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Rapid advances in Artificial Intelligence (AI) have driven the growth of Intelligent 

Learning Systems (ITS) that support adaptive and personalized learning, however, the 

implementation of ITS in vocational education remains limited and has not been fully 
integrated into real-world, competency-based training environments. The research 

contribution of this study is threefold: a comprehensive synthesis of recent AI-based ITS 

research, a quantified account of the persistent research gap in vocational-education 
applications, and a conceptual framework for implementing ITS in vocational settings 

that integrates competency-based content, dual cognitive-psychomotor student 

modelling, and simulation-based pedagogy. This study applies a Systematic Literature 
Review guided by the PRISMA protocol. From 300 articles identified across major 

scientific databases, a staged process of screening, eligibility assessment, and quality 

assessment yielded 30 articles published between 2019 and 2025 for final analysis. The 
findings show a sharp increase in ITS publications, with 46.7% published in 2025 alone, 

driven largely by the adoption of generative AI and large language models. By research 

type, 50% were systematic reviews, 23.3% empirical studies, 13.3% technology-

development studies, and 13.3% conceptual studies. Most studies (63.3%) were 

conducted in general education contexts, while only 6.7% specifically addressed 

vocational or workforce-based education, confirming a clear and persistent research gap. 
ITS was found to effectively support adaptive learning through dynamic content 

adjustment, personalized learning pathways, real-time feedback, and data-driven 

performance prediction enabled by the integration of Learning Analytics and 
Educational Data Mining. AI-based ITS holds substantial potential to enhance learning 

effectiveness, but further empirical research is needed to validates its implementation in 

vocational education, particularly through the conceptual framework proposed in this 
study.  
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1. INTRODUCTION 

Over the past few decades, the rapid development of digital technology has significantly transformed 

many aspects of human life, including education [1][2]. This transformation affects not only how information 

is communicated but also how the learning process is designed and delivered [3]. Artificial Intelligence (AI) is 

one of the key technologies driving this change [4][5]. Enabling computer systems to support human cognitive 

tasks such as reading, analyzing, and drawing conclusions from data [6]. In education, AI has enabled the 

development of more flexible, interactive, and student-centered learning systems [7]-[9].  

The application of AI in education commonly referred to as Artifiicial Intelligence in Education (AIED) 

continues to grow in line with the inscreasing demand for flexible, technology based learning [10][11]. AIED 

focused on leveraging AI to improve learning efficiency through data analysis, personalization, and process 

automation [12]-[14].  As a result, AI functions not merely as supporting tool but as acore component in the 

development of intelligent learning systems [15][16]. One of the main advantages of AIED is its ability to 

understand student learning behaviors in greater depth [17][18] This allows the system to provide a more 

personalized learning experience tailored to the characteristics of each student [19]. In this context, AI not only 

serves as an auxiliary tool but also as a key component in the development of intelligent learning systems [20].  

One concrete implementations of AI in education is the Intelligent Tutoring System (ITS) [21]. ITS is a 

computer-based learning system designed to deliver automated tutoring that resembles interaction with a 

human tutor [22], capable of providing direct feedback, identifying student errors, and adjusting learning 

materials to each student's level of understanding [23]. Unlike conventional, one-way learning systems, ITS 

adapts the learning process based on data obtained from student interactions [24]-[26], allowing each student 

to learn at their own pace and enabling timely, specific feedback [27][28]. 

An ITS is generally built from four interconnected components: (1) the domain model, which represents 

the structure of the learning materials [29], (2) The student model, which captures student’s abilities, 

knowledge, and characteristics [30][31] (3) The pedagogical model, which determines the most suitable 

teaching strategy based on the students' conditions [32]. And (4) the user interface, which mediates interaction 

between students and the system [33].  

The adaptive capability of ITS is closely tied to the concepts of personalized learning and adaptive 

learning [34]. Personalized learning refers to an educational approach tailored to the needs, interests, and 

abilities of individual students [35]. While adaptive learning relies on the system’s ability strategies based on 

students performance [36]-[38]. Together, these two concepts from the theoritical foundation for ITS 

development. 

