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ABSTRACT  

Aim/Purpose This study aims to investigate how key characteristics of AI-powered personal-
ized learning platforms influence student learning performance by examining the 
mediating roles of perceived value and perceived trust, as well as the moderating 
role of self-efficacy. The research aims to provide a clearer understanding of the 
psychological mechanisms that drive effective learning outcomes through tech-
nological features in the context of Vietnamese higher education.  

Background The rapid advancement of artificial intelligence (AI) has transformed the digital 
education landscape, particularly with the emergence of AI-driven personalized 
learning systems. These platforms promise adaptive, learner-centered experi-
ences by leveraging data-driven algorithms to tailor content, feedback, and sup-
port to individual needs. However, the success of such technologies is not solely 
dependent on their technical capabilities; it also hinges on students’ psychologi-
cal responses, including how they perceive the platform’s value and trustworthi-
ness. Despite growing implementation, a limited understanding remains of how 
multiple system characteristics, such as intelligence, personalization, anthropo-
morphism, and information quality, collectively shape these psychological fac-
tors and ultimately influence academic performance. Moreover, individual 
learner traits, such as self-efficacy, may determine how effectively students can 
translate positive perceptions into learning success. This study addresses these 
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gaps by applying the Stimulus-Organism-Response (S-O-R) framework, inte-
grated with the Information System Success Model (ISSM), to explore the com-
plex interplay between technological features, psychological responses, and 
learning outcomes in AI-driven education. The research is conducted within the 
Vietnamese higher education context, offering novel insights from an emerging 
educational market. 

Methodology This study employed a quantitative research design using a structured online 
questionnaire to collect data from university students in Vietnam who had expe-
rience with AI-powered personalized learning platforms. A non-probability con-
venience sampling method was employed, yielding 462 valid responses. The data 
were analyzed using Partial Least Squares Structural Equation Modeling (PLS-
SEM) with SmartPLS 3.0 to examine relationships among platform characteris-
tics, perceived value, perceived trust, and learning performance, with self-effi-
cacy as a moderating variable. 

Contribution This study advances the theoretical understanding of AI in education by inte-
grating system design characteristics, including intelligence, personalization, an-
thropomorphism, system quality, and information quality, with psychological 
constructs such as perceived value and trust, under the S-O-R framework and 
the ISSM. It also introduces self-efficacy as a key moderating variable. The inte-
gration of these frameworks within the context of Vietnamese higher education 
provides new empirical evidence on how AI-enhanced platforms support learner 
performance in developing countries, contributing both to global and localized 
knowledge of technology-enhanced learning. 

Findings The findings reveal that intelligence, personalization, information quality, and 
system quality of AI-powered learning platforms significantly enhance both stu-
dents’ perceived value and trust, whereas anthropomorphic features only boost 
perceived value but do not directly influence perceived trust. Both perceived 
value and trust have a positive impact on student learning performance, with 
perceived value also strengthening perceived trust. Additionally, self-efficacy 
plays a moderating role, amplifying the effects of perceived value and trust on 
learning outcomes, suggesting that learners with higher self-efficacy benefit 
more from these platform features. 

Recommendations  
for Practitioners 

Developers should prioritize enhancing system intelligence, personalization, and 
information quality to foster student trust and perceived value. Educators and 
academic institutions should focus on strengthening students’ self-efficacy 
through digital literacy training and personalized learning support to maximize 
learning outcomes. These findings provide concrete guidance for technology de-
velopers, educators, and policymakers seeking to design and implement effective 
AI-based learning solutions in higher education environments. 

Recommendations  
for Researchers  

Researchers should explore other psychological or contextual moderators, such 
as learning motivation and cognitive load, and validate the model across diverse 
educational environments and demographic groups to increase generalizability. 

Impact on Society By uncovering the mechanisms that drive effective learning in AI-supported en-
vironments, this study provides actionable guidance for creating more equitable, 
engaging, and high-quality digital education systems. The findings contribute to 
improving academic success, digital competency, and learner empowerment, 
thereby supporting the broader goal of technology-enabled inclusive education 
in developing contexts such as Vietnam. 
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Future Research Future research could explore longitudinal effects of AI learning tools, incorpo-
rate behavioral data, and examine the interplay between affective responses and 
cognitive evaluations in AI-driven learning dynamics. 

Keywords AI-powered personalized learning platforms, S-O-R model, student learning per-
formance, self-efficacy, educational technology 

INTRODUCTION 
The global shift toward digital learning ecosystems has accelerated the integration of artificial intelli-
gence (AI) into educational contexts, with AI-powered personalized learning platforms emerging as a 
transformative force in contemporary pedagogy. These platforms leverage advanced technologies to 
deliver individualized learning experiences tailored to students’ unique needs, preferences, and pro-
gress trajectories (Jian, 2023). Prominent global platforms such as Duolingo, Coursera, edX, and 
Knewton Alta exemplify this evolution by offering adaptive content delivery, intelligent tutoring, and 
real-time feedback. This transition represents not only a technological trend but also a structural 
transformation of education systems worldwide, characterized by the increasing use of AI to support 
curriculum design, learner assessment, and personalized engagement strategies (Kim et al., 2025). The 
increasing reliance on such systems is further underscored by market projections, which anticipate 
the global AI in education market to grow from USD 5.88 billion in 2024 to USD 32.27 billion by 
2030, reflecting a compound annual growth rate of 31.2% (Grand View Research, 2024). This re-
markable expansion highlights the increasing recognition of AI’s transformative potential in reshap-
ing educational accessibility, effectiveness, and equity on a global scale. 

Building on this momentum, AI-powered personalized learning refers to the application of advanced 
AI technologies such as machine learning, natural language processing, and predictive analytics to 
create dynamic, individualized learning experiences at scale (Yao & González-Vélez, 2025). These 
platforms continuously collect and analyze data on student performance, learning behaviors, and in-
teraction patterns to generate customized content, feedback, and instructional pathways. In doing so, 
they provide timely, relevant support tailored to each learner’s needs, thereby enhancing engagement, 
motivation, and academic achievement. At the global level, such capabilities are redefining how edu-
cation systems address diverse learning needs and bridge gaps in accessibility and inclusiveness, par-
ticularly in the post-pandemic digital landscape (Mohammadieh et al., 2024). 

More importantly, the growing adoption of AI-integrated personalized learning platforms represents 
a paradigm shift in education, positioning adaptive technologies as critical tools for improving learn-
ing outcomes (Castro et al., 2024). However, while technical sophistication enables efficiency and 
scalability, the long-term success of these platforms depends fundamentally on how students cogni-
tively and emotionally respond to them. As educational institutions increasingly rely on these intelli-
gent systems, it becomes essential to investigate the internal mechanisms through which they influ-
ence student learning, particularly cognitive and emotional processes that mediate performance gains 
(Tan et al., 2025). This shift from traditional, uniform instruction toward highly adaptive, data-driven 
personalization reflects a broader transformation in educational philosophy. These systems, empow-
ered by real-time data analytics and content adaptability, are designed not only to deliver instruction 
but also to optimize the entire learning experience (Strielkowski et al., 2025). Consequently, a deeper 
understanding of how these technologies impact learner outcomes via psychological and cognitive 
pathways is both timely and critical for the future of educational research and practice. 

In line with this evolution, existing research on AI-powered personalized learning has expanded 
across diverse educational contexts, reflecting growing interest in how intelligent technologies shape 
learning experiences and outcomes. In developed countries, scholars have predominantly examined 
the role of adaptive algorithms and personalization mechanisms in enhancing educational effective-
ness (du Plooy et al., 2024). These studies often adopt theoretical frameworks such as the Stimulus–
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Organism–Response (S-O-R) model to explore how system features influence cognitive and emo-
tional learner responses, which in turn affect performance outcomes (Pan et al., 2024). For example, 
Nazaretsky et al. (2025) investigated the relationship between personalization features and student 
trust in the learning system, while Al-Abdullatif (2023) focused on perceived value as a determinant 
of technology acceptance in personalized learning environments. In contrast, in the Asian context, an 
increasing number of studies have addressed sociocultural influences on learners’ interaction with AI-
based educational technologies. Payadnya et al. (2024) examined how cultural dimensions shape stu-
dent attitudes toward adaptive learning systems, highlighting the importance of localized design and 
implementation. Specifically in Vietnam, empirical efforts have explored the integration of AI-pow-
ered personalized platforms in higher education settings. Bui et al. (2025) analyzed factors affecting 
student acceptance and learning effectiveness, while T. H. Nguyen and Ha (2025) examined the role 
of technology self-efficacy in promoting student engagement with personalized learning tools. De-
spite this regional progress, there remains a limited understanding of how multiple system character-
istics act jointly to shape key psychological mechanisms such as perceived trust and perceived value, 
and how these mechanisms, in turn, influence actual learning performance. 

Parallel to these discussions, recent work grounded in the Information Systems Success Model 
(ISSM) (DeLone & McLean, 2003) provides a complementary perspective, emphasizing the roles of 
system quality and information quality in driving the adoption of educational technologies. For exam-
ple, Sayaf (2023) integrated ISSM with constructivist theory to explain e-learning adoption, finding 
that high-quality systems and information features significantly enhance student satisfaction and col-
laborative learning. Similarly, Alyoussef (2023) applied an extended ISSM framework to assess stu-
dents’ acceptance of e-learning at Jazan University, confirming the influence of platform quality on 
continued usage intention. 

While these studies offer valuable insights, two notable limitations remain. First, many studies have 
focused on isolated technological features or specific psychological constructs, lacking a unified 
framework that accounts for the interplay between multiple system characteristics and learners’ cog-
nitive and affective responses. Second, while the ISSM is applied widely to evaluate digital platform 
performance, its application in AI-powered personalized learning environments remains limited, par-
ticularly when combined with behavioral models such as the S-O-R framework. Therefore, to under-
stand AI-powered learning success fully, researchers must look beyond technical efficiency to include 
the psychological mechanisms that shape how learners perceive, trust, and engage with intelligent sys-
tems. This underscores a critical gap in understanding how various platform features simultaneously 
shape psychological mechanisms, such as perceived value and trust, and ultimately impact student 
learning outcomes. Addressing this limitation requires an integrated theoretical approach that enables 
a holistic connection among system characteristics, learner perceptions, and learning performance. 

To address these gaps, this study proposes a novel conceptual model that integrates the S-O-R 
framework with key constructs from the ISSM. Specifically, it investigates how five platform charac-
teristics, including intelligence, anthropomorphism, personalization, information quality, and system 
quality, affect student learning performance, mediated by perceived value and perceived trust. Addi-
tionally, the model introduces self-efficacy as a moderating variable, recognizing the importance of 
individual differences in shaping learners’ psychological and behavioral responses. Accordingly, the 
study seeks to address the following research questions: (1) How do AI-powered learning platform 
characteristics influence learners’ perceived value and trust? (2) How do perceived value and trust af-
fect student learning performance? (3) How does self-efficacy moderate the relationship between 
psychological perceptions and learning outcomes? 

This integrated approach represents a significant advancement in understanding AI-enhanced per-
sonalized learning, as it considers multiple platform characteristics and their combined effects on 
learning outcomes through both cognitive and affective mediating pathways. Furthermore, while the 
research is conducted in Vietnam, its implications extend globally. The framework and findings con-
tribute to broader international discussions on AI in education, providing insights applicable to both 
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developing and developed educational contexts. By situating Vietnam’s experience within the global 
expansion of AI in education, this study bridges localized evidence with universal theoretical under-
standing, highlighting the shared challenges and opportunities in human–AI collaboration for learn-
ing. 

From a theoretical perspective, the study advances research on AI in education by identifying and 
validating the mechanisms through which platform design affects learning outcomes. The inclusion 
of multiple mediating pathways provides a more nuanced understanding of the psychological pro-
cesses that influence learning outcomes in personalized learning environments. From a practical 
standpoint, the findings offer actionable insights for educational institutions, instructional designers, 
and AI developers, enabling the creation of more effective, engaging, and psychologically supportive 
learning environments. By uncovering the pathways linking platform features to student success, this 
research contributes to the design of future-ready educational technologies that are both technically 
sophisticated and pedagogically sound. Ultimately, as educational systems worldwide continue to em-
brace AI-driven personalization, understanding its impact on student learning is not only timely but 
essential. This study lays the groundwork for future empirical research and provides a foundation for 
optimizing the design and implementation of AI-powered personalized learning in diverse educa-
tional contexts. 

LITERATURE REVIEW 
THE EXPECTATION-CONFIRMATION MODEL (ECM) 
AI-powered personalized learning platforms 
AI-powered personalized learning platforms have become a pivotal innovation in educational tech-
nology, resulting in a significant transformation in the way instructional content is delivered, ac-
cessed, and experienced in contemporary learning environments (Rekha et al., 2024). These platforms 
integrate advanced AI technologies, such as machine learning, natural language processing, and adap-
tive algorithms, to create individualized learning pathways that dynamically adjust to each student’s 
needs and behavioral patterns (Katiyar et al., 2024).  

Unlike traditional educational systems that deliver standardized content to all learners, AI-powered 
platforms continuously collect and analyze data on learner interactions, performance trends, and en-
gagement behaviors. This real-time data processing enables the platforms to adapt learning materials, 
feedback, and assessments automatically to align with each learner’s proficiency level, cognitive style, 
and personal learning preferences (Abrar et al., 2025). Through this personalized approach, the learn-
ing process evolves from a standardized experience into a highly responsive and tailored journey, 
promoting deeper engagement and improved learning outcomes. Notable examples of such plat-
forms include Duolingo, Coursera, edX, and Knewton Alta, all of which provide adaptive learning 
experiences across various educational contexts to meet the diverse needs of learners.  

Key functionalities of AI-powered platforms include adaptive content sequencing that adjusts the or-
der and complexity of instructional materials based on learner progress; intelligent tutoring systems 
that provide contextualized support and scaffolding; automated feedback systems offering immedi-
ate, personalized guidance; and dynamic assessment tools that evolve alongside the learner’s develop-
ment (Tan et al., 2025). Recent technological advancements have expanded the capabilities of AI-en-
hanced learning platforms significantly by incorporating features such as emotion recognition, which 
enables systems to detect and respond to learners’ affective states; cognitive load monitoring, which 
assesses mental effort during learning; and predictive analytics, which anticipate learning trajectories 
and suggest timely interventions to enhance educational outcomes (Halkiopoulos & Gkintoni, 2024).  

Collectively, these developments have contributed to a paradigm shift in education from the tradi-
tional “one-size-fits-all” model to a learner-centered approach that prioritizes adaptability, personali-
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zation, and inclusivity. By supporting diverse learning needs and promoting autonomy, intelligent ed-
ucational platforms are gaining increasing recognition as vital tools for enhancing educational equity, 
engagement, and academic success in digitally mediated learning environments. Importantly, this shift 
is not only technological but also pedagogical. From a constructivist learning perspective, AI-pow-
ered platforms provide scaffolding that enables learners to construct knowledge actively through 
adaptive pathways and feedback (Strielkowski et al., 2025). From a socio-cultural perspective, features 
such as anthropomorphism and social presence contribute to socially mediated learning, emphasizing 
interaction, collaboration, and cultural adaptation (Zhang et al., 2024). Thus, AI-powered education 
should be understood as both a technological innovation and a reconfiguration of learning processes 
aligned with contemporary pedagogical theories. 

Stimulus-organism-response (S-O-R) model 
The Stimulus-Organism-Response (S-O-R) model was developed by Mehrabian and Russell (1974), 
offers a robust theoretical framework for examining how external stimuli influence individual behav-
iors through internal psychological processes. According to this model, external environmental stim-
uli (S) impact the internal cognitive and emotional states of an individual (O), which shape subse-
quent behavioral responses (R). The framework has been adopted widely across disciplines to explain 
user behavior, particularly in contexts involving human-technology interaction. In educational tech-
nology research, the S-O-R framework has proven valuable in explaining how platform features can 
serve as stimuli that activate learners’ psychological responses, such as emotions, perceptions, and 
cognitive evaluations, which affect learning behaviors and outcomes ultimately (Cheng, 2023; Duong 
et al., 2024).  

Recent studies have demonstrated the model’s applicability in various learning contexts. For instance, 
Pan et al. (2024) employed the S-O-R framework to examine how different types of online learning 
interactions act as stimuli influencing perceived ease of use and usefulness (organism variables), 
which, in turn, affect learning outcomes (response). Similarly, Peng et al. (2023) applied the model to 
mobile-assisted language learning and found that perceived convenience (stimulus) significantly influ-
enced curiosity and self-efficacy (organism), which in turn shaped learners’ intention to use the tech-
nology (response). These examples underscore the model’s versatility and relevance in capturing the 
internal mechanisms through which educational technologies influence user behavior.  

However, while the S-O-R model has explanatory strength, existing studies often limit their focus to 
individual features such as convenience and ease of use, neglecting the complex interplay of multiple 
technological attributes. This restricts its ability to explain fully how AI-powered platforms, which 
combine diverse design characteristics, affect both cognitive and affective learner responses simulta-
neously.  

In the context of this study, the “stimulus” components are defined as five critical characteristics of 
AI-powered personalized learning platforms: intelligence, anthropomorphism, personalization, infor-
mation quality, and system quality. These features serve as environmental triggers that shape learners’ 
perceptions. The “organism” component refers to the internal psychological states of learners, opera-
tionalized as perceived value and perceived trust, two constructs that reflect how users evaluate their 
experiences with the platform both cognitively and affectively. The “response” component captures 
the resulting behavioral and performance outcomes, represented by students’ learning performance. 
By applying the S-O-R framework in this manner, this study not only extends prior work but also 
critically addresses its limitations by examining how the features of multiple platforms jointly shape 
learner perceptions and performance. 

Information system success model (ISSM) 
The Information System Success Model (ISSM), first developed by DeLone and McLean (1992) and 
refined by DeLone and McLean (2003), provides a comprehensive framework for evaluating the ef-
fectiveness of information systems across various domains, including organizational and educational 
settings. The model identifies six interrelated dimensions that contribute to system success: system 



An & Ngo 

7 

quality, information quality, service quality, use, user satisfaction, and net benefits. Among these, sys-
tem quality and information quality are particularly relevant in the context of technology-enhanced 
learning, as they directly shape users’ evaluations of a system’s usability, reliability, functionality, and 
the value of the information provided.  

In AI-powered personalized learning environments, system quality encompasses the platform’s tech-
nical performance, ease of navigation, stability, and responsiveness. Information quality, meanwhile, 
refers to the relevance, accuracy, completeness, and timeliness of the educational content delivered to 
learners. These two dimensions serve as critical antecedents of user trust, satisfaction, and continued 
engagement with the platform (Huang & Zhi, 2023; W. Li & Xue, 2021). Extensive research in edu-
cational technology underscores the positive influence of system and information quality on learners’ 
perceived value, engagement, and academic outcomes. For instance, Fitria et al. (2024) and Zheng et 
al. (2023) emphasize that high-quality systems and information significantly enhance learners’ overall 
experiences. Mohammed et al. (2024) found that these dimensions contribute directly to student sat-
isfaction and academic performance in online learning environments. Similarly, Aldabbas et al. (2025) 
reported that system and information quality have positive effects on engagement and achievement 
in AI-driven platforms, while S. Wang et al. (2024) demonstrated their role in fostering trust and en-
couraging the adoption of adaptive learning technologies.  

In this study, the ISSM provides a theoretical basis for incorporating system quality and information 
quality as key stimulus variables within the broader S-O-R framework. By integrating these con-
structs, the study aims to examine how the technical and informational attributes of AI-powered 
learning platforms influence students’ internal psychological states, specifically perceived trust and 
perceived value, and how these, in turn, shape learning performance. This integrated approach does 
not simply summarize prior models but advances them critically. While ISSM ensures evaluative rigor 
of technological features, S-O-R explains how these features activate psychological mechanisms. The 
combination is novel as it connects system-level success metrics with learner-centered cognitive and 
affective pathways. In this way, the ISSM-S-O-R integration provides a more comprehensive theoret-
ical foundation that balances both technological robustness and pedagogical relevance. 

Student learning performance 
Student learning performance in AI-enhanced educational environments encompasses a broad range 
of cognitive, behavioral, and academic outcomes. Rather than being limited to conventional indica-
tors such as grades or test scores, this construct reflects a more holistic perspective on learning effec-
tiveness and efficiency in digitally mediated contexts (Adewale et al., 2024). The concept includes not 
only knowledge acquisition but also the development of problem-solving skills, critical thinking, con-
ceptual understanding, and the ability to apply learned content in practical and novel situations 
(Sarker et al., 2024). 

Within AI-enabled learning environments, the evaluation of student learning performance integrates 
both quantitative and qualitative dimensions. Quantitative indicators such as test scores, course com-
pletion rates, and learning pace offer objective measures of academic achievement (Das et al., 2023; 
Shoaib et al., 2024). At the same time, qualitative aspects such as depth of understanding, knowledge 
transfer, critical reasoning, and metacognitive skills are emphasized as essential components of mean-
ingful and sustainable learning (Lan & Zhou, 2025; Silva et al., 2024). Moreover, contemporary re-
search highlights the need to assess both short-term learning gains and long-term outcomes (X. 
Wang et al., 2024), such as knowledge retention and the cultivation of self-regulated learning strate-
gies. This dual perspective allows for a more comprehensive evaluation of how AI-enhanced learning 
environments support not only immediate academic success but also enduring cognitive and behav-
ioral development. 

In this study, student learning performance is conceptualized as the response variable within the S-O-
R framework. This construct represents the ultimate educational outcome of AI-driven personaliza-
tion, shaped by learners’ internal psychological states such as perceived trust and perceived value. 
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This multifaceted approach enables a nuanced exploration of how technological features in AI-pow-
ered systems translate into tangible and sustainable learning benefits. 

