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The integration of artificial intelligence (Al) in higher education has accelerated globally, yet understanding of
adoption factors remains fragmented, particularly in geographically isolated regions. This study extends the
Technology Acceptance Model (TAM) by incorporating facilitating conditions, Al anxiety, and academic performance
outcomes to analyze Al adoption patterns across multiple institutions in Bangka Belitung Islands, Indonesia. A cross-
sectional quantitative design was employed with 523 students from five higher education institutions. Data were
analyzed using SEM-PLS through SmartPLS 4.0, revealing that perceived ease of use demonstrated the strongest
influence on actual Al system use ($=0.394, p<0.001), followed by perceived usefulness (=0.327, p<0.001) and
facilitating conditions (=0.218, p<0.01). Al anxiety showed a significant negative effect on actual system use (f=-
0.156, p<0.05), while actual system use strongly predicted academic performance ($=0.782, p<0.001). The
extended model explained 68.4% variance in actual Al system use and 61.2% variance in academic performance.
Multigroup analysis revealed significant differences between public and private institutions (p<0.05), with private
institutions showing stronger technology acceptance patterns. These findings suggest that successful Al
implementation requires holistic strategies addressing user experience design, institutional support infrastructure,
and anxiety reduction programs tailored to institutional contexts in archipelagic regions.
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1. Introduction

The landscape of higher education has been fundamentally transformed by artificial intelligence
technologies that enhance learning experiences through adaptive systems, personalized content delivery,
and intelligent support mechanisms (Lai, 2021; Zuo et al., 2021). Al's capacity to process vast amounts of
data enables customization of learning experiences to meet individual student needs, promoting
engagement and effectiveness in learning outcomes (Long & Magerko, 2020). The emergence of Al in
educational contexts has prompted discussions regarding Al literacy and the competencies required to
navigate these technologies effectively in learning environments (Yin, 2024; Yue & Hu, 2023).

Indonesia, as the world's largest archipelagic nation, faces distinctive challenges in educational
technology implementation, particularly in geographically isolated regions where access to advanced
technological infrastructure remains constrained. The Bangka Belitung Islands Province presents a
compelling case study, combining relatively high internet penetration with unique geographical
constraints that create complex implementation dynamics for Al-enhanced learning systems. These
islands demonstrate the broader challenges facing developing nations in bridging the digital divide while
maximizing educational technology benefits.
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What makes Al different from previous educational technologies is its sophistication and apparent
autonomy. Recent developments in Al technology have fundamentally altered the landscape of
educational support tools, moving beyond simple automation to sophisticated cognitive assistance
systems. Large language models have demonstrated remarkable capabilities in educational contexts,
providing instant feedback, generating personalized learning materials, and offering continuous academic
support. However, the adoption of these powerful tools in educational settings presents complex
challenges involving technical infrastructure, user acceptance, institutional policies, and pedagogical
integration strategies.

The Technology Acceptance Model (TAM), which examines how perceived usefulness and perceived ease
of use influence technology adoption, has served as the foundational framework for understanding
technology adoption behaviors across diverse contexts (Salloum, 2019; Yutdhana & Kohler, 2023). While
TAM's core constructs have demonstrated robust predictive power, the complexity of Al technologies
necessitates theoretical extensions to capture nuanced factors influencing adoption decisions. Building on
this recognition, this study integrates facilitating conditions from UTAUT (Hu et al., 2020; Maruf et al.,
2019), Al anxiety as a psychological barrier (Cho & Seo, 2024; Kleine et al., 2023), and academic
performance outcomes (Trang & Thu, 2024; Weng et al., 2024) to create an extended model specifically
tailored for Al adoption in educational contexts.

