
 
Journal of Advanced Research in Technology and Innovation Management 18, Issue 1 (2026) 1-12 

 

1 
 

 

Journal of Advanced Research in 
Technology and Innovation Management       

 

Journal homepage:   
https://karyailham.com.my/index.php/jartim/index 

ISSN: 2811-4744 

 

Motivation Meets Technology: An Integrated SDT–TAM Framework for 
Artificial Intelligence Adoption in Higher Education  
 
Minnie Ling Yee Lynn1, Low Choon Wei1,* 
  
1 Department of Economics, Faculty of Accountancy and Management, Universiti Tunku Abdul Rahman, 43000 Kajang, Selangor, Malaysia  

 
 

ARTICLE INFO ABSTRACT 

Article history: 
Received 19 January 2026 
Received in revised form 19 February 2026 
Accepted 30 April 2026 
Available online 18 May 2026 

The rapid advancement of artificial intelligence (AI), particularly through 
large language models, has significantly transformed learning practices in 
higher education. Although AI technologies offer substantial potential to 
enhance academic performance, learning personalisation, and graduate 
employability, students’ adoption and sustained use of AI remain uneven, 
especially within developing higher education contexts. Existing studies on 
AI adoption have largely relied on the Technology Acceptance Model 
(TAM) or Self-Determination Theory (SDT) in isolation and have primarily 
focused on initial adoption using quantitative approaches, leaving long-
term motivational mechanisms underexplored. Addressing this gap, this 
conceptual paper proposes an integrative framework that synthesises 
TAM and SDT to explain students’ behavioural intention to use AI and their 
actual AI usage in higher education. Drawing on TAM, the framework 
highlights the roles of perceived usefulness and perceived ease of use as 
proximal cognitive determinants of AI adoption. Complementing this 
perspective, SDT introduces autonomy, competence, and relatedness as 
distal motivational drivers that shape students’ technology-related 
perceptions and sustained engagement. By positioning autonomous 
motivation as an antecedent to TAM beliefs, the integrated framework 
provides a more comprehensive explanation of both the “why” and “how” 
of AI adoption. The framework further links behavioural intention to 
actual AI usage and academic performance, emphasising the role of 
motivation in fostering meaningful and persistent engagement with AI 
tools. 
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1. Introduction 
 

In the contemporary digital era, technological advancement has profoundly reshaped nearly 
every aspect of human life, with particularly significant implications for higher education. Artificial 
intelligence (AI), which initially emerged through rule-based systems reliant on predefined logic and 
explicit instructions, was historically limited to highly specialised tasks. Early AI applications, such as 
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ELIZA and the Logic Theorist, demonstrated narrow functionality and domain-specific intelligence 
[29].  

In recent years, however, AI has evolved rapidly with the development of large language models 
(LLMs), including Generative Pretrained Transformer, Claude, Gemini, and Perplexity AI. These 
models exhibit advanced capabilities across a wide range of domains, including education, 
healthcare, and industry, enabling more complex, adaptive, and human-like [27,32]. 

Within the educational context, AI technologies have increasingly been adopted to support 
academic activities, particularly among university students. Prior research indicates that students 
widely utilise AI tools for writing assistance, research support, and coursework completion [3]. 
According to the data from Freeman [14], the majority of students perceive AI mainly as a means for 
increased efficiency and academic improvement, with 51% utilising it to save time and 50% to 
improve their work quality. In practical situations, students use AI to support assessments in various 
ways, predominantly for clarifying complicated concepts (58%) and summarizing articles (48%). 

In addition, AI-assisted learning has been shown to enhance various language skills, such as 
listening, speaking, reading, writing, and vocabulary acquisition through immediate feedback and 
personalised learning pathways. These features allow students to regulate their learning pace, 
promote engagement, and potentially improve academic performance. Despite these promising 
benefits, the integration and sustained use of AI technologies in higher education remain uneven 
and, in many contexts, relatively limited [1]. 