HYPOTHESIS DEVELOPMENT 
Intelligence 
System intelligence, in the context of intelligent personalized learning systems, refers to the system’s 
capacity to mimic human-like cognitive functions through advanced computational capabilities. 
These include adaptive learning algorithms, intelligent content recommendations, personalized feed-
back, and predictive analytics that anticipate learner needs and forecast learning outcomes (Alawneh 
et al., 2024). Modern AI-powered platforms utilize complex algorithms to analyze student learning 
performance patterns, identify learning gaps, and adjust instructional content in real time to meet in-
dividual learning needs (Salman & Chaya, 2024).  

The relationship between system intelligence and perceived value has been documented extensively 
in educational technology research. When learning platforms demonstrate sophisticated intelligence 
through accurate content recommendations and adaptive learning paths, students perceive higher 
value in their learning experience (Contrino et al., 2024). Intelligent features, such as real-time, con-
textually relevant feedback, accurate prediction of learning difficulties, adaptive content difficulty, in-
telligent explanations, and sophisticated assessment strategies, significantly enhance students’ percep-
tion of the platform’s utility and effectiveness in supporting their learning goals (Vieriu & Petrea, 
2025). The ability of intelligent systems to adapt dynamically to students’ learning preferences and 
challenges fosters a sense of relevance and utility that traditional static systems often fail to provide 
(Bhutoria, 2022). In addition to these pedagogical benefits, ethical transparency in algorithmic deci-
sion-making, such as explainable AI and fairness in data use, supports sustained learner trust and 
helps ensure equitable outcomes across diverse student groups (Simbeck, 2023). 

System intelligence has also been identified as a key driver of trust in AI-powered learning environ-
ments. Trust in these systems arises when users perceive them as competent, reliable, and consistent 
in supporting their learning activities (Nazaretsky et al., 2025). This trust is particularly vital in educa-
tional contexts, where students often depend on platform-generated recommendations to make im-
portant learning decisions. The trust-building process is reinforced when intelligent systems demon-
strate high accuracy in content recommendations, effectively diagnose learning difficulties, employ 
transparent decision-making processes, and provide reliable, context-sensitive support. Research by 
Afroogh et al. (2024) indicates that when students experience these intelligent features consistently, 
they develop stronger trust in the system’s capabilities and recommendations. As learners experience 
these intelligent interactions over time, their confidence in the system’s ability to facilitate meaningful 
learning increases. Higher levels of system intelligence are associated with greater student trust in the 
platform’s ability to support their learning goals (Musyaffi et al., 2024).  

Based on this understanding, the hypotheses are proposed:  
H1: Intelligence has a positive effect on perceived value.  
H2: Intelligence has a positive effect on perceived trust. 

Anthropomorphism 
Anthropomorphism in AI-powered learning environments refers to the attribution of human-like 
characteristics, behaviors, and communication styles to digital systems (Yu & Lan, 2024), aiming to 
make user interactions more natural, relatable, and engaging. This concept embraces natural language 
processing for conversational interactions, emotional intelligence capabilities, personality traits in sys-
tem responses, human-like avatars, social presence indicators, and empathetic response mechanisms 
that make the learning experience more human-like and relatable (Kim & Im, 2023). These anthropo-
morphic elements have seen increasing incorporation into educational platforms to foster a sense of 
social interaction and emotional support during the learning process (Polyportis & Pahos, 2024).  
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An increasing number of studies support the notion that anthropomorphism enhances the learner’s 
perceived value of educational technologies. Systems that simulate human-like interaction styles tend 
to create more engaging, emotionally resonant, and relatable learning environments. Gkintoni et al. 
(2025) and Kolomaznik et al. (2024) found that when educational platforms exhibit well-crafted an-
thropomorphic qualities such as warmth, responsiveness, and social presence, they enhance students’ 
perceived value by making the learning process more interactive, emotionally engaging, and socially 
connected, thereby strengthening user attachment to the system. Furthermore, N. Ma et al. (2025) 
emphasized that students report greater satisfaction and value when the AI system presents appropri-
ate human-like behaviors in its communication, thereby reinforcing the platform’s overall usefulness 
and appeal.  

The influence of anthropomorphic features on trust formation represents another crucial aspect of 
AI-powered learning platforms. Trust development is strengthened significantly when AI systems ex-
hibit human-like qualities that foster emotional resonance, convey a sense of authentic social pres-
ence, demonstrate empathy toward students’ challenges, facilitate natural conversational flow, and 
maintain consistent personality traits (Hancock et al., 2023). A study by Alabed et al. (2022) suggested 
that these anthropomorphic elements contribute significantly to building trust relationships between 
students and AI systems. By incorporating human-like characteristics, these platforms are able to 
convey social presence and establish emotional connections, which in turn enhance trust in the plat-
form’s guidance and recommendations (Q. Li et al., 2023). Moreover, students tend to place greater 
trust in AI platforms that exhibit appropriate anthropomorphic features, such as empathetic re-
sponses and personable interactions, while still clearly delineating their artificial nature (Liu et al., 
2024), thereby avoiding the risk of perceived deception or over-humanization. However, designers 
should avoid over-humanization; pedagogically grounded anthropomorphic cues must preserve sys-
tem transparency so that emotional engagement does not substitute for competence or obscure the 
system’s artificial nature. 

Based on this understanding, the hypotheses are proposed:  
H3: Anthropomorphism has a positive effect on perceived value.  
H4: Anthropomorphism has a positive effect on perceived trust. 

Personalization 
Personalization, in the context of AI-powered learning, represents the system’s ability to adapt educa-
tional experiences to the unique needs, preferences, learning styles, and academic goals of individual 
students (Vorobyeva et al., 2025). This personalization is operationalized through the use of ad-
vanced algorithms that analyze a range of student data, such as student prior academic performance, 
interaction history, engagement levels, and behavioral cues, to generate tailored content, customized 
pacing, individualized assessments, and adaptive learning strategies (Gutierrez et al., 2025). These sys-
tems are designed to adjust dynamically to learners’ evolving needs, optimizing educational outcomes 
through personalized learning pathways (Naseer et al., 2024).  

The connection between personalization and perceived value is well-established in educational tech-
nology literature. The presence of highly personalized experiences, achieved through adaptive con-
tent selection, customized learning paths, and individualized feedback mechanisms, leads students to 
recognize greater value in their learning journey (Dumont & Ready, 2023). Personalization features 
such as dynamic content adaptation, individualized pace control, customized assessment approaches, 
and tailored learning resources significantly enhance students’ perception of the platform’s value 
proposition. Alrawashdeh et al. (2023) found that students place greater value on systems that can 
adapt effectively to their changing learning needs and preferences over time. Similarly, F. Ma (2025) 
revealed that students tend to perceive high value in systems that provide stable, personalized, and 
contextually relevant learning experiences. Ethically, personalization must also balance adaptivity 
with data privacy and cultural sensitivity to ensure equitable and respectful treatment of all learners, 
particularly in cross-cultural educational contexts (Tertulino, 2025). 
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In parallel, personalization has been recognized as a central determinant of trust formation in AI-
powered learning platforms. Trust develops when systems demonstrate a consistent ability to under-
stand individual learners’ needs, preferences, and progress, translating these insights into personalized 
and contextually relevant learning experiences (Tanchuk & Taylor, 2025). When platforms identify 
learning styles effectively, adapt to students’ performance trajectories, and deliver timely, customized 
feedback, learners perceive them as more reliable, competent, and supportive (Iyamuremye et al., 
2024). Moreover, systems capable of recognizing students’ challenges and responding with targeted 
interventions foster stronger emotional assurance and confidence in the platform’s educational value 
(Sharma et al., 2025). Additionally, Khor and Mutthulakshmi (2024) highlighted that maintaining de-
tailed learner profiles and delivering tailored experiences play a critical role in cultivating and sustain-
ing student trust.  

Based on this understanding, the hypotheses are proposed:  
H5: Personalization has a positive effect on perceived value.  
H6: Personalization has a positive effect on perceived trust. 

Information quality  
Information quality, in the context of AI-powered learning, refers to the accuracy, relevance, com-
pleteness, and timeliness of educational content and system-generated information provided to stu-
dents (Srimulyo et al., 2024). This characteristic integrates various aspects, including content accu-
racy, instructional clarity, information currency, and the pedagogical soundness of learning materials 
(Lachheb et al., 2025). High-quality information is characterized by its alignment with educational 
standards, accuracy of knowledge representation, and effectiveness in supporting learning objectives 
(Atuhurra & Kaffenberger, 2022).  

The relationship between information quality and perceived value has been well-documented in the 
literature on educational technology. When learning platforms consistently deliver high-quality, accu-
rate, and pedagogically sound content, students recognize greater value in their learning experience 
(Alterkait & Alduaij, 2024). Research indicates that aspects of information quality, including content 
accuracy, instructional clarity, timely updates, and pedagogical effectiveness, significantly influence 
students’ value perception of the learning platform (X. Li & Zhu, 2022). The quality of information 
directly affects students’ engagement with learning materials and their assessment of the platform’s 
educational value (Kedia & Mishra, 2023). The provision of accurate, meaningful, and clearly orga-
nized content has been identified as a major influence on students’ perceptions of educational tech-
nology value (Lai et al., 2022). Furthermore, ethically responsible and culturally sensitive information 
delivery reinforces students’ perception of the system’s educational integrity, enhancing their per-
ceived value in diverse learning contexts (Vidaurre et al., 2024). 

The influence of information quality on trust formation represents a critical aspect of student-plat-
form relationships. Trust is more likely to emerge when learners perceive the information provided 
as consistently accurate, contextually appropriate, and pedagogically sound (Viberg et al., 2024). Stu-
dents tend to place greater trust in systems that deliver reliable content, maintain up-to-date materi-
als, and communicate information in a clear and structured manner (Nazaretsky et al., 2022). Ethical 
transparency and fairness in AI-generated content contribute to this trust by assuring learners that 
the information they receive is objective, unbiased, and socially responsible (Đerić et al., 2025). Plat-
forms that deliver high-quality information consistently are more likely to foster student confidence 
in both their educational effectiveness and overall reliability (Akpen et al., 2024; Enyoojo et al., 2024). 
Moreover, maintaining a consistent standard of information quality across various instructional con-
texts has been found to be a critical factor in building and sustaining student trust (Pitafi & Ali, 
2023). 

Based on this understanding, the hypotheses are proposed:  
H7: Information quality has a positive effect on perceived value.  
H8: Information quality has a positive effect on perceived trust. 
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System quality 
System quality refers to the technical and functional attributes of AI-powered learning platforms that 
ensure efficient and effective platform performance (Hamzah et al., 2025). Key components of sys-
tem quality include system reliability, accessibility, response time, user interface design, system stabil-
ity, and overall technical performance (Alkhuwaylidee, 2025). The hallmark of high-quality learning 
systems lies in their seamless operation, intuitive navigation, consistent performance, and robust 
technical infrastructure that supports uninterrupted learning experiences (Sutiah & Supriyono, 2024). 
Beyond these technical aspects, system quality in AI-based learning also involves the ethical and ped-
agogical responsibility of ensuring data security, user privacy, and equitable access across diverse 
learner groups. Systems that handle user data transparently and provide inclusive interface design en-
hance not only usability but also learners’ moral and psychological comfort (Ain et al., 2025). 

In the field of educational technology, system quality has been recognized widely as a key determi-
nant of perceived value. Platforms that exhibit high system performance such as reliable operation, 
fast response times, and intuitive interfaces, significantly influences students perceived value of their 
learning experience (J. Wang & Fan, 2025). Several studies confirm that students assign greater value 
to platforms that offer stable operation, smooth navigation, efficient load times, and consistent per-
formance across different devices (Giday & Perumal, 2024). Technical reliability and system respon-
siveness directly impact on students’ engagement with learning tasks and their overall evaluation of 
the platform’s worth (Akpen et al., 2024). Furthermore, when platforms integrate culturally adaptive 
interface design and accessibility features that accommodate diverse learners, they reinforce percep-
tions of fairness and inclusivity, factors that are tied to perceived value in digital education (G. W. 
Choi & Seo, 2024). Consequently, high system quality contributes directly to perceived value by fos-
tering a learning environment that is stable, efficient, user-friendly and aligned with students’ educa-
tional goals (Feng et al., 2025).  

The connection between system quality and trust formation represents a fundamental aspect of stu-
dent acceptance of AI-powered learning platforms. Trust is more likely to emerge when learners per-
ceive the platform as technically dependable, consistently operational, and capable of supporting their 
educational goals (Rittenberg et al., 2024). Research shows that students develop stronger trust in 
platforms that maintain stable performance, provide consistent access to learning resources, and of-
fer smooth technical operations (Barz et al., 2024). Systems that deliver consistent high performance 
and reliability significantly strengthen students’ perceptions of the platform’s credibility and dependa-
bility (Chugh et al., 2023). Furthermore, ensuring stable technical quality across diverse learning con-
texts and usage conditions is critical for fostering and sustaining student trust (Nazaretsky et al., 
2025).  

Based on this understanding, the hypotheses are proposed:  
H9: System quality has a positive effect on perceived value. 
H10: System quality has a positive effect on perceived trust. 

Perceived value 
Perceived value in AI-powered learning environments refers to students’ overall judgment of the 
benefits and utility offered by the system in relation to the time, effort, and resources they invest in 
the learning process. This term is complex and includes educational efficacy, time efficiency, person-
alization, and the perceived return on learning outcomes like academic achievement and skill devel-
opment (Al-Abdullatif & Alsubaie, 2024). The perception of value is formed through students’ cu-
mulative experiences with the platform and their evaluation of its contribution to their learning goals 
(Maqbool et al., 2022). In addition to these functional aspects, perceived value in AI learning systems 
also reflects ethical and cultural dimensions, as learners tend to evaluate whether platforms provide 
equitable access, respect user data, and deliver culturally relevant and pedagogically sound content 
(Gerlich, 2023). Systems that align educational benefits with ethical transparency and inclusivity are 
therefore perceived as offering higher value to diverse learners. 
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A growing body of research has identified perceived value as a key driver of trust in educational tech-
nologies. According to Xin et al. (2025), when students perceive that a platform delivers educational 
content in an efficient and goal-oriented manner, they are more likely to view it as a competent and 
dependable learning assistant. This perceived utility forms the groundwork for more complex trust-
based interactions. Extending this insight, Changwen et al. (2025) argue that perceived value catalyzes 
the formation of trust relationships by reinforcing the system’s perceived integrity and alignment 
with students’ long-term academic interests. Rather than being a passive outcome, trust emerges as a 
cumulative response to repeated value-driven experiences, strengthening students’ willingness to rely 
on the platform over time.  

In addition, perceived value has been acknowledged widely as a fundamental predictor of student 
learning performance. Learners who perceive high value in their educational experience tend to be 
more engaged, motivated, and committed to achieving their academic objectives (Bergdahl et al., 
2024). Students who recognize high value in their learning experience demonstrate better academic 
achievement, knowledge retention, and skill development (Amado et al., 2023). This positive percep-
tion encourages the use of effective learning strategies, sustained effort, and deeper engagement with 
course content, which collectively contribute to enhanced performance outcomes (Gkintoni et al., 
2025). For instance, in AI-powered learning environments, when students perceive high value from 
features such as real-time feedback, personalized learning pathways, and content aligned with their 
goals, they are more likely to stay motivated and overcome learning challenges, leading to measurable 
improvements in academic performance (Villegas-Ch et al., 2025).  

Based on this understanding, the hypotheses are proposed:  
H11: Perceived value has a positive effect on perceived trust.  
H12: Perceived value has a positive effect on student learning performance. 

Perceived trust  
Perceived trust in AI-powered learning represents students’ belief in the system’s reliability, compe-
tence, and benevolence in supporting their educational journey (S. Choi et al., 2023). This factor 
comprises multiple dimensions, including trust in the system’s educational guidance, confidence in 
data privacy and security, belief in the platform’s commitment to student success, and faith in the ac-
curacy of AI-generated recommendations (Raza et al., 2024). Trust does not emerge instantly; rather, 
it evolves progressively through repeated, positive interactions with the system, as students observe 
the platform’s reliability, responsiveness, and alignment with their learning needs (Afroogh et al., 
2024). In contemporary AI learning environments, trust also extends beyond technical reliability to 
encompass ethical transparency and cultural sensitivity. Learners tend to trust systems that demon-
strate fairness in algorithmic decisions, protect user data responsibly, and respect cultural diversity in 
content delivery (Pasipamire & Muroyiwa, 2024). When students perceive that the system operates 
with ethical integrity and pedagogical fairness, their confidence in its guidance and decisions is rein-
forced even further. 

Perceived trust plays an essential role in influencing student learning performance in AI-enhanced 
educational settings. When students develop strong trust in a learning platform, they are more in-
clined to explore its advanced functionalities, follow system recommendations, and remain persistent 
when facing academic challenges (Fuertes et al., 2023). High levels of trust lead to more effective uti-
lization of platform resources, increased engagement with adaptive learning features, and better inte-
gration of AI-powered guidance into learning strategies (Yaseen et al., 2025). The relationship be-
tween trust and learning performance has been documented across various educational contexts, 
showing that students with higher trust levels demonstrate superior academic achievement and skill 
development (Kaya & Erdem, 2021). Trust has been identified as a crucial mediator between system 
characteristics and learning outcomes, facilitating more effective learning experiences and better aca-
demic results (Pitts & Motamedi, 2025).  
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Based on this understanding, the hypothesis is proposed:  
H13: Perceived trust has a positive effect on student learning performance. 

Self-efficacy 
Self-efficacy in the context of AI-powered learning represents students’ beliefs in their capabilities to 
effectively utilize the platform’s features and achieve their learning objectives (Sari et al., 2025). This 
aspect highlights students’ confidence in their ability to navigate technological challenges, manage 
their learning process, and integrate AI-powered support successfully into their educational journey 
(Bećirović et al., 2025). As a motivational and cognitive construct, self-efficacy influences how stu-
dents approach challenges, persist through difficulties, and utilize available learning resources (Miao 
et al., 2025). In the context of AI-mediated education, self-efficacy also carries ethical and cultural 
dimensions: students’ confidence can be influenced by their perceptions of algorithmic fairness, ac-
cessibility, and cultural inclusivity in system design. Learners from diverse cultural or linguistic back-
grounds may experience varying levels of efficacy depending on how well the platform accommo-
dates their needs and learning styles (M. P. Lin et al., 2024). 

The moderating role of self-efficacy in the relationship between perceived value and student learning 
performance has been well-documented in educational technology research. Students with higher 
self-efficacy are not only more confident in their learning capabilities but also more proactive in ap-
plying perceived value to concrete academic efforts, such as setting learning goals, overcoming diffi-
culties, and sustaining motivation (Basileo et al., 2024). Research demonstrates that self-efficacy en-
hances the positive effects of perceived value by enabling students to utilize platform features more 
effectively and maintain motivation through challenging learning tasks (Zhuofan et al., 2024). As a 
result, students with strong self-efficacy can transform perceived benefits into tangible academic im-
provements, including enhanced engagement, deeper knowledge acquisition, and better academic 
performance (Jeilani & Abubakar, 2025).  

Similarly, self-efficacy has been shown to moderate the relationship between perceived trust and stu-
dent learning performance. Research indicates that students with higher self-efficacy are able to lever-
age their trust in the platform more effectively to achieve superior learning outcomes (Aliño et al., 
2024). Self-efficacy enhances the positive impact of trust by enabling students to act more confi-
dently on system recommendations and effectively utilize AI-powered learning support (Ishan & 
Tan, 2025). The combination of high self-efficacy and strong trust has been shown to produce partic-
ularly positive learning outcomes, as students are both willing and able to engage fully with the plat-
form’s capabilities (Al-khresheh & Alkursheh, 2024).  

Based on this understanding, the hypotheses are proposed:  

H14: Self-efficacy positively moderates the relationship between perceived value and student 
learning performance.  

H15: Self-efficacy positively moderates the relationship between perceived trust and student 
learning performance. 

CONCEPTUAL MODEL  
The conceptual model, illustrated in Figure 1, outlines the pathways through which key system char-
acteristics of AI-powered learning platforms influence student learning performance through psycho-
logical mechanisms. This model is grounded in the S-O-R framework, where the stimulus (S) refers 
to external features of the learning environment, the organism (O) represents students’ internal psy-
chological processes, and the response (R) reflects their observable learning outcomes.  

In this context, five essential system characteristics: intelligence, anthropomorphism, personalization, 
information quality, and system quality, function as stimuli. These technological and interactive fea-
tures shape how students perceive and interact with the AI-powered platform. As stimuli, they influ-
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ence two critical psychological responses: perceived value and perceived trust. These organismic vari-
ables capture students’ cognitive and emotional appraisals of the platform’s usefulness, reliability, and 
supportiveness in their learning journey. These psychological responses are proposed to have a direct 
and positive effect on student learning performance, the ultimate behavioral response in the model. 
Students who perceive high value and trust in the platform are more likely to engage meaningfully 
with its features and achieve stronger academic outcomes.  

Furthermore, the model introduces self-efficacy as a key moderating variable, emphasizing its role in 
strengthening or weakening the effects of perceived value and trust on learning outcomes. Students 
with higher self-efficacy are more confident in their ability to navigate the platform and are thus bet-
ter positioned to translate their positive perceptions into actual learning success. 