2. Literature Review and Problem Statement

Perceived usefulness in educational technology represents the degree to which individuals believe that
using a particular system enhances their job performance or learning outcomes, which has drawn
extensive scholarly attention within TAM frameworks (Salloum, 2019; Yutdhana & Kohler, 2023). The
concept is especially relevant in e-learning systems, where quality and accessibility directly impact users'
perceptions of technological value (Yoo, 2021; Yu & Xiaozhi, 2019). Research demonstrates that
subjective norms significantly affect teachers' views on technology usefulness in educational settings,
suggesting that collaborative environments can bolster perceived usefulness (Scherer, 2019).
Furthermore, factors such as perceived ease of use are interlinked with perceived usefulness, indicating
that users are more likely to embrace technologies they find genuinely beneficial and easy to use (Yu &
Xiaozhi, 2019).

Perceived ease of use in Al contexts refers to the degree to which using a particular technology is
perceived as free from effort (Gado et al., 2021). When students find Al tools easy to use, they are more
likely to integrate these tools into their learning processes, thereby enhancing educational experiences
(Pramono et al., 2023). Research emphasizes that perceived ease of use is closely intertwined with other
TAM constructs such as perceived usefulness, showing that when students believe an Al tool is easy to
use, their perception of its usefulness is positively influenced, leading to higher adoption rates (Geddam,
2024; Malureanu et al.,, 2021). Studies suggest that while both perceived ease of use and perceived
usefulness are significant factors in determining attitude towards Al technology, the impact of ease of use
may be underscored when there is a supportive learning environment (Gado et al.,, 2021). Additionally,
findings suggest that ease of use significantly moderates students' intention to use Al-enabled
educational tools, supporting the notion that ease of use can alleviate potential anxieties associated with
adopting new technologies (Kleine et al., 2023).

Facilitating conditions in the context of Al learning and educational technology adoption play a vital role in
determining whether technological innovations are successfully integrated into educational systems (Hu
et al., 2020; Shin et al.,, 2020). This concept encompasses a range of supportive elements, including
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infrastructure, resources, training, and institutional policies that enable effective use of Al-powered
educational tools (Bouton et al., 2021; Peschken et al., 2025). In educational settings, these conditions
include access to necessary hardware and software, adequate training for educators and learners, and the
presence of supportive institutional frameworks that encourage technology use (Maruf et al., 2019).

Al anxiety represents a multifaceted psychological construct encompassing fears, concerns, and negative
emotions associated with Al technology use that can significantly inhibit adoption behaviors (Kleine et al.,
2023). When students find Al tools easy to use, perceived ease of use significantly moderates students'
intention to use Al-enabled educational tools, supporting the notion that ease of use can alleviate
potential anxieties associated with adopting new technologies, such as fear of data privacy or complexity
(Kleine et al., 2023; M. Li, 2022). Understanding how these Al tools can assist in decision-making
processes while fostering trust in human-Al collaborations becomes essential, with transparency playing
an essential role in mitigating potential biases and enhancing the reliability of Al systems used in
educational environments (Yue & Hu, 2023).

The intention to learn about Al technology represents a growing area of scholarly interest, particularly as
Al integration into educational settings continues to advance (Chai et al., 2020). This intention can be
understood through psychological and behavioral frameworks, notably the Theory of Planned Behavior
and Technology Acceptance Model, which help identify factors influencing students' decisions to engage
with Al learning material (Chai et al.,, 2020). Research emphasizes that promoting readiness for Al
technologies is essential for student well-being and success in evolving socio-economic landscapes (Pai
et al.,, 2020). An encouraging educational environment, along with access to adequate resources and
support, has a substantial impact on shaping students' intentions to learn about Al.

The role of Al in improving student learning outcomes has been increasingly recognized in educational
research (Trang & Thu, 2024). Studies demonstrate that integrating Al and computational thinking in
educational contexts leads to positive effects on student learning outcomes, with systematic reviews
highlighting improvements in both instructional design effectiveness and student performance (Weng et
al., 2024). Research evidence from Vietnam confirms that Al plays a significant role in improving student
learning outcomes through personalized learning experiences and adaptive support systems (Trang &
Thu, 2024).