The rapid advancement of AI, automation, and data analytics is fundamentally transforming the 
higher education landscape. While AI has the potential to enrich learning experiences by fostering 
personalisation, improving engagement, and supporting academic outcomes, its adoption is not 
solely a technological issue. Instead, students’ acceptance and effective use of AI tools are strongly 
influenced by psychological and motivational factors. Two theoretical frameworks are particularly 
relevant for understanding this phenomenon: the Technology Acceptance Model (TAM) and Self-
Determination Theory (SDT). TAM posits that individuals’ behavioural intention to use technology is 
primarily shaped by perceived usefulness and perceived ease of use. Complementing this 
perspective, SDT emphasises the role of intrinsic motivation, suggesting that students are more likely 
to engage with AI technologies when their needs for autonomy, competence, and relatedness are 
fulfilled [8]. 

In the Malaysian context, the relevance of AI adoption in higher education is further highlighted 
by national policy initiatives such as the Malaysia Education Blueprint (Higher Education) 2015–2025 
and Industry 4.0 programmes, which aim to modernise the education system and align graduate 
competencies with global technological developments [26]. Nevertheless, AI integration across 
Malaysian universities remains uneven, resulting in varying levels of student exposure and readiness 
[18]. This inconsistency has implications for graduate employability, as employers continue to report 
skill gaps—particularly in technology-driven and high-growth sectors—despite increased 
collaboration between industry and academia. Consequently, graduates may struggle to meet labour 
market demands, thereby constraining Malaysia’s progress towards a knowledge-based economy 
[19]. 

Although AI holds considerable promise in enhancing educational quality, learning 
personalisation, and career readiness, its implementation in Malaysian higher education is still at a 
nascent stage. Key barriers include a limited awareness of AI’s educational potential, inadequate 
institutional infrastructure, and concerns related to data privacy, ethical use, and equity. At the 
student level, challenges such as low trust in AI systems, fears of privacy breaches, over-reliance on 
AI tools, and insufficient confidence in AI usage further impede meaningful adoption [20]. Despite 
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the growing body of literature on AI in education, limited conceptual integration of motivational and 
acceptance-based perspectives exists to explain students’ engagement with AI tools. 

Accordingly, this conceptual paper aims to develop an integrative framework that synthesises 
Self-Determination Theory and the Technology Acceptance Model to explain students’ behavioural 
intention to use AI and their actual AI usage in higher education. By conceptually linking motivation, 
technology acceptance, and learning outcomes, this paper seeks to advance theoretical 
understanding of AI adoption and provide insights for educators, policymakers, and higher education 
institutions seeking to leverage AI to enhance academic performance and graduate employability. 

There are many researchers who studied about the factors that motivate people to use AI by 
assigning SDT and TAM frameworks. But most studies are only focused on the initial of AI adoption. 
This creates a gap in understanding the long-term motivations and obstacles that affect ongoing AI 
involvement. Other than that, most of the findings are using quantitative method alone. Variables of 
interest are perceived ease of use, perceived usefulness [12,17], autonomy [28], relatedness [39] and 
competence [36], which may not sufficiently capture comprehensive information from the 
participants. Moreover, there are lack of research conducted within Malaysian universities context, 
this may cause the educators, students, policymakers, AI developers failed to efficiently adopt AI in 
higher education. Consequently, this gap could slow down the country’s development toward 
achieving its long-term goals as students fail to equip with relevant digital skills necessary in this 
technology-driven world. 

The structure of this paper is as follows: Section 2 on literature review; Section 3 on Discussions 
and proposed conceptual frameworks; and Section 4 on conclusion.  
 
2. Literature Review 
2.1 Self-Determination Theory (SDT)  
 

Self-Determination Theory (SDT) reconceptualises motivation as a multidimensional construct 
that considers both the quantity and quality of motivation [31]. Departing from early theories that 
focused primarily on external rewards, SDT proposes that individuals possess three innate 
psychological needs—autonomy, competence, and relatedness—that drive intrinsic motivation and 
sustained engagement. 

Autonomy refers to individuals’ desire to experience volition and self-direction in their actions. 
In AI-supported learning environments, autonomy is enhanced through flexible, self-paced, and on-
demand access to educational resources. AI tools such as ChatGPT empower students to control their 
learning processes, decide what content to engage with, and explore topics beyond classroom 
limitations [3,25]. 

Competence reflects individuals’ need to feel capable and effective in accomplishing tasks [31]. 
AI tools contribute to competence by offering immediate feedback, personalised guidance, and skill 
enhancement across academic tasks such as writing, problem-solving, and language learning [4]. 
Prompt feedback provided by AI systems helps students identify weaknesses and refine their skills, 
thereby strengthening confidence and perceived capability. 

