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Abstract: This study investigates the acceptance and usage of Artificial Intelligence (AI) in history education 

among Malaysian higher education students using the Unified Theory of Acceptance and Use of Technology 

(UTAUT) framework. Despite AI's growing integration across academic disciplines, its adoption patterns in 

humanities, particularly history education, remain understudied. Through a survey of 512 history students 

from four Malaysian universities, this research examines how performance expectancy, effort expectancy, 

social influence, and facilitating conditions affect AI adoption in history education. Partial Least Squares 

Structural Equation Modeling (PLS-SEM) analysis revealed that performance expectancy (β = 0.337, p < 0.001), 

effort expectancy (β = 0.286, p < 0.001), and social influence (β = 0.240, p < 0.001) significantly influence 

behavioral intention to use AI, while facilitating conditions showed no significant effect on usage behavior. 

The model explained 43.7% of variance in behavioral intention. These findings extend UTAUT's application to 

humanities education while providing practical insights for integrating AI tools in history education. 

Keywords: artificial intelligence; history education; UTAUT; technology acceptance; higher 

education; Malaysia 

 

1. Introduction 

The integration of Artificial Intelligence (AI) is revolutionizing higher education, fundamentally 

transforming traditional approaches to teaching, learning, and assessment (Deroncele-Acosta et al., 

2024; Tzirides et al., 2024). Recent advances in AI technologies, particularly large language models 

and intelligent tutoring systems, have introduced unprecedented opportunities for creating 

personalized learning experiences, automating routine tasks, and fostering interactive learning 

environments across diverse academic disciplines(Davis, 2024; Li et al., 2024; Parambil et al., 2024; 

Xiao et al., 2024). While the adoption and impact of AI in STEM fields and language education have 

been extensively documented, its application and acceptance in humanities, specifically in history 

education, remain notably understudied (Ayeni et al., 2024). 

History education presents unique pedagogical challenges and opportunities for AI integration. 

The discipline demands specialized cognitive skills, including critical analysis of primary sources, 

interpretation of complex historical narratives, and synthesis of multifaceted historical 

events(Mandell, 2008). Recent studies have demonstrated AI's potential to enhance these processes 

through automated document analysis, historical simulations, and advanced research assistance 

(Bertram et al., 2021; Kim et al., 2024). For example, Bertram et al.(2021) emphasized that AI tools can 

support students in efficiently handling historical documents, thereby deepening their 

understanding of complex events. Similarly, Kim et al. (2024) explored how AI aids students in 

mastering historical interpretation skills, helping them navigate the complexity of information.  

However, empirical research examining students' acceptance and actual usage of AI tools in 

history education remains remarkably scarce. Yousuf and Wahid (2021) highlighted that while AI 
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demonstrates a wide range of applications in education, its integration within specific disciplines, 

such as history education, still faces cultural and belief-based resistance. Additionally, Alfredo et al. 

(2024)) reviewed how AI can improve learning analytics within education, especially showing 

potential in the humanities. 

The Unified Theory of Acceptance and Use of Technology ( UTAUT; Venkatesh et al., 2003) has 

emerged as a robust theoretical framework for understanding technology adoption in educational 

contexts (Xue et al., 2024). Through its core constructs—performance expectancy, effort expectancy, 

social influence, and facilitating conditions—UTAUT explains up to 70% of variance in behavioral 

intention to use technology (Venkatesh et al., 2012). While numerous studies have successfully 

applied UTAUT to examine AI adoption in higher education generally (Budhathoki et al., 2024; Tatlı 

et al., 2024; Xue et al., 2024), its application within specific disciplinary contexts, particularly in 

humanities-based subjects like history, remains limited. This gap is significant because technology 

acceptance patterns may vary substantially across academic disciplines due to their distinct 

pedagogical requirements, learning objectives, and disciplinary cultures. 

Two critical gaps emerge from the current literature. First, while research has established AI's 

potential in history education (Pope & Ma, 2024), there is limited empirical evidence regarding 

students' acceptance and actual use of AI tools in this specific context. Understanding these patterns 

is crucial for effective AI integration in history education, as student acceptance significantly 

influences the success of educational technology implementations. Second, although UTAUT has 

been validated across various educational technologies (Xue et al., 2024), its applicability in 

explaining AI adoption within humanities-based disciplines remains underexplored. 