Furthermore, the integration of artificial intelligence to assess emotions in learning environments has
shown promise in enhancing educational outcomes by enabling more responsive and adaptive learning
experiences (Vistorte et al, 2024). ChatGPT integration has been found to significantly boost
personalized learning outcomes, demonstrating the practical impact of Al tools on student achievement
(Agbong-Coates, 2024). Al in educational technology has emerged as a transformative force, significantly
impacting learning environments through adaptive learning systems, personalized educational content,
and intelligent tutoring systems (H. Li, 2021). These findings underscore the importance of examining
how Al adoption translates into tangible academic improvements through sustained system usage.

3. Method

This study employs a quantitative cross-sectional survey design utilizing Structural Equation Modeling
with Partial Least Squares (SEM-PLS) to examine complex relationships within the extended Technology
Acceptance Model for Al adoption in educational contexts. The target population consists of
undergraduate students enrolled in technology-related programs across five higher education institutions
in Bangka Belitung Islands, Indonesia. The selection criteria focused on students with sufficient digital
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literacy to meaningfully engage with Al tools, specifically targeting programs in computer science,
information systems, engineering, business informatics, and digital technology management.

Sample size determination employed G*Power 3.1.9.7 software for SEM applications, considering
anticipated effect sizes (medium, f2=0.15), desired statistical power (0.95), and the complexity of the
structural model with six constructs and multiple mediation paths. The minimum required sample size
calculated to 387 respondents, with the achieved sample of 523 providing adequate power for detecting
small to medium effects and conducting robust multigroup analyses across institutional contexts.

The research instrument was developed through systematic adaptation of established scales to ensure
content validity while incorporating Al-specific elements identified in recent literature. Each construct was
operationalized using multiple indicators to enable robust measurement model evaluation and ensure
comprehensive construct coverage.

a. Perceived Usefulness (5 items) adapted from established TAM literature with Al-specific
enhancements: "Using Al tools would improve my academic performance," "Al tools would enhance
my learning effectiveness," "Al tools would increase my productivity in academic tasks," "Al tools
would help me accomplish academic tasks more quickly," and "Overall, Al tools would be useful for
my studies."

b. Perceived Ease of Use (5 items) with Al interaction modifications: "Learning to use Al tools would
be easy for me," "l would find it easy to get Al tools to do what | want them to do," "My interaction
with Al tools would be clear and understandable," "I would find Al tools to be flexible to interact
with," and "It would be easy for me to become skillful at using Al tools."

c. Facilitating Conditions (5 items) adapted with educational Al context modifications: "My institution
has the necessary infrastructure to support Al tool usage," "Technical support is available when |
have difficulties with Al tools," "My institution provides adequate training for Al tool usage," "Al
tools are compatible with my existing study methods," and "l have the resources necessary to use
Al tools effectively."

d. Al Anxiety (5 items) developed based on recent literature: "l feel apprehensive about using Al tools
for academic work," "Al tools make me nervous about my academic performance," "I worry about
becoming too dependent on Al tools," "l am concerned about the privacy implications of using Al
tools," and "l feel anxious about using Al tools appropriately for academic integrity."

e. Actual Al System Use (5 items) with Al-specific usage behaviors: "l frequently use Al tools for my
academic work," "l use Al tools for various learning activities," "l integrate Al tools into my regular
study routine," "l spend considerable time using Al tools for learning," and "I actively explore
different Al tools for educational purposes."

f. Academic Performance (5 items) with self-reported and objective elements: "My grades have
improved since using Al tools," "Al tools have helped me understand difficult concepts better," "I
complete assignments more effectively with Al assistance," "My overall academic achievement has
benefited from Al usage," and "Al tools have enhanced my learning outcomes."

Data collection occurred over an eight-week period (March-April 2024) using a comprehensive online
survey platform that ensured data security and participant anonymity. Institutional coordinators at each
participating institution facilitated access through official communication channels while maintaining
voluntary participation principles and informed consent requirements.

