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ABSTRACT

Background: Artificial intelligence (AI) increasingly shapes vocational education and training (VET). Despite its transformative potential, a systematic overview of the
design characteristics and empirical effectiveness of Al-based interventions in vocational contexts remains lacking.

Aim: This review synthesizes empirical research on Al-supported interventions in VET, focusing on educational purposes, theoretical conceptualizations of human-AI
interaction, methodological designs, and evidence of learning outcomes.

Method: Following PRISMA guidelines, 26 empirical studies published between 2015 and 2026 were identified through ERIC, Web of Science, and Elicit, and
analyzed using a theory-informed coding scheme.

Findings: Intelligent Extended Reality shows consistent positive effects on procedural competence, practical skills, and learner motivation; Intelligent Tutoring
Systems foster declarative and procedural knowledge; Al chatbots show promising effects on self-regulation and task performance. However, the evidence base is
methodologically constrained: only five randomized experimental studies were identified. Across applications, Al is predominantly implemented through behaviorist
or cognitively oriented instructional designs that emphasize drill-and-practice and adaptive feedback. In contrast, approaches fostering learner agency, critical
reflection, and autonomous decision-making remain underrepresented.

Conclusion: Current research largely reflects a generalized ,,success narrative” surrounding Al in VET. Future studies should investigate failure cases, contextual
moderators, and boundary conditions more systematically to develop a more differentiated understanding of the effectiveness of Al interventions. To realize the
transformative potential of AI in VET, research and practice must move beyond replicating human instruction—avoiding the Turing Trap—and instead design
learning environments that augment human judgment, strengthen learner agency, and support teachers in empathetic and holistic guidance.

1. Introduction people work and learn. In vocational education and training (VET), this
transformation carries particular weight: VET systems are responsible
Artificial intelligence (AI) is reshaping the conditions under which for preparing learners not only to acquire knowledge, but also to
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! We conceptualize Vocational Education and Training (VET) as education and training designed to prepare individuals for skilled occupations, most often—but
not exclusively—at the postsecondary level. Pathways to acquiring these competences include work-based learning such as apprenticeships and on-the-job training,
as well as structured programs delivered in formal educational institutions (OECD, 2021), but exclude higher education. Many systems combine these approaches,
resulting in dual VET models that integrate school-based instruction with workplace training.

https://doi.org/10.1016/j.caeai.2026.100628
Received 20 February 2026; Received in revised form 5 June 2026; Accepted 16 June 2026

Available online 17 June 2026
2666-920X/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://orcid.org/0000-0002-9714-6465
https://orcid.org/0000-0002-9714-6465
mailto:viola.deutscher@uni-goettingen.de
mailto:herbert.thomann@uni-goettingen.de
mailto:troitschanskaia@uni-mainz.de
mailto:ulrike.weyland@uni-muenster.de
mailto:stephan.abele@tu-dresden.de
mailto:amory.danek@tum.de
mailto:samuel.greiff@tum.de
mailto:rausch@uni-mannheim.de
mailto:susan.seeber@uni-goettingen.de
mailto:juergen.seifried@uni-mannheim.de
mailto:esther.winther@uni-due.de
www.sciencedirect.com/science/journal/2666920X
https://www.sciencedirect.com/journal/computers-and-education-artificial-intelligence
https://doi.org/10.1016/j.caeai.2026.100628
https://doi.org/10.1016/j.caeai.2026.100628
http://creativecommons.org/licenses/by/4.0/

V. Deutscher et al.

perform competently in real and diverse occupational settings, which
are changing rapidly in the age of digitalization (Harteis & Billett,
2023), and are seldom limited to classroom instruction alone. There-
fore, in contrast to general education, VET frequently extends beyond
institutional boundaries: In dual-system models—in which learners
participate in both school-based instruction and workplace
training—the workplace itself constitutes a central learning environ-
ment, one that is authentic, socially embedded, and shaped by the norms
and practices of professional communities (Billett, 2014; Lave &
Wenger, 1991).

It is in precisely this context that AI's potential and its limitations
deserve careful empirical scrutiny. Whether and how AI can meaning-
fully advance learning in VET fields remains an open and empirical
question—one that cannot be answered without first understanding the
structural features that make VET a distinctive and demanding context
for educational intervention:

First, vocational learning is characterized by its domain specificity,
procedural orientation, and often tacit knowledge base, emphasizing
situated decision-making and embodied competence developed through
participation in communities of practice (Lave & Wenger, 1991; Guo
and Hu, 2026). Second, the school-based component of VET is persis-
tently limited when replicating the authenticity of workplace learning:
practical experience, real consequences, and the social dynamics of
professional practice are difficult to recreate through situated learning
within institutional settings (De Bruijn & Leeman, 2011; Dobricki et al.,
2020). Third, VET systems are typically implemented within highly
heterogeneous learner populations, encompassing diverse ages, lan-
guage proficiencies, prior educational backgrounds, and workplace ex-
periences (Ecton & Dougherty, 2023; Cedefop, 2026). Fourth, many VET
systems are structured around two institutionally distinct learning en-
vironments: school-based instruction and workplace training. This
structural fragmentation requires learners to navigate and reconcile
disparate instructional rationales and pedagogical expectations (Schaap
et al., 2012).

Al-enabled approaches hold significant potential for addressing these
key challenges in VET. Intelligent Tutoring Systems based on learning
analytics approaches that incorporate adaptive and context-sensitive Al
can scaffold complex vocational problem-solving through personalized
feedback and procedural guidance (Alfredo et al., 2024; Koedinger &
Aleven, 2007). Moreover, by capturing expert behavior and struc-
turing it into formal representations, Al can help make tacit workplace
knowledge more accessible to learners (Guo and Hu, 2026). Immersive,
Al-supported simulated environments may further overcome barriers to
authentic practice by recreating realistic workplace scenarios in safe,
cost-effective, and repeatable formats (Chernikova et al., 2020; Kablitz,
2025), consequently aligning school-based instruction and industry re-
quirements. At the same time, Al-powered conversational agents offer
opportunities to tailor instructional support to heterogeneous learner
groups by providing on-demand, context-sensitive feedback that adapts
to learner performance and pacing (Luckin et al., 2016). Intelligent
learning management systems that integrate data across institutional
boundaries may further mitigate structural discontinuities between
school-based and workplace learning, e.g., by tracking competence
development in both settings. They can support learners and instructors
in identifying gaps and aligning learning objectives (Hemmler &
Ifenthaler, 2022), thereby helping to address learner heterogeneity in
VET systems—activities that have traditionally required intensive
expert supervision.

Within education—and, by extension, in VET—AI can be conceptu-
alized as occupying four distinct roles: as a learning object, a learning tool,
a support tool, and as an actor. This framing reflects Al's multifaceted and
widely documented role in reshaping contemporary educational
systems—a role which is increasingly characterized in the literature as
“transformative” (Cela et al., 2024).
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1. Al as a learning objective: Al constitutes a learning object in its own
right. Contemporary vocational professionals are increasingly
required to understand, evaluate, and responsibly use Al systems as
part of their occupational competence. Accordingly, the ability to
work with Al is increasingly discussed as a distinct object of learning
(AI literacy) (European Union, 2024; Long & Magerko, 2020, pp.
1-16).

2. Al as a learning tool: Al can function as an instrument for adaptive
knowledge construction and personalized learning (Luckin et al.,
2016).

3. Al as a support tool: Al can be used to support instructors in designing
and evaluating curricula (Stiitz et al., 2022), improving assessment
practices (Hau & Schwartz, 2025; Sailer et al., 2023), and stream-
lining administrative processes (Chen et al., 2020).

4. Al as an actor: Recent educational research indicates a gradual shift
from conceptualizing Al merely as a tool to assigning it more active
roles. Al can function as a simulated tutor or collaborative peer,
mediating between large knowledge bases and learners' reasoning
processes (Holmes et al., 2019). This development positions Al not
merely as a tool, but as a collaborator—actively engaging in educa-
tional interactions.

In this review, we examine whether and under what conditions Al-
based interventions can yield demonstrable improvements, and how
Al functions as a tool for learners and teachers and as an actor within VET
(roles 2 to 4). We exclude Al as a learning objective for two reasons.
First, this dimension addresses a fundamentally different research
question—namely, what learners should know about and be able to do
with Al as part of their occupational competence (Al literacy), rather
than how AI can support learning processes. Second, this dimension is
served by a distinct and growing body of literature (Long & Magerko,
2020, pp. 1-16; European Union, 2024; Yue Yim, 2024) that follows
different conceptual frameworks, making an integrated synthesis with
intervention-focused research methodologically inappropriate.

Focusing on roles 2—4 of the above categorization—AI as a learning
tool, teacher tool, and educational actor—the key question is under
what conditions Al enhances learning in VET. Given the wide range of Al
applications and the diversity of vocational domains, learner pop-
ulations, and learning environments, substantial contextual variation in
its effectiveness is to be expected (Dobricki et al., 2020; Cela et al.,
2024). Consistent with broader research on AI in education, recent
work cautions against overly deterministic expectations and emphasizes
that AI's effects depend on multiple contextual and pedagogical mod-
erators (Bauer et al., 2025). Nevertheless, these contingencies have
neither been systematically examined nor synthesized across VET
contexts.

Existing reviews on Al in educational contexts have generally
adopted a broader perspective on educational technology, focusing on
applications in general or higher education (Crompton & Burke, 2023;
Huang et al., 2026; Zawacki-Richter et al., 2019), specific subject do-
mains such as mathematics (Hwang & Tu, 2021) and language learning
(Pokrivcakova, 2019), or particular Al applications such as chatbots and
intelligent extended reality (iXR) systems (e.g., Shi et al., 2026). In
contrast, little attention has been paid to the integrated analysis of how
different Al applications align with educational goals, theoretical para-
digms, and learning outcomes.

More recently, increasing interest in Al applications in vocational
contexts has prompted a wave of regionally focused reviews on Al in
VET—particularly from Indonesia and India. However, these contribu-
tions tend to focus on perceived benefits, barriers to implementation,
and potential applications of Al in VET (Suparyati et al., 2023; Prasetya
et al., 2025; Ghosh & Ravichandran, 2024; Rosyadi et al., 2023) while
largely neglecting empirical analyses of effectiveness.

