identifies
adequate resources and institutional frameworks as essential factors for technology adoption
(Brown et al., 2010; D. Wu et al., 2019). This highlights the necessity of aligning educational
settings with technological progress to enable more effective Al integration.

Perceived Ease of Use (PEOU)

The path coefficient of 0.158 (p-value 0.000) for perceived ease of use indicates a
significant positive effect on artificial intelligence acceptance, though this effect is less
pronounced than that of supporting conditions. PEOU denotes the perception regarding the
ease of use associated with Al technologies. The positive correlation indicates that students
are more inclined to embrace Al when they view it as user-friendly and uncomplicated.
Nonetheless, the comparatively lower path coefficient in relation to SC indicates that ease of
use, although significant, may not be as crucial as the presence of supportive conditions. This
finding supports (Antonietti et al., 2022; Davis, 1989; Gefen et al., 2000; Joo et al., 2018)
Technology Acceptance Model (TAM), which asserts that perceived ease of use is an
important factor, although not necessarily the most significant, in the context of technology
adoption.

Trust (TR)

The path coefficient for Trust is 0.126 (p-value 0.000), indicating a positive and
statistically significant correlation with Al acceptance. Trust in Al include perceptions on the
dependability, security, and clarity of Al systems. This conclusion aligns with studies
highlighting trust as a crucial determinant of technological acceptance (Habbal et al., 2024;
Lankton et al., 2015; Mishra et al., 2023; K. Wu et al., 2011). Engineering students that
possess trust in technology are more likely to accept and interact with it, especially in areas
such as Al, where apprehensions over privacy, security, and autonomy are widespread.
Although the influence of trust is less significant than that of supportive circumstances or
usability, it is crucial in promoting acceptance, particularly given the intricate and sometimes
ambiguous characteristics of Al systems.

Perceived Usefulness (PU)

The path coefficient for Perceived Usefulness is 0.016 (p-value 0.000); however, the
effect size is relatively small in comparison to the other constructs. This weak but notable
relationship indicates that, while students acknowledge the potential advantages of Al in their
academic or professional endeavors, the direct influence of perceived usefulness on their
acceptance remains constrained. This may indicate that, although Al is recognized as
beneficial, students might not yet fully understand or value its long-term advantages or uses.
The weak correlation with perceived usefulness may suggest that students prioritize
immediate usability and external factors, such as support, over long-term utility in their
considerations of Al adoption. This finding warrants additional exploration of the
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psychological and contextual factors influencing perceptions of usefulness within an
academic context (Antonietti et al., 2022; Chatterjee et al., 2020; Davis, 1989; Ebadi &
Raygan, 2023).

Self-Efficacy (SE)

The path coefficient of 0.313 (p-value 0.000) for self-efficacy demonstrates a strong
and statistically significant relationship with Al acceptance. Self-Efficacy refers to students'
belief in their ability to successfully use Al technologies. This result highlights the
importance of fostering confidence among students regarding their technical capabilities.
When students believe they can effectively use Al tools, they are more likely to embrace the
technology. This aligns with (Bandura, 1985, 2014) work on self-efficacy, which posits that
individuals’ beliefs about their abilities significantly influence their behavior. For Al
adoption in education, increasing students’ self-efficacy could be a key strategy in
encouraging greater acceptance (Chang et al., 2022; Y Chen et al., 2024; Jaipal-Jamani,
2017).

Social Influence (S1)

The path coefficient for Social Influence is 0.034 (p-value 0.000), suggesting a
positive yet weak impact on Al acceptance. Social influence indicates the extent to which
students are impacted by the views and actions of peers, faculty, and social networks in their
decision-making regarding the adoption of Al. Despite being statistically significant, the low
path coefficient indicates that social pressure and peer influence are less impactful compared
to other factors such as supporting conditions or self-efficacy. The specialized nature of Al in
engineering education may lead to adoption being influenced primarily by individual
perceptions of usefulness and ease of use rather than by social factors. Social influence is an
important, though secondary, factor, particularly in group settings or collaborative
environments (Brown et al., 2010; Kurdi et al., 2020; W. Wu et al., 2022).