Relatedness refers to the need to feel connected, valued, and supported through social 
interaction [30]. AI chatbots and conversational agents can foster relatedness by simulating human-
like dialogue and sustaining interactive engagement [13]. These interactions promote a sense of 
belonging and support, particularly in digitally mediated learning environments. 

Collectively, SDT provides a robust framework for understanding students’ intrinsic motivation to 
engage with AI tools. When autonomy, competence, and relatedness are fulfilled, students are more 
likely to adopt AI voluntarily and consistently as part of their learning activities. 
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2.2 Technology Acceptance Model (TAM)  
 

The Technology Acceptance Model (TAM) views user adoption not merely as a response to 
system availability, but as a cognitive process influenced by specific perspectives on usefulness and 
effort. Moving beyond past basic functional, TAM suggests that actual usage behaviour is influenced 
by a causal sequence originating from two main psychological foundations: perceived usefulness and 
perceived ease of use. These two foundations act as primary mediators between external variables 
such as system design, user training, and the user’s ultimate behavioural intention to use technology 
[28]. 

Perceived usefulness is defined as the extent to which a user thinks a technology will improve his 
or her job effectiveness or performance. This is frequently regarded as the “utilitarian” incentive; 
users may accept certain operational challenges if they think the results will yield significant 
advantages for their personal or professional objectives [10,38]. 

Perceived ease of use refers to how little effort is required to use technology [10,38]. Although 
perceived ease of use is an important element in the initial stage of technology adoption, its impact 
often changes as user gain more skills; particularly, as experience grows, actions become “routinised” 
and occur in a “largely automatic fashion with minimal conscious control” (Ajzen, 2002, as cited in 
[38]). TAM indicates a causal relationship wherein perceived ease of use impacts perceived 
usefulness directly; a technology that is simpler to use is frequently seen as more beneficial as the 
user can allocate more cognitive resources to the actual task instead of focusing on the tool itself 
[35,38]. 

Connecting these perceptions to user attitudes and later adoption, the model offers a strong 
framework for understanding the psychological precursors to digital integration.  
                                                   
3. Discussions  
3.1 The Integration of SDT and TAM Model 
 

Despite their individual strengths, using TAM or SDT alone has various drawbacks. The main 
criticism of TAM is its narrow utilitarian focus. It views the user as a rational evaluator that focused 
solely on efficiency and effort. Other than that, it only offers a limited exploration of the complete 
spectrum of effects resulting from IT implementation. It generally centres on one straightforward 
outcome variable which is system utilisation, usually characterised by its frequency or volume [6]. 
According to [5], the creator of TAM, Fred Davis, has explicitly acknowledged that this model only 
focuses on extrinsic motivation and ignore the intrinsic motivation which is a significant missing piece 
in the original model. Furthermore, while SDT provides a strong framework for understanding human 
motivation, it does not take a stance on technology; it determines human actions but fails to address 
the particularities of the tool itself. This results in a widespread ‘analytical vs. generative gap’, where 
SDT functions as a valuable framework for evaluating systems after they have been developed, yet it 
does not provide the generative elements such as perceived ease of use that needed to define 
functional goals in the early design phrases [15]. 

This conceptual paper integrates Self-Determination Theory (SDT) and the Technology 
Acceptance Model (TAM) to offer a more comprehensive explanation of students’ adoption of 
artificial intelligence (AI) technologies in higher education. While TAM has been widely applied to 
explain technology acceptance through instrumental beliefs such as perceived usefulness and 
perceived ease of use, it has been criticised for its limited consideration of human motivation and 
psychological needs. Conversely, SDT provides a robust framework for understanding why individuals 
are motivated to engage with technologies, yet it lacks explicit mechanisms explaining how 
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motivation translates into technology-related beliefs and usage intentions. By integrating these two 
theories, this study addresses the theoretical gaps in both models and advances a motivation-centred 
understanding of AI adoption in educational settings. 

TAM posits that individuals’ behavioural intention to use a technology is primarily driven by 
perceived usefulness and perceived ease of use. Although this model has demonstrated strong 
explanatory power across various technological contexts, including e-learning and digital platforms, 
its focus remains largely cognitive and utilitarian. In the context of AI adoption in higher education, 
such a focus may be insufficient, as students’ engagement with AI tools often involves autonomy in 
learning, self-regulation, competence development, and intrinsic interest, which extend beyond 
instrumental evaluations. 