Therefore, despite the increasing number of reviews on artificial
intelligence in education, the specific contribution of Al to vocational
learning remains empirically underexplored. This review addresses this
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gap by explicitly linking (a) educational purposes, (b) theoretical par-
adigms of human-AlI interaction, and (c) empirical outcome dimensions
within an analytical framework. This integrative approach is productive
in three ways. First, it moves beyond descriptive cataloging by system-
atically linking Al system design to pedagogical paradigms and learning
outcomes, allowing conclusions regarding the alignment between tech-
nological implementation, instructional design, and learning outcomes.
Second, by examining empirical effectiveness across outcome
categories—cognitive, affective, and meta-cognitive—this review pro-
vides a differentiated evidence base that goes beyond binary claims of
effectiveness. Third, the use of a theoretically informed coding scheme
enables cross-study comparisons despite methodological heterogeneity,
which supports cumulative knowledge building in an otherwise frag-
mented field.

More precisely, and directly derived from the identified gaps in prior
reviews, this systematic review was guided by the following five
research questions (RQs).

1. Which vocational domains, learning environments, and countries are
represented in the empirical literature on Al in VET?

2. What educational purposes and learning outcomes do Al applications
serve in VET?

3. How is Al theoretically conceptualized, particularly regarding its
interaction with learners and its alignment with instructional or
learning theories?

4. What research designs are employed in studies of Al in VET?

5. What is the empirical evidence regarding the effectiveness of Al in-
terventions in VET?

While RQs 2 and 3 are theory-driven, RQs 1, 4, and 5 are primarily
descriptive but critically serve to contextualize this review. Mapping the
vocational domains, learning environments, and countries in which Al is
applied (RQ1) enables an assessment of the generalizability and trans-
ferability of findings, reveals structural gaps in the evidence base, and
situates effectiveness claims within their institutional and sectoral
contexts. Similarly, analyzing methodological designs (RQ4) is essential
for evaluating the evidentiary strength and validity of reported out-
comes and for interpreting the evidence for effectiveness (RQ5).

We thereby aim to allow for a clearer interpretation of which Al
applications work, in which settings, and for which learning outcomes.

2. Theoretical framework

This chapter establishes the conceptual foundation for the review by
defining the scope of Al in VET, categorizing its applications and
educational purposes, and outlining relevant theoretical paradigms. The
subsections directly correspond to the research questions, ensuring a
coherent link between the theoretical framing and the empirical anal-
ysis. They also provide the analytical basis for the coding scheme,
clarifying how the classification of studies is grounded in the broader
conceptual framework.

2.1. Defining the scope of Al in VET

We define Al following Luckin et al. (2016, p. 15) as “computer
systems that have been designed to interact with the world through
capabilities (e.g., visual perception and speech recognition) and intel-
ligent behaviors (e.g., assessing the available information and then
taking the most sensible action to achieve a stated goal) that we would
consider essentially human™. Luckin et al. (2016) acknowledge that the
boundaries of what constitutes Al are continually evolving. Technolo-
gies once considered cutting-edge AI may, once widely adopted and
integrated into everyday use, no longer be labeled as AI but rather as
conventional software or standard algorithms. Consequently, it is
necessary to clarify what is currently regarded as Al in education to
define the scope of our review. This review focuses on four types of Al
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applications in education: First, rule-based Al systems represent an early
approach to Al that encodes expert knowledge in formal rules to enable
automated reasoning and decision-making (Russell & Norvig, 2021).
Second, machine learning encompasses algorithms that infer patterns or
decision rules from data, including—but not limited to—probabilistic
models such as Bayesian networks and cognitively inspired network
models that simulate aspects of human reasoning or adaptation
(Murphy, 2012). Third, natural language processing systems process,
interpret, and generate human language (Lv, 2023); recent advances in
LLMs have led to powerful generative Al systems capable of producing
text, explanations, and conversational responses. Fourth, computer
vision and smart sensorimotor systems offer action guidance by pro-
cessing visual and movement-related data—such as images, video, and
sensor input—to detect objects, track actions, and classify patterns
(LeCun et al., 2015). These capabilities enable gesture and motion
recognition, skill assessment, and automated observation within
learning environments.

Internationally, VET is referred to by various terms, including Career
and Technical Education (CTE) in the United States and Technical and
Vocational Education and Training (TVET) in UNESCO contexts. For
analytical purposes, we classify vocational training into three sectors:
Technical (e.g., industrial, engineering, and skilled trades, and infor-
mation technology professions), Business Administration and Services (e.
g., commercial and administrative occupations, tourism, hospitality,
gastronomy), and Health (e.g., nursing and care professions). This sec-
toral classification aligns with frameworks adopted in CTE and VET
systems, which often group programs by industry sector to reflect labor
market structures (UNESCO-UNEVOC, 2022; OECD, 2024).

Within such VET systems, Al can be implemented across a variety of
learning environments—including workplace settings, traditional class-
rooms, fully online scenarios, and blended learning arrangements.
Simulation-based training within these environments may take the form
of 2D or 3D computer-based simulations, including virtual reality. Each
environment offers distinct affordances for Al integration. Workplaces
constitute a crucial learning environment in VET, as they provide
authentic, situated contexts for developing occupational competences
and socialization within professional communities (Billett, 2014).
Hemmler and Ifenthaler (2022) further conceptualize adaptive and
personalized Al-supported learning frameworks tailored to workplace
settings, demonstrating how intelligent systems can scaffold in-situ
learning and performance improvement. In other face-to-face VET
learning settings, such as vocational school classes or training work-
shops outside the workplace, AI applications are more typically imple-
mented to enhance rather than replace learning. Examples include
embedded Al tutors that personalize content delivery based on learner
performance data (Prasetya et al., 2025) and augmented reality simu-
lations that allow trainees to practice and refine practical skills in a safe
environment while receiving immediate feedback (Rosyadi et al., 2023).
In fully online environments, Al is primarily used in adaptive learning
platforms and intelligent tutoring systems, enabling autonomous and
flexible learning (Park & Doo, 2024). Blended learning settings combine
these approaches, supplementing in-person instruction with
Al-supported online components (Park & Doo, 2024). Simulation-based
environments in 2D on computers or in 3D applications create highly
realistic, interactive training scenarios where Al drives adaptive sce-
nario design and intelligent virtual agents, and—in recent
implementations—employs computer vision to diagnose learners' ges-
tures and facial expressions. For instance, VR-based forklift operator
training can leverage Al to monitor learner actions and provide adap-
tive, context-sensitive feedback while managing task complexity in real
time (Obourdin et al., 2024). Similarly, in healthcare training,
Al-powered environments enable risk-free interaction between learners
and virtual patients using real-time diagnostic feedback (Elendu et al.,
2024).
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2.2. Defining the purposes, functions, and types of Al

To decode the umbrella term ‘AI’ for our review, we draw on
frameworks from broader Al-related research from various educational
fields, including general and higher education. Regarding RQ2 and
building on Wang et al. (2024) and Dai et al. (2025), we place potential
applications of AI in VET into the main categories of the
Curriculum-Instruction-Assessment-Triad (Pellegrino, 2012) (Fig. 1).
Table 1 systematically categorizes the applications of Al in education
across curriculum, instruction, and assessment, and situates these
components within a holistic educational system.

In the curriculum domain, Al can support Curriculum Creation. Using
labor market analytics tools and generative Al, it can make suggestions
for content and curriculum structure. Moreover, it can facilitate and
enhance Curriculum Analysis for existing curricula or course plans
through curriculum alignment platforms, using Machine Learning (ML),
Natural Language Processing (NLP), and rule-based Al. This enables
more dynamic curriculum alignment with emerging competencies.

Within the domain of instruction, seven pedagogical functions are
distinguished. First, Instructional Planning leverages Al to assist educa-
tors in structuring and sequencing instruction by aligning learning ob-
jectives, learner profiles, and pedagogical strategies. This includes Al-
supported applications for lesson planning, syllabus design, and cur-
riculum alignment. Second, Adaptive Learning adjusts content difficulty
and pacing in real time based on performance data. These systems use
ML and Bayesian networks to tailor content delivery, but do not
necessarily include detailed domain or pedagogical models. Third,
Intelligent Tutoring systems go further by integrating complex learner
modeling and domain-specific reasoning through cognitive networks.
They often simulate human tutoring through pedagogical strategies,
error diagnosis, and interactive feedback. Fourth, Conversational Agents
simulate dialogic instructional exchanges that facilitate motivation and
scaffolding implemented as rule-based and generative Al-driven bots.
Fifth, personalized Content Curation systems employ ML-based recom-
mender systems to assemble learner-specific materials. Sixth, Al-
supported Instructional Creation applications use natural language pro-
cessing and generative Al to assist educators in constructing pedagogi-
cally aligned lessons based on learner data and instructional goals.
Seventh, Authentic Simulation environments combine Al techniques such
as computer vision and reinforcement learning with immersive tech-
nologies (e.g., VR/AR) to provide adaptive, realistic practice settings for
vocational and procedural learning.

Regarding assessment-related functions, AI supports two distinct
functions. For Intelligent Assessment, Al enables both the evaluation of
cognitive outcomes—such as NLP-based scoring of written responses
and automated feedback on declarative knowledge—and the diagnosis

Assessment

Administration Intelligent Guidance

Assessment

Profiling and Prediction

Authentic Simulation
Content Creation

Content Curration

Conversational Agents

Intelligent Tutoring Systems

Adaptive Learning

Curriculum Analysis

Curriculum Creation Instructional Planning

Curriculum Instruction

Fig. 1. Educational purposes of Al
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of performative outcomes, including simulation-based assessment of
procedural skills and action sequences using log data and computer
vision. For Profiling and Prediction, regression models and neural
network-based approaches are employed for tasks such as dropout
forecasting and early identification of at-risk learners. Across both
functions, Al systems draw on NLP, ML, and computer vision to generate
fine-grained, real-time insights into learner performance and progress.
Notably, dynamic assessment formats—which embed learning oppor-
tunities within the assessment process itself—are particularly promising
in VET contexts, as they enable educators to capture not only what
learners currently know or can do (product), but also how they adapt to
novel task demands (process) (Hau & Schwartz, 2025).