This study addresses these gaps through two primary objectives: (1) examining the factors 

influencing AI acceptance and use among higher education students in history education using the 

UTAUT framework, and (2) providing comparative evidence from the Malaysian higher education 

context. Malaysia offers a particularly interesting research context due to its rapid technological 

advancement in education, cultural diversity, and ongoing digital transformation initiatives in higher 

education, which may yield unique insights into technology acceptance patterns. 

The significance of this study lies in both its theoretical and practical contributions. Theoretically, 

it extends UTAUT's application to the specific context of AI in history education, providing novel 

insights into how disciplinary context influences technology acceptance patterns. This extension 

enriches our understanding of technology adoption models in discipline-specific educational 

contexts. Practically, understanding the factors affecting AI adoption in history education can help 

educational institutions develop more effective strategies for integrating AI tools into humanities-

based curricula, particularly in culturally diverse educational settings like Malaysia. 

Furthermore, this research contributes to the broader discourse on digital transformation in 

humanities education. By examining AI acceptance in history education, the study provides valuable 

insights for educators and administrators seeking to enhance traditional humanities instruction 

through technological innovation while considering student acceptance factors. These insights are 

particularly timely given the increasing pressure on humanities departments to demonstrate their 

relevance and adaptability in an increasingly technology-driven educational landscape. 

2. Literature Review 

2.1. AI in History Education (AIHEd) 

While Artificial Intelligence in Education (AIEd) has matured into a well-established research 

domain, its integration and impact vary significantly across academic disciplines. AIEd encompasses 

the strategic implementation of AI technologies and methodologies to enhance teaching and learning 

processes, with the primary goal of delivering personalized, adaptive, and interactive educational 

experiences (Wang et al., 2024). Within this broader framework, Artificial Intelligence in History 

Education (AIHEd) represents a specialized application domain that leverages AI technologies to 

enhance historical inquiry, analysis, and understanding through multiple technological affordances, 
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including automated document processing, historical simulations, and intelligent tutoring systems 

(Kumar et al., 2023). 

Recent studies have begun to explore the potential of AI in history education. Sheng (2023) 

investigated AI's role in Chinese high schools' history education, highlighting how AI technologies 

could address the limitations of test-oriented education by promoting deeper learning and critical 

thinking. Similarly, Sevinch (2023) examined the integration of AI and virtual museums in history 

education, demonstrating how these technologies can create immersive learning experiences that 

enhance students' historical understanding. 

The emergence of large language models has further expanded AIHEd's possibilities. Nguyen 

et al. (2023) compared ChatGPT's historical understanding with Vietnamese students' performance, 

revealing AI's potential in providing personalized assistance and enhancing critical thinking skills in 

history education. Similarly, Kim et al. (2024) developed a rule-based AI chatbot specifically for 

history education, demonstrating the feasibility of AI-powered tools for historical inquiry and 

learning. 

Despite these advances, current research on AIHEd reveals several limitations. First, most 

studies focus on technological capabilities rather than user acceptance and adoption patterns. Second, 

while research demonstrates AI's potential benefits for history education, empirical evidence 

regarding student acceptance and actual usage remains limited. Third, existing studies primarily 

examine specific AI applications or tools, lacking a comprehensive framework for understanding 

technology acceptance in history education contexts. 

2.2. UTAUT in Higher Education AI Adoption 

The Unified Theory of Acceptance and Use of Technology (UTAUT) is a robust model frequently 

used to examine technology acceptance in educational settings (Xue et al., 2024). Within higher 

education, the UTAUT model has provided valuable insights into how students and educators adopt 

new technologies, including AI, to enhance learning processes(Lu & Lin, 2024). Studies applying 

UTAUT in higher education consistently highlight performance expectancy, effort expectancy, social 

influence, and facilitating conditions as critical determinants of technology adoption  (Chatterjee & 

Bhattacharjee, 2020; Lu & Lin, 2024). These findings suggest that UTAUT can effectively capture the 

factors influencing AI adoption in specific academic fields, including the humanities-focused 

discipline of history, which has unique educational demands. 

In contexts like Malaysia, where cultural values influence educational dynamics, understanding 

AI acceptance in history education requires careful consideration of UTAUT’ s core constructs. Dahri 

et al. (2024) investigated AI-based academic support tools in Malaysian and Pakistani institutions, 

finding that performance expectancy and social influence are particularly impactful in predicting 

student acceptance. These factors are highly relevant in Malaysian higher education, where peer and 

societal influences often play significant roles in shaping student attitudes toward technology 

adoption, especially in collaborative and interpretative fields like history. 