Figure 1. Conceptual model 

METHODOLOGY 
RESEARCH DESIGN AND INSTRUMENTS 
This study takes a quantitative approach, employing a cross-sectional survey design to investigate the 
links among system characteristics of AI-powered learning platforms, students’ psychological re-
sponses, and learning performance. The research is grounded in a conceptual framework based on 
the S-O-R model, aiming to test a series of hypothesized structural relationships. A confirmatory re-
search strategy was employed to validate the theoretical model and assess interrelationships among 
constructs. The unit of analysis is individual students with prior experience using AI-enabled person-
alized learning platforms.  

The measurement instrument comprised a structured questionnaire developed by incorporating items 
from established, validated scales. These measurement items were adapted to ensure both reliability 
and validity for the current research context. The questionnaire was organized into three main sec-
tions. The first section of the survey consisted of preliminary screening questions to confirm the eli-
gibility of respondents. Participants were required to have prior experience with AI-powered learning 
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platforms and be actively involved in online learning environments. To assess this, respondents were 
asked two closed-ended questions: “Have you used any AI-powered personalized learning platform 
such as Duolingo, Coursera, edX, or Knewton Alta?” and “Are you currently engaged in online 
learning activities that utilize AI-powered learning platforms?” Only those who answered “Yes” to 
both questions were considered eligible to proceed with the survey. Additionally, to ensure ethical 
compliance, only individuals aged 18 years or older were eligible to participate in the study. This 
screening process ensured that the responses were relevant and rooted in actual user experience, 
thereby enhancing the accuracy and applicability of the results. The second section collected data on 
participants’ background, including gender, age, education level, and frequency of using AI-powered 
learning platforms. These demographic variables were used to contextualize the findings and explore 
how different student groups interact with AI-powered learning systems within the educational tech-
nology landscape.  

The third section focused on measuring the key constructs of the research model using validated 
items adapted from previous studies. All measurement items were adapted from validated scales in 
previous literature and modified to fit the context of AI-based personalized learning platforms. All 
items were measured on a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly 
agree). Specifically, Intelligence is measured using five items adapted from Moussawi and Koufaris 
(2019), evaluating the platform’s learning, adaptation, and decision-making capabilities. Anthropo-
morphism is assessed with five items, also from Moussawi and Koufaris (2019), measuring the hu-
man-like characteristics of the platform. Personalization is evaluated using four items from Baek and 
Morimoto (2012), examining the platform’s ability to provide customized learning experiences. Infor-
mation quality is measured using four items adapted from Alfaki (2021), assessing the relevance and 
accuracy of content. System quality is evaluated using three items from H. Y. Lin et al. (2006), captur-
ing the technical performance, stability, and ease of use of the platform. For psychological responses, 
perceived value is measured using four items adapted from Akdim and Casaló (2023), reflecting stu-
dents’ assessment of the benefits offered by the platform. Perceived trust is assessed using four items 
from Helal et al. (2023), examining students’ confidence in the platform. Self-efficacy is evaluated us-
ing three items from Shengyao et al. (2024), focusing on students’ belief in their capacity to utilize the 
platform effectively. Student learning performance is measured using five items adapted from W.-T. 
Wang and Lin (2021), capturing dimensions of academic achievement, critical thinking, and skill de-
velopment.  

To ensure the validity and clarity of the instrument, a pilot study was conducted with a sample of 50 
students who met the inclusion criteria. The pilot aimed to identify potential issues related to word-
ing, cultural relevance, and measurement reliability (Presser et al., 2004). Based on participant feed-
back, minor modifications were made to enhance item clarity and contextual alignment (Hertzog, 
2008). The results demonstrated satisfactory internal consistency, with Cronbach’s alpha values for all 
constructs ranging from 0.765 to 0.931, exceeding the recommended threshold of 0.70 (Taber, 2018), 
supporting the readiness of the instrument for large-scale data collection. To mitigate common 
method bias (CMB), the questionnaire included a marker variable that was unrelated to the main con-
structs theoretically. This allowed for statistical control of CMB during the data analysis phase and 
helped ensure that the observed relationships were not influenced unduly by the data collection 
method. 

DATA COLLECTION AND SAMPLING 
This study employed an online survey to collect data from Vietnamese students with prior experience 
using AI-powered learning platforms in educational settings. Google Forms was selected as the data 
collection tool due to its intuitive interface, cross-device compatibility, and real-time data processing 
capabilities (Vasantha Raju & Harinarayana, 2016). A non-probability convenience sampling method 
was utilized, focusing on participants who were accessible and willing to participate. The survey was 
disseminated through diverse channels such as digital learning communities, educational networks, 
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and academic institutions across multiple levels of education. Participants were recruited primarily 
through university mailing lists, online student forums, and social media groups dedicated to higher 
education in Vietnam, ensuring access to a broad pool of students who were engaged actively in digi-
tal learning environments. Reminder notifications were issued periodically to boost participation. The 
data collection phase spanned three months, allowing adequate time to accommodate academic 
schedules and increase response rates. Prior to participation, respondents were provided with clear 
information regarding the voluntary nature of the study, data confidentiality, and privacy protections. 
Participation required informed consent, and data was used solely for academic research purposes.  

The survey instrument consisted of 37 items designed to measure the key constructs in the research 
model, including intelligence, anthropomorphism, personalization, information quality, system qual-
ity, perceived value, perceived trust, self-efficacy, and student learning performance. All items were 
adapted from validated scales to ensure content validity and measurement reliability. Following Hair 
et al. (2014), for reflective measurement models, a rule of thumb commonly accepted is to have a 
minimum sample size equal to ten times the number of observed variables. With 37 items in total, 
this guideline suggested a minimum of 370 respondents (37 × 10). This more conservative approach 
was adopted to ensure adequate statistical power and reliable parameter estimation. As a result, the 
study aimed for a sample size of at least 370 participants to enhance the robustness and generalizabil-
ity of the results.  

To ensure the relevance of responses, participants were required to use AI-powered learning plat-
forms consistently for at least three months. Screening questions at the beginning of the survey veri-
fied this experience. Respondents who failed to meet this minimum usage criterion were disqualified 
and excluded from further participation. During the data cleaning process, responses with incomplete 
answers or inconsistent demographic information were also removed. A total of 548 responses were 
collected initially. After applying the screening and validation procedures, 462 valid and complete re-
sponses remained for analysis.  

Demographic characteristics of the final sample are presented in Table 1.  

Table 1. Participant demographics 

Variable Category Frequency 
(n=462) 

Percentage 
(%) 

Gender 
Male 202 43.7 
Female 245 53.0 
Not to specify 15 3.3 

Age 

18–22 years old 211 45.7 
23–26 years old 156 33.8 
27–29 years old 58 12.6 
30 years old and above 37 8.0 

Education 
Level 

Intermediate 43 9.3 
College 124 26.8 
Undergraduate 236 51.1 
Postgraduate 59 12.8 

Platform usage 
frequency 

Daily 122 26.4 
3–4 times/week 143 31.0 
1–2 times/week 129 27.9 
Less than once/week 68 14.7 
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Among the respondents, 245 (53.0%) identified as female, 202 (43.7%) as male, and 15 (3.3%) pre-
ferred not to disclose their gender. In terms of age, 211 respondents (45.7%) were aged 18–22, 156 
(33.8%) were 23–26, 58 (12.6%) were 27–29, and 37 (8.0%) were 30 or older. Regarding educational 
background, 43 participants (9.3%) held intermediate qualifications, 124 (26.8%) had completed col-
lege, 236 (51.1%) were pursuing undergraduate degrees, and 59 (12.8%) were postgraduate learners. 
Usage frequency of AI-based platforms varied: 122 (26.4%) used them daily, 143 (31.0%) used them 
3–4 times per week, 129 (27.9%) used them 1–2 times per week, and 68 (14.7%) used them less than 
once per week. This diverse and representative sample enhances the external validity of the study and 
ensures that insights reflect a broad spectrum of learners’ experiences in AI-supported educational 
environments. 

DATA ANALYSIS 
The collected data were analyzed using SmartPLS 3.0, applying partial least squares structural equa-
tion modeling (PLS-SEM). This analysis method was selected due to its suitability in handling com-
plex models that involve multiple mediating and moderating effects (Hair et al., 2019), particularly in 
examining the relationships among system characteristics, user perceptions, and learning perfor-
mance in AI-powered learning platforms. PLS-SEM was deemed appropriate due to the complexity 
of the research model, which includes several latent constructs and interaction terms, as well as the 
exploratory nature of the study, which seeks to extend existing theoretical frameworks into the con-
text of AI-enhanced educational environments. The analysis was conducted in two main stages. 

The first stage focused on evaluating the measurement model to ensure the reliability and validity of 
the constructs. Internal consistency reliability was assessed using both Cronbach’s Alpha (CA) and 
Composite Reliability (CR), with acceptable thresholds set at 0.70 (Nunnally & Bernstein, 1994). 
Convergent validity was examined by analyzing item loadings, with acceptable values above 0.70 
(Hair et al., 2022) and Average Variance Extracted (AVE), which needed to exceed 0.50 (Fornell & 
Larcker, 1981). Discriminant validity was assessed using the Fornell-Larcker criterion, which requires 
that the square root of each construct’s AVE exceeds its correlations with other constructs (Fornell 
& Larcker, 1981), and the Heterotrait-Monotrait ratio (HTMT), which should be below 0.85 
(Henseler et al., 2015). To detect potential multicollinearity, Variance Inflation Factor (VIF) values 
were examined, ensuring all values were below the conservative threshold of 5.0 (Hair et al., 2011). 
Additionally, the study addressed the possibility of common method bias using the marker variable 
technique (Lindell & Whitney, 2001), analyzing whether the inclusion of the marker variable signifi-
cantly altered the relationships among key constructs.  

The second stage involved evaluating the structural model to test the hypothesized relationships. 
This included analyzing the path coefficients, their significance levels, and effect sizes. Statistical sig-
nificance was assessed using a bootstrapping procedure with 5,000 resamples, meaning that the soft-
ware drew 5,000 random subsamples (with replacement) from the original dataset to estimate the sta-
bility and precision of the path coefficients. This large number of resamples increases the robustness 
and reliability of the estimated standard errors and confidence intervals (Hair et al., 2022). The 
model’s explanatory power was determined by examining the R² values for the endogenous variables, 
with thresholds of 0.25, 0.50, and 0.75 representing weak, moderate, and substantial explanatory 
power, respectively (Hair et al., 2022). Predictive relevance was assessed using the blindfolding proce-
dure to generate Q² values, where values greater than zero indicated that the model possessed predic-
tive capability (Hair et al., 2019). 
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RESULT  
MEASUREMENT MODEL ASSESSMENT 
Measurement model robustness 
A comprehensive assessment of the measurement model was carried out to evaluate its robustness, 
focusing on indicator reliability, internal consistency reliability, and multicollinearity. This evaluation 
was essential to confirm that the constructs and their associated indicators represented the intended 
latent variables accurately and consistently, thereby ensuring both empirical soundness and concep-
tual validity. These results, as presented in Table 2, provided a solid foundation for the subsequent 
analysis of the structural model. 

The analysis of indicator reliability was conducted by examining the outer loadings of each item. All 
item loadings exceeded the recommended threshold of 0.70 (Hair et al., 2022), demonstrating strong 
individual item reliability across all constructs. Specifically, the loadings ranged from 0.843 to 0.861 
for intelligence, 0.891 to 0.906 for anthropomorphism, 0.826 to 0.858 for personalization, 0.862 to 
0.882 for information quality, 0.882 to 0.897 for system quality, 0.858 to 0.888 for perceived value, 
0.857 to 0.873 for perceived trust, 0.826 to 1.000 for self-efficacy, and 0.819 to 0.885 for student 
learning performance. These consistently high values across all constructs provide strong evidence of 
reliable item measurement.  

Internal consistency reliability was assessed using both Cronbach’s alpha and composite reliability 
(CR). The results were well above the conventional threshold of 0.70 suggested by Nunnally and 
Bernstein (1994), with Cronbach’s alpha values ranging from 0.867 to 0.940. Composite reliability 
values ranged from 0.909 to 0.954, further confirming the high internal consistency of each measure-
ment scale. These findings indicate that the items within each construct are highly consistent in meas-
uring their respective underlying concepts. 

Multicollinearity was examined using variance inflation factor (VIF) values, which ranged from 1.000 
to 3.950. These values are well below the critical threshold of 5.0 recommended by Hair et al. (2011), 
suggesting that multicollinearity is not a concern in this model. The absence of multicollinearity 
strengthens confidence in the stability of the parameter estimates and affirms that the predictor varia-
bles are distinct and independently contributing to the model. 

Table 2. Construct reliability and validity 

Constructs Item 
code Measurement items Load-

ings 
Cronbach’s 

Alpha 
Composite 
reliability VIF 

Intelligence 
(IN) 

IN1 “This AI-powered personalized 
learning platform can complete 
tasks efficiently.” 

0.857 0.906 0.930 2.623 

IN2 “This AI-powered personalized 
learning platform can under-
stand my commands.” 

0.843 2.258 

IN3 “This AI-powered personalized 
learning platform communicates 
with me in an understandable 
manner.” 

0.861 2.713 

IN4 “This AI-powered personalized 
learning platform can find and 
process the necessary infor-
mation to assist my learning.” 

0.845 2.546 
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Constructs Item 
code Measurement items Load-

ings 
Cronbach’s 

Alpha 
Composite 
reliability VIF 

IN5 “This AI-powered personalized 
learning platform provides me 
with useful responses.” 

0.852 2.270 

Anthropo-
morphism  
(AN) 

AN1 “This AI-powered personalized 
learning platform is able to com-
municate like a human.” 

0.901 0.940 0.954 3.469 

AN2 “This AI-powered personalized 
learning platform can express 
happiness in its responses.” 

0.897 3.451 

AN3 “This AI-powered personalized 
learning platform feels friendly 
when I interact with it.” 

0.894 3.230 

AN4 “This AI-powered personalized 
learning platform demonstrates 
respect in the way it communi-
cates with me.” 

0.891 3.265 

AN5 “This AI-powered personalized 
learning platform shows care for 
my learning needs.” 

0.906 3.459 

Personaliza-
tion 
(PE) 

 

 

PE1 “This AI-powered personalized 
learning platform provides rec-
ommendations that match my 
learning needs.” 

0.856 0.867 0.909 2.587 

PE2 “The course suggestions on this 
AI-powered personalized learn-
ing platform are tailored to my 
preferences.” 

0.858 2.577 

PE3 “This AI-powered personalized 
learning platform makes me feel 
like my learning experience is 
unique.” 

0.826 1.993 

PE4 “This AI-powered personalized 
learning platform personalizes 
its content to fit my needs.” 

0.841 2.041 

Information 
Quality 

 (IQ) 

 

IQ1 “This AI-powered personalized 
learning platform provides accu-
rate information needed to com-
plete my learning tasks.” 

0.867 0.894 0.926 2.424 

IQ2 “The information on this AI-
powered personalized learning 
platform is well-organized.” 

0.872 2.411 

IQ3 “This AI-powered personalized 
learning platform ensures that 
the provided information is up 
to date” 

0.882 2.665 

IQ4 “The content recommended by 
this AI-powered personalized 
learning platform is relevant and 
reliable for my learning needs.” 

0.862 2.260 
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Constructs Item 
code Measurement items Load-

ings 
Cronbach’s 

Alpha 
Composite 
reliability VIF 

System 
Quality  
(SQ) 

SQ1 “This AI-powered personalized 
learning platform’s user interface 
can be easily adapted to one’s 
personal approach.” 

0.882 0.872 0.921 2.363 

SQ2 “This AI-powered personalized 
learning platform responds 
quickly enough.” 

0.897 2.246 

SQ3 “This AI-powered personalized 
learning platform is always up 
and running as necessary.” 

0.896 2.352 

Perceived 
Value 
(PV) 

PV1 “I believe that using this AI-
powered personalized learning 
platform is valuable.” 

0.879 0.900 0.930 2.637 

PV2 “I believe that using this AI-
powered personalized learning 
platform is beneficial.” 

0.858 2.230 

PV3 “I believe that using this AI-
powered personalized learning 
platform is worthwhile.” 

0.882 2.674 

PV4 “Overall, using this AI-powered 
personalized learning platform 
delivers high value.” 

0.888 2.664 

Perceived 
Trust 
(PT) 

PT1 “This AI-powered personalized 
learning platform has integrity.” 

0.871 0.889 0.923 2.437 

PT2 “This AI-powered personalized 
learning platform is reliable.” 

0.873 2.381 

PT3 “This AI-powered personalized 
learning platform is trustwor-
thy.” 

0.864 2.325 

PT4 “I can trust this AI-powered 
personalized learning platform.” 

0.857 2.236 

Self- 
Efficacy 
(SE) 

SE1 “I am convinced that I am able 
to successfully learn all relevant 
course content even if it is diffi-
cult.” 

0.828 0.926 0.918 3.481 

SE2 “When I try really hard, I am 
able to learn even the most diffi-
cult content.” 

0.826 3.422 

SE3 “I am convinced that, over time, 
I will become increasingly capa-
ble of learning the content on 
this AI-powered personalized 
learning platform.” 

1 3.950 

Student 
Learning 

SP1 “Using this AI-powered person-
alized learning platform im-
proves my study efficiency.” 

0.863 0.914 0.936 3.061 
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Constructs Item 
code Measurement items Load-

ings 
Cronbach’s 

Alpha 
Composite 
reliability VIF 

Perfor-
mance 

(SP) 

SP2 “This AI-powered personalized 
learning platform enhances my 
learning productivity.” 

0.819 2.363 

SP3 “By using this AI-powered per-
sonalized platform, I do my as-
signments and tests more skill-
fully.” 

0.885 3.043 

SP4 “By using this AI-powered per-
sonalized platform, my academic 
performance has improved.” 

0.865 3.055 

SP5 “By using this AI-powered per-
sonalized platform, I achieved 
better grades as compared to 
other students.” 

0.884 3.336 

Convergent validity and discriminant validity 
The measurement model’s validity was examined through a systematic two-phase validation process. 
The assessment of convergent validity relied on the Average Variance Extracted (AVE) values, while 
discriminant validity was confirmed using two methods: the Fornell-Larcker criterion and the Het-
erotrait-Monotrait (HTMT) ratio analysis.  

Convergent validity results, summarized in Table 3, were conducted using Average Variance Ex-
tracted (AVE) and demonstrated exceptional results across all constructs, with values exceeding the 
recommended 0.50 threshold (Fornell & Larcker, 1981). Specifically, intelligence demonstrated ro-
bust convergent validity with an AVE of 0.725, while anthropomorphism achieved a particularly 
strong AVE of 0.806. Similarly, personalization and information quality showed strong results with 
AVEs of 0.714 and 0.758, respectively. System quality exhibited strong convergent validity with an 
AVE of 0.795. The psychological constructs of perceived value and perceived trust demonstrated ex-
cellent convergent validity with AVEs of 0.769 and 0.750, respectively. Self-efficacy and student 
learning performance also demonstrated strong convergent validity, with AVEs of 0.789 and 0.746. 
These results confirm that the indicators for each construct are highly correlated and represent their 
underlying dimensions effectively.  

Discriminant validity was verified using two complementary methods. First, the Fornell-Larcker cri-
terion was applied by comparing the square root of each construct’s AVE with its correlations with 
other constructs. As detailed in Table 4, the results confirmed strong discriminant validity, with the 
square root of AVE for each construct exceeding its correlations with all other constructs (Fornell & 
Larcker, 1981). For example, the square root of AVE for intelligence (0.851), anthropomorphism 
(0.898), and personalization (0.845) exceeded their correlations with other constructs, which ranged 
between 0.534 and 0.623. Similarly, information quality (0.871), system quality (0.892), perceived 
value (0.877), perceived trust (0.866), self-efficacy (0.888), and student learning performance (0.864) 
each demonstrated clear discriminant validity, as their inter-construct correlations were consistently 
lower than their respective AVE square roots. 

To further validate the discriminant validity of the constructs, the Heterotrait-Monotrait (HTMT) ra-
tio analysis was conducted as a more stringent criterion. Table 5 shows that all HTMT values were 
below the conservative threshold of 0.85 (Henseler et al., 2015). The highest observed HTMT value 
was 0.735, occurring between perceived value and perceived trust, while most other ratios were sub-
stantially lower. This indicates a strong distinction between constructs and reinforces their theoretical 
uniqueness.  
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The comprehensive evaluation of the measurement model confirms strong reliability and validity 
across all constructs and indicators. The findings indicate that the model not only meets but sur-
passes established thresholds for reliability and validity, offering a solid empirical foundation for the 
forthcoming hypothesis testing and structural model analysis. This assurance in the model’s measure-
ment quality enhances confidence in the robustness and credibility of the subsequent structural re-
sults. 