Holistic functions in Al-enhanced education refer to system-level
applications across learning processes that transcend the boundaries of
instruction, curriculum, or assessment, instead supporting the broader
educational ecosystem. These functions include Administration and
Guidance. In administrative domains, Al is used to streamline workflows
such as scheduling courses, tracking attendance, and managing enroll-
ment. These systems rely on a combination of rule-based algorithms,
NLP, and ML to automate routine decisions and reduce institutional
workload. For learners, guidance functions use Al to help them navigate
complex educational and career decisions and to promote their mental
well-being. By analyzing learner profiles, performance data, and even
sentiment or behavioral cues, Al-based systems can suggest career
pathways or recommend mental health resources.

2.3. Defining the learning outcomes

To address RQ2, we conceptualize learning outcomes along three
complementary dimensions: cognitive, affective, and meta-cognitive.
The cognitive dimension encompasses learners' domain knowledge,
problem-solving, and procedural knowledge. Particularly in vocational
learning, knowledge must extend beyond conceptual understanding to
include its application through action-oriented and sensorimotor hands-
on tasks. The affective dimension reflects learners' motivation, interest,
and engagement, which are central drivers of learning processes but can
also themselves be considered learning outcomes. The meta-cognitive
dimension encompasses learners’ capacity to direct and control their
learning processes, including self-regulation and autonomy (Zimmer-
man, 2000; Azevedo & Hadwin, 2005; Bannert, 2009; Makransky &
Petersen, 2021).

2.4. Defining theoretical paradigms of Al integration in education

To address RQ3, we adopt the framework outlined by Ouyang and
Jiao (2021), which frames the educational role of Al along three para-
digms that reflect increasing levels of learner agency: (1) Al-directed,
Learner-as-Receiver; (2) Al-supported, Learner-as-Collaborator; and (3)
Al-empowered, Learner-as-Leader. The paradigms differ fundamentally
in pedagogical foundations, technological manifestations, and the
human-AI interface.

Paradigm 1 (Al-directed), advocated by Ouyang and Jiao (2021), is
rooted in behaviorism (Skinner, 1953), and within this paradigm, Al
systems are utilized as programmed instruction applications. Al acts as a
director, executing learning objectives by structuring content sequen-
tially and providing automatic prescriptive and linear feedback. The
learner is in the role of a receiver, reacting to prompts or assignments
determined by the system. Many traditional ITSs are prototypical of this
paradigm. These systems encode expert knowledge into production rules
and present exercises tailored to performance probabilities, but they
often neglect learner individuality or emerging goals. Instead, de-
viations from predefined paths are treated as errors warranting
correction.

Paradigm 2 (Al-supported) shifts toward cognitive and social
constructivist learning theories, emphasizing interaction. In this view,
Al systems become collaborators that co-construct the learning
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Table 1
Educational purposes, Al types, and example applications.
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Educational Purpose Description Al Types Example Applications
Curriculum  Curriculum Analyzes labor market and educational data to make suggestions ML, NLP, Rule- Labor market analytics tools, chatbots
Creation for curriculum formulation. Based
Curriculum Analyzes labor market and educational data to evaluate alignment ~ ML, NLP, Rule- Curriculum alignment platforms
Analysis with competencies and skills. Based
Instruction Instructional Supports the structured design and sequencing of instruction by ML, NLP, Rule- Al-assisted lesson planning tools, adaptive
Planning aligning content, learner needs, and curriculum goals. Based instructional design systems
Adaptive Learning Adapts instruction based on learner data. ML, Rule-Based Adaptive learning systems, personalized e-
learning systems
Intelligent Tutoring ~ Monitors and optimizes instruction based on learner data and ML, Rule-Based Intelligent tutoring platforms, domain-specific
behavior. tutoring systems
Conversational Simulates dialogic teaching or peer support. Rule-Based, NLP Generative Al chatbots, rule-based dialogue
Agents agents, conversational tutors
Content Curation Recommends learning materials based on learner data. ML Content recommendation systems, learning path
generators
Content Creation Assists in designing lesson plans and materials based on content NLP Al-assisted lesson planners, learning objective
analysis and learner profiles. mappers, generative design tools
Authentic Creates realistic, adaptive environments for practicing vocational ML, Computer Al-enhanced VR/AR simulators, intelligent
Simulation tasks and developing procedural skills. Vision virtual coaches
Assessment  Intelligent Applies NLP and ML to assess writing or procedural skills based on ~ NLP, ML, Al-supported writing assessment tools,
Assessment log data. Computer Vision simulation-based scoring systems
Profiling and Uses statistical models to predict performance or risk. ML, NLP Learning analytics dashboards, early warning
Prediction systems, predictive tools
Holistic Administration Automates administrative workflows such as attendance tracking Rule-Based, ML, Al scheduling systems, digital enrollment
or scheduling. NLP assistants
Guidance Uses learner data to support educational and career decision- ML, NLP Career recommendation engines, Al-based

making and learner well-being.

student advising

Note. ML = Machine Learning; NLP = Natural Language Processing; iXR = Intelligent Extended Reality; VR = Virtual Reality; AR = Augmented Reality.

experience with students by gathering multimodal learner data (Ouyang
& Jiao, 2021). Dialogic tutoring systems and exploratory learning en-
vironments exemplify this approach. These systems not only support
content mastery but also aim to foster metacognition, reflection, and
agency. Nevertheless, the learning space itself and learning goals are
mostly predefined.

Paradigm 3 (Al-empowered) embodies a human-centered design
philosophy aligned with connectivism and complex adaptive systems
theory, consistent with the New Learning paradigm. Here, Al is no
longer a tutor or collaborative assistant but a means of
empowerment—supporting learners in making autonomous decisions,
navigating nonlinear learning paths, and shaping their learning trajec-
tories together with teachers, peers, and data-rich environments.
Learners are seen as self-determined co-designers of their learning en-
vironments, using personalized feedback and critically engaging with AI
in a decentralized process supported by human-Al cooperation
(Cukurova et al., 2019). Moreover, they participate in setting their own
learning goals. Al supports instructors in managing these processes and
in developing individualized instructional designs.

Together, these three paradigms underscore not only what Al can do
but how educators and researchers choose to define its role in advancing
human learning. The three paradigms are characterized by increasing
learner agency—opening a wide range of possibilities for how we learn,
what we value, and who gets to create (Hau & Schwartz, 2025).

2.5. Categorization of methodological designs of the empirical studies

To address RQ4 and RQ5, we categorize the identified studies into
five basic research designs: Case Studies, Qualitative, Quantitative, and
Mixed Methods. Studies are categorized as case studies if a bounded
system (a program or site) is the explicit unit of analysis and the results
apply only to this bounded space (Thomas, 2011). Qualitative designs (e.
g., interviews, observations, document analysis) aim at an in-depth
understanding of phenomena in natural contexts and rest on an inter-
pretive stance (Denzin & Lincoln, 2018). Quantitative designs seek to
estimate the strength of relations and to draw clear causal inferences.
Here, we distinguish four indicative levels of evidential strength: (a)
self-report surveys—susceptible to common-method bias (Podsakoff

et al., 2003); (b) objective/behavioral measures—performance tests or
trace/log data (Messick, 1995); (c) quasi-experimental
designs—non-equivalent groups or pre-post designs that address but
cannot fully eliminate selection threats (Shadish et al., 2002); and (d)
randomized experiments—strongest internal validity but still requiring
attention to implementation and external validity (Deaton & Cartwright,
2018). Mixed Methods studies integrate qualitative and quantitative
strands to strengthen inference via triangulation or complementarity
(Johnson et al., 2007). This scheme provides our guidance for discussing
studies in light of their methodological designs.

3. Method

We conducted the review in accordance with the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) guidelines
(Page et al., 2021), which promote transparency in literature search,
selection, and analysis. Beyond procedural transparency, our method-
ological approach is explicitly theory-guided and analytically oriented,
aiming not only to map existing studies but to relate Al technologies to
educational purposes, paradigms of Al integration, and empirical
effectiveness.

3.1. Literature search

The literature search was concluded in March 2026 using multiple
scholarly databases and discovery tools. A broad search strategy was
employed, combining the terms “Artificial Intelligence” or “AI” with
synonyms for “Vocational Education”. > The exact search string —
((“AI” OR “Artificial Intelligence”) AND (“Vocational Education” OR
“Vocational Learning” OR “Vocational Training” OR “Career Education”
OR “Technical Education"))—was applied across two major academic
databases: ERIC and Web of Science. The search strategy deliberately

2 Although the search string did not explicitly list Al subtypes (e.g., machine
learning, intelligent tutoring systems, AI chatbots), these were captured
through the umbrella term “Artificial Intelligence” and further differentiated
during coding.
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focused on Al-specific terminology to distinguish Al-driven systems from
broader digitalization trends such as conventional e-learning platforms
or XR technologies without adaptive intelligence.

ERIC was selected for its strong coverage of educational research,
while Web of Science was included to cover the interdisciplinary char-
acter of vocational and technical education research. To extend the
search beyond conventional indexing, we also used the Al-powered
discovery tool Elicit to identify potentially relevant studies. Elicit was
used as a supplementary discovery tool; all studies identified via Elicit
were subject to the same screening and eligibility criteria as those
applied to records from the databases. The search was not restricted by
publication date; however, most studies were from the last decade (from
2018 onwards), corresponding to the period during which research on
Al in education increased sharply. Earlier reviews on Al in VET from the
mid-80s (Passmore, 1983; Roth & McEwing, 1986) were identified but
do not include contemporary empirical Al interventions and therefore
serve mainly as historical reference points. Non-English publications
were excluded. Reference lists containing identified studies were
hand-searched to ensure completeness. As health-related VET research is
often published in medical or health-science outlets rather than educa-
tional journals, a domain expert conducted an additional targeted search
in health-related databases.® These studies were included if they met the
same Al-specific and educational criteria as the main corpus.