Data analysis employed a two-stage SEM-PLS approach using SmartPLS 4.0, beginning with
comprehensive measurement model evaluation followed by structural model assessment and hypothesis
testing. Measurement Model Evaluation followed established criteria for convergent validity (factor
loadings > 0.708, Average Variance Extracted > 0.50), discriminant validity (Fornell-Larcker criterion and
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Heterotrait-Monotrait ratio < 0.90), and internal consistency reliability (Cronbach's a > 0.70, composite
reliability > 0.70).

4. Results and Discussion
Measurement Model Evaluation

The measurement model evaluation demonstrates excellent psychometric properties across all constructs,
confirming the reliability and validity of the research instrument. Convergent validity assessment reveals
factor loadings ranging from 0.721 to 0.889, all exceeding the recommended threshold of 0.708. Average
Variance Extracted (AVE) values span from 0.587 to 0.734, comfortably surpassing the 0.50 criterion for
adequate convergent validity.

Table 1 Factor Loading and Measurement Model Quality

Construct / Indicator Factor Loading t-value VIF
Perceived Usefulness (AVE=0.679, CR=0.914, a=0.883)

PU1: Improve academic performance 0.834 28.456 2.342
PU2: Enhance learning effectiveness 0.856 31.234 2.678
PU3: Increase productivity 0.821 26.789 2.234
PU4: Accomplish tasks quickly 0.789 24.123 1.987
PUbS: Overall usefulness 0.842 29.567 2.456
Perceived Ease of Use (AVE=0.647, CR=0.901, a=0.867)

PEOU1: Easy to learn 0.812 27.345 2.123
PEOUZ2: Easy to get what | want 0.834 29.012 2.345
PEOUS: Clear and understandable 0.789 24.678 1.967
PEOUA4: Flexible to interact 0.756 22.456 1.845
PEOUS: Easy to become skillful 0.821 27.890 2.234
Facilitating Conditions (AVE=0.634, CR=0.897, a=0.856)

FC1: Necessary infrastructure 0.798 25.123 2.012
FC2: Technical support available 0.823 27.456 2.234
FC3: Adequate training provided 0.789 24567 1.978
FC4: Compatible with study methods 0.767 23.234 1.867
FC5: Have necessary resources 0.812 26.789 2.145
Al Anxiety (AVE=0.587, CR=0.877, a=0.827)

AlAnx1: Feel apprehensive 0.756 22.678 1.845
AlAnx2: Makes me nervous 0.789 24.234 1.978
AlAnx3: Worry about dependency 0.767 23.456 1.887
AlAnx4: Privacy concerns 0.745 21.890 1.798
AlAnxb: Academic integrity anxiety 0.778 23.789 1.923
Actual System Use (AVE=0.692, CR=0.918, «=0.887)

ASU1: Frequently use 0.845 29.678 2.456
ASU2: Use for various activities 0.856 30.234 2.567
ASU3: Integrate into routine 0.823 27.890 2.289
ASU4: Spend considerable time 0.812 26.456 2.167
ASUbL: Actively explore tools 0.834 28,567 2.378
Academic Performance (AVE=0.734, CR=0.933, a=0.912)

AP1: Grades improved 0.867 32.123 2.789
AP2: Understand concepts better 0.878 33.456 2.890
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Construct / Indicator Factor Loading t-value VIF
AP3: Complete assignments effectively 0.845 29.789 2.567
AP4: Academic achievement benefited 0.856 30.678 2.645
APb5: Enhanced learning outcomes 0.889 34.234 2978

Table 1 demonstrates robust measurement quality with all factor loadings exceeding 0.70, t-values
significant at p<0.001, and VIF values below 3.5, indicating no multicollinearity concerns. Composite
reliability values ranging from 0.877 to 0.933 indicate excellent internal consistency, while Cronbach's
alpha coefficients between 0.827 and 0.912 demonstrate strong scale reliability.
Table 2 Discriminant Validity Assessment
Construct PU PEOU FC AlAnx ASU AP