Model Fit and Predictive Power

The structural model’s fit and predictive power were systematically evaluated to
confirm that the model accurately depicts the relationships among key variables and
effectively forecasts Al acceptance among engineering students. The Standardized Root
Mean Square Residual (SRMR) is a commonly utilized index for assessing model fit,
producing a value of 0.045, significantly lower than the 0.08 threshold, thereby suggesting a
favorable fit of the model to the data. This indicates that the differences between the observed
and predicted correlations are minimal, and the model effectively captures the underlying
data structure. The Normed Fit Index (NFI) of 0.912 exceeds the benchmark of 0.90,
indicating the adequacy of the model fit and demonstrating that the proposed relationships
between variables significantly outperform a null model. Table 4 presents the results of the
model fit and predictive power analysis.

The model’s R? value for Al acceptance was 0.888, indicating that approximately
88.8% of the variance in Al acceptance is accounted for by the independent variables in the
model. The model demonstrates significant explanatory power in identifying the primary
factors influencing Al acceptance among engineering students. The Adjusted R? value of
0.884, which accounts for the number of predictors, demonstrates a high degree of
explanatory power, indicating the model's robustness and reliability despite adjustments for
complexity. The findings demonstrate the model's robust alignment with the data and its
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predictive efficacy, affirming its significance and applicability in comprehending Al
acceptance within educational contexts.

Table 4

Correlation Hypotheses Model Fit and Predictive Power

Fit Index Value Threshold Interpretation

SRMR 0.045 <0.08 Good fit

NFI 0.912 >0.90 Acceptable fit

R? (A]) 0.888 - Substantial

Adjusted R? (AI) 0.884 - Substantial
Discussion

This research examines the factors that affect engineering students’ acceptance of
Artificial Intelligence (Al), focusing on variables including Supporting Conditions (SC),
Perceived Ease of Use (PEOU), Trust (TR), Perceived Usefulness (PU), Self-Efficacy (SE),
and Social Influence (SI). The findings offer significant insights into the factors influencing
Al adoption among engineering students, highlighting both theoretical and practical
implications. The results indicate that Perceived Ease of Use (PEOU) has a significant impact
on engineering students’ acceptance of Al (H1 supported), as evidenced by a positive path
coefficient. This finding is consistent with the Technology Acceptance Model (TAM) as
proposed by Gefen et al. (2000); Taherdoost (2018), which emphasizes the significance of
ease of use in the adoption of technology. The integration of Al into academic and
professional tasks for engineering students diminishes cognitive barriers, resulting in
increased acceptance rates. Given the complexity of Al technologies, ensuring their usability
is essential for promoting acceptance in educational contexts.

Perceived Usefulness (PU) significantly influences students’ acceptance of Al
supporting Hypothesis 2 and aligning with the Technology Acceptance Model's assertion that
perceived utility drives technology adoption. Research indicates that engineering students are
inclined to adopt Al when they recognize its advantages for academic performance, skill
enhancement, or career opportunities (Chatterjee & Bhattacharjee, 2020; Chen et al., 2023).
The findings highlight the necessity of showcasing the practical advantages of Al to students
(Johnson et al., 2024; S. S. Lee & Moore, 2024; Salhab, 2024), especially in relation to
productivity, problem-solving, and innovation, which are essential in engineering fields.
Trust (TR) is identified as a crucial determinant of Al acceptance (H3 supported), especially
in scenarios involving decision making or the management of sensitive information.
According to research findings (Alzubaidi et al., 2023; Batut et al., 2024; Glikson &
Woolley, 2020; Habbal et al., 2024; Mylrea & Robinson, 2023), the role of Al in critical
engineering systems necessitates that students trust the reliability, fairness, and transparency
of these Al systems. The positive path coefficient suggests that fostering trust in Al systems
enhances engineering students’ willingness to utilize Al tools, particularly in automation,
predictive analytics, and machine learning.

Self-Efficacy (SE) significantly influences Al acceptance, as evidenced by a high path
coefficient, supporting hypothesis H4. This finding aligns with the theory of self-efficacy
proposed by Chang et al. (2022); Gist & Mitchell (1992); Joo et al. (2018); Li et al. (2019);
Pan (2020), which highlights the importance of individuals’ beliefs in their own abilities to

Online Learning Issue29 Vol4 December 2025



577

perform tasks. Engineering students who possess greater self-confidence in their proficiency
with Al tools are more inclined to adopt the technology. Educational institutions must
prioritize the provision of sufficient training and resources to enhance students’ competence
and confidence in utilizing Al technologies.