3.2. Literature selection

We focused on peer-reviewed English-language studies that empiri-
cally examined AI applications in vocational education or training
contexts and reported educational outcomes or stakeholder experiences.
The selection adhered to the PRISMA multi-stage process (see Fig. 2).

(1) Identification: The database search yielded 896 initial records
(Web of Science: n = 645, ERIC: n = 176; Elicit: n = 75). Three
additional studies were identified through reference searching,
and two through a targeted search in the health domain. In the
identification stage, records were retrieved from ERIC, Web of
Science, and the Al-assisted discovery tool Elicit. While ERIC and
Web of Science served as primary databases, Elicit was used as a
supplementary tool to identify potentially relevant studies based
on semantic similarity and citation patterns. All records,
regardless of source, were treated equally in subsequent
screening stages.

(2) Screening: After removing duplicates (n = 12) using Zotero, 884
studies were screened by title and abstract. Thematically irrele-
vant studies (n = 707) were excluded. One study could not be
retrieved. Full-text screening of 176 studies led to the exclusion of
79 papers that were either not Al-related or not situated in VET,
and 71 studies that were not empirical.
Eligibility: Inclusion criteria required that studies: (a) involved
Al-driven technology in a VET setting (including secondary-level
vocational schools, technical schools, apprenticeship training, or
continuing vocational education); (b) reported empirical data on
learning outcomes, stakeholder experiences, or educational pro-
cesses; and (c) were published in peer-reviewed journals to
ensure the quality and rigor of the empirical evidence. Exclusion
criteria included: (a) purely conceptual or theoretical papers; (b)
literature reviews; (c) non-Al (e.g., general digital systems
without Al capabilities); (d) non-VET contexts (e.g., research on
general K-12 or higher education); (e) non-peer-reviewed pub-
lications; and (f) iXR studies where the system is immersive but
non-intelligent.

3

-

3 Scopus was employed as an additional domain-specific database to com-
plement the primary search strategy.
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(4) Inclusion: 26 studies were included in the final review (19 from
databases, 2 from Elicit, and 5 suggested through hand search and
the additional search string for the domain of health). While the
final corpus is relatively small, it reflects the early empirical stage
of Al research in VET and allows for in-depth qualitative synthesis
rather than statistical aggregation.

3.3. Literature analysis and coding

A theory-informed coding scheme was developed in direct alignment
with the research questions (RQs) to systematically extract information
from each study. This analytical framework constitutes a key strength of
the review, moving beyond descriptive mapping toward an integrated
interpretation of Al design, pedagogy, and effectiveness. The coding
scheme comprised five categories corresponding to RQ1-RQ5: (1)
vocational domains, learning environments, and countries; (2) educa-
tional purposes and goals; (3) theoretical grounding and Al's role in
learner interaction, following Ouyang and Jiao's (2021) framework; (4)
methodological design; and (5) reported results and effectiveness.

For RQ2 and RQ3 (educational goals, functions, and theoretical ap-
proaches), multiple codes could be assigned to reflect that individual
studies often pursue several educational goals or combine theoretical
perspectives. For RQ5, effectiveness was conceptualized broadly to
include both self-reported and objective measures of cognitive, affective,
and meta-cognitive learning outcomes. The inclusive approach reflects
the wide spectrum of educational goals identified in RQ2 and ac-
knowledges that Al interventions may influence multiple facets of
learning beyond academic achievement alone. The coded data were then
used to produce descriptive statistics (for methodological and categor-
ical overviews). Given the heterogeneity of interventions and outcome
measures, a quantitative meta-analysis was not feasible; instead, find-
ings were synthesized qualitatively, combining descriptive statistics,
effect sizes where available, and interpretive insights to assess patterns
of effectiveness.

For all other RQs, coding was restricted to a single mutually exclu-
sive classification. The exact coding scheme and the resulting dataset are
provided in Appendix 1 and Appendix 2, respectively. Two reviewers
independently coded each study. Interrater agreement was substantial
(Cohen's kappa = .77; Landis & Koch, 1977). Discrepancies in coding
were resolved by referring back to the original publication and finding
category agreement.

Although no formal meta-analysis was conducted, we examined the
methodological quality of studies using criteria adapted from educa-
tional intervention research (e.g., validity of measures and presence of
control groups). These appraisals were used to contextualize reported
evidence and effectiveness rather than to compute aggregate effect es-
timates. For instance, when noting that a certain type of Al tends to be
effective, we also indicate in the results section that these findings
predominantly stem from rigorous experimental designs and objective
outcome measures rather than from case studies and self-report data.

4. Results

The following sections present findings structured along the five
research questions (see Fig. 3). Section 4.1 provides a descriptive
overview of the body of research across vocational domains, learning
environments, and countries (RQ1). Section 4.2 examines the educa-
tional purposes and learning outcomes pursued by Al applications in
VET (RQ2), followed by an analysis of different types of Al applications.
Section 4.3 addresses the theoretical conceptualization of Al, dis-
tinguishing modes of human-Al interaction and underlying learning
theories (RQ3). Section 4.4 describes the methodological designs
employed across studies (RQ4), and Section 4.5 collates the empirical
evidence regarding the effectiveness of Al interventions across outcome
dimensions (RQ5). The coding of each study included here across all
categories is fully documented in the dataset (Appendix 2), enabling
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readers to trace the basis for each analytical decision.

4.1. Body of research

As a result of the PRISMA screening and inclusion process, we
identified 26 studies that met the inclusion criteria and were therefore
incorporated into the review (see Table 2). A detailed table summarizing
study designs and main findings is provided in the dataset (Appendix 2).

We identified nine empirical studies on Al in VET in the technical
domain, three in the health domain, and five in business administration
and services. In addition, nine studies were classified as domain-general,
as their samples consisted of vocational students without specifying a
particular occupational field.

Six studies were conducted in classroom settings, eight in online
environments, and four used blended learning formats. Eight out of the
26 studies used simulation-based settings. No study was conducted in
workplace settings.

To provide transparency on where research on Al in VET is
concentrated, the country of study origin is provided, indicating the
distribution of research activity rather than providing country-specific

interpretations. For these studies, a bibliometric coupling analysis
using VOSviewer and Litmaps (Fig. 4) was conducted to assess shared
reference bases. In the network visualization, node size reflects each
article's citation count, while edge thickness represents the number of
shared references.

The research network spans multiple countries but shows clear
geographic clustering: 17 of 26 studies originated from Asia (China,
South Korea, Singapore, Taiwan, Thailand, Indonesia), with the
remainder distributed across European contexts (Germany, the
Netherlands, Norway) and isolated contributions from outside the
European-Asian corridor (New Zealand, Saudi Arabia, Turkey). This
geographic pattern may partly reflect both the historical centrality of
VET in European education systems and the growing structural rele-
vance of vocational training in Asian economies — though the strong
presence of China alone warrants caution in drawing broader regional
conclusions.

The literature base was highly sparse in terms of theoretical inter-
connection among the 26 included studies. Only nine studies shared at
least one reference with another study. Notably, none of the studies cited
each other directly, indicating that all publications emerged
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Table 2
Included studies.
No  Authors (Year) Title Vocational Domain Learning Country
Environment
1 Adams et al. (2022) Mixed Reality Results in Vocational Education: Health, Trades Classroom New
A Case Study with HoloLens 2 Zealand
2 Alabbas and Alomar Tayseer: A Novel Al-Powered Arabic Chatbot Framework for Technical and Trades Online Saudi
(2024) Vocational Student Helpdesk Services and Enhancing Student Interactions Arabia
3 Chang and Hwang (2024)  Promoting Professional Trainers' Teaching and Feedback Competences with Health Classroom Taiwan
ChatGPT
4 Chang et al. (2015) A Science, Technology, Engineering and Mathematics Course with Computer- Trades Blended Taiwan
Assisted Remedial Learning System Support for Vocational High School Students
5 Chen et al. (2024) Virtual-Reality-Based Supermarket for Intellectual Disability Classification, Domain-general Simulation Taiwan
Diagnostics, and Assessment
6 Dai et al. (2025) Optimizing Curriculum Design for Professorship Education Using CAD and Neural = Trades Blended China
Network Technologies
7 Eegdeman et al. (2023) Identifying False Positives When Targeting Students at Risk of Dropping Out Domain-general Blended Nether-
lands
8 Febrianti et al. (2024) Leveraging ChatGPT for Scoring Students' Subjective Tests Trades Classroom Indonesia
9 Guo and Hu (2026) Making tacit knowledge explicit: Generative Al's role in enhancing apprenticeship ~ Business and Blended China
systems Administration
10 Hong and Kim (2024) Applying Artificial Intelligence in Career Education for Students with Intellectual Domain-general Classroom South
Disabilities Korea
11 Ko et al. (2024) Using an AI-Driven Child Chatbot Avatar as a Training Tool for Information Health Classroom Norway
Gathering Skills of Dental and Medical Professionals: A Pilot Study
12 Korkmaz and Aydin Detection of Early School Drop out in Vocational and Technical High Schools in Trades Classroom Turkey
(2025) Turkey
13 Langgeng (2023) Long Short-Term Memory-Based Chatbot for Vocational Registration Information Domain-general Online Indonesia
Services
14 Li et al. (2025) Generative Artificial Intelligence Supported Programming Learning: Learning Trades Classroom China
Effectiveness and Core Competence
15 Long et al. (2025) Application and Effect Analysis of Virtual Reality Technology in Vocational Business and Simulation China
Education Practical Training Administration
16  Mulders et al. (2024) Virtual Reality in Vocational Training: A Study Demonstrating the Potential of a Trades Simulation Germany
VR-based Vehicle Painting Simulator for Skills Acquisition
17 Phuttawong and The Educational Guidance Platform via Artificial Intelligence Chatbot to Promote ~ Domain-general Online Thailand
Chatwattana (2025) Vocational Aptitude for Vocational Students
18 Ramendra et al. (2025) Artificial Intelligence-Based Virtual Tour for Vocational High Schools in Tourism Business and Simulation Indonesia
Sector in Developing English Language Competence for Guides Administration
19 Rattanakha et al. (2025) The Outcomes of Analytical Thinking and Curiosity from the Virtual Smart Domain-general Simulation Thailand
Classroom Using Problem-Based Learning
20 Spangenberger et al. Orchestrating iVR Technology in an Authentic Classroom Setting and its Effects on ~ Trades Classroom Germany
(2024) Factual Knowledge, Comprehension and Transfer
21 Stiitz et al. (2022) Characteristics of Learning Tasks in Accounting Textbooks: An Al Assisted Analysis ~ Business and Online Germany
Administration
22 Thomann et al. (2024) How Effective is Immersive VR for Vocational Education? Analyzing Knowledge Business and Simulation Germany
Gains and Motivational Effects Administration
23 Wang et al. (2025) Exploring College Students' Utilization of Generative Al for Career Information Domain-general Online China
Seeking
24 Yang and Balazon (2026)  The use of Artificial Intelligence in higher vocational colleges in Sichuan, China. Domain-general Blended China
25 Zhang and Fang (2023) Successful Chatbot Design for Polytechnic Students in Singapore Business and Online Singa-pore
Administration
26 Zhou et al. (2025) Advancing Vocational Education: Experimental Insights into AI-VR Collaborative Domain-general Online China