PU 0.824

PEOU 0.623 0.804

FC 0.567 0.702 0.796

AlAnx -0.445 -0.398 -0.356 0.766

ASU 0.734 0.681 0.634 -0.523 0.832

AP 0.678 0.612 0.587 -0.434 0.782 0.857

Table 2 demonstrates that all diagonal elements (square root of AVE) exceed the corresponding off-
diagonal correlation coefficients, confirming discriminant validity through the Fornell-Larcker criterion. All
constructs meet established criteria for reliability and validity.

Structural Model Assessment

The structural model demonstrates substantial explanatory power with R? values of 0.684 for actual Al
system use and 0.612 for academic performance, indicating that the extended TAM model captures
significant variance in both technology adoption and educational outcomes. Predictive relevance
assessment through Stone-Geisser Q2 values (Q2_ASU = 0.493, QZ_AP = 0.442) confirms the model's
predictive utility beyond sample-specific relationships.

Table 3 Structural Model Results and Hypothesis Testing

Hypothesis Path B SE t-value p-value f2 Result

H1 PU — ASU 0.327*** 0.051 6.412 <0.001 0.124 Supported
H2 PEOU — ASU 0.394*** (0.048 8.208 <0.001 0.176 Supported
H3 FC — ASU 0.218** 0.063 3.460 0.001 0.067 Supported
H4 AlAnx — ASU -0.156* 0.067 2.328 0.020 0.032 Supported
H5 ASU — AP 0.782*** (0.034 22941 <0.001 1576 Supported

Note: R2(ASU) = 0.684; R2(AP) = 0.612; Q?(ASU) = 0.493; Q2(AP) = 0.442

Table 3 confirms support for all proposed hypotheses, with perceived ease of use demonstrating the
strongest influence on actual Al system use (B = 0.394, p < 0.001), followed by perceived usefulness (f =
0.327, p < 0.001) and facilitating conditions (f = 0.218, p < 0.01). Al anxiety shows a significant negative
effect (B = -0.156, p < 0.05), while actual system use strongly predicts academic performance ( = 0.782,
p < 0.001). Effect sizes range from small (Al anxiety, f2 = 0.032) to large (actual system use to academic
performance, f2 = 1.576), indicating meaningful practical significance beyond statistical significance.

Mediation Analysis

The mediation analysis confirms the theoretical proposition that actual Al system use serves as a crucial
mediator transforming acceptance perceptions into tangible academic outcomes.
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Table 4 Mediation Analysis Results

Mediation Path Indirect SE t-value p-value 95% Cl 95% Cl VAF
Effect Lower Upper

PU — ASU — AP 0.256*** 0.045 5689 <0.001 0.178 0.341 47.3%

PEOU — ASU — AP 0.308*** 0.042 7.333 <0.001 0.231 0.386 50.8%

FC —- ASU — AP 0.170** 0.051 3333 0.001 o0.081 0.267 100%

AlAnx — ASU — -0.122* 0.053 2302 0.021 -0.225 -0.028 78.7%

AP

Table 4 demonstrates that actual Al system use significantly mediates all relationships between
acceptance factors and academic performance. The strongest mediation occurs for perceived ease of use
(indirect effect = 0.308), accounting for 50.8% of the total effect on academic performance. Facilitating
conditions show complete mediation (VAF = 100%), suggesting that infrastructure and support only
influence academic outcomes through their impact on actual usage behavior. Al anxiety demonstrates
significant negative mediation, indicating that anxiety-induced usage reduction translates into diminished
academic benefits.

This study makes significant theoretical contributions by successfully extending the traditional
Technology Acceptance Model to accommodate unique characteristics of Al adoption in educational
contexts (Gado et al., 2021). The integration of Al anxiety as a distinct psychological barrier represents a
meaningful advancement beyond conventional TAM constructs, addressing growing recognition that
emerging technologies like Al evoke specific concerns that traditional technology acceptance models may
not capture adequately (Pramono et al., 2023).