Table 3. Construct convergent validity 

Constructs Average Variance 
Extracted (AVE) 

IN 0.725 

AN 0.806 

PE 0.714 

IQ 0.758 

SQ 0.795 

PV 0.769 

PT 0.750 

SE 0.789 

SP 0.746 

Note: IN = Intelligence; AN = Anthropomorphism; 
PE = Personalization; IQ = Information Quality; 
SQ = System Quality; PV = Perceived Value; PT = 
Perceived Trust; SE = Self-Efficacy; SP = Student 
Learning Performance 

 

Table 4. Fornell-Larcker criterion 

 AN IN IQ PE PT PV SE SP SQ 

AN 0.898                 

IN -0.011  0.852               

IQ -0.077 0.095 0.871             

PE 0.007 0.051 0.096 0.845           

PT 0.122 0.299 0.421 0.387 0.866         

PV 0.308 0.344 0.363 0.402 0.658 0.877    

SE -0.045 -0.006 0.048 0.060 0.074 0.087 0.888   

SP 0.126 0.174 0.278 0.271 0.490 0.524 0.045 0.864  

SQ 0.035 0.109 0.113 0.091 0.371 0.387 0.105 0.201 0.892 

Note: IN = Intelligence; AN = Anthropomorphism; PE = Personalization; IQ = Information Quality; SQ = 
System Quality; PV = Perceived Value; PT = Perceived Trust; SE = Self-Efficacy; SP = Student Learning Per-
formance 
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Table 5. Heterotrait-Monotrait (HTMT) Ratio 

 AN IN IQ PE PT PV SE SP SQ 

AN          

IN 0.045         

IQ 0.086 0.105        

PE 0.043 0.101 0.110       

PT 0.134 0.329 0.472 0.441      

PV 0.334 0.375 0.404 0.453 0.735     

SE 0.041 0.023 0.049 0.065 0.059 0.074    

SP 0.135 0.187 0.307 0.305 0.543 0.576 0.050   

SQ 0.046 0.126 0.128 0.105 0.417 0.436 0.092 0.225  

Note: IN = Intelligence; AN = Anthropomorphism; PE = Personalization; IQ = Information Quality; SQ = 
System Quality; PV = Perceived Value; PT = Perceived Trust; SE = Self-Efficacy; SP = Student Learning Per-
formance 

Common method bias assessment using marker variable 
To evaluate the potential influence of common method bias (CMB) in this study, the marker variable 
technique was applied in accordance with the recommendations of Lindell and Whitney (2001). A 
theoretically unrelated marker variable was incorporated into the survey instrument to statistically 
control for CMB. This variable was selected carefully based on its conceptual irrelevance to the main 
constructs of the research model, ensuring its appropriateness for this analysis.  

The initial assessment involved examining the correlations between the marker variable and all sub-
stantive constructs in the model, including intelligence, anthropomorphism, personalization, infor-
mation quality, system quality, perceived value, perceived trust, self-efficacy, and student learning per-
formance. The results indicated that the marker variable exhibited low and non-significant correla-
tions with all major constructs, with coefficients ranging from -0.090 to 0.094 (all p > 0.05), suggest-
ing minimal risk of CMB at the bivariate level.  

To assess the impact of common method variance more fully, the marker variable was introduced 
into the structural model as a control variable. Upon re-estimation, the path coefficients among the 
primary constructs remained consistent, and the significance of the hypothesized relationships was 
unaffected. Additionally, the explanatory power of the model, as reflected by the R² values for per-
ceived value, perceived trust, and student learning performance, changed only minimally after the in-
clusion of the marker variable (ΔR² < 0.1). Specifically, the R² for perceived value increased from 
0.543 to 0.548, for perceived trust from 0.525 to 0.527, and for student learning performance from 
0.501 to 0.522. All changes in R² values fell beneath the 10% threshold suggested by Rönkkö and 
Ylitalo (2011), indicating that common method bias did not substantially affect the study’s results.  

These findings provide strong evidence that common method variance does not significantly bias the 
relationships observed in this study. The stability of the model estimates and explanatory power after 
controlling for the marker variable reinforces the validity and reliability of the findings. Therefore, 
the relationships among system characteristics, psychological factors, and student learning perfor-
mance, as proposed in the conceptual framework, can be interpreted with a high degree of confi-
dence. 
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STRUCTURAL MODEL ASSESSMENT 
Hypothesis testing 
The structural model was evaluated using path coefficients (β) and significance levels to test the pro-
posed hypotheses. The results, as summarized in Table 6 and illustrated in Figure 2, offer strong em-
pirical support for the hypothesized relationships and validate the study’s conceptual framework. 

The analysis showed that intelligence significantly positively influenced both perceived value (H1: β 
= 0.272, p < 0.001) and perceived trust (H2: β = 0.115, p = 0.003). This means that when AI-pow-
ered platforms demonstrate intelligent capabilities, such as efficiently handling tasks and providing 
relevant responses, students not only perceive the platform as more valuable but also begin to trust it 
more. In practical terms, smarter systems build confidence and demonstrate usefulness, which is criti-
cal for sustained usage. 

The findings further established that anthropomorphism exhibited no significant influence on per-
ceived trust (H4: β = 0.014, p = 0.697), indicating that the human-like features of AI-powered learn-
ing platforms do not directly influence students’ trust toward the system. However, anthropomor-
phism exhibited a significant positive effect on perceived value (H3: β = 0.322, p < 0.001). This sug-
gests that while “human-like” features, such as friendliness or empathy, do not necessarily convince 
students to trust the system, they do make students feel that the platform experience is more enjoya-
ble and worthwhile, thereby increasing its perceived value. 

Personalization was also found to significantly enhance both perceived value (H5: β = 0.332, p < 
0.001) and perceived trust (H6: β = 0.187, p < 0.001). This highlights that tailored recommendations 
and adaptive content delivery are powerful drivers of student confidence and satisfaction. Students 
interpret personalization not only as an added functional benefit but also as a sign that the platform 
understands their needs, thereby building stronger trust. 

Information quality demonstrated significant positive effects on perceived value (H7: β = 0.298, p < 
0.001) and perceived trust (H8: β = 0.233, p < 0.001). This underscores the importance of accurate, 
relevant, and up-to-date content in fostering student reliance on AI systems. If the information pro-
vided is dependable, students both value the system more and are more inclined to trust its recom-
mendations. 

System quality also exhibited a significant positive impact on both perceived value (H9: β = 0.282, p 
< 0.001) and perceived trust (H10: β = 0.163, p < 0.001). This means that a reliable, user-friendly 
platform interface is not just a technical requirement but a psychological enabler of trust and value 
perception. Smooth, efficient system performance strengthens students’ willingness to use the tool 
consistently. 

Regarding outcomes, perceived value exerted a significant positive influence on both perceived trust 
(H11: β = 0.392, p < 0.001) and student learning performance (H12: β = 0.357, p < 0.001). This indi-
cates that when students perceive the system as beneficial and worthwhile, they are more likely to 
trust it and also achieve better learning results. In other words, value perception acts as a bridge be-
tween platform design and tangible performance improvement. Among all tested relationships, per-
ceived value → perceived trust (β = 0.392) emerged as the strongest path in the model, highlighting 
that students’ sense of value is the most powerful driver of trust in AI-powered learning environ-
ments. 

Furthermore, perceived trust demonstrated a significant positive effect on student learning perfor-
mance (H13: β = 0.263, p < 0.001). This suggests that students who trust the system are more en-
gaged and motivated to apply its recommendations, leading to improved academic outcomes. 

Finally, the moderating role of self-efficacy was supported: the influence of perceived value on learn-
ing performance was stronger for students with higher levels of self-efficacy (H14: β = 0.235, p < 
0.001), and the same was true for perceived trust (H15: β = 0.219, p = 0.001). This means confident 
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learners extract more benefits from AI systems; they translate trust and value into real performance 
gains more effectively than those with lower self-efficacy. Practically, this finding suggests that train-
ing interventions to boost student confidence can maximize the impact of AI learning tools. 

These findings, while statistically robust, also require interpretation within the cultural context. In Vi-
etnam, where AI-mediated learning is still emerging, students may emphasize system reliability, fair-
ness, and transparency as prerequisites for trust more than anthropomorphic or surface-level fea-
tures. This suggests that cultural expectations around education, such as high regard for credibility, 
teacher-like authority, and equitable treatment, play a critical role in shaping how trust dynamics de-
velop in AI-powered learning platforms. 

Table 6. Hypothesis testing result 

Hypothesis Paths 
Path 

coefficient 
(β) 

Sample 
mean 
(M) 

Standard 
deviation 

(SD) 

T 
statistics 

P- 
values f² Results 

H1 IN → PV  0.272 0.274 0.032 8.419 0.000 0.158 Accepted 

H2 IN → PT  0.115 0.118 0.039 2.965 0.003 0.024 Accepted 

H3 AN → PV 0.322 0.323 0.035 9.294 0.000 0.225 Accepted 

H4 AN → PT 0.014 0.014 0.035 0.390 0.697 0.000 Rejected 

H5 PE → PV 0.332 0.332 0.031 10.701 0.000 0.237 Accepted 

H6 PE → PT 0.187 0.188 0.039 4.779 0.000 0.058 Accepted 

H7 IQ → PV 0.298 0.296 0.035 8.610 0.000 0.188 Accepted 

H8 IQ → PT 0.233 0.233 0.037 6.300 0.000 0.093 Accepted 

H9 SQ → PV 0.282 0.281 0.032 8.848 0.000 0.169 Accepted 

H10 SQ → PT 0.163 0.163 0.037 4.360 0.000 0.046 Accepted 

H11 PV → PT 0.392 0.389 0.048 8.235 0.000 0.148 Accepted 

H12 PV → SP 0.357 0.357 0.044 8.200 0.000 0.144 Accepted 

H13 PT → SP 0.263 0.259 0.045 5.850 0.000 0.078 Accepted 
H14 SE*PV → SP 0.235 0.225 0.066 3.584 0.000 0.061 Accepted 

H15 SE*PT → SP  0.219 0.230 0.064 3.418 0.001 0.058 Accepted 
Note: IN = Intelligence; AN = Anthropomorphism; PE = Personalization; IQ = Information Quality; SQ = 
System Quality; PV = Perceived Value; PT = Perceived Trust; SE = Self-Efficacy; SP = Student Learning Per-
formance 

Predictive power and relevance 
The structural model demonstrated solid explanatory capability based on the coefficient of determi-
nation (R²). According to Hair et al. (2022), R² values of 0.25, 0.50, and 0.75 are interpreted as indi-
cating weak, moderate, and substantial explanatory power, respectively. As detailed in Table 7, the R² 
values for perceived trust (0.525), perceived value (0.543), and student learning performance (0.501) 
indicate a moderate level of explanatory power. These results suggest that the independent variables 
in the model collectively account for a considerable portion of the variance in the core dependent 
constructs.  

In addition to explanatory power, the model’s predictive relevance was examined using Stone-
Geisser’s Q² values obtained through the blindfolding procedure. In line with Hair et al. (2019), Q² 
values greater than zero indicate that the model has predictive relevance for a given endogenous con-
struct. The results demonstrate that perceived trust (Q² = 0.388), perceived value (Q² = 0.412), and 
student learning performance (Q² = 0.364) all exceed this threshold, confirming the model’s strong 
predictive relevance.  
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The comprehensive structural model assessment reveals a theoretically sound and empirically vali-
dated framework for understanding the complex relationships between system characteristics, psy-
chological factors, and learning outcomes in AI-powered personalized learning environments. The 
findings strongly validate the proposed theoretical model while offering valuable insights that can 
benefit both academic researchers and educational technology practitioners. 

Table 7. R-squared and Q-squared results 

Constructs R-squared Q-squared 
PT 0.525 0.388 

PV 0.543 0.412 

SP 0.501 0.364 

Note: PT = Perceived Trust; PV = Perceived Value; 
SP = Student Learning Performance 

Effect size 
To gain a deeper assessment of the practical significance of the hypothesized relationships, effect size 
values were calculated for each structural path. According to Hair et al. (2022), f² values of 0.02, 0.15, 
and 0.35 are interpreted as indicating small, medium, and large effects, respectively. The results are 
summarized in Table 6. 

The findings reveal that the strongest effects on perceived value (PV) are exerted by personalization 
(PE → PV, f² = 0.237) and anthropomorphism (AN → PV, f² = 0.225), both of which represent 
medium-to-large effects. This highlights that when AI-powered platforms personalize learning con-
tent and incorporate human-like features, students perceive them as substantially more valuable. In 
addition, intelligence (IN → PV, f² = 0.158), information quality (IQ → PV, f² = 0.188), and system 
quality (SQ → PV, f² = 0.169) also show medium effects on perceived value, reinforcing its role as a 
central construct within the model. 

The paths from perceived value to trust (PV → PT, f² = 0.148) and from perceived value to student 
learning performance (PV → SP, f² = 0.144) are also of medium strength, underscoring PV as the 
primary driver that translates system design features into psychological and performance outcomes. 
By contrast, the direct effect of trust on student performance (PT → SP, f² = 0.078) is relatively 
small, suggesting that students derive stronger benefits from perceiving the system as valuable rather 
than solely trustworthy. 

Smaller effects were observed in the paths linking system characteristics to trust, including intelli-
gence (IN → PT, f² = 0.024), personalization (PE → PT, f² = 0.058), information quality (IQ → PT, 
f² = 0.093), and system quality (SQ → PT, f² = 0.046). These results indicate that while system fea-
tures do contribute to building trust, their impact is modest compared to their influence on perceived 
value. The moderating role of self-efficacy (SE) also showed small but significant effects on the links 
between perceived value and performance (SE*PV → SP, f² = 0.061) and between trust and perfor-
mance (SE*PT → SP, f² = 0.058). This suggests that students with higher SE amplify the benefits of 
PV and PT, but the magnitude of this moderation remains limited.  

Finally, anthropomorphism had no effect on trust (AN → PT, f² = 0.000), confirming that while hu-
man-like attributes enhance perceived value, they are not sufficient to increase student trust in the 
platform. 

Overall, the effect size analysis demonstrates that perceived value (PV) is the pivotal construct in the 
model, mediating the influence of key platform characteristics and exerting a stronger impact on stu-
dent learning performance (SP) than perceived trust (PT). For practitioners, this implies that design 
efforts should prioritize enhancing personalization (PE), anthropomorphism (AN), and information 
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quality (IQ) to maximize PV, while complementary interventions such as building students’ self-effi-
cacy (SE) can further strengthen performance outcomes. 

Figure 2. Results of PLS-SEM analysis 

DISCUSSION  

INTELLIGENCE: A CATALYST FOR PERCEIVED VALUE AND PERCEIVED 
TRUST 
The findings of this study reaffirm the pivotal role of intelligence in AI-driven learning systems as a 
key determinant of both perceived value and trust (H1, H2). Specifically, students who perceive the 
platform as intelligent, meaning that it can adapt to their individual progress, preferences, and learn-
ing needs, are more likely to regard it as both useful and trustworthy. This finding aligns with previ-
ous research by Luo (2023), who emphasized that intelligent features such as adaptive feedback, con-
tent personalization, and real-time support enhance users’ perceptions of a system’s utility substan-
tially. In our study context, where digital learning adoption is expanding in response to growing de-
mands for flexible and individualized education in Vietnam, intelligence acts not merely as a technical 
feature but as a personalized learning enabler. For instance, intelligent functionalities like automated 
assessment, dynamic learning paths, and progress tracking tools provide timely, relevant interven-
tions that help optimize learning outcomes. These align with Merino-Campos (2025), who noted that 
intelligent systems streamline learning by tailoring resources to learners’ evolving needs, enhancing 
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both efficiency and satisfaction. Furthermore, the implementation of real-time analytics and auto-
mated formative assessments ensures that students are challenged appropriately, which reduces cog-
nitive overload and increases engagement (du Plooy et al., 2024). These intelligent mechanisms not 
only improve learning outcomes but also reinforce the perception that the platform is a reliable part-
ner in students’ academic journeys. This finding contributes to the growing literature on human–AI 
trust by emphasizing that intelligence-related transparency and responsiveness can trigger both cogni-
tive and affective forms of trust. In line with Sajja et al. (2023) and Nazaretsky et al. (2025), the per-
ception that an AI system “understands” and adapts to users’ needs establishes not only functional 
reliability but also a sense of psychological safety, which is central to trust formation. 

Moreover, the findings reveal that intelligence plays a dual role, not only enhancing perceived value 
but also serving as a critical driver of trust in AI-driven platforms. Students are more likely to trust 
platforms that deliver accurate, context-sensitive, and responsive learning experiences consistently, 
reinforcing prior evidence from Nazaretsky et al. (2025). When intelligent platforms demonstrate an 
ability to understand learning behaviors and adapt accordingly, students interpret this as a sign of the 
system’s reliability and capability (Sajja et al., 2023). This perception of reliability is further strength-
ened when students view the system as transparent in its decision-making and equitable in assess-
ments, reducing anxiety about algorithmic bias or system errors (Khalil et al., 2023). Such trust fos-
ters a more committed and confident user experience, where students are more likely to engage 
deeply with the platform and rely on it for personalized guidance, timely feedback, and academic sup-
port (Bergdahl et al., 2024).  

In the Vietnamese higher education context, where students may be new to AI-mediated learning en-
vironments, such perceptions are crucial in reducing skepticism and encouraging adoption. Com-
pared to previous studies conducted in Western contexts, the findings of this study suggest a similar 
pattern, but with some contextual nuances. In Vietnam, where digital transformation in education is 
still maturing, students may place even greater emphasis on a system’s intelligence to compensate for 
the lack of one-on-one instruction or traditional classroom interaction. Therefore, trust and value de-
rived from intelligent features are not only important but essential for the successful implementation 
of AI in personalized learning. 

ANTHROPOMORPHISM: ENHANCING PERCEIVED VALUE WITHOUT 
GUARANTEEING TRUST 
The results indicate that anthropomorphic features significantly enhance students’ perceived value of 
AI-based personalized learning systems (H3), but do not have a corresponding effect on perceived 
trust (H4). These human-like elements can make digital interactions feel more natural and engaging, 
which proves highly beneficial in remote or self-directed learning contexts where direct human sup-
port is minimal (Mamun et al., 2022). By introducing elements of familiarity, warmth, and emotional 
resonance, anthropomorphic cues help reduce feelings of isolation, increase learner motivation, and 
create a sense of companionship with the system (Christoforakos & Diefenbach, 2023). Students may 
perceive these features as indicators that the platform is attentive to their needs, thereby enhancing 
the perceived usefulness and encouraging more consistent use (Ackermann et al., 2025). This sup-
ports prior research suggesting that anthropomorphism in educational technologies can increase user 
satisfaction by fostering a more relatable and interactive learning environment (Wu et al., 2024). 

However, while these features enrich the user’s experience and perceived value, they may not influ-
ence trust in this context directly. This lack of a significant effect on perceived trust diverges from 
some earlier studies, which have proposed that anthropomorphism increases trust by making systems 
seem more emotionally intelligent and approachable (Y. Li et al., 2024; N. Ma et al., 2025). This con-
trast may reflect a growing critical awareness among students, especially in academic settings where 
expectations for performance, accuracy, and fairness are high. In such environments, students may 
perceive anthropomorphic features as surface-level enhancements unless they are accompanied by 
consistent, transparent, and contextually appropriate system behavior. Trust, as the current findings 
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suggest, hinges more on functional attributes such as the system’s accuracy in assessment, reliability 
in recommendations, and ethical handling of user data, rather than on its ability to mimic human in-
teraction (A. Nguyen et al., 2024). This distinction may also be influenced by cultural expectations 
and previous experiences with digital agents, which can moderate how anthropomorphic features are 
received and interpreted (Bui et al., 2025; Payadnya et al., 2024). These insights highlight the im-
portance of thoughtful design: while anthropomorphism can enhance engagement and perceived 
value, it must be supported by transparent and consistent system behavior to generate genuine trust. 
This reinforces emerging evidence that human-like cues alone do not ensure trust unless they 
demonstrate reliability and fairness, reflecting a cognitive rather than emotional basis of human–AI 
trust. 

PERSONALIZATION: DRIVING VALUE AND DEEPENING TRUST 
The findings reveal that personalization serves as a critical driver in enhancing both perceived value 
and perceived trust in AI-powered learning platforms (H5, H6). When students engage with systems 
that dynamically adjust content, pace, and feedback based on their individual preferences, abilities, 
and progress, they develop a stronger sense of being understood and supported (Ayeni et al., 2024). 
By tailoring lessons, recommending resources, and modifying assessments in real time, the platform 
shifts the learning experience from a generic format to one that is highly relevant and individualized, 
which not only increases engagement but also boosts intrinsic motivation and satisfaction (Inthanon 
& Wised, 2024). The ability to accommodate diverse learning styles and academic needs signals to 
students that the platform demonstrates genuine investment in their personal academic journey and 
success (Qu, 2025), thereby encouraging sustained use and deeper commitment to learning. As a re-
sult, students are more likely to remain committed to their studies and utilize the platform’s features 
to their fullest potential. Within the Vietnamese educational context, where students often face high 
academic pressure and large class sizes with limited one-on-one instructor support, the value of per-
sonalized platforms is even more pronounced. The ability of AI to provide individualized attention 
and support, previously difficult to scale in traditional classrooms, is likely to be valued by students 
navigating self-paced or hybrid learning environments.  

Moreover, this study confirms that personalization contributes directly to building trust in the sys-
tem. When students receive consistently tailored recommendations, feedback, and learning pathways 
aligned with their specific needs, they develop a stronger belief in the platform’s reliability and com-
petence (Tan et al., 2025). Crucially, this trust does not stem solely from the presence of adaptive fea-
tures but from the system’s demonstrated ability to monitor evolving learning patterns, identify gaps, 
and deliver timely and relevant support (Guerrero-Roldán et al., 2021). When students perceive that 
the platform “knows” them, understanding their strengths, weaknesses, and preferences, they are 
more confident in its capacity to guide them effectively through academic challenges and toward 
their goals (Alshammary & Alhalafawy, 2023). This result contrasts with the finding on anthropo-
morphism, showing that while human-like features may emotionally appeal to users, personalized in-
telligence builds trust through demonstrated competence. Trust, in this sense, stems from the AI’s 
ability to consistently act in students’ best interests, reinforcing its reliability and ethical alignment ra-
ther than its friendliness.  