Specific UTAUT applications to AI adoption in higher education further demonstrate the 

importance of this model’s constructs. Bilquise et al., (2024) explored student acceptance of academic 

advising chatbots and found that ease of use and social influence significantly predicted acceptance, 

aligning with UTAUT’s predictions. Similarly, Polyportis & Pahos (2024) applied UTAUT to 

understand ChatGPT adoption, identifying performance expectancy and effort expectancy as key 

determinants. These findings suggest that UTAUT’s constructs are applicable to history education, 

where students’ performance expectations of AI tools (e.g., for enhancing historical inquiry and 

document analysis) and the perceived ease of use may strongly influence adoption intentions. 

Despite UTAUT’s successful application in analyzing AI adoption across educational disciplines, 

limited research has focused on its use within history education. Given that history education 

emphasizes critical thinking, source evaluation, and narrative interpretation, the role of AI tools in 

this context may diverge from more straightforward applications in STEM fields (Raffaghelli et al., 

2022). By employing UTAUT, this study aims to bridge this gap, exploring how its constructs can 
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help explain AI acceptance among Malaysian history students, specifically addressing how 

performance expectancy and facilitating conditions may shape their adoption behaviors. 

Overall, UTAUT offers a structured approach to examining how students in Malaysian higher 

education perceive and engage with AI in history education. Understanding these factors can inform 

more effective AI tool integration, aligning with both the academic and cognitive needs of students 

in the humanities, thus enhancing the educational experience in history-focused AI applications. 

3. Theoretical Framework, Research Model, and Hypotheses Development 

3.1. Theoretical Framework 

This study employs the Unified Theory of Acceptance and Use of Technology (UTAUT) as its 

theoretical foundation to investigate AI acceptance in history education within Malaysian higher 

education. The UTAUT model, developed through a comprehensive synthesis of eight prominent 

technology acceptance theories (Venkatesh et al., 2003), has demonstrated robust explanatory power, 

accounting for up to 70% of variance in behavioral intention across diverse technological contexts. Its 

theoretical robustness and extensive validation in educational technology research make it 

particularly suitable for examining the complex dynamics of AI adoption in discipline-specific 

educational settings. 

The UTAUT framework posits four fundamental constructs that drive technology acceptance 

and use: Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), and Facilitating 

Conditions (FC). The model theorizes that PE, EE, and SI directly influence behavioral intention, 

while FC impacts actual use behavior. Additionally, the framework incorporates key moderating 

variables—age, gender, experience, and voluntariness—to account for individual differences in 

technology adoption patterns. This study specifically focuses on age and gender as moderators, given 

their demonstrated significance in educational technology acceptance within the Malaysian context 

(Krishanan & Khalidah, 2017; Toh et al., 2023). 

3.2. Research Model and Hypotheses Development 

The research model presented in Figure 1 illustrates the relationships between constructs based 

on UTAUT, with age and gender moderating the specified relationships between the constructs. 

 

Figure 1. Research Model (Venkatesh et al., 2003). 

Performance Expectancy represents students' perceptions regarding AI tools' utility in 

enhancing their academic performance in history education. In educational technology research, PE 

con-sistently emerges as the strongest predictor of behavioral intention (Williams et al., 2015; Xue et 

al., 2024). Within history education, AI tools offer distinct performance advantages through au-

tomated document analysis, personalized learning pathways, and enhanced research capabilities. 

Recent empirical evidence suggests that students' perceptions of these performance benefits sig-

nificantly influence their intention to adopt educational technologies (Dahri et al., 2024). There-fore, 

we hypothesize: 
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H1: Performance Expectancy positively influences students' behavioral intention to use AI in 

history education. 

Effort Expectancy represents students' perceived ease of using AI tools in historical studies. In 

history education, this construct carries particular significance as students must integrate AI 

capabilities with established historical research methods, including source analysis and interpretative 

practices (Heng, 2023). Unlike standardized applications in quantitative disciplines, history 

education requires AI tools to support diverse analytical approaches while maintaining 

methodological rigor (Chatterjee & Bhattacharjee, 2020). Recent empirical evidence suggests that 

perceived ease of use significantly influences technology adoption, especially in humanities 

disciplines where students must balance technical competency with disciplinary expertise (Du & Lv, 

2024). Within the Malaysian higher education context, where technological literacy varies among 

humanities students (Rana et al., 2024), the perceived cognitive accessibility of AI tools becomes 

crucial for adoption intentions. 