In practice, ITS relies on data-driven approaches to understand student learning behavior, particularly 

Learning Analytics (LA) [39][40]. LA involves collecting, measuring, and analyzing data related to students' 

learning activities such as study time, interaction frequency, task completion rates, and error patterns to gain 

deeper insight into learning progress [41]-[43]. Beside LA, another important approach in the development of 

ITS is Educational Data Mining (EDM) [44]. EDM focuses on the process of discovering patterns or hidden 

information from learning data using data analysis techniques and artificial intelligence algorithms [45]. EDM, 

meanwhile, focuses on discovering hidden patterns in learning data using data analysis and AI algorithms, 

enabling the system to predict learning performance, identify difficulties, and generate more accurate 

recommendations [46]. When combined, LA and EDM allow ITS to deliver a more personalized and adaptive 

learning experince [47].  

Although research on ITS has grown rapidly [48], most studies still focus on its application in the context 

of general education, such as primary and higher education. Research specifically discussing the 

implementation of ITS in vocational education is still relatively limited [49]. However, vocational education 

has characteristics that differ from general education, as it places more emphasis on mastering practical skills 

and technical competencies relevant to the workforce [50]. Therefore, a more adaptive and contextual learning 

approach is needed to support the learning process in vocational education [51]. 

The limitations of research on the application of ITS in vocational education indicate a research gap that 

needs to be further examined. Moreover, the development of AI, LA, and EDM technologies provides 

opportunities to develop more advanced and effective learning systems [52]. Therefore, it is important to 

conduct a comprehensive study on the development of ITS research and its potential application in supporting 

adaptive and personalized learning in vocational education [53]. 

The research contributions of this study are as follows: (1) it presents a comprehensive synthesis of AI-

based ITS research published between 2019 and 2025, (2) it identifies the dominant AI techniques used in ITS 

including machine learning, deep learning, and natural language processing, and their respective roles, (3) it 

examines how the integration of LA and EDM supports data-driven learning, (4) it reveals a significant and 

persistent research gap in the application of ITS within vocational education, and (5) its proposes a conceptual 
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framework for implementating ITS in vocational education to support adaptive and personalized learning, 

distinguishing it from existing general purpose ITS architectures.  

This study is expected to contribute to the advancement of educational technology knowledge, 

particularly regarding the use of AI to build more flexible, individualized, and relevant learning systems, and 

to serve as a a reference for researchers and education practitioners in developing and implementing AI-based 

learning technologies in vocational education.  

 

2. METHODS 

2.1. Research Design 

This study adopts a Systematic Literature Review (SLR) approach to comprehensively examine the 

development and implementation of AI-based Intelligent Tutoring Systems (ITS) in supporting and 

personalized learning. The SLR method was selected because it offers a structured, transparent, and replicable 

procedure for synthesizing findings from prior research, allowing for a broader understanding of patterns, 

approaches, and impacts within the field [54]. This study follows the PRISMA (Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses) guidelines [55] to ensure transparency and methodological rigor at 

every stage of the review process.  

 

2.2. Research Procedure 

The research procedure consists of five interconnected stages: (1) formulation of the research problem 

and questions, (2) determination of the literature search strategy, (3) article selection, (4) data extraction, and 

(5) data analysis and synthesis. Figure 1 presents the flowchart summarizing these stages. 

 

 
Figure 1. Flowchart of the Six-Stage Research Procedure 

 

2.2.1. Formulation of the Problem and Research Questions 

The research focus was defined around the application of ITS in adaptive and personalized learning, with 

specific attention to vocational education contexts. 

 

2.2.2. Literature Search Strategy 

Search terms included “Intelligent Tutoring System,” “Artificial Intelligence,” “Adaptive Learning,” 

“Personalized Learning,” “Learning Analytics,” and “Educational Data Mining.” Searches were conducted in 

Scopus, IEEE Xplore, ScienceDirect, and Google Scholar, selected for their strong coverage of educational 

technology and AI literature. Boolean operators (AND, OR) were used to combine terms, for example: 
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(“Intelligent Tutoring System”) AND (“Artificial Intelligence”) AND (“Adaptive Learning” OR “Personalized 

Learning”) AND (“Learning Analytics” OR “Educational Data Mining”). The search was restricted to articles 

published between 2019 and 2025 to capture the most recent developments in the field. 

 

2.2.3. Article Selection 

Articles were screened in stages first by title and abstract, then by full text against the inclusion and 

exclusion criteria below. To reduce selection bias, screening was independently conducted by two reviewers, 

disagreements were resolved through discussion, and where consensus could not be reached, a third reviewer 

was consulted. Inclusion criteria:  

a. Discuses Intelligent Tutoring Systems in an educational context  

b. Involves the use of Artificial Intelligence 

c. Addresses adaptive of personalized learning 

d. Published as a scientific article (journal of peer-reviewed proceedings) 

e. Published between 2019-2025 Exclusion criteria: not relevant to the ITS topic, non-academic sources, 

full text not available 

 

2.2.4. Quality Assessment 

Each full-text article that passed the eligibility screening was appraised using a quality assessment 

checklist covering four criteria, each scored on 3-point scale: (0 = not met, 1 = partially met, 2 = fully met). 