By incorporating SDT, this study enriches TAM by introducing autonomous motivation as a 
foundational psychological driver shaping students’ technology-related perceptions. SDT argues that 
individuals are more likely to internalise behaviours and persist in their use when their basic 
psychological needs for autonomy, competence, and relatedness are satisfied. When students 
perceive AI tools as supporting independent learning (autonomy), enhancing academic capability 
(competence), and facilitating meaningful interaction with peers or instructors (relatedness), they 
are more likely to form positive beliefs about the technology. This integration thus explains not only 
whether students adopt AI, but also why they perceive AI as useful and easy to use. 

Although SDT has been extensively applied in educational and organisational contexts, its 
application in technology adoption research remains relatively limited. SDT primarily focuses on 
motivational orientations and behavioural persistence but does not explicitly account for technology-
specific beliefs that are central to adoption decisions. By integrating TAM, this study extends SDT into 
the technology domain by proposing that motivational states influence cognitive appraisals of 
technology attributes, such as usefulness and ease of use. 

In this integrated framework, autonomous motivation is conceptualised as an antecedent to TAM 
beliefs rather than a parallel predictor of behavioural intention. This position offers a theoretically 
coherent pathway whereby students’ intrinsic interest and internalised values towards learning with 
AI shape their perceptions of AI functionalities. As a result, TAM variables act as proximal 
determinants, while SDT variables function as distal motivational drivers, strengthening the 
explanatory depth of the adoption process. 

The integration of SDT and TAM is particularly relevant in the context of AI-driven learning 
environments, where students interact with adaptive systems, intelligent tutoring tools, and 
generative AI applications. Unlike traditional educational technologies, AI systems often require 
active engagement, experimentation, and trust, making motivation a critical determinant of 
sustained use. Students who feel pressured or controlled in using AI tools may comply temporarily 
but are unlikely to develop long-term engagement. 

The integrated SDT–TAM framework highlights that AI adoption in higher education is not merely 
a matter of system design or technical efficiency, but also a function of how AI is positioned 
pedagogically. When AI tools are introduced in ways that support students’ autonomy and 
competence, they are more likely to be perceived as valuable learning aids rather than external 
requirements. This insight contributes to the growing discourse on human-centred AI in education, 
emphasising the importance of aligning technological innovation with learners’ psychological needs. 
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Fig. 1. Conceptual framework 

 
3.2 Discussion on the Proposed Conceptual Propositions 
 

Building upon the integrated SDT–TAM framework, this study proposes a set of conceptual 
propositions that explain the motivational and cognitive mechanisms underlying students’ adoption 
of AI in higher education. These propositions are discussed below to clarify their theoretical 
significance and expected relationships. 
 
3.2.1 The Relationship between Autonomy and Behavioural Intention to Use AI  
 
H0: There is no relationship between autonomy and behavioural intention to use AI 
HA: There is a relationship between autonomy and behavioural intention to use AI 
 

According to the empirical findings conducted by Solihati et al., [34], it found that autonomy is 
significantly predicted students’ behavioural intention to use AI for English learning. Students who 
believed that AI tools enabled them to learn independently and make their own decisions were more 
motivated to use them. Similarly, Yang [40] discovered that autonomy-related intrinsic motivations 
impacted students’ perceptions of a technology used, which in turn influenced their intention. 
Furthermore, Alharbi [2] further support this statement in MOOC context. The researcher studied 
MOOC implementation in health informatics training. Although MOOCs are not AI systems, they 
serve as online educational technologies that require learners to take charge for their own studies. 
This research indicated that when students felt empowered and in charge of their learning decisions, 
they show greater intention to participate in MOOCs. Moreover, Cortez et al., [7] also proved that 
autonomy significantly influenced the intention to use AI. Together, these studies have suggested 
that autonomy is a strong predictor of behavioural intention to use AI.  
 