Training

contemporaneously rather than building sequentially upon one another.
Most connections reflected only minimal coupling (link strength = 1),
such as between Hong and Kim (2024), Spangenberger et al. (2024), Li
et al. (2025), and Febrianti et al. (2024). The strongest bibliometric
coupling was observed within a small cluster of VR-focused stud-
ies—Mulders et al. (2024), Thomann et al. (2024), and Spangenberger
et al. (2024). These works share common theoretical anchors, most
prominently Makransky and Petersen's (2021) CAMIL framework, and
draw on overlapping bodies of literature, including major VR
meta-reviews (e.g., Hamilton et al., 2021; Radianti et al., 2020) as well
as empirical research on immersion-learning relationships (e.g., Allcoat
& Von Miihlenen, 2018; Makransky et al., 2019).

4.2. Educational purposes and outcomes of Al in VET

Within this category, multiple codes could be assigned, as individual
studies often combined several educational purposes, learning out-
comes, and Al applications. To provide a structured overview, the
following sections initially examine why Al was implemented in VET

(educational purposes), then what learning outcomes were targeted, and
finally, which AI applications were used across the 26 studies.

4.2.1. Educational purposes

Within Curriculum, two studies were identified, both of which are
exploratory in nature. One illustration of curriculum creation is provided
by Dai et al. (2025), who combine computer-aided design (CAD) with
neural techniques to support content generation aligned with evolving
professional requirements. For curriculum analysis, Stiitz et al. (2022)
examined accounting textbooks with Al-assisted methods to identify the
characteristics of learning tasks. Their study demonstrates how Al can be
used to systematically analyze curricular materials, shedding light on
the kinds of cognitive processes and competences emphasized in existing
instructional resources and thus providing empirical input for curricu-
lum design and revision.

Within Instruction, the most prevalent subcategory is Conversational
Agents (10 studies). For example, Yang and Balazon (2026) describe
conversational systems as tools that provide interactive support, instant
feedback, and automated responses to students, particularly in the
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context of language learning. The study thereby illustrates how
conversational agents can be integrated into vocational classrooms as
interactive instructional scaffolds, supporting learning processes while
reducing reliance on one-to-one teacher interactions. A second instruc-
tional application of AI chatbots was reported by Ko et al. (2024), who
developed and evaluated an interview-training program that employed
an Al-driven child avatar chatbot to simulate realistic encounters with
children in cases of suspected child maltreatment to train nurses.

The second most prevalent subcategory is iXR (8 studies). For
example, Mulders et al. (2024) describe a painting simulator for ap-
prentices that augments task practice with rule-based algorithms,
enabling authentic and risk-controlled rehearsal of core VET procedures.
The application was classified as iXR because it provides adaptive
sensorimotor guidance by dynamically coupling human actions with
machine-generated feedback. Similarly, Long et al. (2025) developed
VR-based environments to support the development of students’ prac-
tical engineering skills, in which AI modules tracked and analyzed
learners' actions to generate intelligent feedback.

Adaptive Learning Systems (7 studies) are employed to personalize
pathways and pacing. For example, Li et al. (2025) implemented
adaptive learning in the context of vocational programming education
through a generative Al-supported learning environment that continu-
ously tailors learning tasks and support to individual learner profiles.
Intelligent Tutoring (5 studies) is exemplified by Chang et al.’s (2015)
remedial system that diagnostically guides practice and provides step-
wise instructional support. Content Curation appears in three studies
(Guo and Hu, 2026; Hong & Kim, 2024; Yang & Balazon, 2026). For
example, Hong and Kim (2024) demonstrate the recommender-based
assembly of learning resources tailored to learners' needs, indicating
an early shift toward Al-assisted orchestration of instructional resources.
Similarly, Guo and Hu (2026) employ content curation in the context of
apprenticeship-based live-stream sales training and organizational
knowledge management, where generative Al transforms tacit knowl-
edge into structured, explicit, and reusable learning content.

Within the assessment category, Al is primarily used for Intelligent
Assessment, referring to automated or Al-assisted scoring. Three studies
(Chen et al., 2024; Febrianti et al., 2024; Yang & Balazon, 2026) illus-
trate this application, with the latter showing how ChatGPT-supported
evaluation of subjective responses can reduce workload and improve
grading consistency. Profiling and Prediction are present in two studies
(Eegdeman et al., 2023; Korkmaz & Aydin, 2025), both of which
examine VET dropout-risk targeting, as examples for Al-based early
warning systems in VET.

Finally, holistic functions emerge in both Administration and Guid-
ance. Three studies (Langgeng, 2023; Alabbas & Alomar, 2024; Wang
et al., 2025) address administrative applications, with the former
demonstrating how Al-based chatbots streamline student registration
and information services. Three studies (Hong & Kim, 2024;
Phuttawong & Chatwattana, 2025; Wang et al., 2025) examine guidance
applications, illustrating how AI improves vocational aptitude explora-
tion, personal career advice, and program selection.

Overall, across educational purposes, instructional applications
dominate the evidence base, while curriculum- and assessment-oriented
uses remain marginal. This imbalance indicates that AI in VET is
currently conceptualized primarily as a tool to support learning pro-
cesses rather than to shape curricula or assessment systems. Only one
recent study was identified that employed Al as an actor, specifically by
simulating a child for training purposes (Ko et al., 2024).

4.2.2. Learning outcomes

Regarding learning outcomes, knowledge and skills development
formed the most common category of Al systems in VET (17 studies). In
terms of outcome, these goals primarily address cognitive and sensori-
motor outcomes. As documented in the VR/AR review by Liu et al.
(2024), immersive simulators in vocational trades consistently support
procedural skill development, enabling them to practice complex tech-
niques in a safe, immersive environment.

Motivation and engagement were explicit affective goals in eight
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studies. These studies address affective learning outcomes, often
reporting increased interest, engagement, or perceived relevance of
learning tasks, especially in immersive or interactive Al environments.
For example, in a HoloLens-based case study, Adams et al. (2022)
examined and reported positive engagement effects in an authentic
vocational setting, underlining that Al-based interactivity can sustain
attention and perceived relevance.

A notable group of interventions (10 studies) targeted meta-
cognitive outcomes such as self-regulation and autonomy. These studies
primarily focus self-directed learning, pacing, and persistence, which
are particularly relevant for lifelong learning and adaptive workplace
participation. A particularly illustrative case is provided by Chang et al.
(2015), who allowed learners in a remedial learning system to work
independently, with adaptive pacing ensuring that content difficulty
matched individual performance, thereby increasing self-directed
learning and self-efficacy, which are highly valued as educational out-
comes outside classrooms at future workplaces.

4.3. Theoretical conceptualization of Al

To better understand the pedagogical role of Al in VET, studies were
analyzed from two complementary theoretical perspectives. First, we
examined how Al was positioned in relation to learners by classifying
modes of human-AI interaction (Al-directed, Al-supported, and Al-
empowered), which can also be understood as a continuum of increas-
ingly distributed agency between system and learner. Second, we
examined which learning and instructional theories informed these
interventions.

4.3.1. Modes of human-Al interaction

Seven studies fall into the Al-directed paradigm, in which systems
deliver prescriptive instruction, feedback, or recommendations, while
learners primarily respond as receivers. These studies primarily
emphasize cognitive and performative outcomes through prescriptive
feedback, error correction, and predefined learning paths. An exemplary
case is Chang et al. (2015), who designed a computer-assisted remedial
STEM system for vocational high schools. Here, Al diagnosed mis-
conceptions and sequenced remedial tasks toward mastery, treating
deviations as errors to be corrected, and positioning learners within
tightly structured pathways. AI chatbots can also be used in a rather
directive way to support information delivery and decision-making.
Phuttawong and Chatwattana (2025) developed an aptitude-analysis
chatbot that recommends vocational programs based on information
acquired via chat and directs learners to prescribed program options.
Similarly, Langgeng (2023) applied an LSTM-based chatbot to automate
registration workflows, in which students receive fixed replies. Finally,
directive Al can likewise be implemented within immersive settings. For
example, Thomann et al. (2024) evaluated intelligent VR with gamified
progression and system-defined checkpoints, where learners advanced
through scripted sequences rather than through self-directed explora-
tion and received rule-based Al feedback.

Thirteen studies are classified as Al-supported, in which Al serves as
a collaborative partner that scaffolds learning processes without fully
determining learner actions. Zhang and Fang (2023) exemplify this
paradigm with a polytechnic classroom chatbot that scaffolded task
management, provided hints, and engaged in dialogic exchanges with
students. The learner remains active, while Al responds contingently to
needs. Similarly, Rattanakha et al. (2025) built a Virtual Smart Class-
room to support cooperative problem-based learning; Al orchestrated
group inquiry by prompting reflection and managing collaborative dy-
namics, leaving problem-solving to learners. iXR designs frequently fall
in the Al-supported paradigm. Mulders et al. (2024) developed an
Al-supported vehicle painting simulator in which learners could exper-
iment freely in a realistic training environment while the AI adaptively
adjusted conditions. Similarly, Long et al. (2025) used VR practical
training to enhance both skill mastery and motivation, with AI providing
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background adaptivity without dictating actions.