The four criteria were: (1) clarity of research objectives, (2) appropriateness of the methodology, (3) validity 

of reported findings, and (4) relevance to IT in vocational education. Two reviewers scored each article 

independently, and inter-rater agreement was checked, and discrepancies were resolved through discussion. 

Articles scoring below 4 out of a maximum of 8 were flagged for exclusion or required justified retention. The 

complete quality assessment results for all 30 included studies are presented in Table 1. 

 
Table 1. Quality Assessment of Selected Studies  

No. Author’s, Year Purpose Methods Validity Vocational Relevance Total 

1  Yuce. et al. (2019) 2 2 2 1 7 

2  Yang & Zhang. (2019) 2 2 1 1 6 

3  Beyyoudh. et al. (2019) 2 1 1 1 5 

4  Kochmar, et al. (2020) 2 2 2 1 7 

5  Paladines & Ramfrez (2020) 2 2 2 1 7 

6  Castro-Schez. et al. (2021) 2 2 2 1 7 

7  Guo. et al. (2021) 2 2 2 1 7 

8  Le & Jia. (2022) 2 2 2 1 7 

9  Ashwin. et al. (2023) 2 2 2 1 7 

10  Chevalere. et al. (2023) 2 2 2 1 7 

11  Lin, Huang & Lu (2023) 2 2 2 1 7 

12  Son (2024) 2 2 2 1 7 

13  Spitzer. et al. (2024) 2 2 2 1 7 

14  Sychev (2024) 2 1 1 1 5 

15  Ilic. et al. (2024) 2 2 2 1 7 

16  Gomes (2024) 2 1 1 1 5 

17  Letourneau. et al. (2025) 2 2 2 1 7 

18  Latif, Liu & Zhai (2025) 2 2 2 1 7 

19  Marquez-Carpintero. et al. (2025) 2 2 1 1 6 

20  carvalho. et al. (2025) 2 2 2 1 7 

21  Bai. et al. (2025) 2 2 2 1 7 

22  Huang, Xu & Liu (2025) 2 2 2 1 7 

23  Arnau-Gonzalez. et al. (2025) 2 2 2 1 7 

24  Feng. et al. (2025) 2 1 1 1 5 

25  Prasetya. et al. (2025) 2 2 2 2 8 

26  Rodrigues. et al. (2025) 2 2 2 1 7 

27  Akhter (2025) 2 2 1 1 6 

28  Villegas-Ch. et al. (2025) 2 2 2 1 7 

29  Naayini (2025) 2 1 1 1 5 

30  Georgia Tech. et al. (2025) 2 2 2 2 8 
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2.2.5. Data Extraction 

Key information was extracted from each included article, including research method, AI technique used, 

database source, and contribution to adaptive/personalized learning research. 

 

2.2.6. Data Analysis and Synthesis  

Extracted data were analyzed using descriptive and thematic approaches. Descriptive analysis grouped 

articles by characteristic such as publication year, AI approach, and research focus. Thematic analysis 

examined recurring themes, including the implementation of adaptive and personalized learning and the 

integration of LA and EDM. Together, these approaches provide both a quantitative overview of research 

trends and a qualitative understanding of conceptual developments in AI-based ITS. The complete article 

selection process, following the PRISMA flow (identification, screening, eligibility, and inclusion), is 

presented in Figure 2. From an initial 300 articles, a stepwise selection process yielded 30 articles for final 

analysis. 

  

  
Figure 2. PRISMA flow diagram of the article process in Systematic Literature Review (SLR) 

 

2.3. Validation and Reliability  

The validity of this study was supported through three measures: (1) the use of high-quality, credible 

databases (Scopus, IEEE Xplore, ScienceDirect, Google Scholar), (2) consistent application of 

inclusion/exclusion criteria and the quality assessment checklist described above, and (3) independent 

screening and scoring by two reviewers, with inter-rater agreement checked at each stage to minimize selection 

bias. These measures collectively support the reliability and reproducibility of the review process.  