3.2.2 The Relationship between Relatedness and Behavioural Intention to Use AI  
 
H0: There is no relationship between relatedness and behavioural intention to use AI 
HA: There is a relationship between relatedness and behavioural intention to use AI 
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According to Solihati et al., [34], relatedness significantly forecasted students’ behavioural 

intention to use AI for learning English. Students who believed that AI tools offered interactive or 
socially engaging experiences tend to use them. Additionally, Alharbi [2] showed that relatedness is 
notably predicted behavioural intention to use MOOCs. Students who perceived support and 
connection, whether via instructor involvement, peer networks, or platform interaction, were 
continued using online learning platform. Other than that, Wong and Tajudeen [39] found that 
relatedness enhanced users’ perceptions of the Metaverse platform (a digital environment), 
subsequently affecting their intention to engage behaviourally. Although relatedness did not directly 
forecast intention in this study, having a sense of social support in the tech environment increased 
users’ willingness to adopt AI. Jointly, these studies have suggested that relatedness is a strong 
predictor of behavioural intention to use AI.  
 
3.2.3 The Relationship between Competence and Behavioural Intention to Use AI  
 
H0: There is no relationship between competence and behavioural intention to use AI 
HA: There is a relationship between competence and behavioural intention to use AI 
 

According to Alharbi [2], competence had direct impact on the intention to use MOOCs. This 
indicates that when students perceive themselves as technically or academically proficient, they are 
more likely to use online learning platform. However, the study conducted by Solihati et al., [34], 
reported that competence did not significantly impact intention to use AI. This difference can be 
explained by the nature of technology discussed in articles, as MOOCs require a more structured and 
content-focused competence, while AI tools provide more adaptable and personalised learning 
opportunities. In this case, students may not need to immediately view themselves as competent in 
the tools. Since AI tools like ChatGPT provide personalised learning, they could facilitate intention to 
use even when students don’t feel “competent” in using them. Other than that, these studies were 
conducted in different cultural and educational settings, this could also impact the findings of them. 
 
3.2.4 The Relationship between Perceived Usefulness and Behavioural Intention to Use AI  
 
H0: There is no relationship between perceived usefulness and behavioural intention to use AI 
HA: There is a relationship between perceived usefulness and behavioural intention to use AI  
 

According to Liu et al., [23], perceived usefulness is significantly influences users’ behavioural 
intention to use AI-driven autonomous taxis. Similarly, Manolică et al., [24], in their study on AI in 
Digital Marketing, mentioned that Gen Z, who demonstrated greater familiarity of AI tools, exhibit a 
strong intention to use AI when they perceived it as useful for their everyday tasks and activities. This 
match with Davis [10] initial statement in the TAM, where perceived usefulness is directly related to 
usage intentions. Furthermore, study also examined how university students adopted ChatGPT, 
finding that perceived usefulness significantly influenced students’ intention to use ChatGPT for their 
academic needs [11]. Other than that, Esiyok et al., [12] discovered that students who felt that 
chatbots were helpful for giving immediate assistance were more likely have strong intention to use 
them. This finding is further supported by Hussain et al., [17] indicated that the intention of 
healthcare workers to adopt advanced medical technologies was strongly impacted by their 
perception of the system’s usefulness in improving patient care and optimising workflow. Together, 
these studies proved that perceived usefulness could affect the intention to use AI. 



Journal of Advanced Research in Technology and Innovation Management 
Volume 18, Issue 1 (2026) 1-12 

 

8 
 

3.2.5 The Relationship between Perceived Ease of Use and Behavioural Intention to Use AI  
 
H0: There is no relationship between perceived ease of use and behavioural intention to use AI 
HA: There is a relationship between perceived ease of use and behavioural intention to use AI  
 

In study conducted by Duong et al., [11], it found that perceived ease of use is significantly 
influence students’ intention to use ChatGPT for learning. Students who think that ChatGPT is user-
friendly were more likely to intend to use AI for their academic tasks. The research highlighted that 
a perception of minimal effort for using the AI tool will encourage a greater intention to use it 
consistently. This finding matches with Davis [10] initial claim, saying that when users view 
technology as user-friendly, easy to use, they will tend to engage with it. In healthcare context, 
Hussain et al., [17] mentioned that nurses’ perspectives on the user-friendly advanced medical 
technologies were significantly linked to their willingness to adopt these tools. This study indicated 
that nurses’ intention to use medical AI systems into their daily clinical practice increased when they 
perceived these systems as comprehensible. Similarly, Manolică et al., [24] also supported that 
perceived ease of use positively affected Gen Z’s intention to use AI tools. Esiyok et al., [12] stated 
that students’ perceptions of ease of use was a strong predictor of behavioural intention to use AI. 
Collectively, these studies proved that perceived ease of use can affect the intention to use AI. 
 