H2: Effort Expectancy positively influences students' behavioral intention to use AI in history 

education 

Social Influence reflects the extent to which students perceive those significant others—

including faculty, peers, and family members—endorse their use of AI tools in historical studies. This 

construct's importance is amplified in Malaysian culture, which emphasizes collective decision-

making and interpersonal relationships (Polyportis & Pahos, 2024). Recent studies demonstrate that 

social validation significantly affects technology adoption in educational contexts, particularly in 

disciplines where traditional teaching methods predominate (Chatterjee & Bhattacharjee, 2020). 

Therefore: 

H3: Social Influence positively influences students' behavioral intention to use AI in history 

education. 

Facilitating Conditions (FC) 

Facilitating Conditions encompass students' perceptions of organizational and technical 

infrastructure supporting AI tool usage in history education. The UTAUT model posits that FC 

directly influences actual use behavior, as effective technology integration depends critically on 

supporting resources (Ajigini, 2022). In the context of AI-enhanced history education, these 

conditions include technical infrastructure, institutional support services, and accessibility of AI 

platforms. Research indicates that adequate facilitating conditions are essential for sustainable 

technology adoption in educational settings (Raffaghelli et al., 2022). Thus: 

H4: Facilitating Conditions positively influence students' actual use behavior of AI in history 

education. 

Behavioral Intention represents students' expressed commitment to utilize AI tools in their 

historical studies. Consistent with UTAUT's theoretical framework and empirical validation, 

behavioral intention serves as a direct antecedent to actual use behavior (O’Dea & O’Dea, 2023). 

Therefore: 

H5: Behavioral Intention positively influences students' actual use behavior of AI in history 

education. 

Age and gender represent critical moderating variables in technology acceptance research, 

particularly salient in educational contexts. Research indicates that age-related differences in 

technology self-efficacy and learning patterns significantly influence AI adoption behaviors 

(Binyamin et al., 2020). Similarly, gender-based variations in technology interaction preferences and 

social influence susceptibility have been documented in educational technology acceptance 

studies(Wong et al., 2012). Within Malaysian higher education, these demographic factors carry 

additional cultural significance, as studies have shown distinct age and gender patterns in technology 

engagement among humanities students(Ghazali et al., 2022). 

Based on theoretical foundations and empirical evidence in educational technology acceptance, 

we propose: 
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Age Moderation: H6a-c: Age moderates the relationships between Performance Expectancy 

(H6a), Effort Expectancy (H6b), and Social Influence (H6c) with Behavioral Intention, such that these 

relationships are stronger for younger students.  

Gender Moderation:H7a-d: Gender moderates the relationships between Performance 

Expectancy (H7a), Effort Expectancy (H7b), Social Influence (H7c) with Behavioral Intention, and 

between Facilitating Conditions and Use Behavior (H7d), with varying effects across gender groups. 

This theoretical framework and associated hypotheses provide a structured approach to 

examining AI acceptance in history education within Malaysian higher education. 

4. Methodology 

4.1. Sample and Data Collection 

This study employed a purposive sampling approach targeting undergraduate and 

postgraduate students majoring in history at four leading Malaysian universities. The selected 

institutions - University of Malaya (UM), Universiti Kebangsaan Malaysia (UKM), Taylor's 

University Malaysia, and Sunway University - represent a mix of public and private higher education 

institutions, enhancing the sample's representativeness of the Malaysian higher education landscape. 

The data collection was conducted during the 2024-2025 academic year through an online survey 

platform. To ensure response quality and participant eligibility, several screening criteria were 

implemented: (1) participants must be currently enrolled in a history program, (2) have experience 

with or exposure to AI tools in their academic work, and (3) provide informed consent for 

participation. The questionnaire was administered in English, which is the primary medium of 

instruction in Malaysian higher education. 512 valid responses were received.  Table 1 presents the 

demographic profile of the respondents. The sample shows a relatively balanced gender distribution 

(44.92% male, 55.08% female). The grade level distribution indicates comprehensive coverage across 

academic years, with undergraduate students comprising 92.58% and postgraduate students 7.42% 

of the sample. Age distribution reveals that the majority of respondents (53.32%) are below 21 years, 

followed by 21-year-olds (28.91%), and those above 22 years (17.77%), reflecting the typical age 

structure in Malaysian higher education institutions. 

Table 1. Demographic Characteristics of Respondents (N = 512). 