 

3. RESULT AND DISCUSSION 

3.1. Study Selection Results 

Based on the literature search process using several scientific databases, a total of 300 articles relevant to 

the research keywords were obtained. After removing duplicates and screening titles/abstracts, 120 articles 

were excluded, leaving 180 articles. A thorough evaluation of the full text was then conducted against the 

inclusion and exclusion criteria, 120 articles were excluded at this stage (80 not relevant to ITS, 20 not using 

AI, 20 without full text access), resulting in 60 articles retained for quality assessment. Using the four criterion 
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checklist described in the Methods section (Table 2), each of the 60 articles was scored independently by two 

reviewers, 30 articles scoring above the retention threshold and most relevant to the research focus were 

selected as the final sample for analysis in this study.  

 

3.2. Characteristic of Selected Studies 

The characteristics of the 30 selected studies indicate that ITS development in recent years has been 

dominated by increasingly diverse and complex AI-based approaches. Most research focuses on adaptive 

learning systems utilizing machine learning, deep learning, natural language processing, and reinforcement 

learning, and almost all studies integrate data-driven approaches particularly learning analytics and EDM to 

better understand student learning behavior. The characteristics of the selected studies were analyzed based on 

publication year, research type, and research focus. Publication year of 30 selected studies, the largest share 

was published in 2025, with 14 studies (46.7%), followed by 2024 with 5 studies (16.7%) and 2019 and 2023 

each 3 studies (10%). The years 2020 and 2021 each contributed 2 studies (6.7%), while 2022 contributed 1 

study (3.3%). This distribution reflects the accelerating research interest in ITS in line with advances in 

generative AI and large language models since 2023.  

Research types systematic review and meta analyses dominate the field, accounting for 15 studies (50%), 

followed by empirical or case studies with 7 studies (23.3%). Technology development studies (system design 

and implementation) account for 4 studies (13.3%), and conceptual of framework based studies account for 4 

studies (13.3%). This distribution suggests that while literature synthesis remains the dominant mode of 

inquiry, a substantial share of research (36.6%) is now grounded in empirical validation or system development 

rather than synthesis alone. Research focus the majority of studies (19 studies, 63.3%) are conducted in general 

education contexts. Meanwhile, 7 studies (23.3%) focus specifically on STEM education, and 2 studies (6.7%) 

fall into other specialized contexts (e.g., multilingual learners, language teaching). Notably, only 2 studies 

(6.7%) Prasetya et al. (2025) [56] specifically address vocational or workforce based education, confirming a 

significant and persistent research gap in this area.  

 

3.3. Trends in Intelligent Tutoring System Research 

The analysis results show that research related to ITS has experienced a significant increase since 2018 

[57]. This increase reflects the growing attention of researchers toward the utilization of AI in education, 

particularly in adaptive and personalized learning systems. Before that period, research on ITS tended to be 

limited and more focused on basic concepts and system models [58]. However, alongside advances in 

computing technology and the availability of large amounts of data, ITS research has evolved toward more 

complex and adaptive implementations [59].  

This trend is also driven by supporting technologies such as machine learning, deep learning, and natural 

language processing, which enable learning systems to better understand user needs [60]. The near tripling of 

publications in 2025 compared to 2024 in this sample coincides with the rapid mainstream adoption of large 

language models 6 of the 14 studies published in 2025 explicitly incorporate LLM or generative AI 

components, compared to none before 2023. This suggests that generative AI has become a distinct new wave 

within ITS research, layered on top of the earlier machine learning based wave.  

nevertheless, the distribution of research is still dominated by general education contexts, while vocational 

education remains represented by only 2 of 30 studies (6.7%). Compared to earlier reviews of the ITS [61]. 

Which also reported general education dominance without specifically quantifying the vocational gap, this 

study provides a more direct quantification of that gap and confirms it persists even in the most recent literature 

(2025).  

 

3.4. AI Techniques Used in ITS  

Based on the analysis, the AI technologies most widely used in ITS development include machine 

learning, deep learning, natural language processing, and reinforcement learning [62][63]. These technologies 

are used to model students' learning behaviors through interaction data analysis, generate learning  

recommendations aligned with students' ability, and improve the quality of human-system interaction. Among 

the 30 studies, natural language processing and generative AI approaches are increasingly prominent in the 

2024-2025, reflecting a shift from purely rule-based or statistical models toward conversational, LLM-driven 

tutoring interfaces such as GPTtutor [20] and generative pre-trained models for language teaching [23].  