3.2.6 The Relationship between Behavioural Intention to Use AI and AI Usage 
 
H0: There is no relationship between behavioural intention to use AI and AI usage 
HA: There is a relationship between behavioural intention to use AI and AI usage 
 

Behavioural intention refers to a person’s internal attitudes or beliefs prior to participating in a 
specific action. This factor can determine if a person will participate in the behaviour [16]. According 
to Duong et al., [11], the intention to use ChatGPT significantly predicted actual AI usage. Meaning 
that higher intention to use AI will directly lead to higher actual usage of AI for academic tasks like 
essay writing and problem-solving. Similarly, Esiyok et al., [12] found that the intention to use AI 
chatbots was strongly related to actual usage. The results indicated that students planning to use AI 
chatbots for personalised learning and immediate feedback tend to interact with technologies more 
frequently. Additionally, Sitanaya et al., [33] studied the implementation of ChatGPT in Jakarta’s 
universities and highlighted a strong correlation between students’ intention to us ChatGPT as a 
learning source and their actual usage. Furthermore, Tandon et al., [37] investigated the AI adoption 
in medical training, and they found a similar finding. Their study showed that the intention to use AI 
tools like diagnostic assistants, was a direct predictor of their actual usage. Across all these studies, 
whether is in healthcare or education context, intention to use AI was a consistent predictor of AI 
usage. 
 
3.2.7 The Relationship between AI Usage and Academic Performance 
 
H0: There is no relationship between AI usage and academic performance 
HA: There is a relationship between AI usage and academic performance 

 
The increasing AI adoption in educational setting has shown a potential in improving academic 

performance. Dahri et al., [9] examined the impact of ChatGPT on students’ academic performance 
in a mobile learning environment. This research included two student groups: one experimental 
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group using ChatGPT for post-lesson evaluations and a control group using traditional method. The 
findings found that the experimental group has a great improvement in academic performance 
compared to the control group. This discussion can be supported by Lee et al., [22], it stated that 
students who used AI chatbot for after-class reviews in public health curriculum has significantly led 
to higher academic achievement. Another study conducted by Khalkho et al., [21], AI tools were 
discovered to affect students’ study habits and academic performance. It showed that the use of AI 
tools could assist students in understanding challenging topics. Jointly, these findings indicate that AI 
tools can improve academic performance.  
 
4. Conclusions 
 

This conceptual paper integrates Self-Determination Theory and the Technology Acceptance 
Model to explain students’ adoption of artificial intelligence in higher education. By synthesising 
motivational and cognitive perspectives, the proposed framework highlights that effective AI 
adoption depends not only on technological functionality but also on the extent to which AI tools 
support students’ psychological needs. 

Theoretically, this paper extends TAM by incorporating SDT, addressing limitations related to 
intrinsic motivation and sustained engagement. While TAM demonstrates the transition of 
technology from a conscious “tool” to an automatic “routinised” habit, where users no longer 
consciously think about which buttons to click as they have familiar with the tools, and students might 
stop using it if it doesn’t fulfill their deeper demands. By integrating SDT, the model elaborates that 
when technology becomes automatic, the motivation for continuous usage shifts from external 
efficiency to the fulfillment of intrinsic needs. When the AI tool enhances a student’s feeling of 
autonomy, competence, and relatedness, it transforms from a functional shortcut for grades into a 
genuine, psychologically rewarding extension of their educational experience. Practically, the 
framework offers guidance for higher education institutions, educators, and policymakers to design 
AI-enabled learning environments that promote autonomy, competence, and relatedness while 
ensuring usability and usefulness. 

Aligning AI adoption strategies with students’ motivational needs may enhance academic 
performance, improve digital readiness, and reduce skill mismatch in the labour market. Future 
research is encouraged to empirically test the proposed framework across contexts and explore 
additional factors such as trust, ethics, and cultural influences. 

In conclusion, motivation meets technology when AI adoption in higher education is driven not 
only by efficiency but also by meaningful, student-centred learning experiences. This integrated SDT–
TAM framework provides a valuable foundation for advancing both theory and practice in AI-enabled 
education. 
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