This perception of the system as an attentive and responsive partner is essential for cultivating long-
term engagement and positive learning outcomes in AI-enhanced educational settings. In the Viet-
namese educational context, where students are in the process of gradually adopting digital tools 
while still valuing traditional teacher-led instruction, effective personalization can serve as a meaning-
ful bridge. By replicating the individualized attention typically provided by human educators and scal-
ing it through technology, AI systems can offer a balanced solution. As a result, the trust nurtured 
through personalization not only strengthens system credibility but also increases students’ willing-
ness to integrate AI platforms as essential components of their academic journey. 
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INFORMATION QUALITY: THE CORNERSTONE OF VALUE AND TRUST 
High information quality stands out as a fundamental driver of both perceived value and trust in AI-
driven personalized learning environments (H7, H8). The empirical results show that when students 
perceive the information provided by these platforms as accurate, up-to-date, well-structured, and 
directly aligned with their learning goals, they are more likely to regard the system as valuable (Simon 
& Zeng, 2024). This strong alignment between information provided and individual learning needs 
enhances the platform’s perceived utility and effectiveness, making it an indispensable educational 
resource (Al-Abdullatif, 2023). In academic contexts, where the consequences of misinformation can 
be particularly severe, students rely on these platforms to deliver reliable explanations, credible 
sources, and clear, goal-oriented learning trajectories (Yaseen et al., 2025).  

While earlier studies have often focused on the technical functionality or aesthetic design of educa-
tional technologies, our study underscores the critical role of content quality. As Gkintoni et al. 
(2025) argue, access to trustworthy and high-quality material reduces cognitive burden, enabling stu-
dents to devote more attention to comprehension and skill acquisition rather than verifying the relia-
bility of the content. Consequently, platforms that deliver superior information are perceived not just 
as tools, but as valued partners in the learning journey—promoting greater satisfaction, engagement, 
and academic success. These findings are relevant in the context of self-directed and AI-supported 
learning, where the quality of information becomes the cornerstone of student confidence and learn-
ing efficacy.  

Furthermore, information quality significantly contributes to the formation of trust in these systems. 
Students are more likely to trust platforms that deliver trustworthy, logically organized, and evidence-
based content consistently (Pan et al., 2024). This echoes the findings of Henrique and Santos (2024), 
who emphasized that trust in educational platforms stems from their perceived epistemic reliability; 
students must believe the system is competent, fact-based, and aligned with academic integrity stand-
ards. Interestingly, the results of this study also suggest that trust develops not just from a single in-
stance of quality content but through repeated interactions where students observe consistent accu-
racy, well-cited sources, and up-to-date knowledge. This cumulative experience fosters a dependable 
relationship with the platform, encouraging sustained usage and deeper engagement. This long-term 
trust development echoes theoretical models of human–AI trust that emphasize epistemic reliability 
as the foundation of users’ confidence. Students build trust not from single positive interactions but 
through repeated experiences of consistent accuracy and integrity, confirming that informational 
credibility is a necessary precondition for stable trust in intelligent systems. Balalle (2024) supports 
this notion by noting that continuous informational credibility leads to habitual use and reliance, es-
pecially among university students who face complex and evolving academic tasks. This trust further 
encourages students to explore advanced features, seek help through the platform, and rely on its 
recommendations for further learning, solidifying the platform’s role as a trusted and authoritative 
educational tool (M. B. Garcia et al., 2025).  

This study situates these findings in the specific context of Vietnamese higher education, where stu-
dents often seek additional support tools to supplement traditional classroom instruction. The de-
mand for trustworthy, locally relevant, and pedagogically sound AI tools is particularly strong due to 
limitations in faculty availability or personalized support. Hence, platforms that excel in delivering 
high-quality information are not only more likely to be valued and trusted but also positioned better 
to support academic success in this environment. 

SYSTEM QUALITY: ENHANCING VALUE AND TRUST 
System quality, encompassing the platform’s stability, usability, responsiveness, and technical reliabil-
ity, was found to be a fundamental driver of students’ perceived value and trust in AI-powered per-
sonalized learning environments (H9, H10). When students interact with systems that are intuitively 
designed, aesthetically coherent, and technically stable, they are more likely to perceive the platform 
as a valuable educational tool (X. Li & Zhu, 2022). This study supports and extends the work of 
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Suryani et al. (2025), emphasizing that intuitive interface design and logical feature arrangement re-
duce cognitive load and frustration, thereby improving user satisfaction. This seamlessness not only 
minimizes frustration but also enhances satisfaction and promotes sustained engagement with the 
platform (Strielkowski et al., 2025). High system quality removes barriers to learning, making the plat-
form a more attractive and effective tool for academic achievement. This is relevant especially in the 
context of personalized learning, where continuous interaction with the system is key to tailoring ed-
ucational pathways. Compared to platforms that require steep learning curves or are prone to 
glitches, those with high system quality foster smoother learning journeys and amplify the perceived 
academic value they deliver.  

A positive relationship was also established between system quality and perceived trust. Students who 
encountered minimal technical issues, experienced fast load times, and found the platform available 
consistently developed a stronger sense of trust in its dependability and professionalism (Kuluşaklı, 
2025). Reliable system performance signals to students that the platform is well-maintained and that 
their data and learning progress are secure, which is crucial for building long-term trust (Brugliera, 
2024). When students feel confident that the platform will not fail them during critical learning mo-
ments, such as assessments or deadlines, they are more likely to integrate it into their daily academic 
routines and rely on it for ongoing support (Noor et al., 2022). This sense of reliability and technical 
excellence solidifies the platform’s role as a trusted partner in students’ educational pursuits. This 
study highlights that in the Vietnamese context, where digital learning adoption has surged post-pan-
demic, technical reliability and usability are not merely conveniences but essential elements in build-
ing student confidence and commitment to AI-based learning tools. As students rely more on these 
platforms for both self-directed learning and institutional instruction, high system quality becomes a 
prerequisite for trust formation and sustained usage. 

PERCEIVED VALUE AND PERCEIVED TRUST: PATHWAYS TO LEARNING 
PERFORMANCE 
The results of this study reveal that perceived value significantly influences students’ trust in AI-pow-
ered personalized learning platforms (H11). When students perceive clear academic benefits, such as 
tailored content delivery, timely feedback, and alignment with their personal learning goals, they are 
more likely to trust the platform’s ability to support their academic success (Akpen et al., 2024; Al-
Abdullatif, 2023). The results align with Stiggins (2025), who highlights the dynamic interplay be-
tween cognitive appraisals of usefulness and affective trust responses: as students experience tangible 
advantages and satisfaction, their confidence in the platform’s reliability and intentions is strength-
ened. This relationship holds particular significance in the context of Vietnamese higher education, 
where students are navigating increasing digitalization in post-pandemic learning environments. In 
such a transitional context, platforms that offer not just features but clearly demonstrable value, such 
as adaptive learning paths or goal-aligned recommendations, serve as strong anchors for building 
trust in AI-assisted education. This underscores the necessity for educational technology designers to 
prioritize features and experiences that deliver concrete, student-centered value, as these directly fos-
ter a climate of trust and openness to new digital learning methods.  

Moreover, both perceived value and perceived trust were found to have direct and significant effects 
on learning performance (H12, H13). These findings reinforce the theoretical argument that value 
and trust function as motivational drivers in technology-enhanced learning environments. When stu-
dents recognize value, they are more likely to engage actively with the system, take initiative, and per-
sist through academic challenges, ultimately taking ownership of their learning process and leading to 
improved academic outcomes (Alnaeem et al., 2024; Castro et al., 2024). Likewise, trust in the plat-
form deepens engagement even further, reduces resistance to adopting innovative learning strategies, 
and encourages students to explore advanced functionalities with confidence (Yahiaoui et al., 2022). 

Compared to prior research, this study contributes further by highlighting a synergistic relationship 
between perceived value and trust in driving learning performance. While earlier studies have often 



Unravelling Success in AI-Powered Personalized Learning in Vietnam 

32 

examined these constructs in isolation, the current findings suggest a reinforcing loop: perceived 
value boosts trust, and both together enhance students’ academic outcomes significantly. This recip-
rocal mechanism reflects the dual cognitive–affective nature of human–AI trust: cognitive trust is de-
veloped through consistent value delivery, while affective trust evolves as students perceive fairness 
and reliability in system interactions. Together, these trust dimensions motivate sustained engage-
ment and deeper learning outcomes. This dual-pathway model emphasizes the importance of design-
ing AI-driven learning platforms that are both functionally effective and emotionally trustworthy. In 
the Vietnamese educational context, where many students are still acclimating to emerging technolo-
gies, it suggests that institutions should not only invest in technically sophisticated systems but also in 
communicating their tangible benefits and reliability to students. When students believe a platform is 
both valuable and dependable, they are more likely to integrate it into their learning routines, thereby 
optimizing academic performance in digitally mediated environments. 

SELF-EFFICACY: STRENGTHENING THE VALUE–PERFORMANCE AND 
TRUST–PERFORMANCE LINKS 
This study reveals that self-efficacy significantly moderates the effects of both perceived value and 
perceived trust on students’ learning performance. Students with high self-efficacy, those who believe 
in their capacity to manage and succeed in academic tasks, are better positioned to leverage the ad-
vantages offered by intelligent learning platforms (Lyu & Salam, 2025). When these students recog-
nize the platform’s value, they are more likely to engage deeply with its features, utilize adaptive re-
sources, and persist through challenges, thereby maximizing the positive impact on their academic 
outcomes (K. F. Garcia et al., 2025). This interaction suggests that perceived value alone may not be 
sufficient for driving performance outcomes across all learners. Without internal motivation and be-
lief in their ability to succeed, students may not act fully on the opportunities a personalized learning 
platform provides. Platforms that incorporate features to build and support self-efficacy, such as 
goal-setting tools, progress tracking, and personalized encouragement, can help ensure that all users, 
not only those with pre-existing confidence, can benefit fully from personalized learning environ-
ments (Poh & Lee, 2025). Within the context of Vietnamese higher education, this result highlights 
the importance of developing platforms that not only deliver value but also support and nurture stu-
dent confidence. Features such as personalized goal-setting, progress dashboards, and motivational 
feedback can play a crucial role in fostering a sense of self-efficacy, especially for students with lower 
initial confidence.  

A parallel moderating effect was observed for the relationship between perceived trust and learning 
performance. Students with high self-efficacy are more likely to transform their trust in the platform 
into effective learning behaviors, such as actively seeking feedback, experimenting with new learning 
strategies, and taking initiative in their studies (Chen et al., 2024; Payadnya et al., 2024). This synergy 
between psychological readiness and technological trust amplifies the overall educational impact of 
AI-powered platforms. Consistent with emerging trust theories, this indicates that user characteristics 
such as self-efficacy shape the trajectory of human–AI trust in dynamic ways. Students who feel con-
fident in their abilities are more likely to transition from initial cognitive trust to sustained affective 
trust, which in turn translates into higher engagement and performance. In contrast, students with 
lower self-efficacy may hesitate to rely on or fully engage with the system, even if they trust its capa-
bilities (Y. Wang & Zhang, 2024). Therefore, fostering self-efficacy should be a strategic priority for 
educators and technology designers aiming to maximize the benefits of AI-driven personalized learn-
ing, ensuring equitable and meaningful learning gains across diverse student populations. 

Taken together, these findings contribute to theoretical advancement by demonstrating how the inte-
gration of ISSM and S-O-R provides a holistic lens to link system characteristics, psychological re-
sponses, and learning performance. The study clarifies further the dual role of perceived value and 
trust as reinforcing mechanisms in AI-mediated education, while also showing that self-efficacy func-
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tions as a boundary condition that shapes these pathways. This integrated perspective enriches exist-
ing theories of human–AI interaction by emphasizing the combined influence of technological fea-
tures and learner characteristics in driving educational outcomes. 

IMPLICATIONS  
THEORETICAL IMPLICATIONS 
This study provides significant theoretical contributions by extending and integrating the S–O–R 
framework and the ISSM in the context of AI-driven personalized learning. By conceptualizing five 
key system characteristics, including intelligence, anthropomorphism, personalization, information 
quality, and system quality, as external stimuli, the research delineates how technological and design 
features elicit internal psychological responses, namely perceived value and perceived trust, which in 
turn shape learning performance. This conceptual advancement clarifies the underlying mechanisms 
through which AI-enabled systems influence learning outcomes, thereby refining the S–O–R model’s 
application in technology-enhanced education. Moreover, the integration of cognitive and affective 
constructs within this framework bridges insights from technology acceptance theory and educational 
psychology, offering a unified theoretical lens for understanding learner–AI interactions.  

In addition, by incorporating information and system quality into the S–O–R paradigm, this study 
extends the ISSM framework to emphasize that perceived value and trust act as pivotal psychological 
mediators connecting system success dimensions to user performance outcomes. The model contrib-
utes further to the emerging discourse on human–AI trust formation by demonstrating that trust in 
educational AI systems operates through both cognitive (competence-based) and affective (emotional 
assurance) pathways. This dual-path conceptualization advances a theoretical understanding of how 
learners interpret and internalize the reliability and benevolence of AI-driven platforms. 

An important theoretical insight emerging from this study is the differential influence of system char-
acteristics on users’ psychological responses. The empirical findings underscore that AI intelligence 
features such as adaptability, responsiveness, and analytical capacity have a particularly strong influ-
ence on both perceived value and perceived trust. This highlights a critical shift in user-system dy-
namics, suggesting that beyond basic usability, the intelligent behavior of AI systems plays a trans-
formative role in shaping learners’ cognitive and affective evaluations. This insight extends traditional 
ISSM assumptions by illustrating how the intelligent behavior of AI systems acts as a critical determi-
nant of perceived system success and user satisfaction in learning contexts. 

Another notable theoretical contribution involves the reexamination of anthropomorphism in learn-
ing systems. Contrary to assumptions in some previous literature, the results indicate that while an-
thropomorphic cues enhance perceived value, they do not significantly influence trust. This finding 
refines prior trust models by emphasizing that in educational contexts, where accountability and ac-
curacy are prioritized, cognitive trust derived from functionality outweighs affective trust derived 
from human-like cues. The study thereby advances human–AI interaction theory by distinguishing 
between surface-level social attraction and deeper credibility-based trust. This finding challenges the 
generalizability of positive effects often attributed to human-like design elements, calling for a more 
context-sensitive theoretical approach. Specifically, in academic contexts where competence, fairness, 
and transparency are important, trust appears to rely more on functional reliability than on superficial 
resemblance to human behavior. Theoretically, this distinction enriches human–AI interaction and 
human–computer interaction (HCI) literature by differentiating between surface-level social attrac-
tion and deeper credibility-based trust. Such insight calls for a more context-sensitive theoretical per-
spective that accounts for domain-specific factors influencing trust formation in intelligent systems.  

Furthermore, the research advances motivation and learning theories by validating the moderating 
role of self-efficacy. These insights also align with recent conceptualizations of dynamic trust for-
mation, suggesting that trust in AI is not static but contingent on user traits such as confidence and 
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perceived control. This adds a behavioral psychology dimension to existing S–O–R interpretations, 
reinforcing that learners’ internal states continuously interact with external technological stimuli to 
co-shape trust and performance. The results show that students’ confidence in their own learning 
abilities amplifies the positive effects of perceived value and trust on learning performance, under-
scoring the dynamic interplay between individual differences and technology-induced psychological 
states. Additionally, the confirmed mediating roles of perceived value and trust provide deeper theo-
retical insight into the psychological mechanisms by which technological characteristics ultimately 
drive educational outcomes. This dual-mediation model, combined with the moderating effect of 
self-efficacy, offers a comprehensive and realistic framework for understanding technology ac-
ceptance and effectiveness in contemporary educational settings. 

PRACTICAL IMPLICATIONS 
The practical implications derived from the theoretical model provide actionable insights for educa-
tors, AI developers, and institutional leaders. First, the significant influence of intelligence features on 
both perceived value and trust highlights the importance of integrating advanced capabilities such as 
adaptive learning algorithms, diagnostic tools, and real-time performance feedback. These features 
should not only streamline instructional delivery but also provide meaningful, individualized support 
that directly enhances student engagement and performance. Developers are encouraged to continu-
ously refine these features through user testing and data-driven optimization to ensure their pedagog-
ical relevance. From a trust-building perspective, transparency in how these intelligent systems make 
decisions, provide feedback, and use data should be clearly communicated to users. This practical 
transparency reinforces trust by demonstrating accountability and aligning with ethical standards in 
AI-supported education. 

The study also shows that anthropomorphic features significantly contribute to perceived value but 
do not significantly enhance trust. This outcome suggests that developers should design human-like 
elements carefully to complement, rather than replace, the cognitive basis of trust. Providing reliable, 
explainable system responses and consistent performance can ensure that trust remains grounded in 
perceived competence rather than mere social familiarity. Therefore, such features should be imple-
mented selectively and with a clear educational purpose. Rather than adding human-like traits arbi-
trarily, developers should focus on elements that support cognitive and emotional engagement such 
as empathetic virtual tutors or conversational agents that facilitate natural interactions. These anthro-
pomorphic cues should be grounded in pedagogical value, serving to humanize the learning experi-
ence without compromising the system’s perceived credibility.  

Moreover, the strong effect of personalization on both perceived value and trust reinforces the need 
for platforms that can adapt to the unique needs and preferences of individual learners. Effective 
personalization not only improves user experience but also fosters long-term trust through continu-
ous demonstration of understanding and reliability. As students see that the platform learns from 
their progress and adjusts responsively, their confidence and emotional attachment toward the sys-
tem naturally deepen. Educational institutions should prioritize the deployment of learning systems 
that offer flexible content pathways, personalized feedback, and interfaces that cater to various learn-
ing styles. Personalization should be embedded throughout the learning journey, enabling students to 
adjust their goals, pace, and content format according to their evolving needs and preferences. Such 
tailored experiences not only increase engagement but also foster trust in the system’s ability to sup-
port academic success.  

Besides, the study reinforces the enduring importance of information and system quality, which re-
mains a foundational factor in shaping user trust and satisfaction. Institutions must ensure their plat-
forms deliver accurate, relevant, and up-to-date learning content while maintaining a technically ro-
bust and user-friendly experience. This includes minimizing technical issues, providing intuitive navi-
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gation, and ensuring platform stability. Regular content reviews, system updates, and prompt tech-
nical support are critical in maintaining high standards and avoiding disruptions that could under-
mine student trust.  

The study also recognizes the importance of self-efficacy as a moderator in the relationship between 
perceptions and learning performance. To support students’ confidence and competence in using AI-
powered tools, platforms should incorporate features that help students track their progress, set 
achievable goals, and receive timely positive reinforcement. Building self-efficacy in this way not only 
enhances students’ performance but also strengthens their trust trajectory, from initial adoption to 
habitual reliance, by giving them a sense of agency and co-control in the human–AI relationship. Ad-
ditionally, educational institutions should offer comprehensive onboarding programs and digital liter-
acy training to help students, especially those with low initial confidence, build the necessary skills 
and attitudes to fully engage with personalized learning technologies.  

Finally, the central roles of perceived value and trust call for transparent and proactive communica-
tion from educational institutions. Students need to understand how the system works, what benefits 
it offers, and how their data is used and protected. Institutions should design onboarding experiences 
that clearly explain the capabilities and limitations of AI tools and maintain open channels for feed-
back and improvement. Continuous refinement of the platform based on user input not only en-
hances system effectiveness but also fosters a culture of trust, responsiveness, and shared ownership 
of the learning process. Ultimately, these strategies reflect a shift from designing technology “for” 
students to designing technology “with” students, a participatory approach that ensures trust, trans-
parency, and pedagogical relevance remain central to AI integration in education. 

LIMITATIONS AND RECOMMENDATIONS 
This study, while offering valuable insights into the mechanisms through which AI-driven personal-
ized learning systems influence student learning performance, is subject to several limitations that 
should be considered when interpreting the findings. First, the use of a cross-sectional survey design 
restricts the ability to draw causal inferences between system characteristics, psychological mediators, 
and learning outcomes. To address this, future research should employ longitudinal or experimental 
designs that can capture changes over time and provide stronger evidence for causality within the S–
O–R framework depicted in the research model.  

Another limitation lies in the reliance on self-reported measures for all key constructs, including per-
ceived value, perceived trust, self-efficacy, and student learning performance. Self-reporting may in-
troduce common method bias and social desirability effects, potentially inflating the relationships ob-
served in the model. To mitigate this, subsequent studies should incorporate objective data sources 
such as system usage logs, academic records, or teacher assessments, and consider triangulating these 
with self-reported perceptions to enhance validity. 

The generalizability of the findings is also limited by the sample, which was drawn from a specific ed-
ucational and cultural context. The relationships identified among intelligence, anthropomorphism, 
personalization, information quality, system quality, and psychological mediators may not be held in 
other countries, educational levels, or institutional settings where cultural attitudes toward technology 
and learning differ. Expanding future research to include more diverse and comparative samples will 
help determine the universality of the model and uncover potential contextual moderators. 

In addition, the study employed a non-probability convenience sampling approach, which, although 
common in educational technology research, introduces potential sampling bias and limits represent-
ativeness. Combined with the reliance on voluntary participation, this may have resulted in 
overrepresentation of students who are more technologically confident or motivated. Future studies 
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should consider probability-based sampling methods or mixed approaches that enhance representa-
tiveness and reduce bias. Incorporating stratified or multi-institutional samples across different re-
gions would further improve generalizability. 

Finally, the model focused on selected system and psychological variables, omitting other potentially 
influential factors such as teacher support, peer collaboration, prior experience with digital learning, 
and institutional resources. Future research should broaden the scope to include these variables, as 
they may interact with or moderate the effects observed in the current framework. Qualitative re-
search methods, such as interviews or focus groups, could also be employed to gain deeper insight 
into students’ lived experiences and the nuanced ways in which they engage with AI-based personal-
ized learning systems. 