 

3.5. Role of Learning Analytic and Educational Data Mining 

The results show that the utilization of LA and EDM plays an important role in improving ITS 

performance [64]. LA is used to continuously monitor students' learning activities, such as interaction 
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frequency, study time, and task completion rates, allowing both the system and educators to more accurately 

understand learning progress over time. EDM, meanwhile, focuses on mining to uncover learning data to 

uncover patterns that are not immediately visible. Through this approach, the system can identify difficulties 

and error patterns, and predict future learning performance based on historical data [65]. By combining LA 

and EDM, ITS becomes better equipped to support data-driven learning through more precise, adaptive, and 

individualized interventions. This combination is particularly relevant for vocational education, where 

performance data often includes both cognitive indicators (knowledge tests) and psychomotor indicators (skill 

execution) a dual data structure not yet addressed by the general education oriented LA/EDM models reviewed 

in this study.  

 

3.6. ITS for Adaptive and Personalized Learning  

Most of the reviewed studies shows that ITS is highly effective in supporting adaptive learning and 

personalized learning, evidenced by system's ability to adjust learning materials to each student's level of 

understanding and needs [66]. ITS also commonly provides automatic, real-time feedback and dynamically 

adjust material difficulty, helping create a more flexible, interactive, and student centered learning experience.   

However, this effectiveness has almost exclusively been demonstrated in general education settings [67]. 

Compared to the broader ITS literature including reviews with a similar scope, such as Rodrigues et al. [26] in 

engineering education and Ashwin et al. [8] on movement based IT’S the present study finds that even domain 

specific ITS reviews rarely extend into vocational or workforce based training contexts. The one exception 

identified in this sample, the XR-enhanced ITS for industrial skill training (wood-pallet repair and forklift 

operation), demonstrates that adaptive, feedback driven ITS principles are transferable to psychomotor, 

workplace based skills but such applications remain rare (2 of 30 studies) relative to the volume of general 

education ITS research. 

Strengths and limitations of the reviewed evidence. The strength of the current evidence base lies in its 

methodological diversity combining meta analyses [21], large sample empirical studies [12], and system 

development papers [22][23] which together provide converging evidence that ITS improves learning 

outcomes across multiple designs. Its main limitation is generalizability, because 63.3% of studies are set in 

general education and only 6.7% in vocational contexts, conclusions about ITS effectiveness for skill-based, 

competency-driven vocational learning remain largely extrapolated rather than directly evidenced.  

 

3.7. Conceptual Framework for ITS in Vocational Education  

To address this research gap, this study proposes a conceptual framework for implementing an AI-based 

intelligent tutoring system in vocational education, illustrated in Figure 3.  

 

 
Figure 3. Conceptual Framework of an AI-Based Intelligent Tutoring System for Vocational Education 
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This framework consists of four interconnected components, the domain model, student model, 

pedagogical model, and a user interface, supported by an AI-driven core system. What distinguishes this 

framework from conventional general-education ITS architectures [61] and [62] is threefold: (1) the domain 

model is structured around vocational competency units and practical skill standards rather than declarative 

subject content, (2) the student model captures both cognitive and psychomotor performance indicators, 

following the dual-data structure identified in section 3,5 rather than test scores alone, and (3) the pedagogical 

model explicitly incorporates simulation-based learning and hands-on practice modules, informed by the XR-

based industrial training approach identified in this review [30], rather than purely text or exercise based 

instruction.  

In terms of implementation fasibility, this framework could be piloted in a vocational high school (SMK) 

settings using a quasi-experimental pretest-posttest design, following the methodological precedent already 

demonstrated for ITS in Indonesian vocational contexts, with LA/EDM components used to track both 

knowledge acquisition and hands on skill progression. Future empirical validation of this framework rather 

than further conceptual elaboration represents the most direct way to close the research gap identified in this 

study.  