Three studies represent the Al-empowered paradigm, in which
learners exercise high degrees of agency by setting their own goals,
navigating their own learning trajectories, and engaging critically with
Al as co-designers of their learning environment. Ramendra et al. (2025)
illustrate this through an Al-based virtual tour for vocational high
schools: the environment encourages learners to independently explore
content and regulate their engagement, with AI offering
context-sensitive support only when necessary and requested by
learners, rather than being prompted by the system. In such studies, the
use of Al reflects the emergence of a ‘New Learning’ paradigm in which
learners assume primary responsibility for their education. Al functions
as a supportive, non-directive partner that assists learners in navigating
individualized learning pathways and in achieving their personal
learning goals.

4.3.2. Learning and instructional theories

Within this category, studies were coded across multiple instruc-
tional theories. A substantial cluster of studies adopts constructivist
orientations. In Problem-Based Learning designs (10 studies), Al poses
authentic challenges for learners; for example, Rattanakha et al. (2025)
use a Virtual Smart Classroom to scaffold cooperative inquiry into
real-life problems. A smaller group explicitly targets Self-Regulated
Learning (7 studies), including Zhou et al. (2025), who developed an iXR
collaborative training system that requires learners to monitor progress
and adapt strategies in real time, underscoring autonomy and meta-
cognitive control. Overall, these approaches prioritize learner agency,
positioning Al as an enabler of self-directed engagement.

By contrast, another set of studies aligns more closely with cogniti-
vist traditions, emphasizing structure, sequencing, information pro-
cessing, and individual task difficulty. In these designs, Al systems focus
predominantly on diagnosing performance, adapting the instructional
pathway, and regulating progression. Scaffolding appeared in six studies.
For example, Zhang and Fang's (2023) chatbot diagnosed struggling
learners and provided hints and guidance as needed. Mastery Learning
again appeared in seven studies. For example, Chang et al. (2015)
studied a rule-based Al remedial system that required students to
demonstrate competence before advancing to the next level. Taken
together, the approaches position Al primarily as a cognitive tool to
optimize learning.

In two studies (Spangenberger et al., 2024; Thomann et al., 2024),
gamification was described as a pedagogical concept, and reinforcement
mechanisms were applied to condition learning behavior. For example,
Spangenberger et al. (2024) employed a game-based VR environment
designed as a serious-game troubleshooting scenario for electrical en-
gineering students. Although limited to two studies in this corpus, such
applications underscore Al's potential to enact behaviorist learning
logics by rewarding or penalizing specific responses.

Overall, there is a recurring mismatch between theoretical framing
and modes of human-Al interaction. While many studies invoke
constructivist or learner-centered theories, the implementation of Al
often follows cognitivist or behaviorist rationales, particularly in Al-
directed systems.

4.4. Methodological designs

Quantitative designs dominate the field (14 studies), with surveys
being the most frequently used method, followed by posttest only or pre-
posttest experimental designs and studies using objective test data or
processual log data. Mixed methods approaches (10 studies) form a
substantial secondary cluster; these typically combine survey or test
data with interviews or observations to contextualize and deepen the
interpretation of outcomes. Purely qualitative studies remain rare, with
two exceptions (Febrianti et al., 2024; Phuttawong & Chatwattana,
2025), and generally take the form of case studies focusing on
learners’ impressions during implementation.
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Sample sizes vary considerably across methodological approaches:
qualitative studies include between 9 and 15 VET learners; mixed
methods studies range from 19 to 502 students; and quantitative designs
span from 20 to 3518 learners.

Among the 14 quantitative studies, 2 rely exclusively on self-report
data, 5 rely exclusively on objective measures (e.g., performance tests
or log data); and 7 report on both. Regarding study design, 4 studies
employ quasi-experimental approaches and 4 wuse randomized
experiments.

Overall, from an outcome perspective, methodological rigor varies
systematically across outcome dimensions. Cognitive and performative
outcomes are more often supported by objective measures such as tests,
whereas affective and meta-cognitive outcomes rely predominantly on
self-report instruments. This imbalance should be considered when
interpreting effectiveness claims.

4.5. Effects of Al applications

To evaluate the empirical effectiveness of Al in VET, findings were
synthesized across the educational functions identified in the coding
framework. The following sections examine whether AI applications
produced measurable benefits in curriculum-, instructional-, assess-
ment-, and holistic contexts, while interpreting reported effects in light
of methodological rigor.

4.5.1. Curriculum-oriented uses of Al

Of the reviewed literature, only two studies addressed curriculum-
related applications of Al One study by Stiitz et al. (2022) focused on
curriculum analysis and implemented a supervised ML/NLP pipeline to
classify features of accounting tasks (e.g., authenticity, process orien-
tation). Their model achieved overall high agreement and, in some in-
stances, moderate agreement with human coders, depending on the
specific category. This indicates that instructors can use Al to curate
higher-quality exercises and better align instructional materials with
targeted competencies at scale. Notably, the AI system proved less
conservative than human raters, assigning tasks to higher, more favor-
able levels (e.g., in evaluating process orientation) more frequently.

A second study investigated the use of Al in curriculum creation. Dai
et al. (2025) integrated Computer-Aided Design (CAD) with neural
methods to generate, adapt, and sequence curriculum elements for
personalized learning paths. In their non-randomized experimental
setting, the Al-based pipeline improved efficiency for instructors and
yielded higher learner satisfaction and effectiveness ratings compared to
conventionally designed courses.

Taken together, these studies suggest that Al can (i) diagnose the
curricular ecology—clarifying what types of tasks students are actually
assigned—and (ii) synthesize or optimize curricular building blocks in
response to evolving competence demands. However, evidence for
curriculum-related AI applications remains limited to cognitive and
organizational outcomes (e.g., classification accuracy, instructor effi-
ciency), with no robust evidence on downstream learning or performa-
tive effects.

4.5.2. Instructional uses of AI

Instructional applications dominate the study pool and cluster
around three application families: intelligent tutoring systems (ITS),
conversational agents (chatbots), and iXR.

ITS implementations generally report learning gains. Rattanakha
et al. (2025) examined an ITS-based learning platform using a
pre-experimental design and descriptively found high mean values for
analytical thinking and curiosity. In a more rigorous pre-post study,
Chang et al. (2015) tested a computer-assisted remedial learning system
in a vocational STEM course using a one-group pre-test/post-test
pre-experimental design. They reported significant improvements in
both objective test scores and hands-on performance, with students
accepting prescriptive diagnosis-and-remediation cycles.
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Chatbots are used as classroom assistants and self-study companions
and have been reported as highly effective. Zhang and Fang (2023),
using grounded theory and qualitative data from 408 polytechnic stu-
dents across three classes, found that course-embedded chatbots stim-
ulated self-regulatory behaviors along a pedagogical arc (from goal
setting to performative interaction to reflection). However, as no
experimental group comparisons were made, causality remains un-
tested. The only randomized experimental evidence is provided by Guo
and Hu (2026), who report significant advantages of the Al-supported
group over a control group instructed with “traditional methods”
across seven objectively assessed competencies (e.g., verbal expression,
learning ability, and sales conversion). However, the study of 50 novice
live-stream hosts does not report effect sizes, confidence intervals, sta-
tistical power, pretests, or baseline comparability checks, and is there-
fore a posttest-only randomized group design, limiting the robustness of
results.

iXR studies mostly report positive effects. Mulders et al. (2024) used
paired t-tests and showed significant perceived gains in skills, knowl-
edge, and attitudes after a training simulation. Spangenberger et al.
(2024) compared iXR (n = 14) and traditional group tasks (n = 15) in
a randomized pre-post design. Both groups increased knowledge and
comprehension, but gains were significantly higher in the iXR group. No
differences were found for motivation or transfer. In contrast, Thomann
et al. (2024), in a randomized controlled pre-post experiment, reported
no advantage of the iXR experimental group in declarative or procedural
knowledge, but did find significant large effects on motivational vari-
ables. Ramendra et al. (2025) tested a one-group pre-post design with
vocational tourism learners. They found that Al-based speech recogni-
tion and automated feedback led to significant improvements in
English-speaking competence with a large effect size. Long et al. (2025),
using a mixed methods design that combined experiments, surveys, in-
terviews, and cost-risk analyses, found that their iXR training enhanced
theoretical knowledge, practical skills, and learner interest compared
with traditional image- and video-based instruction.

Overall, ITS studies highlight accurate remediation and fast feed-
back, chatbots stimulate task performance and self-regulation, and iXR
provides superior immersion and performance in most studies. The most
robust evidence comes from iXR designs with control groups, whereas
chatbot and ITS studies mostly remain limited to pre-experimental de-
signs. Taken together, across instructional applications, the strongest
and most consistent instructional effects are observed for performative
outcomes in iXR applications and for cognitive outcomes in ITS-based
systems. Affective outcomes, such as motivation, also show mostly
positive effects, while meta-cognitive outcomes are often inferred rather
than directly measured.

4.5.3. Assessment-oriented uses of Al

Fewer studies explicitly examine Al for assessment and prediction in
VET. Applications fall into intelligent assessment, or profiling and
prediction.

For intelligent assessment, Febrianti et al. (2024) conducted a
qualitative case study demonstrating that ChatGPT can grade essays
with rubric alignment, producing logical, consistent, and objective
feedback while reducing teacher workload. Chen et al. (2024) used an
iXR supermarket simulation. They found significant group differences in
behavioral patterns, demonstrating that process data can diagnose per-
formance levels and indicate degrees of intellectual disability to inform
individual practice. In a mixed methods survey study, Yang and Balazon
(2026) found that teachers frequently used Al for drafting assessment
tasks, automated grading, and evaluating student responses, with
Al-supported assessment receiving comparatively high ratings of use
among other Al teaching applications.

For profiling and prediction, Eegdeman et al. (2023) applied ma-
chine learning to dropout prediction. They showed that Al-based algo-
rithms achieved higher precision and fewer false positives than non-Al
models, though some predictive variables overlapped between both
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approaches. Similarly, Korkmaz and Aydin (2025) used multiple ma-
chine learning classifiers to identify vocational students at risk of
withdrawing from a course, finding that factors such as financial hard-
ship and low academic performance were among the strongest pre-
dictors. However, the study did not compare Al-based approaches with
non-Al models.