Engineering students who trust in technology are more likely to accept and engage
with it, particularly in domains such as artificial intelligence (AI), where concerns related to
privacy, security, and autonomy are prevalent. This finding aligns with research emphasizing
trust as a key determinant of technology acceptance (Habbal et al., 2024; Lankton et al.,
2015; Mishra et al., 2023; K. Wu et al., 2011). While the influence of trust may be less
significant than that of supportive circumstances or perceived usefulness, it remains crucial in
promoting acceptance, especially given the complex and often ambiguous nature of Al
systems. Additional studies have shown that trust in Al (Glikson & Woolley, 2020) is shaped
by a combination of technology-related factors (e.g., functionality and reliability (Becker &
Fischer, 2024; Qin et al., 2020), transparency and clarity (Andreas Duenser & Douglas,
2023; Tucci et al., 2022), security and privacy (Becker & Fischer, 2024; Emaminejad et al.,
2024)), context-related factors (e.g., organizational trust (Becker & Fischer, 2024; Qin et al.,
2020), regulatory and ethical considerations (Omrani et al., 2022; Paliszkiewicz &
Gotluchowski, 2024; Qin et al., 2020)), individual-related factors (e.g., user perceptions and
propensity to trust (Fine & Marsh, 2024; Lalot & Bertram, 2024; Qin et al., 2020), and
anthropomorphism (Lalot & Bertram, 2024; Omrani et al., 2022)). Addressing these factors
through transparency, security, ethical practices, and continuous improvement can enhance
trust and promote the broader adoption of Al technologies.

Social Influence (SI) exerts a modest yet notable impact on the acceptance of Al (HS
supported). This result is consistent with the findings of Ali et al. (2024); Bayaga & du
Plessis (2024); Chatterjee & Bhattacharjee (2020); Khechine et al. (2020) regarding the
Unified Theory of Acceptance and Use of Technology (UTAUT) model, which posits that
social influence from peers, instructors, and professional networks affects technology
adoption. In engineering, collaborative work is prevalent; thus, endorsements from influential
figures or peers may motivate students to embrace Al. Nonetheless, the comparatively lower
path coefficient indicates that, although social influence is significant, factors such as self-
efficacy and perceived usefulness exert a more substantial impact. The availability of
infrastructure, resources, and training, referred to as Supporting Conditions (SC),
significantly influences Al acceptance among engineering students (H6 supported). The
significant path coefficient suggests that access to essential tools, resources, and a supportive
learning environment enhances student engagement with Al technologies. This finding is
consistent with previous studies highlighting the significance of facilitating conditions in
technology adoption (Queiroz & Fosso Wamba, 2019; Straub, 2009; Wu et al., 2019).
Universities and educational institutions must ensure the provision of adequate technological
infrastructure, training, and support systems to facilitate Al adoption.

Social pressure and social influence exert less of an impact compared to other
determinants, including supportive conditions and self-efficacy. In engineering education, the
adoption of Al is primarily determined by individual perceptions regarding its usefulness and
ease of use, rather than by social influences. Social influence is significant, particularly in
collaborative settings (Brown et al., 2010; Kurdi et al., 2020; W. Wu et al., 2022), and non-
human agents, including Al, can serve as credible sources of social influence (Riva et al.,
2022; Y. Wu et al., 2022). Kandoth's research (2022) indicates that social influence has a
positive effect on intentions to use Al applications (Changalima et al., 2024). Similarly, Velli
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(2024) discovered that social influence, in conjunction with personal innovation, affects the
acceptance of educational Al tools. While not a primary predictor, social influence plays a
significant role in shaping teachers' attitudes toward Al technology. Hispanic/LatinX users
exhibit a higher level of trust in Al chatbots compared to other ethnic groups (black,
indigenous and other people of color), highlighting the significance of trust and social
influence in the adoption of generative Al technologies (Stewart et al., 2024). Cultural
factors, including long-term orientation, power distance, social influence, and trust,
significantly influence the acceptance of Al in Indonesia (Hamid et al., 2024; Kasri &
Sosianti, 2023; Neyazi et al., 2023; Sriwindono & Yahya, 2012; Surdjono et al., 2025).
Comprehending these cultural dimensions aids in the design and implementation of Al
technologies that are more likely to gain acceptance among Indonesian users.