Variables Frequency Percentages 

Gender   

Male 230 44.92 

Female 282 55.08 

Grade   

First-year undergraduate 136 26.56 

Second year of undergraduate 128 25.00 

Third year of undergraduate 115 22.46 

Fourth year of undergraduate 95 18.55 

Postgraduate 38 7.42 

Age   

Below 21 years 273 53.32 

21 148 28.91 

Above 22 91 17.77 

4.2. Survey Instrument 

The survey instrument was developed based on validated scales from prior technology 

acceptance research, with items adapted to the context of AI usage in history education. All constructs 

were measured using a seven-point Likert scale ranging from 1 ("Strongly disagree") to 7 ("Strongly 

agree"), except for Usage Behavior which employed a frequency-based scale. To ensure content 
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validity, the questionnaire was reviewed by a panel of experts in educational technology and pilot 

tested with 30 history student. Based on their feedback, minor modifications were made to improve 

item clarity and contextual relevance. 

The measurement items for the core UTAUT constructs - Performance Expectancy (PE), Effort 

Expectancy (EE), Social Influence (SI), and Facilitating Conditions (FC) - were adapted from 

Venkatesh et al. (2012). Behavioral Intention (BI) items were adapted from Wu and Wu (2005), while 

Usage Behavior (UB) was measured using a single-item frequency scale following Venkatesh et al. 

(2012). Table 2 presents the complete list of measurement items. 

Table 2. Measurement items. 

Constructs Indicators 

PE PE1-I find AI tools useful in my history education studies. 

 PE2-Using AI tools helps me accomplish history-related tasks more quickly. 

 PE3-Using AI tools increases my productivity in learning history. 
EE EE1-Learning how to use AI tools is easy for me. 

 EE2-My interaction with AI tools is clear and understandable. 

 EE3-I find AI tools easy to use. 

 EE4-It is easy for me to become skillful at using AI tools. 
SI SI1-People who are important to me think that I should use AI tools in 

history education studies. 

 SI2-People who influence my behavior think that I should use AI tools in 

history education studies. 

 SI3-People whose opinions that I value prefer that I use AI tools in history 

education studies. 
FC FC1-I have the resources necessary to use AI tools. 

 FC2-I have the knowledge necessary to use AI tools. 

 FC3-AI tools is compatible with other technologies I use. 

 FC4-I can get help from others when I have difficulties using AI tools. 
BI BI1-I intend to use AI in my history education studies as often as needed.  

 BI2-I plan to use AI tools routinely in my history education studies. 

 BI3-Whenever possible, I intend to use AI in my history education studies. 

 BI4-To the extent possible, I would use AI tools for various history education 

studies. 
UB UB1-‘Please choose your usage frequency for AI tools in your history 

education studies: Never; Once a month or at longer intervals; Several times 

a month; Once a week; Several times a week; Once a day; Several times a 

day’ 

Note. PE, Performance expectancy; EE, Effort expectancy; SI, Social influence; FC, Facilitating conditions; BI, 

Behavioural Intention; UB, Usage Behavior. 

4.3. Data Analysis 

To examine the hypothesized relationships within the proposed research model, Partial Least 

Squares Structural Equation Modeling (PLS-SEM) was employed using SmartPLS 4 software. PLS-

SEM was selected due to its suitability for predictive and exploratory studies, particularly in contexts 

where theoretical models are extended with additional constructs or when data normality is not 

strictly assumed (Hair et al., 2021; Hair et al., 2011). Given the focus of this study on predicting 

students' behavioral intentions to adopt and use AI technology in history education, PLS-SEM's 

emphasis on maximizing explained variance aligns well with our research objectives. 

The analysis commenced with an evaluation of the measurement model to ensure the reliability 

and validity of the constructs. This included an assessment of internal consistency reliability using 

composite reliability scores, indicator reliability via outer loadings, convergent validity through 

Average Variance Extracted (AVE), and discriminant validity employing both the Fornell-Larcker 
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criterion and the Heterotrait-Monotrait (HTMT) ratio (Hair et al., 2019). Each construct and its 

indicators were rigorously evaluated to confirm they met the recommended thresholds, ensuring the 

robustness of the measurement model. 

Following the confirmation of construct reliability and validity, the structural model was 

assessed. This involved evaluating path coefficients for hypothesized relationships, R-squared (R²) 

values for endogenous variables, and predictive relevance (Q²) through the blindfolding procedure 

(Henseler et al., 2016). Bootstrapping (5,000 resamples) was conducted to determine the statistical 

significance of path coefficients. Effect sizes (f²) were also calculated to evaluate the magnitude of the 

relationships among constructs, enhancing the interpretive depth of the model's predictive capability. 