The finding that perceived ease of use demonstrates stronger influence than perceived usefulness
(B=0.394 vs. =0.327) challenges conventional TAM assumptions where usefulness typically dominates
(Salloum, 2019). This pattern reflects the cognitive load associated with Al interaction, where users may
recognize Al's potential benefits but struggle with implementation complexity that creates adoption
barriers regardless of perceived utility (Geddam, 2024; Malureanu et al., 2021). The educational context
amplifies this effect, as students must integrate Al tools into existing study routines while navigating
uncertainty about appropriate usage boundaries and effectiveness indicators.

The complete mediation effect observed for facilitating conditions provides crucial insights into
infrastructure's role in educational technology adoption (Maruf et al., 2019). Unlike direct relationships
commonly found in traditional TAM studies, facilitating conditions influence academic performance
entirely through their impact on actual system use, suggesting that infrastructure investments only yield
educational benefits when they successfully enable sustained user engagement (Loh & Walsh, 2021).
This finding has important implications for institutional resource allocation, indicating that infrastructure
improvements must be coupled with usage promotion strategies to achieve desired educational
outcomes.

Al anxiety's significant negative effect (f=-0.156) confirms theoretical propositions about psychological
barriers unique to artificial intelligence adoption (Kleine et al.,, 2023). The moderate effect size suggests
that while anxiety doesn't completely prevent adoption, it creates meaningful resistance that institutions
must address through targeted intervention strategies. The anxiety construct's validation extends
technology acceptance theory into psychological domains that become increasingly relevant as
technologies demonstrate greater autonomy and intelligence-like behaviors.

The robust mediating role of actual system use validates process-oriented perspectives on technology
adoption that emphasize the importance of sustained engagement over initial acceptance (Trang & Thu,
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2024). The strong relationship between actual use and academic performance (=0.782) confirms that
meaningful educational benefits require intensive and consistent Al tool utilization rather than superficial
or occasional interaction. This finding challenges implementation strategies that focus primarily on initial
adoption without addressing long-term engagement sustainability.

The multi-institutional findings reveal important strategic insights for educational Al implementation
across diverse organizational contexts. The stronger perceived usefulness effects in private institutions
(B=0.378 vs. 3=0.289 for public institutions) suggest that market-oriented educational environments may
create greater sensitivity to technology's competitive advantages and performance benefits (Binyamin,
2019). These institutional differences indicate that implementation strategies should be tailored to
organizational contexts rather than applying uniform approaches across all institution types.

The identification of perceived ease of use as the primary predictor suggests that institutions should
invest heavily in user experience improvements, interface design enhancement, and interaction training
programs (Osman & Yatam, 2024). This finding challenges common implementation approaches that
prioritize infrastructure development or content creation over user experience optimization. Students must
develop new competencies to interact effectively with Al systems, including prompt engineering skills,
output evaluation capabilities, and appropriate integration techniques.

The significant negative effect of Al anxiety on adoption requires systematic intervention strategies that
address multiple anxiety dimensions (Cho & Seo, 2024). Performance anxiety, stemming from concerns
about Al competence requirements, can be addressed through scaffolded learning approaches that
gradually introduce Al complexity while building user confidence. Privacy anxiety requires transparent
communication about data collection practices, storage policies, and usage limitations associated with
educational Al tools. Ethical anxiety about academic integrity requires comprehensive policy development
that clearly defines appropriate Al usage boundaries while providing practical guidance for ethical
implementation.

Regional collaboration emerges as a critical success factor for archipelagic implementation contexts
where individual institutions may lack resources for comprehensive Al implementation (Bouton et al,
2021; Hu et al, 2020). Collaborative approaches could include shared Al platform subscriptions, joint
training program development, cross-institutional technical support arrangements, and coordinated policy
development that reduces confusion and inconsistency across institutions. Such collaboration could be
particularly beneficial for smaller islands where individual institutional capacity may be limited.