Taken together, assessment-oriented Al primarily supports cognitive
diagnostics and efficiency gains. The studies suggest that AI can enhance
the reliability, efficiency, and validity of assessments, particularly when
incorporating process data. However, evidence for longer-term learning
resulting from Al-based assessment remains absent.

4.5.4. Holistic uses of AI

Six holistic applications of Al in VET focus on administration (3
studies) and guidance (3 studies). In the area of administration, Alabbas
et al. (2024) developed a chatbot to support admissions and helpdesk
services. Based on data from over 200 students, the system achieved
90% recognition accuracy, reduced staff workload, and improved stu-
dent satisfaction. Langgeng (2023) trained a chatbot on 2636 registra-
tion FAQs and compared deep learning architectures. The study
confirmed the reliability of AI chatbots for automating registration,
while noting dataset constraints.

Regarding guidance, Phuttawong and Chatwattana (2025) devel-
oped an Al-based platform to analyze students' skills and interests to
provide vocational recommendations. A pre-experimental expert eval-
uation (n = 9) rated the system highly, indicating strong suitability for
aptitude-based guidance. Hong and Kim (2024) implemented a 12-ses-
sion Al-driven career education program with students with intellec-
tual disabilities. Pre-post t-tests revealed significant improvements in
career self-efficacy (p < .001 overall; sub-domains p < .05-.001) and
learning flow, with large effect sizes confirming strong intervention ef-
fects. Using survey data from 502 Chinese college students, Wang et al.
(2025) further showed that perceived usefulness, perceived output
quality, and perceived value significantly influenced students’ adoption
of generative Al for career information-seeking and career exploration.

Overall, holistic Al applications have the strongest effect on affective
outcomes, particularly learner confidence and decision-making. Across
both holistic domains—administration and guidance—AI was evaluated
as effective at streamlining institutional processes and supporting
learners’ career seeking and orientation in VET. However, evidence is
often based on pre-experimental or expert-evaluation designs.

5. Discussion

The empirical synthesis in the previous section reveals a multifaceted
picture of Al applications in VET. To ground critical reflection and
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directly address the overarching research questions (RQ1-RQ5), Fig. 5
provides a condensed synthesis of our core findings alongside the most
pressing research gaps identified in the literature.

Building on this synthesis, the following sections critically contex-
tualize these findings to move beyond descriptive mapping. We explore
the structural landscape and its contextual blind spots (Section 5.1). We
then analyze the theoretical implications of current Al paradigms for
learner agency in VET (Section 5.2). We then evaluate the reported
effectiveness of Al interventions in light of their methodological
robustness (Section 5.3) and acknowledge the limitations of this review
(Section 5.4). Finally, drawing on these theoretical and methodological
reflections, we offer implications for educational practice and future
research (Section 5.5).

5.1. Study descriptives

The current state of research on Al in VET reflects growing interest in
educational Al applications. The field is geographically concentrated in
Asia, with fewer but more interconnected contributions from Europe.
Sectorally, the evidence base is led by the technical domain, followed by
business administration and service occupations, with a smaller cluster
in health care. This distribution reflects the strong alignment between
Al-based simulations and technically oriented occupations, as well as
structural differences in how health professions are positioned within
national education systems—frequently classified as academic rather
than vocational learning. In terms of educational functions, instructional
applications clearly dominate the evidence base, whereas curriculum,
assessment, and holistic uses of Al are addressed only rarely. This
imbalance suggests that Al in VET is currently framed primarily as a
pedagogical intervention at the instructional level, rather than as a
systemic lever for curriculum design, assessment reform, or institutional
development.

This sectoral and functional imbalance is not merely a descriptive
artifact but reflects a deeper epistemic bias in the current development
and evaluation of Al-supported instruction in VET. The focus on tech-
nical domains and instructional applications such as simulations and
intelligent tutoring systems (ITS) indicates that empirical Al research
tends to gravitate towards contexts in which learning outcomes are more
easily operationalized and measured. This introduces a structural se-
lection effect, whereby domains characterized by highly codified and
procedural knowledge are overrepresented, while domains involving
tacit, relational, and context-sensitive practice remain underexamined.

Consequently, the absence of studies situated in authentic workplace
settings is not only a coverage gap but also a limitation in the external
validity of the current evidence base. It constrains the extent to which
reported effectiveness claims can be generalized to the full spectrum of
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Fig. 5. Summary of main empirical findings, theoretical paradoxes, and gaps identified in current research.
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vocational learning environments. In particular, it suggests that Al
research in VET has yet to adequately engage with the socially
embedded, contingent, and tacit nature of on-the-job learning that
constitutes vocational expertise (Harteis & Billett, 2023). This raises
fundamental questions about what kinds of vocational knowledge are
currently being made visible through Al research and, conversely, which
forms of expertise remain systematically outside its analytical scope.

5.2. Interpreting learning paradigms and learner agency

Current applications largely remain within directive or supportive
paradigms, with only three studies exploring Al-empowered designs.
Importantly, these paradigms are not only pedagogically distinct but
also systematically related to different educational goals. Interventions
targeting cognitive outcomes, such as knowledge acquisition and pro-
cedural skill development, are predominantly aligned with Al-directed
approaches, where learning is organized through structured sequences
and corrective feedback. In contrast, affective goals, including motiva-
tion and engagement, are more commonly addressed in Al-supported
designs that enable interactive and responsive learning experiences.
Regulative goals, such as autonomy and self-regulation, are conceptu-
ally most consistent with Al-empowered paradigms, in which learners
take an active role in shaping their learning processes. However, the
empirical evidence reveals a clear imbalance: although meta-cognitive
outcomes, particularly self-regulated learning, are frequently empha-
sized, they are rarely implemented through genuinely Al-empowered
designs. Instead, most implementations remain anchored in Al-
directed designs that prioritize structured instruction and performance
optimization, thereby affording only limited opportunities for genuine
learner agency.

This reveals a striking theoretical paradox in current VET Al
research: while studies frequently claim alignment with constructivist
and self-regulated learning theories, actual technological implementa-
tions predominantly reflect Al-directed, behaviorist paradigms (e.g.,
drill-and-practice, automated error correction). From a theoretical
standpoint—particularly drawing on situated cognition (Lave &
Wenger, 1991) and theories of vocational boundary crossing (Akkerman
& Bakker, 2011)—this points to a fundamental limitation. Vocational
competence is not merely the accumulation of procedural skills; it in-
volves adaptive expertise, professional identity formation, and the
ability to navigate fragmented boundaries between school-based and
workplace learning environments.

From a workplace learning perspective, behaviorist or cognitivist
instructional designs—such as immediate feedback or procedural
modeling—are not inherently problematic, provided they align with
learner goals and are experienced as meaningful. Decades of learning
theory (Collins et al., 1991) suggest that novices benefit from structured
guidance when entering communities of practice. As Lave and Wenger
(1991) emphasize, learners gradually move from peripheral to fuller
participation, and explicit feedback can support this transition when it is
perceived as supportive rather than controlling. In this sense,
Al-directed instruction can enhance cognitive and performative out-
comes without necessarily undermining learner agency.

At the same time, an over-reliance on Al-directed systems introduces
pedagogical risks, particularly the erosion of learner agency. Vocational
education should not only train routine performance but also enable
learners to critically engage with and transform professional practices.
As Billett (2004) argues, meaningful workplace learning depends on
agentic participation and contributes to the formation of professional
identity. If Al systems are primarily used to automate instruction and
monitor performance, they risk reinforcing compliance-oriented
learning rather than fostering adaptive expertise. This risks priori-
tizing competencies that are easiest to measure and automate, poten-
tially at the expense of those harder to quantify yet widely considered
future-relevant—among them adaptability, critical reflection, and
creativity (Hau & Schwartz, 2025).
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Moreover, when Al is reduced to a ‘tutor’ that prescribes predefined
learning paths, it risks falling into what has been termed the ‘Turing
Trap’ (Brynjolfsson, 2022)—mimicking human instruction rather than
augmenting learner agency. Extending the ‘Turing Trap’ notion, Hau
and Schwartz (2025) primarily emphasize risks for learners' skill
development, particularly the crowding-out of competences such as
empathy, adaptability, and critical thinking when Al substitutes rather
than complements human abilities. We extend this argument by iden-
tifying a parallel risk at the level of instructional design. Many current Al
applications in VET appear to prioritize imitation over augmentation,
reproducing existing instructional behaviors of teachers or workplace
supervisors rather than expanding pedagogical possibilities. This risks
narrowing the design space of Al in education to automated instruction
and procedural guidance, thereby reinforcing Al-directed paradigms
and marginalizing the relational, interpretive, and socially situated di-
mensions of vocational learning. In contrast, an augmentation-oriented
perspective would position Al as a means to enrich human
instruction—enabling more individualized support, enhanced
self-regulation, and more continuous guidance across learning contexts
with greater responsiveness to learner needs.

To illustrate this in a VET context: rather than replicating human
instruction, Al could function as a mediating tool that bridges commu-
nities of practice, helping learners reconcile divergent epistemic and
institutional logics—something individual instructors alone cannot
systematically provide. Similarly, AI could serve as a collaborative
mentor supporting goal-setting, reflection, and individualized learning
trajectories (Kim et al., 2025, pp. 1-23), while human instructors inte-
grate these processes into broader pedagogical designs grounded in
relational support and educational care. Such approaches are particu-
larly relevant in Al-rich workplaces characterized by continuous
learning and distributed expertise. However, empirical evidence on such
learner-driven and augmentation-oriented designs in VET remains
scarce, marking an important direction for future research.

5.3. Effectiveness across outcome dimensions in light of study quality

A striking feature of the reviewed evidence base is the predominance
of positive findings regarding Al applications in VET across all educa-
tional functions (curriculum, instruction, and assessment). However,
this apparent consistency of positive effects must be interpreted in
relation to the underlying study designs and measurement practices: 21
of the 26 studies rely on pre-experimental or quasi-experimental de-
signs, and mostly measure outcomes immediately after the intervention.
From a validity perspective, this creates a structural disconnect between
the strength of the claims made in the literature and the robustness of
the evidence supporting them.