 
Table 2. Characteristic of Selected Studies 

No. Author’s Year Research Type AI Approach Research Focus 

1  Yuce. et al. 2019 Empirical/case study Structural equation modeling General education 

2  Yang & Zhang. 2019 Systematic review Robotics-based ITS General education 

3  Beyyoudh. et al. 2019 Conceptual/framework 
Serious games, workflow 

adaptation 
General education 

4  Kochmar, et al. 2020 
Technology 

development 
Machine learning feedback General education 

5  Paladines & Ramfrez 2020 Systematic review NLP dialogue systems STEM education 

6  Castro-Schez. et al. 2021 Empirical/case study Predictive parsing algorithm STEM education 

7  Guo. et al. 2021 Systematic review Scientometric/bibliometric General education 

8  Le & Jia. 2022 
Technology 

development 
Learner-autonomy adaptive engine General education 

9  Ashwin. et al. 2023 Systematic review 
Computer vision (body 

movement) 
Other 

10  Chevalere. et al. 2023 Empirical/case study Path analysis, appraisal modeling General education 

11  Lin, Huang & Lu 2023 Systematic review Sustainability-oriented AI/ITS General education 

12  Son 2024 Systematic review Mixed AI techniques (2003-2023) STEM education 

13  Spitzer. et al. 2024 Empirical/case study Psychological network analysis STEM education 

14  Sychev 2024 Conceptual/framework Cognitive modeling language General education 

15  Ilic. et al. 2024 Systematic review Mixed AI techniques STEM education 

16  Gomes 2024 Conceptual/framework Narrative synthesis General education 

17  Letourneau. et al. 2025 Systematic review Quasi-experimental synthesis General education 

18  Latif, Liu & Zhai 2025 Systematic review Robotics & ITS classification General education 

19  
Marquez-Carpintero. et 

al. 
2025 Systematic review Large language models General education 

20  Carvalho. et al. 2025 Systematic review Multiple-intelligence modeling General education 

21  Bai. et al. 2025 Empirical/case study GPT-based tutoring General education 

22  Huang, Xu & Liu 2025 Systematic review Meta analysis General education 

23  Arnau-Gonzalez. et al. 2025 
Technology 

development 
Conversational agent framework General education 

24  Feng. et al. 2025 
Technology 

development 
Generative pre-trained model 

Other (language 

teaching) 

25  Prasetya. et al. 2025 Systematic review Bibliometric analysis Vocational education 

26  Rodrigues. et al. 2025 Systematic review Mixed AI techniques STEM education 

27  Akhter 2025 Systematic review Mixed AI techniques General education 

28  Villegas-Ch. et al. 2025 Empirical/case study Deep learning, NLP STEM education 

29  Naayini 2025 Conceptual/framework Narrative synthesis General education 

30  Georgia Tech. et al. 2025 Empirical/case study 
Extended Reality (XR) + AI 

tutoring 
Vocational education 

 

4. CONCLUSIONS 

This systematic literature review examined 30 studies published between 2019 and 2025 on the 

development and implementation of AI-based Intelligent Tutoring Systems (ITS) for adaptive and personalized 

learning. The findings show that ITS research has grown rapidly since 2018, driven by advances in machine 
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learning, deep learning, natural language processing, and most recently generative AI and large language 

models, which accounted for a sharp rise in publications during 2024-2025. Learning Analytics and 

Educational Data Mining were found to play a central role in enabling ITS to monitor learning behavior, predict 

performance, and deliver data-driven, individualized feedback.  

Despite this growth, the review confirms a significant and persistent research gap: only 2 of the 30 studies 

(6.7%) specifically address ITS in vocational or workforce-based education, even in the most recent literature. 

Existing ITS models remain oriented toward general academic content and cognitive assessment, with limited 

attention to the competency-based, practice-oriented, and psychomotor demands characteristic of vocational 

learning.  

This contributes to the ITS literature in two ways: first, by quantifying the vocational-education gap across 

recent AI-driven ITS research rather than noting it only qualitatively, as in prior reviews [61][62], and second, 

by proposing a conceptual framework that extends conventional ITS architecture with a competency-based 

domain model, a dual cognitive-psychomotor student model, and simulation-based pedagogical strategies 

informed by emerging XR-enhanced tutoring approaches.  

This study has several limitations. First, the review is limited to 30 articles selected through a defined 

search and quality-assessment procedure, which may not capture all relevant work, particularly non-English 

publications or industry technical reports. Second, the proposed conceptual framework has not yet been 

empirically validated or piloted in an actual vocational learning environment. Third, because only two included 

studies directly addressed vocational contexts, conclusions about ITS effectiveness for skill-based learning 

remain largely extrapolated from general-education evidence rather than directly demonstrated.  

Future research should prioritize empirical validation of the proposed framework through pilot 

implementation in vocational high schools (SMK) or technical training centers, using quasi-experimental 

deisgn to measure both cognitive and psychomotor learning outcomes. Further work is also needed to develop 

and validate LA/EDM models capable of processing psychomotor performance data (e.g., from simulation or 

XR-based practice), which current general-education-oriented models do not adequately support. Finally, 

longitudinal studies tracking skill retention and workplace performance after ITS-supported vocational training 

would help establish the real-world impact of this approach beyond immediate learning gains.  
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