5. Results 

5.1. Measurement Model Assessment 

Following established guidelines (Hair et al., 2019; Fornell & Larcker, 1981), we conducted a 

comprehensive assessment of the measurement model through examining convergent validity, 

internal consistency reliability, and discriminant validity. 

Convergent validity was evaluated through factor loadings and Average Variance Extracted 

(AVE). As shown in Table 3, all indicator loadings exceeded the recommended threshold of 0.70, 

ranging from 0.704 to 0.902, demonstrating satisfactory indicator reliability ( Hair et al., 2019). The 

AVE values for all constructs surpassed the critical value of 0.50, ranging from 0.555 to 0.764, 

confirming adequate convergent validity (Fornell & Larcker, 1981). Internal consistency reliability 

was assessed using three criteria: Cronbach's alpha (α), composite reliability (ρc), and rho_A (ρA). 

All three reliability coefficients exceeded the threshold of 0.70, with Cronbach's alpha ranging from 

0.734 to 0.897, composite reliability from 0.833 to 0.928, and rho_A from 0.739 to 0.899, indicating 

robust internal consistency reliability (Dijkstra & Henseler, 2015). 

Additionally, the overall model fit was assessed through several indices. The Standardized Root 

Mean Square Residual (SRMR) value of 0.051 was below the recommended threshold of 0.08, 

indicating good model fit (Hair et al., 2017). The Normed Fit Index (NFI) value of 0.827, while slightly 

below the ideal threshold of 0.90, is still acceptable for exploratory research(Henseler et al., 2016). 

Discriminant validity was evaluated using both the Fornell-Larcker criterion and heterotrait-

monotrait ratio (HTMT). The Fornell-Larcker analysis (Table 4) revealed that the square root of each 

construct's AVE (diagonal values) was greater than its correlations with other constructs, supporting 

discriminant validity (Fornell & Larcker, 1981). Additionally, all HTMT ratios (Table 5) were below 

the conservative threshold of 0.85, ranging from 0.385 to 0.738, further confirming discriminant 

validity(Henseler et al., 2015). 

Collectively, these results demonstrate that our measurement model exhibits satisfactory 

reliability, convergent validity, and discriminant validity, providing a solid foundation for the 

structural model assessment. 

Table 3. Convergent Validity and Internal Consistency Reliability. 

Constructs Indicators Convergent Validity Internal Consistency Reliability 

  Loadings 
Indicator 

Reliability 
AVE 

Cronbach's 

Alpha 

Reliability 

ρC 

Reliability 

ρA 

  >0.70 >0.50 >0.50 >0.70 >0.70 >0.70 

PE PE1 0.816  0.666 0.704  0.790  0.877  0.795  

 PE2 0.837  0.701     

 PE3 0.863  0.745     

EE EE1 0.879  0.773 0.764  0.897  0.928  0.899  

 EE2 0.849  0.721     

 EE3 0.867  0.752     
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 EE4 0.902  0.814     

SI SI 0.839  0.704 0.711  0.797  0.881  0.797  

 SI 0.855  0.731     

 SI 0.835  0.697     

FC FC1 0.704  0.496 0.555  0.734  0.833  0.739  

 FC2 0.739  0.546     

 FC3 0.772  0.596     

 FC4 0.762  0.581     

BI BI1 0.836  0.699 0.714  0.867  0.909  0.871  

 BI2 0.863  0.745     

 BI3 0.848  0.719     

 BI4 0.833  0.694     

Note. AVE, Average variance extracted; PE, Performance expectancy; EE, Effort expectancy; SI, Social influence; 

FC, Facilitating conditions; HTMT: Heterotrait-monotrait ratio; TAI, Trust in AI; BI, Behavioural Intention. 

Table 4. Assessment of discriminant validity using the Fornell Larcker criterion. 

 BI  EE  FC  PE  SI  UB  

BI  0.845       

EE  0.543  0.874      

FC  0.434  0.504  0.745     

PE  0.525  0.463  0.388  0.839    

SI  0.426  0.456  0.564  0.358  0.843   

UB  0.645  0.437  0.337  0.441  0.344  1.000  

Note. PE = Performance expectancy; EE = Effort expectancy; SI = Social influence; FC = Facilitating conditions; BI 

= Behavioral intention; UB = Usage behavior. 

Table 5. Assessment of discriminant validity using the HTMT criterion. 