CONCLUSION 

This study provides a comprehensive and empirically validated understanding of how AI-powered 
personalized learning platforms influence student learning performance, guided by the S–O–R frame-
work integrating with the ISSM model. Drawing on data from 462 Vietnamese students with experi-
ence using AI-powered personalized learning platforms and applying PLS-SEM analysis, the research 
rigorously examined the relationships between platform characteristics, psychological factors, and 
learning outcomes. 

The results indicate that intelligence, personalization, information quality, and system quality signifi-
cantly enhance both perceived value and perceived trust, which in turn influences student learning 
performance positively. Interestingly, while anthropomorphic features contribute to perceived value, 
they do not significantly affect trust, suggesting that students place greater importance on system reli-
ability and competence than on human-like traits in building trust with educational technologies. Ad-
ditionally, the findings confirm that perceived value not only directly improves learning outcomes but 
also reinforces trust in the system. Furthermore, self-efficacy moderates the impact of both perceived 
value and trust on learning performance, underscoring the importance of student confidence in 
achieving successful educational outcomes. Among all relationships, the link between perceived value 
and perceived trust emerged as the strongest, emphasizing that students’ evaluation of a system’s use-
fulness and benefits is the most decisive factor shaping their trust in AI-powered learning platforms. 

The study’s implications are both theoretical and practical. Theoretically, it extends the S–O–R 
model by differentiating the effects of specific system features and integrating insights from technol-
ogy acceptance and educational psychology. Furthermore, the study aligns with and extends the 
ISSM model by demonstrating how information and system quality, two central success dimensions, 
operate through perceived value and trust to influence user performance outcomes in AI-enhanced 
educational contexts. The empirical validation of dual mediation and moderation mechanisms offers 
a nuanced understanding of how students’ perceptions and internal states shape their learning experi-
ences with AI-powered platforms. Practically, the findings offer clear guidance for developers and 
educators: prioritize the development of intelligent, personalized, and high-quality systems; incorpo-
rate anthropomorphic elements only when they serve clear pedagogical purposes; and foster stu-
dents’ self-efficacy through structured support and training initiatives. These strategies are critical for 
maximizing the educational potential of AI-driven technologies. 

Nevertheless, these contributions must be interpreted with caution, considering several limitations. 
The use of a cross-sectional design restricts causal inference, while reliance on self-reported data may 
introduce bias. Moreover, the focus on a specific cultural and educational context (Vietnamese stu-
dents) limits the generalizability of the findings to broader populations. These constraints highlight 
the need for future research to adopt longitudinal or experimental designs to establish causality, in-
corporate objective indicators such as academic records or system log data to validate self-reports, 
and extend analysis to more diverse, cross-cultural settings. Comparative studies across different 
countries and educational levels would further clarify the universality and contextual sensitivity of the 



An & Ngo 

37 

proposed model. Additionally, the use of a non-probability convenience sampling approach may 
have introduced sampling bias and limited representativeness, suggesting the need for future studies 
to employ probability-based or multi-institutional sampling methods to enhance generalizability. 

Expanding the model to include additional contextual and individual factors, such as teacher support, 
peer collaboration, and institutional readiness, alongside qualitative approaches like interviews or fo-
cus groups, would also enrich the understanding of how intelligent learning systems can be optimized 
to meet diverse learner needs. Such efforts will not only address the current study’s limitations but 
also provide actionable pathways for future research to advance the design and application of AI-
driven education globally. 

REFERENCES 
Abrar, M., Aboraya, W., Khaliq, R. A., Subramanian, K. P., Husaini, Y. A., & Husaini, M. A. (2025). AI-pow-

ered learning pathways: Personalized learning and dynamic assessments. International Journal of Advanced 
Computer Science and Applications, 16(1). https://doi.org/10.14569/ijacsa.2025.0160145   

Ackermann, H., Henke, A., Chevalère, J., Yun, H. S., Hafner, V. V., Pinkwart, N., & Lazarides, R. (2025). Phys-
ical embodiment and anthropomorphism of AI tutors and their role in student enjoyment and perfor-
mance. npj Science of Learning, 10, Article 1. https://doi.org/10.1038/s41539-024-00293-z  

Adewale, M. D., Azeta, A., Abayomi-Alli, A., & Sambo-Magaji, A. (2024). Impact of artificial intelligence adop-
tion on students’ academic performance in open and distance learning: A systematic literature review. Heli-
yon, 10(22), e40025. https://doi.org/10.1016/j.heliyon.2024.e40025  

Afroogh, S., Akbari, A., Malone, E., Kargar, M., & Alambeigi, H. (2024). Trust in AI: Progress, challenges, and 
future directions. Humanities and Social Sciences Communications, 11, Article 1568. 
https://doi.org/10.1057/s41599-024-04044-8   

Ain, Q. U., Chatti, M. A., Tsoplefack, W. K., Alatrash, R., & Joarder, S. (2025). Designing and evaluating an educa-
tional recommender system with different levels of user control. PsyArXiv. 
https://doi.org/10.48550/arxiv.2501.12894 

Akdim, K., & Casaló, L. V. (2023). Perceived value of AI-based recommendations service: The case of voice 
assistants. Service Business, 17, 81-112. https://doi.org/10.1007/s11628-023-00527-x  

Akpen, C. N., Asaolu, S., Atobatele, S., Okagbue, H., & Sampson, S. (2024). Impact of online learning on stu-
dent’s performance and engagement: A systematic review. Discover Education, 3, Article 205. 
https://doi.org/10.1007/s44217-024-00253-0  

Al-Abdullatif, A. M. (2023). Modeling students’ perceptions of chatbots in learning: Integrating technology ac-
ceptance with the value-based adoption model. Education Sciences, 13(11), 1151. 
https://doi.org/10.3390/educsci13111151  

Al-Abdullatif, A. M., & Alsubaie, M. A. (2024). ChatGPT in learning: Assessing students’ use intentions 
through the lens of perceived value and the influence of AI literacy. Behavioral Sciences, 14(9), 845. 
https://doi.org/10.3390/bs14090845 

Alabed, A., Javornik, A., & Gregory-Smith, D. (2022). AI anthropomorphism and its effect on users’ self-con-
gruence and self-AI integration: A theoretical framework and research agenda. Technological Forecasting and 
Social Change, 182, 121786. https://doi.org/10.1016/j.techfore.2022.121786  

Alawneh, Y. J. J., Sleema, H., Salman, F. N., Alshammat, M. F., Oteer, R. S., & ALrashidi, N. K. N. (2024, 
April). Adaptive learning systems: Revolutionizing higher education through AI-driven curricula. Proceedings 
of the International Conference on Knowledge Engineering and Communication Systems, Chikkaballapur, India, 1-5. 
https://doi.org/10.1109/ickecs61492.2024.10616675   

Aldabbas, H., Elamin, A. M., Ahmed, A. Z. E., & Gernal, L. (2025). Assessing learning management system 
success in the UAE universities: How quality measures linked to students’ academic performance. Frontiers 
in Education, 10, 1554641. https://doi.org/10.3389/feduc.2025.1554641  

https://doi.org/10.14569/ijacsa.2025.0160145
https://doi.org/10.1038/s41539-024-00293-z
https://doi.org/10.1016/j.heliyon.2024.e40025
https://doi.org/10.1057/s41599-024-04044-8
https://doi.org/10.1007/s11628-023-00527-x
https://doi.org/10.1007/s44217-024-00253-0
https://doi.org/10.3390/educsci13111151
https://doi.org/10.3390/bs14090845
https://doi.org/10.1016/j.techfore.2022.121786
https://doi.org/10.1109/ickecs61492.2024.10616675
https://doi.org/10.3389/feduc.2025.1554641


Unravelling Success in AI-Powered Personalized Learning in Vietnam 

38 

Alfaki, I. A. (2021). Delone and Mclean information systems success model in a blended-learning context. Inter-
national Journal of Information and Communication Technology Education, 17(4), 1–17. 
https://doi.org/10.4018/ijicte.20211001.oa18   

Aliño, J. P., Rebato, A. J., Abrenica, A. N., Baguio, J., Villanueva, M., Obenza, D. M., & Sumatra, K. (2024). 
The relationship between AI self-efficacy and AI trust of college students. International Journal of Multidisci-
plinary Studies in Higher Education, 1(1), 92–102. https://doi.org/10.70847/587961  

Al-khresheh, M. H., & Alkursheh, T. O. (2024). An integrated model exploring the relationship between self-
efficacy, technology integration via blackboard, English proficiency, and Saudi EFL students’ academic 
achievement. Humanities and Social Sciences Communications, 11, Article 287. https://doi.org/10.1057/s41599-
024-02783-2  

Alkhuwaylidee, A. R. (2025). Exploring factors influencing students’ continuance intention to use e-learning 
system for Iraqi university students. Computers, 14(5), 176. https://doi.org/10.3390/computers14050176  

Alnaeem, M. M., Atallah, A. A., Alhadidi, M., Salameh, I., Al-Mugheed, K., Alzoubi, M. M., Alabdullah, A. A. 
S., & Abdelaliem, S. M. F. (2024). Relationship between perceived value, attitudes, and academic motiva-
tion in distance learning among nursing students in rural areas. BMC Nursing, 23, Article 710. 
https://doi.org/10.1186/s12912-024-02354-5  

Alrawashdeh, G. S., Fyffe, S., Azevedo, R. F., & Castillo, N. M. (2023). Exploring the impact of personalized 
and adaptive learning technologies on reading literacy: A global meta-analysis. Educational Research Review, 
42, 100587. https://doi.org/10.1016/j.edurev.2023.100587  

Alshammary, F. M., & Alhalafawy, W. S. (2023). Digital platforms and the improvement of learning outcomes: 
Evidence extracted from meta-analysis. Sustainability, 15(2), 1305. https://doi.org/10.3390/su15021305  

Alterkait, M. A., & Alduaij, M. Y. (2024). Impact of information quality on satisfaction with e-learning plat-
forms: Moderating role of instructor and learner quality. Sage Open, 14(1). 
https://doi.org/10.1177/21582440241233400  

Alyoussef, I. Y. (2023). Acceptance of e-learning in higher education: The role of task-technology fit with the 
information systems success model. Heliyon, 9(3), e13751. https://doi.org/10.1016/j.heliyon.2023.e13751  

Amado, M., Guzmán, A., & Juarez, F. (2023). Relationship between perceived value, student experience, and 
university reputation: Structural equation modeling. Humanities and Social Sciences Communications, 10, Article 
780. https://doi.org/10.1057/s41599-023-02272-y  

Atuhurra, J., & Kaffenberger, M. (2022). Measuring education system coherence: Alignment of curriculum 
standards, examinations, and teacher instruction in Tanzania and Uganda. International Journal of Educational 
Development, 92, 102598. https://doi.org/10.1016/j.ijedudev.2022.102598  

Ayeni, N. A. O., Ovbiye, N. R. E., Onayemi, N. A. S., & Ojedele, N. K. E. (2024). AI-driven adaptive learning 
platforms: Enhancing educational outcomes for students with special needs through user-centric, tailored 
digital tools. World Journal of Advanced Research and Reviews, 22(3), 2253-2265. 
https://doi.org/10.30574/wjarr.2024.22.3.0843  

Baek, T. H., & Morimoto, M. (2012). Stay away from me. Journal of Advertising, 41(1), 59-76. 
https://doi.org/10.2753/joa0091-3367410105  

Balalle, H. (2024). Exploring student engagement in technology-based education in relation to gamification, 
online/distance learning, and other factors: A systematic literature review. Social Sciences & Humanities Open, 
9, 100870. https://doi.org/10.1016/j.ssaho.2024.100870  

Barz, N., Benick, M., Dörrenbächer-Ulrich, L., & Perels, F. (2024). Students’ acceptance of e-learning: Extend-
ing the technology acceptance model with self-regulated learning and affinity for technology. Discover Edu-
cation, 3, Article 114. https://doi.org/10.1007/s44217-024-00195-7  

Basileo, L. D., Otto, B., Lyons, M., Vannini, N., & Toth, M. D. (2024). The role of self-efficacy, motivation, 
and perceived support of students’ basic psychological needs in academic achievement. Frontiers in Educa-
tion, 9, 1385442. https://doi.org/10.3389/feduc.2024.1385442  

https://doi.org/10.4018/ijicte.20211001.oa18
https://doi.org/10.70847/587961
https://doi.org/10.1057/s41599-024-02783-2
https://doi.org/10.1057/s41599-024-02783-2
https://doi.org/10.3390/computers14050176
https://doi.org/10.1186/s12912-024-02354-5
https://doi.org/10.1016/j.edurev.2023.100587
https://doi.org/10.3390/su15021305
https://doi.org/10.1177/21582440241233400
https://doi.org/10.1016/j.heliyon.2023.e13751
https://doi.org/10.1057/s41599-023-02272-y
https://doi.org/10.1016/j.ijedudev.2022.102598
https://doi.org/10.30574/wjarr.2024.22.3.0843
https://doi.org/10.2753/joa0091-3367410105
https://doi.org/10.1016/j.ssaho.2024.100870
https://doi.org/10.1007/s44217-024-00195-7
https://doi.org/10.3389/feduc.2024.1385442


An & Ngo 

39 

Bećirović, S., Polz, E., & Tinkel, I. (2025). Exploring students’ AI literacy and its effects on their AI output 
quality, self-efficacy, and academic performance. Smart Learning Environments, 12, Article 29. 
https://doi.org/10.1186/s40561-025-00384-3  

Bergdahl, N., Bond, M., Sjöberg, J., Dougherty, M., & Oxley, E. (2024). Unpacking student engagement in 
higher education learning analytics: A systematic review. International Journal of Educational Technology in 
Higher Education, 21, Article 63. https://doi.org/10.1186/s41239-024-00493-y  

Bhutoria, A. (2022). Personalized education and artificial intelligence in the United States, China, and India: A 
systematic review using a human-in-the-loop model. Computers and Education Artificial Intelligence, 3, 100068. 
https://doi.org/10.1016/j.caeai.2022.100068  

Brugliera, P. (2024). The effectiveness of digital learning platforms in enhancing student engagement and aca-
demic performance. Journal of Education, Humanities, and Social Research, 1(1), 26-36.  

Bui, H. Q., Phan, Q. T. B., & Nguyen, H. T. (2025). AI adoption: A new perspective from accounting students 
in Vietnam. Journal of Asian Business and Economic Studies, 32(1), 40-51. https://doi.org/10.1108/JABES-06-
2024-0300   

Castro, G. P. B., Chiappe, A., Rodriguez, D. F. B., & Sepulveda, F. G. (2024). Harnessing AI for education 4.0: 
Drivers of personalized learning. The Electronic Journal of e-Learning, 22(5), 1-14. 
https://doi.org/10.34190/ejel.22.5.3467  

Changwen, L., Vongchavalitkul, B., & Navavongsathian, A. (2025). The influence of service quality, perceived 
value, satisfaction, and trust towards loyalty in universities. Rajapark Journal, 19(62), 63-82. https://so05.tci-
thaijo.org/index.php/RJPJ/article/view/276025  

Chen, Y., Li, C., Cao, L., & Liu, S. (2024). The effects of self-efficacy, academic stress, and learning behaviors 
on self-regulated learning in blended learning among middle school students. Education and Information Tech-
nologies, 29, 24087-24110. https://doi.org/10.1007/s10639-024-12821-w  

Cheng, Y. (2023). To continue or not to continue? Examining the antecedents of MOOCs continuance inten-
tion through the lens of the stimulus-organism-response model. International Journal of Information and Learn-
ing Technology, 40(5), 500-526. https://doi.org/10.1108/ijilt-08-2022-0171  

Choi, G. W., & Seo, J. (2024). Accessibility, usability, and universal design for learning: Discussion of three key 
LX/UX elements for inclusive learning design. TechTrends, 68(5), 936-945. 
https://doi.org/10.1007/s11528-024-00987-6 

Choi, S., Jang, Y., & Kim, H. (2023). Influence of pedagogical beliefs and perceived trust on teachers’ ac-
ceptance of educational artificial intelligence tools. International Journal of Human-Computer Interaction, 39(4), 
910-922. https://doi.org/10.1080/10447318.2022.2049145  

Christoforakos, L., & Diefenbach, S. (2023). Technology as a social companion? An exploration of individual 
and product-related factors of anthropomorphism. Social Science Computer Review, 41(3), 1039-1062. 
https://doi.org/10.1177/08944393211065867  

Chugh, M., Upadhyay, R., & Chugh, N. (2023). An empirical investigation of critical factors affecting ac-
ceptance of e-learning platforms: A learner’s perspective. SN Computer Science, 4, Article 240. 
https://doi.org/10.1007/s42979-022-01558-3  

Contrino, M. F., Reyes-Millán, M., Vázquez-Villegas, P., & Membrillo-Hernández, J. (2024). Using an adaptive 
learning tool to improve student performance and satisfaction in online and face-to-face education for a 
more personalized approach. Smart Learning Environments, 11, Article 6. https://doi.org/10.1186/s40561-
024-00292-y  

Das, A., Malaviya, S., & Singh, M. (2023). The impact of AI-driven personalization on learners’ performance. 
International Journal of Computer Sciences and Engineering, 11(8), 15-22. 
https://doi.org/10.26438/ijcse/v11i8.1522  

DeLone, W. H., & McLean, E. R. (1992). Information systems success: The quest for the dependent variable. 
Information Systems Research, 3(1), 60-95. https://doi.org/10.1287/isre.3.1.60  

https://doi.org/10.1186/s40561-025-00384-3
https://doi.org/10.1186/s41239-024-00493-y
https://doi.org/10.1016/j.caeai.2022.100068
https://doi.org/10.1108/JABES-06-2024-0300
https://doi.org/10.1108/JABES-06-2024-0300
https://doi.org/10.34190/ejel.22.5.3467
https://so05.tci-thaijo.org/index.php/RJPJ/article/view/276025
https://so05.tci-thaijo.org/index.php/RJPJ/article/view/276025
https://doi.org/10.1007/s10639-024-12821-w
https://doi.org/10.1108/ijilt-08-2022-0171
https://doi.org/10.1080/10447318.2022.2049145
https://doi.org/10.1177/08944393211065867
https://doi.org/10.1007/s42979-022-01558-3
https://doi.org/10.1186/s40561-024-00292-y
https://doi.org/10.1186/s40561-024-00292-y
https://doi.org/10.26438/ijcse/v11i8.1522
https://doi.org/10.1287/isre.3.1.60


Unravelling Success in AI-Powered Personalized Learning in Vietnam 

40 

DeLone, W. H., & McLean, E. R. (2003). The DeLone and McLean model of information systems success: A 
ten-year update. Journal of Management Information Systems, 19(4), 9-30. 
https://doi.org/10.1080/07421222.2003.11045748  

Đerić, E., Frank, D., & Milković, M. (2025). Trust in generative AI tools: A comparative study of higher educa-
tion students, teachers, and researchers. Information, 16(7), 622. https://doi.org/10.3390/info16070622  

Dumont, H., & Ready, D. D. (2023). On the promise of personalized learning for educational equity. npj Science 
of Learning, 8, 26. https://doi.org/10.1038/s41539-023-00174-x  

Duong, C. D., Nguyen, T. H., Ngo, T. V. N., Dao, V. T., Do, N. D., & Pham, T. V. (2024). Exploring higher 
education students’ continuance usage intention of ChatGPT: Amalgamation of the information system 
success model and the stimulus-organism-response paradigm. The International Journal of Information and 
Learning Technology, 41(5), 556-584. https://doi.org/10.1108/ijilt-01-2024-0006  

du Plooy, E., Casteleijn, D., & Franzsen, D. (2024). Personalized adaptive learning in higher education: A scop-
ing review of key characteristics and impact on academic performance and engagement. Heliyon, 10(21), 
e39630. https://doi.org/10.1016/j.heliyon.2024.e39630  

Enyoojo, S. F., Ijah, C. E., Etukudo, E. M., Usman, I. M., Ezeonuogu, C. S., Adaramati, T., Kabanyoro, A., 
Diaz, M. E. F., Rosales, Y. D., & Aigbogun, E. (2024). Satisfaction and learning experience of students us-
ing online learning platforms for medical education. BMC Medical Education, 24, Article 1398. 
https://doi.org/10.1186/s12909-024-06411-0  

Feng, J., Yu, B., Tan, W. H., Dai, Z., & Li, Z. (2025). Key factors influencing educational technology adoption 
in higher education: A systematic review. PLOS Digital Health, 4(4), e0000764. 
https://doi.org/10.1371/journal.pdig.0000764  

Fitria, F., Yahya, M., Ali, M. I., Purnamawati, P., & Mappalotteng, A. M. (2024). The impact of system quality 
and user satisfaction: The mediating role of ease of use and usefulness in e-learning systems. International 
Journal of Environment Engineering and Education, 6(2), 119-131. https://doi.org/10.55151/ijeedu.v6i2.134   

Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation models with unobservable variables and 
measurement error. Journal of Marketing Research, 18(1), 39-50. 
https://doi.org/10.1177/002224378101800104  

Fuertes, H. G., Evangelista, I. A., Jr., Marcellones, I. J. Y., & Bacatan, J. R. (2023). Student engagement, aca-
demic motivation, and academic performance of intermediate level students. International Journal of 
Novel Research in Education and Learning, 10(3), 133-149. https://doi.org/10.5281/zenodo.8037103  