This study theoretically enhances the literature by combining elements from the
Technology Acceptance Model (TAM), UTAUT, and Self-Efficacy Theory to create a
comprehensive model for analyzing Al acceptance in education (W. Wu et al., 2022). The
findings highlight self-efficacy and supporting conditions as significant predictors of Al
adoption, with trust, perceived usefulness, and perceived risk also playing essential roles.
This analysis enhances our comprehension of the complex factors influencing technology
acceptance among engineering students, especially regarding Al, which presents unique
challenges and opportunities relative to other technologies. The study provides practical
insights for educational institutions, policymakers, and Al developers. Universities should
prioritize enhancing students’ self-efficacy by offering targeted training programs that equip
them with the necessary skills to use Al tools confidently. Institutions should also invest in
supporting infrastructure, such as labs equipped with Al tools and software, and provide
students with access to online resources and tutorials. Additionally, fostering a culture of trust
around Al by addressing ethical concerns and mitigating perceived risks will further
encourage students to adopt Al technologies in their academic and future professional
pursuits. Furthermore, attention must be given to ethical issues associated with the integration
of Al into the educational process (Adley et al., 2024; Balasubramaniam et al., 2022; Yu
Chen et al., 2023; Choung et al., 2023; A Duenser & Douglas, 2023; Fine & Marsh, 2024;
Habbal et al., 2024; Kumar et al., 2024; Tlili et al., 2023). This study has several limitations.
First, the cross-sectional design limits the ability to assess changes in Al acceptance over
time. Longitudinal studies would provide deeper insights into how students’ attitudes towards
Al evolve as they gain more exposure to the technology. Second, the study is geographically
limited to engineering students in Indonesia, which may affect the generalizability of the
findings. Future research could explore Al acceptance among students from other disciplines
and cultural contexts to broaden the scope of understanding. Additionally, future studies
could investigate the role of additional variables, such as cultural differences, ethical
perceptions, or Al literacy, in influencing Al acceptance.

Conclusion

This study provides valuable insights into the factors influencing engineering students'
acceptance of Artificial Intelligence (Al) in academic and professional settings. By employing
the Structural Equation Modeling (SEM) approach with the Partial Least Squares (PLS)
method, we identified that Supporting Conditions (SC), Perceived Ease of Use (PEOU), Trust
(TR), Perceived Usefulness (PU), Self-Efficacy (SE), and Social Influence (SI) significantly
contribute to Al acceptance among engineering students in Indonesia. Among these factors,
Self-Efficacy (SE) and Supporting Conditions (SC) emerged as the most influential predictors,
highlighting the importance of confidence in students’ ability to use Al tools and the necessity

Online Learning Issue 29 Vol4 December 2025



579

of adequate resources and infrastructure for Al adoption. Perceived Usefulness (PU) and Trust
(TR) were also substantial determinants, confirming that engineering students are more likely
to adopt Al when they see its practical benefits and trust its reliability. The findings also align
with established theories such as the Technology Acceptance Model (TAM), Unified Theory
of Acceptance and Use of Technology (UTAUT), and Self-Efficacy Theory, contributing to
the theoretical understanding of Al acceptance in an educational context. These insights are
particularly relevant for educators, policymakers, and Al developers aiming to promote the
effective use of Al technologies in engineering education. In conclusion, this study
underscores the necessity for educational institutions to focus on building students' selt-
efficacy and providing sufficient supporting conditions for Al adoption. By addressing trust
and perceived risk, as well as demonstrating the tangible benefits of Al, institutions can foster
a more conducive environment for integrating Al into engineering education. Future research
should extend these findings by exploring longitudinal effects, cross-cultural perspectives, and
additional variables such as Al literacy and ethical perceptions to develop a more
comprehensive understanding of Al acceptance in diverse educational contexts.
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