 BI  EE  FC  PE  SI  UB  

BI        

EE  0.612       

FC  0.545  0.623      

PE  0.631  0.549  0.512     

SI  0.509  0.540  0.738  0.451    

UB  0.687  0.461  0.390  0.489  0.385   

Note. PE = Performance expectancy; EE = Effort expectancy; SI = Social influence; FC = Facilitating conditions; BI 

= Behavioral intention; UB = Usage behavior. 

5.2. Structural Model Assessment t 

Following established guidelines for PLS-SEM analysis (Hair et al., 2017), we assessed the 

structural model through a systematic examination of collinearity, path coefficients, explanatory 

power (R²), effect sizes (f²), and predictive relevance (Q²). 

The evaluation of collinearity among predictor constructs was conducted using Variance 

Inflation Factor (VIF). As shown in Table 6, all inner VIF values ranged from 1.026 to 3.133, well below 

the threshold of 5 (Hair et al., 2017), indicating that collinearity does not reach critical levels in the 

structural model. 
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The significance of path coefficients was evaluated through bootstrapping with 5,000 resamples 

(Hair et al., 2017). Table 7 presents the results of hypotheses testing. Performance expectancy 

exhibited the strongest effect on behavioral intention (β = 0.337, t = 4.806, p < 0.001, f² = 0.073), followed 

by effort expectancy (β = 0.286, t = 3.712, p < 0.001, f² = 0.006) and social influence (β = 0.240, t = 3.600, 

p < 0.001, f² = 0.036), supporting H1, H2, and H3 respectively. While behavioral intention showed a 

strong positive effect on usage behavior (β = 0.617, t = 15.213, p < 0.001, f² = 0.527), supporting H5, the 

relationship between facilitating conditions and usage behavior was not significant (β = 0.055, t = 

0.995, p > 0.05), thus H4 was not supported. 

The hypothesized moderating effects of age and gender (H6 and H7) were tested but found to 

be non-significant, as illustrated in Figure 8, indicating that the relationships between the main 

constructs remain consistent across demographic groups. 

The coefficient of determination (R²) values indicate that the model explains 43.7% of the 

variance in behavioral intention and 42.1% in usage behavior (Table 8). According to Hair et al. (2019), 

these R² values represent moderate explanatory power. The model's predictive relevance was 

assessed using the blindfolding procedure (Hair et al., 2017). The resulting Q² values for behavioral 

intention (0.294) and usage behavior (0.409) were substantially above zero, confirming the model's 

predictive relevance. 

Table 6. Inner VIF values. 

 Age  BI  EE  FC  
Gend

er  
PE  SI  UB  

Age   1.042        

BI         1.247  

EE   3.133        

FC         2.465  

Gender   1.037       1.026  

PE   2.763        

SI   2.867        

UB          

Age x PE   1.274        

Age x EE   1.345        

Age x SI   1.265        

Gender x 

FC  
       2.161  

Gender x 

SI  
 2.764        

Gender x 

EE  
 3.029        

Gender x 

PE  
 2.774        

Note. PE = Performance expectancy; EE = Effort expectancy; SI = Social influence; FC = Facilitating conditions; BI 

= Behavioral intention; UB = Usage behavior. 

Table 7. Result of structural model examination. 

Hypotheses Paths Path 

coefficients 

T-

values 

f2 VIF Remarks 
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H1 PE→BI 0.337*** 4.806  0.073 2.763 Supported 

H2 EE→BI 0.286***  3.712  0.006 3.133 Supported 

H3 SI→BI 0.240***  3.600  0.036 2.867 Supported 

H4 FC→UB 0.055 NS  0.995  0.002 2.465 Unsupported 

H5 BI→UB 0.617***  15.213  0.527 1.247 Supported 

H6&H7      Unsupported 

Note. PE, Performance expectancy; EE, Effort expectancy; SI, Social influence; FC, Facilitating conditions; SD, 

standard deviation; TAI, Trust in AI; BI, Behavioural Intention; UB, Usage Behavior; ***, p < 0.001; **, p < 0.01; *, 

p < 0.05; NS, p > 0.05. 

 

Figure 2. Structural Model Results with Path Coefficients and Significance Levels. 

Table 8. Result of coefficient of determination (R²) values and (Q²) values. 

Endogenous constructs R2 Q2 

BI 0.437  0.294 

UB 0.421  0.409 

Note. BI, Behavioural Intention; UB, Usage Behavior. 