Garcia, K. F., Ong, A. K. S., Gumasing, M. J. J., & Reyes, C. R. V. D. (2025). Engineering students’ perceptions 
and actual use of AI-based math tools for solving mathematical problems. Acta Psychologica, 256, 105004. 
https://doi.org/10.1016/j.actpsy.2025.105004  

Garcia, M. B., Goi, C. L., Shively, K., Maher, D., Rosak-Szyrocka, J., Happonen, A., Bozkurt, A., & 
Damaševičius, R. (2025). Understanding student engagement in AI-powered online learning platforms: A 
narrative review of key theories and models. In A. Gierhart (Ed.), Cases on enhancing P-16 student engagement 
with digital technologies (pp. 1–30). IGI Global Scientific. https://doi.org/10.4018/979-8-3693-5633-3.ch001  

Gerlich, M. (2023). Perceptions and acceptance of artificial intelligence: A multi-dimensional study. Social Sci-
ences, 12(9), 502. https://doi.org/10.3390/socsci12090502 

Giday, D. G., & Perumal, E. (2024). Students’ perception of attending online learning sessions post-pandemic. 
Social Sciences & Humanities Open, 9, 100755. https://doi.org/10.1016/j.ssaho.2023.100755  

Gkintoni, E., Antonopoulou, H., Sortwell, A., & Halkiopoulos, C. (2025). Challenging cognitive load theory: 
The role of educational neuroscience and artificial intelligence in redefining learning efficacy. Brain Sciences, 
15(2), 203. https://doi.org/10.3390/brainsci15020203  

Grand View Research. (2024). AI in education market (2025-2030). https://www.grandviewresearch.com/indus-
try-analysis/artificial-intelligence-ai-education-market-report  

Guerrero-Roldán, A., Rodríguez-González, M. E., Bañeres, D., Elasri-Ejjaberi, A., & Cortadas, P. (2021). Ex-
periences in the use of an adaptive intelligent system to enhance online learners’ performance: A case study 

https://doi.org/10.1080/07421222.2003.11045748
https://doi.org/10.3390/info16070622
https://doi.org/10.1038/s41539-023-00174-x
https://doi.org/10.1108/ijilt-01-2024-0006
https://doi.org/10.1016/j.heliyon.2024.e39630
https://doi.org/10.1186/s12909-024-06411-0
https://doi.org/10.1371/journal.pdig.0000764
https://doi.org/10.55151/ijeedu.v6i2.134
https://doi.org/10.1177/002224378101800104
https://doi.org/10.5281/zenodo.8037103
https://doi.org/10.1016/j.actpsy.2025.105004
https://doi.org/10.4018/979-8-3693-5633-3.ch001
https://doi.org/10.1016/j.ssaho.2023.100755
https://doi.org/10.3390/brainsci15020203
https://www.grandviewresearch.com/industry-analysis/artificial-intelligence-ai-education-market-report
https://www.grandviewresearch.com/industry-analysis/artificial-intelligence-ai-education-market-report


An & Ngo 

41 

in economics and business courses. International Journal of Educational Technology in Higher Education, 18, Arti-
cle 36. https://doi.org/10.1186/s41239-021-00271-0  

Gutierrez, J. C., Chiappe, A., Becerra Rodríguez, D. F., & González Pérez, L. I. (2025). The transformative 
journey of artificial intelligence toward personalized learning. The New Educator, 21(3), 257-275. 
https://doi.org/10.1080/1547688x.2025.2475811       

Hair, J. F., Black, W. C., Babin, B. J., & Anderson, R. E. (2014). Multivariate data analysis (7th ed.). Pearson. 

Hair, J. F., Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2022). A primer on Partial Least Squares Structural Equa-
tion Modeling (PLS-SEM) (3rd ed.). Sage. https://doi.org/10.1007/978-3-030-80519-7 

Hair, J. F., Ringle, C. M., & Sarstedt, M. (2011). PLS-SEM: Indeed a silver bullet. The Journal of Marketing Theory 
and Practice, 19(2), 139-152. https://doi.org/10.2753/mtp1069-6679190202   

Hair, J. F., Risher, J. J., Sarstedt, M., & Ringle, C. M. (2019). When to use and how to report the results of PLS-
SEM. European Business Review, 31(1), 2-24. https://doi.org/10.1108/ebr-11-2018-0203  

Halkiopoulos, C., & Gkintoni, E. (2024). Leveraging AI in e-learning: Personalized learning and adaptive as-
sessment through cognitive neuropsychology – A systematic analysis. Electronics, 13(18), 3762. 
https://doi.org/10.3390/electronics13183762  

Hamzah, H. A., Abu Seman, M. S., & Ahmed, M. (2025). The impact of artificial intelligence in enhancing 
online learning platform effectiveness in higher education. Information Development, 41(3), 794-810. 
https://doi.org/10.1177/02666669251315842  

Hancock, P. A., Kessler, T. T., Kaplan, A. D., Stowers, K., Brill, J. C., Billings, D. R., Schaefer, K. E., & 
Szalma, J. L. (2023). How and why humans trust: A meta-analysis and elaborated model. Frontiers in Psychol-
ogy, 14, 1081086. https://doi.org/10.3389/fpsyg.2023.1081086  

Helal, E. A., Hassan, T. H., Abdelmoaty, M. A., Salem, A. E., Saleh, M. I., Helal, M. Y., Abuelnasr, M. S., Mo-
hamoud, Y. A., Abdou, A. H., Radwan, S. H., & Szabo-Alexi, P. (2023). Exploration or exploitation of a 
neighborhood destination: The role of social media content on the perceived value and trust and revisit 
intention among world cup football fans. Journal of Risk and Financial Management, 16(3), 210. 
https://doi.org/10.3390/jrfm16030210  

Henrique, B. M., & Santos, E. (2024). Trust in artificial intelligence: Literature review and main path analysis. 
Computers in Human Behavior Artificial Humans, 2(1), 100043. https://doi.org/10.1016/j.chbah.2024.100043  

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing discriminant validity in vari-
ance-based structural equation modeling. Journal of the Academy of Marketing Science, 43(1), 115-135. 
https://doi.org/10.1007/s11747-014-0403-8  

Hertzog, M. A. (2008). Considerations in determining sample size for pilot studies. Research in Nursing & Health, 
31(2), 180-191. https://doi.org/10.1002/nur.20247  

Huang, X., & Zhi, H. (2023). Factors influencing students’ continuance usage intention with virtual classroom 
during the COVID-19 pandemic: An empirical study. Sustainability, 15(5), 4420. 
https://doi.org/10.3390/su15054420  

Inthanon, W., & Wised, S. (2024). Tailoring Education: A comprehensive review of personalized learning ap-
proaches based on individual strengths, needs, skills, and interests. Journal of Education and Learning Reviews, 
1(5), 35-46. https://doi.org/10.60027/jelr.2024.779  

Ishan, V., & Tan, C. (2025, April). Exploring trust dynamics in higher education: A comprehensive analysis of 
educators’ perceptions of students’ ethical adoption of generative AI. Proceedings of the 30th UK Academy for 
Information Systems International Conference, Newcastle University Business School, UK, 371-395. https://discov-
ery.ucl.ac.uk/id/eprint/10207762/1/paper_30_Final.pdf  

Iyamuremye, A., Niyonzima, F. N., Mukiza, J., Twagilimana, I., Nyirahabimana, P., Nsengimana, T., Habiyare-
mye, J. D., Habimana, O., & Nsabayezu, E. (2024). Utilization of artificial intelligence and machine learn-
ing in chemistry education: a critical review. Discover Education, 3, Article 95. 
https://doi.org/10.1007/s44217-024-00197-5  

https://doi.org/10.1186/s41239-021-00271-0
https://doi.org/10.1080/1547688x.2025.2475811
https://doi.org/10.1007/978-3-030-80519-7
https://doi.org/10.2753/mtp1069-6679190202
https://doi.org/10.1108/ebr-11-2018-0203
https://doi.org/10.3390/electronics13183762
https://doi.org/10.1177/02666669251315842
https://doi.org/10.3389/fpsyg.2023.1081086
https://doi.org/10.3390/jrfm16030210
https://doi.org/10.1016/j.chbah.2024.100043
https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.1002/nur.20247
https://doi.org/10.3390/su15054420
https://doi.org/10.60027/jelr.2024.779
https://discovery.ucl.ac.uk/id/eprint/10207762/1/paper_30_Final.pdf
https://discovery.ucl.ac.uk/id/eprint/10207762/1/paper_30_Final.pdf
https://doi.org/10.1007/s44217-024-00197-5


Unravelling Success in AI-Powered Personalized Learning in Vietnam 

42 

Jeilani, A., & Abubakar, S. (2025). Perceived institutional support and its effects on student perceptions of AI 
learning in higher education: The role of mediating perceived learning outcomes and moderating technol-
ogy self-efficacy. Frontiers in Education, 10, 1548900. https://doi.org/10.3389/feduc.2025.1548900  

Jian, M. J. K. O. (2023). Personalized learning through AI. Advances in Engineering Innovation, 5, 16-19. 
https://doi.org/10.54254/2977-3903/5/2023039  

Katiyar, N., Awasthi, V. K., Pratap, R., Mishra, K., Shukla, N., Singh, R., & Tiwari, M. (2024). AI-driven per-
sonalized learning systems: Enhancing educational effectiveness. Educational Administration: Theory and Prac-
tice, 30(5), 11514-11524. https://doi.org/10.53555/kuey.v30i5.4961  

Kaya, M., & Erdem, C. (2021). Students’ well-being and academic achievement: A meta-analysis study. Child 
Indicators Research, 14, 1743-1767. https://doi.org/10.1007/s12187-021-09821-4  

Kedia, P., & Mishra, L. (2023). Exploring the factors influencing the effectiveness of online learning: A study 
on college students. Social Sciences & Humanities Open, 8(1), 100559. 
https://doi.org/10.1016/j.ssaho.2023.100559  

Khalil, M., Prinsloo, P., & Slade, S. (2023). Fairness, trust, transparency, equity, and responsibility in learning 
analytics. Journal of Learning Analytics, 10(1), 1–7. https://doi.org/10.18608/jla.2023.7983   

Khor, E. T., & Mutthulakshmi, M. (2024). A systematic review of the role of learning analytics in supporting 
personalized learning. Education Sciences, 14(1), 51. https://doi.org/10.3390/educsci14010051  

Kim, J., & Im, I. (2023). Anthropomorphic response: Understanding interactions between humans and artificial 
intelligence agents. Computers in Human Behavior, 139, 107512. https://doi.org/10.1016/j.chb.2022.107512  

Kim, J., Yu, S., Detrick, R., Lin, X., & Li, N. (2025). Designing AI-powered learning: Adult learners’ expecta-
tions for curriculum and human-AI interaction. Educational Technology Research and Development. 
https://doi.org/10.1007/s11423-025-10549-z 

Kolomaznik, M., Petrik, V., Slama, M., & Jurik, V. (2024). The role of socio-emotional attributes in enhancing 
human-AI collaboration. Frontiers in Psychology, 15, 1369957. https://doi.org/10.3389/fpsyg.2024.1369957  

Kuluşaklı, E. (2025). Student engagement and flexibility in distance learning in higher education. Sage Open, 
15(1). https://doi.org/10.1177/21582440251329979  

Lachheb, A., Leung, J., Abramenka-Lachheb, V., & Sankaranarayanan, R. (2025). AI in higher education: A bib-
liometric analysis, synthesis, and a critique of research. The Internet and Higher Education, 67, 101021. 
https://doi.org/10.1016/j.iheduc.2025.101021  

Lai, J. W. M., De Nobile, J., Bower, M., & Breyer, Y. (2022). Comprehensive evaluation of the use of technol-
ogy in education – Validation with a cohort of global open online learners. Education and Information Technol-
ogies, 27(7), 9877-9911. https://doi.org/10.1007/s10639-022-10986-w  

Lan, M., & Zhou, X. (2025). A qualitative systematic review on AI empowered self-regulated learning in higher 
education. npj Science of Learning, 10, Article 21. https://doi.org/10.1038/s41539-025-00319-0  

Li, Q., Luximon, Y., & Zhang, J. (2023). The influence of anthropomorphic cues on patients’ perceived anthro-
pomorphism, social presence, trust building, and acceptance of health care conversational agents: Within-
subject web-based experiment. Journal of Medical Internet Research, 25, e44479. 
https://doi.org/10.2196/44479  

Li, W., & Xue, L. (2021). Analyzing the critical factors influencing post-use trust and its impact on citizens’ 
continuous-use intention of e-government: Evidence from Chinese municipalities. Sustainability, 13(14), 
7698. https://doi.org/10.3390/su13147698  

Li, X., & Zhu, W. (2022). System quality, information quality, satisfaction and acceptance of online learning 
platform among college students in the context of online learning and blended learning. Frontiers in Psychol-
ogy, 13, 1054691. https://doi.org/10.3389/fpsyg.2022.1054691  

Li, Y., Wu, B., Huang, Y., & Luan, S. (2024). Developing trustworthy artificial intelligence: Insights from re-
search on interpersonal, human-automation, and human-AI trust. Frontiers in Psychology, 15, 1054691. 
https://doi.org/10.3389/fpsyg.2024.1382693  

https://doi.org/10.3389/feduc.2025.1548900
https://doi.org/10.54254/2977-3903/5/2023039
https://doi.org/10.53555/kuey.v30i5.4961
https://doi.org/10.1007/s12187-021-09821-4
https://doi.org/10.1016/j.ssaho.2023.100559
https://doi.org/10.18608/jla.2023.7983
https://doi.org/10.3390/educsci14010051
https://doi.org/10.1016/j.chb.2022.107512
https://doi.org/10.3389/fpsyg.2024.1369957
https://doi.org/10.1177/21582440251329979
https://doi.org/10.1016/j.iheduc.2025.101021
https://doi.org/10.1007/s10639-022-10986-w
https://doi.org/10.1038/s41539-025-00319-0
https://doi.org/10.2196/44479
https://doi.org/10.3390/su13147698
https://doi.org/10.3389/fpsyg.2022.1054691
https://doi.org/10.3389/fpsyg.2024.1382693


An & Ngo 

43 

Lin, H. Y., Hsu, P. Y., & Ting, P. H. (2006). ERP systems success: An integration of IS success model and bal-
anced scorecard. Journal of Research and Practice in Information Technology, 38(3), 215-228. https://citese-
erx.ist.psu.edu/document?repid=rep1&type=pdf&doi=efea88c4a9317bb986f649ce82689bc51a2f0f61  

Lin, M. P., Liu, A. L., Poitras, E., Chang, M., & Chang, D. H. (2024). An exploratory study on the efficacy and 
inclusivity of AI technologies in diverse learning environments. Sustainability, 16(20), 8992. 
https://doi.org/10.3390/su16208992 

Lindell, M. K., & Whitney, D. J. (2001). Accounting for common method variance in cross-sectional research 
designs. Journal of Applied Psychology, 86(1), 114-121. https://doi.org/10.1037/0021-9010.86.1.114  

Liu, W., Jiang, M., Li, W., & Mou, J. (2024). How does the anthropomorphism of AI chatbots facilitate users’ 
reuse intention in online health consultation services? The moderating role of disease severity. Technological 
Forecasting and Social Change, 203, 123407. https://doi.org/10.1016/j.techfore.2024.123407  

Luo, Q. Z. (2023). The influence of AI-powered adaptive learning platforms on student performance in Chi-
nese classrooms. Journal of Education, 6(3), 1-12. https://doi.org/10.53819/81018102t4181  

Lyu, W., & Salam, Z. A. (2025). AI-powered personalized learning: Enhancing self-efficacy, motivation, and 
digital literacy in adult education through expectancy-value theory. Learning and Motivation, 90, 102129. 
https://doi.org/10.1016/j.lmot.2025.102129  

Ma, F. (2025). Learning behavior analysis and personalized recommendation system of online education plat-
form based on machine learning. Computers and Education Artificial Intelligence, 8, 100408. 
https://doi.org/10.1016/j.caeai.2025.100408  

Ma, N., Khynevych, R., Hao, Y., & Wang, Y. (2025). Effect of anthropomorphism and perceived intelligence in 
chatbot avatars of visual design on user experience: Accounting for perceived empathy and trust. Frontiers 
in Computer Science, 7, 1531976. https://doi.org/10.3389/fcomp.2025.1531976  

Mamun, M. A. A., Lawrie, G., & Wright, T. (2022). Exploration of learner-content interactions and learning 
approaches: The role of guided inquiry in the self-directed online environments. Computers & Education, 
178, 104398. https://doi.org/10.1016/j.compedu.2021.104398  

Maqbool, S., Farhan, M., Safian, H. A., Zulqarnain, I., Asif, H., Noor, Z., Yavari, M., Saeed, S., Abbas, K., 
Basit, J., & Rehman, M. E. U. (2022). Student’s perception of e-learning during COVID-19 pandemic and 
its positive and negative learning outcomes among medical students: A country-wise study conducted in 
Pakistan and Iran. Annals of Medicine and Surgery, 82. https://doi.org/10.1016/j.amsu.2022.104713  

Mehrabian, A., & Russell, J. A. (1974). An approach to environmental psychology. MIT Press. 

Merino-Campos, C. (2025). The impact of artificial intelligence on personalized learning in higher education: A 
systematic review. Trends in Higher Education, 4(2), 17. https://doi.org/10.3390/higheredu4020017  

Miao, H., Guo, R., & Li, M. (2025). The influence of research self-efficacy and learning engagement on Ed.D 
students’ academic achievement. Frontiers in Psychology, 16, 1562354. 
https://doi.org/10.3389/fpsyg.2025.1562354  

Mohammadieh, M. V., Mohajeri, M. M., Keramati, A., & Ahmadabadi, M. N. (2024). AI-powered digital framework 
for personalized economical quality learning at scale. PsyArXiv. https://doi.org/10.48550/arxiv.2412.04483  

Mohammed, A. B., Maqableh, M., Qasim, D., & AlJawazneh, F. (2024). Exploring the factors influencing aca-
demic learning performance using online learning systems. Heliyon, 10(11), e32584. 
https://doi.org/10.1016/j.heliyon.2024.e32584  

Moussawi, S., & Koufaris, M. (2019, January). Perceived intelligence and perceived anthropomorphism of per-
sonal intelligent agents: Scale development and validation. Proceedings of the 52nd Hawaii International Confer-
ence on System Sciences, Grand Wailea, Hawaii, 115-124. https://scholarspace.manoa.ha-
waii.edu/server/api/core/bitstreams/c54b7c0c-cba9-4144-b35b-50e5311642cf/content  

Musyaffi, A. M., Adha, M. A., Mukhibad, H., & Oli, M. C. (2024). Improving students’ openness to artificial 
intelligence through risk awareness and digital literacy: Evidence form a developing country. Social Sciences 
& Humanities Open, 10, 101168. https://doi.org/10.1016/j.ssaho.2024.101168 

https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=efea88c4a9317bb986f649ce82689bc51a2f0f61
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=efea88c4a9317bb986f649ce82689bc51a2f0f61
https://doi.org/10.1037/0021-9010.86.1.114
https://doi.org/10.1016/j.techfore.2024.123407
https://doi.org/10.53819/81018102t4181
https://doi.org/10.1016/j.lmot.2025.102129
https://doi.org/10.1016/j.caeai.2025.100408
https://doi.org/10.3389/fcomp.2025.1531976
https://doi.org/10.1016/j.compedu.2021.104398
https://doi.org/10.1016/j.amsu.2022.104713
https://doi.org/10.3390/higheredu4020017
https://doi.org/10.3389/fpsyg.2025.1562354
https://doi.org/10.48550/arxiv.2412.04483
https://doi.org/10.1016/j.heliyon.2024.e32584
https://scholarspace.manoa.hawaii.edu/server/api/core/bitstreams/c54b7c0c-cba9-4144-b35b-50e5311642cf/content
https://scholarspace.manoa.hawaii.edu/server/api/core/bitstreams/c54b7c0c-cba9-4144-b35b-50e5311642cf/content
https://doi.org/10.1016/j.ssaho.2024.101168


Unravelling Success in AI-Powered Personalized Learning in Vietnam 

44 

Naseer, F., Khan, M. N., Tahir, M., Addas, A., & Aejaz, S. H. (2024). Integrating deep learning techniques for 
personalized learning pathways in higher education. Heliyon, 10(11), e32628. 
https://doi.org/10.1016/j.heliyon.2024.e32628  

Nazaretsky, T., Ariely, M., Cukurova, M., & Alexandron, G. (2022). Teachers’ trust in AI-powered educational 
technology and a professional development program to improve it. British Journal of Educational Technology, 
53(4), 914-931. https://doi.org/10.1111/bjet.13232  

Nazaretsky, T., Mejia-Domenzain, P., Swamy, V., Frej, J., & Käser, T. (2025). The critical role of trust in adopt-
ing AI-powered educational technology for learning: An instrument for measuring student perceptions. 
Computers and Education Artificial Intelligence, 8, 100368. https://doi.org/10.1016/j.caeai.2025.100368  

Nguyen, A., Kremantzis, M., Essien, A., Petrounias, I., & Hosseini, S. (2024). Editorial: Enhancing student en-
gagement through artificial intelligence (AI): Understanding the basics, opportunities, and challenges. Jour-
nal of University Teaching and Learning Practice, 21(6). https://doi.org/10.53761/caraaq92  

Nguyen, T. H., & Ha, D. A. T. (2025). Exploring Vietnamese students’ intention to adopt AI-powered study 
tools: Integrating TPB and TAM. Educational Process International Journal, 16, Article e2025283. 
https://doi.org/10.22521/edupij.2025.16.283  

Noor, U., Younas, M., Saleh Aldayel, H., Menhas, R., & Qingyu, X. (2022). Learning behavior, digital platforms 
for learning and its impact on university student’s motivations and knowledge development. Frontiers in 
Psychology, 13, 933974. https://doi.org/10.3389/fpsyg.2022.933974  

Nunnally, J. C., & Bernstein, I. H. (1994). The assessment of reliability. Psychometric theory (3rd ed., pp. 248-292). 
McGraw-Hill.  