From a theoretical perspective, short-term gains in affective di-
mensions such as motivation and engagement should be interpreted
through the lens of the ‘novelty effect’, as highlighted in recent research
on conversational agents (Bai & Wang, 2025; Zou et al., 2026) and iXR
environments (Miguel-Alonso et al., 2024). In such cases, initial
engagement with novel technologies may temporarily enhance learner
enthusiasm without necessarily translating into sustained learning or
transfer. Consequently, while longer-term effects on knowledge reten-
tion, transfer to workplace practice, or labor market outcomes remain
largely unexamined, the reported benefits may reflect initial engage-
ment dynamics rather than durable educational change.

Moreover, 21 out of the 26 studies include self-report as at least one
outcome measure, such as satisfaction or perceived learning. This in-
troduces a second layer of validity concerns, as self-report measures are
susceptible to common-method bias and may systematically inflate
perceived effectiveness. When combined with short-term designs, this
reliance on subjective outcomes further amplifies the risk that the field
overestimates the effectiveness of Al interventions in VET.

These methodological tendencies warrant caution when interpreting
the seemingly consistent evidence of Al effectiveness in VET. In fact, we
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identified hardly any studies that reported null or negative treatment
effects (Thomann et al., 2024) and only a small number of studies
explicitly addressed limitations or boundary conditions of Al applica-
tions in learning contexts (Eegdeman et al., 2023; Stiitz et al., 2022).
This pattern suggests that non-significant or negative findings may
remain unpublished, thereby contributing to a “general success narra-
tive” that does not adequately reflect variability in outcomes. Without
longitudinal designs and objective performance-based measures, the
field risks conflating perceived improvement with actual learning gains
and obscuring the conditions under which Al may fail to support—or
may even hinder—vocational learning processes. Publication bias is
well documented in educational research (Polanin et al., 2016) and may
be particularly pronounced in emerging fields such as Al in education.

An exception can be observed in iXR research, where methodological
rigor is comparatively higher, and findings are more differentiated,
including reports of null effects on knowledge outcomes despite moti-
vational gains. This suggests that, as the field matures methodologically,
effectiveness claims are likely to become more nuanced and theoreti-
cally informative.

These observations underscore the need for more rigorous, trans-
parent, and pre-registered experimental research that systematically
reports both positive and null or negative findings. Such designs are
essential not only for strengthening causal inference but also for
enabling theory refinement and improving practical relevance. This
shifts the focus from whether Al should be implemented in VET to the
more consequential question of how it can be meaningfully embedded in
didactic and instructional practice.

At present, however, actionable guidance for implementation re-
mains limited. While the corpus converges on general principles—such as
the value of timely AI feedback, conversational scaffolding, and
immersive practice—the field provides little specificity regarding design
parameters (e.g., frequency and timing of Al intervention, optimal
chatbot interaction patterns, duration and sequencing of iXR sessions, or
the division of instructional labor between teachers and Al systems).
These critical design decisions remain largely underdetermined by
current empirical evidence.

5.4. Limitations

Apart from the variation in methodological quality already discussed
in the included studies, several further limitations must be acknowl-
edged that temper the conclusions of this review.

The search strategy was restricted to English-language publications
and peer-reviewed journal articles. This likely led to the exclusion of
relevant studies published in other languages or as grey literature—an
important limitation given the applied, project-based, and often
locally documented nature of Al interventions in VET. As a result,
innovative pilot projects or practice-oriented evaluations conducted
outside academic publishing channels are likely underrepresented.

Although Elicit-supported screening and hand-searching were
employed, the search strategy remained database-dependent and may
therefore underrepresent regions with lower international publishing
activity or distinct publication cultures. This limitation may partially
explain the observed concentration of studies in Asia and Europe. In
addition, the use of Elicit as an Al-assisted discovery tool reflects an
increasingly common approach in contemporary evidence synthesis.
Still, it introduces constraints for full reproducibility, as retrieved out-
comes depend on probabilistic ranking mechanisms, variability in un-
derlying indexed corpora, and temporal changes in database coverage.

Although a detailed coding framework was developed and all studies
were independently double-coded, the heterogeneity of the included
studies posed challenges for consistent categorization. Many studies
lacked sufficient transparency in their Al implementations, instructional
designs, learning environments, or theoretical grounding, thereby
necessitating interpretive judgment during the coding process. While
discrepancies were resolved through discussion and consensus, this
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inevitably introduces a degree of interpretive subjectivity into the syn-
thesis process. Given the conceptual ambiguity observed across the
corpus, this interpretive work was nonetheless necessary to enable cross-
study comparison.

Finally, the modest corpus of 26 studies, distributed across three
outcome dimensions, currently precludes meta-analytic synthesis. This
limits the statistical generalizability of the findings and positions the
review as an interpretative synthesis of an emerging field rather than a
confirmatory aggregation of evidence. Accordingly, the identified
patterns—such as the predominance of Al-directed and Al-supported
paradigms and the concentration on short-term outcome
measures—should be understood as provisional and potentially sensi-
tive to future shifts in both methodological rigor and technological
development. As the evidence base expands, these patterns are likely to
evolve, particularly as more studies incorporate longitudinal designs
and workplace-based settings.

5.5. Implications for research and practice

The findings of this review carry implications for both researchers
and practitioners in VET. To counter the prevailing “general success
narrative”, the research community must systematically document cases
of failure and examine the boundary conditions under which AI in-
terventions fail to produce expected effects. Coordinated research ef-
forts, including pre-registration and replication designs, are essential to
mitigate publication bias and represent a necessary step toward genuine
theoretical contributions. For this endeavor, several methodological
priorities emerge. Future studies should move beyond pre-experimental
designs by incorporating control groups, randomization, and delayed
post-tests to strengthen causal inference. Outcome measures should be
better aligned with vocational competence frameworks, prioritizing
objective, performance-based assessments—such as log data—over self-
report instruments. Finally, longitudinal designs are needed to examine
whether Al-supported learning outcomes transfer to workplace practice
and persist over time.

Moreover, there is a need for design-based research that moves
beyond descriptive evaluation toward the development of genuinely AI-
empowered learning environments. Future studies should investigate
how generative Al can be designed to function as a collaborative mentor
rather than a directive tutor—supporting learners in setting goals,
regulating their learning processes, and developing adaptive expertise.
Such designs should be grounded in human-centered principles that
place educational values, learner agency, and meaningful human-AI
interaction at their core (Feng et al., 2025).

For practitioners and VET institutions, the review offers cautious but
actionable implications. Al-enhanced simulations and intelligent tutor-
ing systems show consistent positive effects on procedural competence
and knowledge acquisition, particularly in technical domains, and
represent a promising entry point for implementation. Conversational Al
agents may support self-regulation and provide on-demand scaffolding,
but should be embedded within broader instructional designs rather
than used as standalone solutions.

As Al systems increasingly automate aspects of procedural training,
the role of vocational educators is likely to shift. Teachers should focus
less on content delivery and more on orchestrating Al-supported
learning environments, fostering critical Al literacy, and providing
socio-emotional guidance that remains beyond algorithmic capabilities.
At the same time, practitioners should also be aware that most positive
evidence is based on short-term interventions in controlled settings;
sustained effectiveness in authentic VET contexts cannot yet be
assumed.

Finally, the persistent gap between constructivist pedagogical in-
tentions and predominantly directive AI implementations suggests a
need for closer collaboration between instructional designers and Al
developers. Such collaboration is essential to ensure that system design
more closely reflects the pedagogical goals it is intended to support.
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6. Conclusion

In summary, the corpus of 26 empirical studies indicates that Al-
based interventions in VET can be effective across curriculum, instruc-
tion, assessment, and holistic support functions, albeit with systematic
variation across application types and outcome dimensions. Cognitive
outcomes are most consistently supported by intelligent tutoring sys-
tems (ITSs) and adaptive learning platforms, while performative out-
comes show the most robust effects, particularly in Al-driven
simulations. Affective and regulatory outcomes, such as engagement
and self-regulation, are frequently reported but predominantly rely on
self-report measures, limiting the strength of causal inferences and
raising the possibility that short-term novelty effects are being captured.
Overall, the most consistent benefits emerge when AI augments
authentic, practice-proximal learning environments, especially in iXR
simulations and in technical domains. Across all domains, Al chatbots
are widely used and the respective studies have reported promising ef-
fects on self-regulation and task performance.

At the same time, methodological issues and publication bias may
contribute to an overly optimistic portrayal of effectiveness. The field
remains constrained by short-term interventions, small samples, limited
use of randomized experimental designs, and a strong reliance on sub-
jective outcome measures. Delayed post-tests, objective performance-
based assessments aligned with vocational competence models, and
analyses of transfer to workplace contexts are largely absent. To counter
the “general success narrative” of Al in VET, future research must sys-
tematically document and analyze failure cases and boundary condi-
tions to generate more differentiated guidance for practice.

While constructivist and learner-centered perspectives dominate the
theoretical framing of the reviewed studies, the Al systems implemented
often tell a different story: Most studies prioritize incremental skill
training, guided feedback, and error correction. Designs that genuinely
foster learner agency and critical co-creation with Al remain rare,
revealing a systematic misalignment between Al's transformative po-
tential in VET and its actual didactic implementation. This points to a
broader pitfall: educational Al should not merely replicate traditional
instruction but enable new forms of learner engagement. Avoiding the
‘Turing Trap’ means designing Al to augment rather than mimic human
teaching. For VET learners, this implies supporting critical reflection,
engagement, and adaptability; for teachers, it means leveraging Al to
enhance empathic guidance and meaningful recognition of learner
progress. Accordingly, Al learning designs should be evaluated not only
in terms of effectiveness, but also in terms of whether they foster learner
participation and preserve meaningful human judgment.

Advancing the field requires coordinated research efforts integrating
pedagogical theory, vocational competence frameworks, and human-
centered Al principles — alongside longitudinal, causally robust de-
signs and comparative didactical analyses. Only through such cumula-
tive, theoretically grounded research can Al meaningfully contribute to
learner-centered vocational education for an Al-mediated world of
work.
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