Based on research findings, institutions should adopt a phased implementation approach that addresses
different adoption factors sequentially. The initial phase should focus intensively on ease of use
optimization, including selection of user-friendly Al tools, development of intuitive interaction guidelines,
and provision of hands-on training that builds confidence and competence in Al interaction (Du, 2024;
Pramono et al., 2023). This phase addresses the strongest predictor of adoption success while building
foundation skills necessary for subsequent implementation phases.

The second phase should emphasize utility demonstration through specific use case development and
outcome tracking that helps students understand Al's practical benefits for their academic work (Trang &
Thu, 2024; Weng et al., 2024). Rather than generic Al promotion, institutions should develop discipline-
specific applications that demonstrate clear connections between Al usage and academic performance
improvement (Agbong-Coates, 2024). This approach addresses perceived usefulness enhancement while
building on the interaction competence developed in the initial phase.
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The third phase should focus on anxiety reduction through education, policy clarification, and support
system development that addresses specific concerns about Al usage appropriateness, academic
integrity, and learning dependency (Cho & Seo, 2024). Anxiety reduction requires ongoing attention
rather than one-time interventions, suggesting the need for continuous dialogue about Al's role in
education and regular policy updates that reflect evolving technology capabilities and educational
applications.

The research findings suggest that successful implementation requires simultaneous attention to multiple
stakeholder groups with different needs and concerns. Students require user-friendly tools and clear
usage guidelines, faculty need training and pedagogical integration support, administrators require cost-
effective solutions and risk management frameworks, and technical staff need infrastructure guidance
and maintenance support. Implementation strategies must coordinate across these stakeholder groups to
create supportive ecosystems for Al adoption.

The strong relationship between actual system use and academic performance (=0.782) suggests that
sustained engagement represents the critical factor for achieving meaningful educational benefits from Al
adoption. However, sustaining engagement requires ongoing attention to user experience, continuous
training, and regular technology updates that maintain relevance and effectiveness (J. Li, 2018).
Institutions must develop long-term sustainability strategies that address technology evolution, user skill
development, and changing educational needs.

5. Conclusion

This study successfully demonstrates that Al adoption in higher education contexts requires sophisticated
understanding of multiple interacting factors that extend beyond traditional technology acceptance
constructs. The extended Technology Acceptance Model incorporating facilitating conditions, Al anxiety,
and academic performance outcomes provides a robust framework for understanding and predicting Al
adoption patterns across diverse institutional contexts in archipelagic regions.

The dominance of perceived ease of use as the strongest adoption predictor ($=0.394) reveals that
successful Al implementation must prioritize user experience design and interaction simplicity over
feature sophistication or promotional efforts. This finding challenges common implementation approaches
that emphasize Al capabilities without adequate attention to usability requirements, particularly relevant
given the complexity of contemporary Al systems that may intimidate users despite their powerful
potential benefits.

The confirmation of actual system use as a critical mediator transforming acceptance perceptions into
academic outcomes validates process-oriented implementation strategies that emphasize sustained
engagement over initial adoption. The exceptional strength of the actual use to academic performance
relationship ($=0.782) underscores that meaningful educational benefits require intensive and consistent
Al utilization rather than superficial experimentation or occasional usage patterns. Al anxiety's significant
negative influence provides crucial insights for implementation planning, confirming that psychological
barriers unique to artificial intelligence require explicit attention through targeted intervention strategies.

Looking forward, educational institutions face both opportunities and challenges as Al capabilities
continue advancing rapidly. The framework developed here provides evidence-based guidance for
implementation strategies that maximize benefits while addressing realistic challenges. Success will
require continued research, collaborative learning, and adaptive strategies that evolve with both
technological capabilities and educational needs. The ultimate goal of Al implementation in education
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extends beyond technology adoption to meaningful enhancement of learning experiences and academic
outcomes for diverse student populations.
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