Pan, J., Ishak, N. A., & Qin, Y. (2024). The application of Moore’s online learning interactions model in learn-
ing outcomes: The SOR (stimulus-organism-response) paradigm perspective. Heliyon, 10(7), e28505. 
https://doi.org/10.1016/j.heliyon.2024.e28505  

Pasipamire, N., & Muroyiwa, A. (2024). Navigating algorithm bias in AI: Ensuring fairness and trust in Africa. 
Frontiers in Research Metrics and Analytics, 9, 1486600. https://doi.org/10.3389/frma.2024.1486600 

Payadnya, I. P. A. A., Putri, G. A. M. A., Suwija, I. K., Saelee, S., & Jayantika, I. G. A. N. T. (2024). Cultural 
integration in AI-enhanced mathematics education: insights from Southeast Asian educators. Journal for 
Multicultural Education, 19(1), 58-72 https://doi.org/10.1108/jme-09-2024-0119  

Peng, M. Y., Xu, Y., & Xu, C. (2023). Enhancing students’ English language learning via m-learning: Integrat-
ing technology acceptance model and S-O-R model. Heliyon, 9(2), e13302. https://doi.org/10.1016/j.heli-
yon.2023.e13302  

Pitafi, A. H., & Ali, A. (2023). An empirical investigation on actual usage of educational app: Based on quality 
dimensions and mobile self-efficacy. Heliyon, 9(9), e19284. https://doi.org/10.1016/j.heliyon.2023.e19284  

Pitts, G., & Motamedi, S. (2025). Understanding humanAI trust in education. PsyArXiv. 
https://doi.org/10.2139/ssrn.5325944  

Poh, R., & Lee, H. W. (2025). Investigate the impact of self-efficacy and intention on student utilization of hy-
brid learning solutions through the lens of UTAUT. SN Computer Science, 6, 280. 
https://doi.org/10.1007/s42979-025-03788-7  

Polyportis, A., & Pahos, N. (2024). Understanding students’ adoption of the ChatGPT chatbot in higher educa-
tion: The role of anthropomorphism, trust, design novelty and institutional policy. Behaviour and Information 
Technology, 44(2), 315-336. https://doi.org/10.1080/0144929x.2024.2317364  

Presser, S., Couper, M. P., Lessler, J. T., Martin, E., Martin, J., Rothgeb, J. M., & Singer, E. (2004). Methods for 
testing and evaluating survey questions. Public Opinion Quarterly, 68(1), 109-130. 
https://doi.org/10.1093/poq/nfh008  

Qu, M. (2025). Future of language learning: Unveiling the power of AI-driven adaptive platforms to tailor lan-
guage learning based on learners’ needs, proficiency and learning styles. European Journal of Education, 60(2), 
e70116. https://doi.org/10.1111/ejed.70116  

https://doi.org/10.1016/j.heliyon.2024.e32628
https://doi.org/10.1111/bjet.13232
https://doi.org/10.1016/j.caeai.2025.100368
https://doi.org/10.53761/caraaq92
https://doi.org/10.22521/edupij.2025.16.283
https://doi.org/10.3389/fpsyg.2022.933974
https://doi.org/10.1016/j.heliyon.2024.e28505
https://doi.org/10.1108/jme-09-2024-0119
https://doi.org/10.1016/j.heliyon.2023.e13302
https://doi.org/10.1016/j.heliyon.2023.e13302
https://doi.org/10.1016/j.heliyon.2023.e19284
https://doi.org/10.2139/ssrn.5325944
https://doi.org/10.1007/s42979-025-03788-7
https://doi.org/10.1080/0144929x.2024.2317364
https://doi.org/10.1093/poq/nfh008
https://doi.org/10.1111/ejed.70116


An & Ngo 

45 

Raza, S., Fatima, I., Arif, S., Sharif, M., Jalal, M. S., & Muhammad, Z. (2024). The future of learning: Building 
trust and transparency in AI education. Journal of Management Practices Humanities and Social Sciences, 8(3), 62-
74. https://doi.org/10.33152/jmphss-8.3.6  

Rekha, K., Gopal, K., Satheeskumar, D., Anand, U. A., Doss, D. S. S., & Elayaperumal, S. (2024, May). AI-
powered personalized learning system design: Student engagement and performance tracking system. Pro-
ceedings of the 4th International Conference on Advance Computing and Innovative Technologies in Engineering, Greater 
Noida, India, 1125-1130. https://doi.org/10.1109/icacite60783.2024.10617155  

Rittenberg, B. S. P., Holland, C. W., Barnhart, G. E., Gaudreau, S. M., & Neyedli, H. F. (2024). Trust with in-
creasing and decreasing reliability. Human Factors: The Journal of the Human Factors and Ergonomics Society, 
66(12), 2569–2589. https://doi.org/10.1177/00187208241228636  

Rönkkö, M., & Ylitalo, J. (2011). PLS marker variable approach to diagnosing and controlling for method vari-
ance. Proceedings of the International Conference on Information Systems. https://aisel.aisnet.org/icis2011/proceed-
ings/researchmethods/8/  

Sajja, R., Sermet, Y., Cikmaz, M., Cwiertny, D., & Demir, I. (2023). Artificial intelligence-enabled intelligent assistant 
for personalized and adaptive learning in higher education. PsyArXiv. https://doi.org/10.3390/info15100596  

Salman, S., & Chaya, R. (2024). The influence of AI-powered learning platforms on student engagement and 
performance: Emerging technologies in education. International Journal of Research Publication and Reviews, 5(7), 
1816-1824. https://doi.org/10.55248/gengpi.5.0724.1750  

Sari, D. A. P., Fajar, I. M., & Uma, N. (2025). The effect of self-efficacy on student confidence in the use of 
artificial intelligence for Islamic education management. Management of Education: Jurnal Manajemen Pendidi-
kan Islam, 11(1), 12-23. https://doi.org/10.18592/moe.v11i1.14688  

Sarker, S., Paul, M. K., Thasin, S. T. H., & Hasan, M. A. M. (2024). Analyzing students’ academic performance 
using educational data mining. Computers and Education: Artificial Intelligence, 7, 100263. 
https://doi.org/10.1016/j.caeai.2024.100263  

Sayaf, A. M. (2023). Adoption of e-learning systems: An integration of ISSM and constructivism theories in 
higher education. Heliyon, 9(2), e13014. https://doi.org/10.1016/j.heliyon.2023.e13014  

Sharma, S., Mittal, P., Kumar, M., & Bhardwaj, V. (2025). The role of large language models in personalized 
learning: A systematic review of educational impact. Discover Sustainability, 6, Article 243.  
https://doi.org/10.1007/s43621-025-01094-z  

Shengyao, Y., Jenatabadi, H. S., Mengshi, Y., Minqin, C., Xuefen, L., & Mustafa, Z. (2024). Academic resilience, 
self-efficacy, and motivation: The role of parenting style. Scientific Reports, 14, Article 5571. 
https://doi.org/10.1038/s41598-024-55530-7  

Shoaib, M., Sayed, N., Singh, J., Shafi, J., Khan, S., & Ali, F. (2024). AI student success predictor: Enhancing 
personalized learning in campus management systems. Computers in Human Behavior, 158, 108301. 
https://doi.org/10.1016/j.chb.2024.108301  

Silva, G., Godwin, G., & Jayanagara, O. (2024). The impact of AI on personalized learning and educational an-
alytics. International Transactions on Education Technology, 3(1), 36-46. https://doi.org/10.33050/itee.v3i1.669  

Simbeck, K. (2023). They shall be fair, transparent, and robust: Auditing learning analytics systems. AI and Eth-
ics, 4(2), 555-571. https://doi.org/10.1007/s43681-023-00292-7 

Simon, P. D., & Zeng, L. M. (2024). Behind the scenes of adaptive learning: A scoping review of teachers’ per-
spectives on the use of adaptive learning technologies. Education Sciences, 14(12), 1413. 
https://doi.org/10.3390/educsci14121413  

Srimulyo, K., Yuadi, I., Hu, C.-C., Indarwati, I. S. A., Gunarti, E., & Pratiwi, F. D. (2024). A comprehensive 
analysis of information quality in e-learning: An example of online learning with Brainly. TEM Journal, 
13(4), 3205-3220. https://doi.org/10.18421/tem134-55  

Stiggins, R. (2025). Building students’ academic confidence. Phi Delta Kappan, 106(5-6), 51-54. 
https://doi.org/10.1177/00317217251332378  

https://doi.org/10.33152/jmphss-8.3.6
https://doi.org/10.1109/icacite60783.2024.10617155
https://doi.org/10.1177/00187208241228636
https://aisel.aisnet.org/icis2011/proceedings/researchmethods/8/
https://aisel.aisnet.org/icis2011/proceedings/researchmethods/8/
https://doi.org/10.3390/info15100596
https://doi.org/10.55248/gengpi.5.0724.1750
https://doi.org/10.18592/moe.v11i1.14688
https://doi.org/10.1016/j.caeai.2024.100263
https://doi.org/10.1016/j.heliyon.2023.e13014
https://doi.org/10.1007/s43621-025-01094-z
https://doi.org/10.1038/s41598-024-55530-7
https://doi.org/10.1016/j.chb.2024.108301
https://doi.org/10.33050/itee.v3i1.669
https://doi.org/10.3390/educsci14121413
https://doi.org/10.18421/tem134-55
https://doi.org/10.1177/00317217251332378


Unravelling Success in AI-Powered Personalized Learning in Vietnam 

46 

Strielkowski, W., Grebennikova, V., Lisovskiy, A., Rakhimova, G., & Vasileva, T. (2025). AI-driven adaptive 
learning for sustainable educational transformation. Sustainable Development, 33(2), 1921-1947. 
https://doi.org/10.1002/sd.3221  

Suryani, M., Santoso, H. B., Fathoni Aji, R., Hadi, S., & Schrepp, M. (2025). User interaction behavior analysis 
for cognitive load detection in online learning processes. In M. Schrepp (Ed.), Design, user experience, and usa-
bility (pp. 386-403). Springer. https://doi.org/10.1007/978-3-031-93221-2_25  

Sutiah, N., & Supriyono, N. (2024). Enhancing online learning quality: A structural equation modeling analysis 
of educational technology implementation during the COVID-19 pandemic. Telematics and Informatics Re-
ports, 16, 100175. https://doi.org/10.1016/j.teler.2024.100175  

Taber, K. S. (2018). The use of Cronbach’s alpha when developing and reporting research instruments in sci-
ence education. Research in Science Education, 48(6), 1273-1296. https://doi.org/10.1007/s11165-016-9602-2  

Tan, L. Y., Hu, S., Yeo, D. J., & Cheong, K. H. (2025). Artificial intelligence-enabled adaptive learning plat-
forms: A review. Computers and Education: Artificial Intelligence, 9, 100429. 
https://doi.org/10.1016/j.caeai.2025.100429  

Tanchuk, N. J., & Taylor, R. M. (2025). Personalized learning with AI tutors: assessing and advancing epistemic 
trustworthiness. Educational Theory, 75(2), 327-353. https://doi.org/10.1111/edth.70009  

Tertulino, R. (2025). Privacy-preserving personalization in education: A federated recommender system for stu-
dent performance prediction. PsyArXiv. https://doi.org/10.48550/arxiv.2509.10516 

Vasantha Raju, N., & Harinarayana, N. S. (2016, January). Online survey tools: A case study of Google forms. Paper 
presented at the National Conference on Scientific, Computational & Information Research Trends in En-
gineering. https://www.researchgate.net/publication/326831738_Online_sur-
vey_tools_A_case_study_of_Google_Forms  

Viberg, O., Cukurova, M., Feldman-Maggor, Y., Alexandron, G., Shirai, S., Kanemune, S., Wasson, B., Tømte, 
C., Spikol, D., Milrad, M., Coelho, R., & Kizilcec, R. F. (2024). What explains teachers’ trust in AI in edu-
cation across six countries? International Journal of Artificial Intelligence in Education, 35, 1288-1316. 
https://doi.org/10.1007/s40593-024-00433-x  

Vidaurre, S. M. E., Rodríguez, N. C. V., Quelopana, R. L. G., Valdivia, A. N. M., Rossi, E. A. L., & Nolasco-
Mamani, M. A. (2024). Perceptions of artificial intelligence and its impact on academic integrity among 
university students in Peru and Chile: An approach to sustainable education. Sustainability, 16(20), 9005. 
https://doi.org/10.3390/su16209005 

Vieriu, A. M., & Petrea, G. (2025). The impact of artificial intelligence (AI) on students’ academic development. 
Education Sciences, 15(3), 343. https://doi.org/10.3390/educsci15030343  

Villegas-Ch, W., Buenano-Fernandez, D., Navarro, A. M., & Mera-Navarrete, A. (2025). Adaptive intelligent 
tutoring systems for STEM education: Analysis of the learning impact and effectiveness of personalized 
feedback. Smart Learning Environments, 12, Article 41. https://doi.org/10.1186/s40561-025-00389-y  

Vorobyeva, K. I., Belous, S., Savchenko, N. V., Smirnova, L. M., Nikitina, S. A., & Zhdanov, S. P. (2025). Per-
sonalized learning through AI: Pedagogical approaches and critical insights. Contemporary Educational Tech-
nology, 17(2), ep574. https://doi.org/10.30935/cedtech/16108  

Wang, J., & Fan, W. (2025). The effect of ChatGPT on students’ learning performance, learning perception, 
and higher-order thinking: Insights from a meta-analysis. Humanities and Social Sciences Communications, 12, 
Article 621. https://doi.org/10.1057/s41599-025-04787-y  

Wang, S., Wang, F., Zhu, Z., Wang, J., Tran, T., & Du, Z. (2024). Artificial intelligence in education: A system-
atic literature review. Expert Systems with Applications, 252(Part A), 124167. 
https://doi.org/10.1016/j.eswa.2024.124167  

Wang, W.-T., & Lin, Y.-L. (2021). The relationships among students’ personal innovativeness, compatibility, 
and learning performance. Educational Technology & Society, 24(2), 14-27. https://www.jstor.org/sta-
ble/27004928  

https://doi.org/10.1002/sd.3221
https://doi.org/10.1007/978-3-031-93221-2_25
https://doi.org/10.1016/j.teler.2024.100175
https://doi.org/10.1007/s11165-016-9602-2
https://doi.org/10.1016/j.caeai.2025.100429
https://doi.org/10.1111/edth.70009
https://www.researchgate.net/publication/326831738_Online_survey_tools_A_case_study_of_Google_Forms
https://www.researchgate.net/publication/326831738_Online_survey_tools_A_case_study_of_Google_Forms
https://doi.org/10.1007/s40593-024-00433-x
https://doi.org/10.3390/educsci15030343
https://doi.org/10.1186/s40561-025-00389-y
https://doi.org/10.30935/cedtech/16108
https://doi.org/10.1057/s41599-025-04787-y
https://doi.org/10.1016/j.eswa.2024.124167
https://www.jstor.org/stable/27004928
https://www.jstor.org/stable/27004928


An & Ngo 

47 

Wang, X., Xu, X., Zhang, Y., Hao, S., & Jie, W. (2024). Exploring the impact of artificial intelligence applica-
tion in personalized learning environments: thematic analysis of undergraduates’ perceptions in China. Hu-
manities and Social Sciences Communications, 11, Article 1644. https://doi.org/10.1057/s41599-024-04168-x  

Wang, Y., & Zhang, W. (2024). The relationship between college students’ learning engagement and academic 
self-efficacy: A moderated mediation model. Frontiers in Psychology, 15, 1425172. 
https://doi.org/10.3389/fpsyg.2024.1425172  

Wu, M., Li, Z., & Yuen, K. F. (2024). Effect of anthropomorphic design and hierarchical status on balancing 
self-serving bias: Accounting for education, ethnicity, and experience. Computers in Human Behavior, 158, 
108299. https://doi.org/10.1016/j.chb.2024.108299  

Xin, X., Tianlei, S., & Chao, L. (2025). Analyzing students’ perceptions of information communication chan-
nels as e-learning platforms in higher education. Profesional de la Informacion, 33(6), e330605. 
https://doi.org/10.3145/epi.2024.ene.0605  

Yahiaoui, F., Aichouche, R., Chergui, K., Brika, S. K. M., Almezher, M., Musa, A. A., & Lamari, I. A. (2022). 
The impact of e-learning systems on motivating students and enhancing their outcomes during COVID-
19: A mixed-method approach. Frontiers in Psychology, 13, 874181. 
https://doi.org/10.3389/fpsyg.2022.874181  

Yao, Y., & González-Vélez, H. (2025). AI-Powered system to facilitate personalized adaptive learning in digital 
transformation. Applied Sciences, 15(9), 4989. https://doi.org/10.3390/app15094989  

Yaseen, H., Mohammad, A. S., Ashal, N., Abusaimeh, H., Ali, A., & Sharabati, A. A. (2025). The impact of 
adaptive learning technologies, personalized feedback, and interactive AI tools on student engagement: the 
moderating role of digital literacy. Sustainability, 17(3), 1133. https://doi.org/10.3390/su17031133  

Yu, Q., & Lan, X. (2024). Exploring the impact of anthropomorphism in role-playing AI chatbots on media 
dependency: A case study of Xuanhe AI. Proceedings of the 12th International Symposium of Chinese CHI (pp. 
170-181). Association for Computing Machinery. https://doi.org/10.1145/3758871.3758884  

Zhang, S., Zhao, X., Nan, D., & Kim, J. H. (2024). Beyond learning with cold machine: Interpersonal commu-
nication skills as anthropomorphic cue of AI instructor. International Journal of Educational Technology in Higher 
Education, 21, Article 27. https://doi.org/10.1186/s41239-024-00465-2 

Zheng, H., Qian, Y., Wang, Z., & Wu, Y. (2023). Research on the influence of e-learning quality on the inten-
tion to continue e-learning: Evidence from SEM and fsQCA. Sustainability, 15(6), 5557. 
https://doi.org/10.3390/su15065557  

Zhuofan, H., Hidayat, R., & Ayub, A. F. M. (2024). The mediating effect of engagement in the relationship be-
tween self-efficacy and perceived learning in the online mathematics environment among Chinese stu-
dents. Discover Sustainability, 5, Article 469. https://doi.org/10.1007/s43621-024-00586-8 

AUTHORS 
Gia Khuong An graduated with a Bachelor’s degree in International 
Business from FPT University, Can Tho City, Vietnam. He has partici-
pated in several scientific research projects in different fields and has pub-
lished articles in high-quality international journals. His research interests 
include artificial intelligence, emerging technologies, education, consumer 
behavior, innovative marketing, and logistics. 

 

 

 

 

https://doi.org/10.1057/s41599-024-04168-x
https://doi.org/10.3389/fpsyg.2024.1425172
https://doi.org/10.1016/j.chb.2024.108299
https://doi.org/10.3145/epi.2024.ene.0605
https://doi.org/10.3389/fpsyg.2022.874181
https://doi.org/10.3390/app15094989
https://doi.org/10.3390/su17031133
https://doi.org/10.1145/3758871.3758884
https://doi.org/10.3390/su15065557
https://doi.org/10.1007/s43621-024-00586-8


Unravelling Success in AI-Powered Personalized Learning in Vietnam 

48 

Thi Thuy An Ngo has a Master’s degree in Economics and a Master’s 
degree in Aquaculture from Ghent University, Belgium. She is a Lecturer 
in the Business field and currently serves as the Vice Director at FPT 
University, Can Tho City, Vietnam. She has been actively involved in nu-
merous research projects across diverse disciplines and has published 
over 40 papers in reputable international journals. Her research interests 
include education, innovative marketing, consumer behavior, social sci-
ences, artificial intelligence, entrepreneurship, and sustainable develop-
ment. 


	Unravelling Success in AI-Powered Personalized Learning in Vietnam: A Study on the Interplay of Platform Features and Psychological Responses
	Abstract
	Introduction
	Literature Review
	The Expectation-Confirmation Model (ECM)
	AI-powered personalized learning platforms
	Stimulus-organism-response (S-O-R) model
	Information system success model (ISSM)
	Student learning performance

	Hypothesis Development
	Intelligence
	Anthropomorphism
	Personalization
	Information quality
	System quality
	Perceived value
	Perceived trust
	Self-efficacy

	Conceptual Model

	Methodology
	Research Design and Instruments
	Data Collection and Sampling
	Data Analysis

	Result
	Measurement Model Assessment
	Measurement model robustness
	Convergent validity and discriminant validity
	Common method bias assessment using marker variable

	Structural Model Assessment
	Hypothesis testing
	Predictive power and relevance
	Effect size


	Discussion
	Intelligence: A Catalyst for Perceived Value and Perceived Trust
	Anthropomorphism: Enhancing Perceived Value Without Guaranteeing Trust
	Personalization: Driving Value and Deepening Trust
	Information Quality: The Cornerstone of Value and Trust
	System Quality: Enhancing Value and Trust
	Perceived Value and Perceived Trust: Pathways to Learning Performance
	Self-Efficacy: Strengthening the Value–Performance and Trust–Performance Links

	Implications
	Theoretical Implications
	Practical Implications

	Limitations and Recommendations
	Conclusion
	References
	Authors