6. Discussion 

6.1. Main Effects of UTAUT Constructs 

Performance expectancy emerged as the strongest predictor of behavioral intention (β = 0.337, p 

< 0.001), consistent with prior UTAUT research in higher education contexts (García-Murillo et al., 

2023). This finding aligns with Bertram et al.'s (2021)  observation that AI tools significantly support 

students in handling historical documents and deepening their understanding of complex historical 

events. The result suggests that history students primarily value AI tools for their potential to 

enhance academic performance, particularly in areas such as document analysis and historical 

research assistance (Kim et al., 2024). 

Effort expectancy demonstrated the second strongest effect on behavioral intention (β = 0.286, p 

< 0.001), highlighting the importance of user-friendly AI interfaces. This finding supports Sheng's 
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(2023) argument that history students must effectively integrate AI capabilities with established 

historical research methods. The significant impact of effort expectancy suggests that perceived ease 

of use remains crucial for AI adoption in humanities disciplines, where students must balance 

technical competency with disciplinary expertise (Du & Lv, 2024).. 

Social influence showed a significant positive effect on behavioral intention (β = 0.240, p < 0.001), 

reflecting the collective nature of technology acceptance decisions in Malaysian culture (Polyportis & 

Pahos, 2024). This finding aligns with research highlighting the importance of peer and faculty 

influence in shaping students' technology adoption behaviors in Malaysian higher education (Dahri 

et al., 2024). 

Surprisingly, facilitating conditions did not significantly influence usage behavior (β = 0.055, p > 

0.05), contradicting previous findings in educational technology adoption research (Ajigini, 2022). 

This unexpected result might be attributed to the increasing accessibility of AI tools through personal 

devices and cloud-based platforms, potentially reducing students' dependence on institutional 

infrastructure. 

6.2. Demographic Considerations 

Contrary to our hypotheses, neither age nor gender exhibited significant moderating effects on 

the relationships between UTAUT constructs. This finding diverges from previous studies that found 

demographic differences in technology acceptance patterns (Binyamin et al., 2020; Wong et al., 2012) . 

The absence of moderating effects suggests that AI acceptance in history education transcends 

demographic boundaries, possibly due to the widespread exposure to digital technologies among 

contemporary students. 

6.3. Theoretical and Practical Implications 

Our research extends UTAUT's application to AI in history education, contributing to 

technology acceptance theory in several ways. First, it demonstrates UTAUT's robustness in 

humanities-based disciplines, with the model explaining 43.7% of variance in behavioral intention. 

Second, the non-significant effect of facilitating conditions suggests an evolution in how institutional 

support influences technology adoption in the era of cloud-based AI tools. Third, the absence of 

demographic moderating effects indicates a possible convergence in technology acceptance patterns 

among modern students. 

Our findings offer several practical implications for educators and institutions implementing AI 

in history education. Given the strong influence of performance expectancy, implementation 

strategies should highlight concrete benefits for historical research and analysis tasks. Educational 

institutions should demonstrate how AI tools can enhance specific history-related activities such as 

document analysis, source verification, and historical pattern recognition. The significant role of 

effort expectancy underscores the need for user-friendly AI interfaces that align with historical 

research methodologies. Institutions should invest in AI tools that integrate seamlessly with existing 

historical research practices while providing clear instruction and support materials. Furthermore, 

the importance of social influence suggests that peer learning programs and faculty endorsement can 

effectively promote AI adoption. While facilitating conditions showed non-significant effects, 

institutions should maintain support systems that address discipline-specific needs in history 

education, ensuring that technical infrastructure and support services remain accessible to all 

students. 

7. Conclusion 

This study makes several significant contributions to understanding AI acceptance in history 

education. First, it validates UTAUT's applicability in humanities-based disciplines, providing a 

theoretical framework for future research in this domain. Second, it offers practical insights for 

educational institutions seeking to integrate AI tools into history education effectively. Third, it 
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highlights the evolving nature of technology acceptance patterns among contemporary students, 

where traditional demographic distinctions may be less relevant. 

Despite these contributions, several limitations suggest directions for future research. The cross-

sectional design limits understanding of how AI acceptance evolves over time, suggesting the need 

for longitudinal studies. The focus on Malaysian universities may affect generalizability to other 

cultural contexts, indicating opportunities for cross-cultural comparative studies. Future research 

could explore discipline-specific variables such as historical thinking skills and disciplinary identity, 

as well as investigating the relationship between AI acceptance and learning outcomes in history 

education. 
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