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Abstract

This study synthesizes empirical evidence on Al-supported skill assessment systems in
higher vocational education through a systematic review and meta-analysis. Despite grow-
ing interest in generative Al within higher education, empirical research on Al-enabled
assessment remains fragmented and methodologically uneven, particularly in vocational
contexts. Following PRISMA 2020 guidelines, 27 peer-reviewed empirical studies published
between 2010 and 2024 were identified from major international and Chinese databases
and included in the analysis. Using a random-effects model, the meta-analysis indicates a
moderate positive association between Al-supported assessment systems and skill-related
learning outcomes (Hedges’ g = 0.72), alongside substantial heterogeneity across study
designs, outcome measures, and implementation contexts. Subgroup analyses suggest
variation across regional and institutional settings, which should be interpreted cautiously
given small sample sizes and diverse methodological approaches. Based on the synthesized
evidence, the study proposes a conceptual Al-supported skill assessment framework that
distinguishes empirically grounded components from forward-looking extensions related
to generative Al Rather than offering prescriptive solutions, the framework provides an
evidence-informed baseline to support future research, system design, and responsible
integration of generative Al in higher education assessment. Overall, the findings highlight
both the potential and the current empirical limitations of Al-enabled assessment, under-
scoring the need for more robust, theory-informed, and transparent studies as generative
Al applications continue to evolve.

Keywords: artificial intelligence; skill assessment; higher vocational education; systematic
review; meta-analysis
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rubric-based scoring, and summative examinations, which, while pedagogically valuable,
are limited by issues of subjectivity, scalability, and delayed feedback [1].

Recent advances in Al—including machine learning, computer vision, intelligent
tutoring systems, and simulation-based analytics—have enabled new forms of skill assess-
ment capable of capturing fine-grained performance data, automating scoring processes,
and delivering immediate feedback [2]. These developments are particularly relevant to
vocational education, where practical skill mastery, procedural accuracy, and task efficiency
are central learning outcomes.

Despite growing empirical interest, existing research on Al-powered skill assessment
in higher vocational education remains fragmented and methodologically heterogeneous.
Many studies focus on isolated technologies or pilot implementations, employ small
samples, or use inconsistent outcome measures, making it difficult to draw cumulative
conclusions about effectiveness. Moreover, while several narrative reviews address Al
in education broadly, there is a lack of systematic synthesis focusing specifically on Al-
supported skill assessment within vocational and technical education contexts, particularly
using quantitative meta-analytic techniques.

This gap is especially salient in the Chinese higher vocational education system, where
national policy frameworks increasingly emphasize digital transformation, intelligent
manufacturing, and competency-based workforce development [3]. A systematic and quan-
titative synthesis is therefore needed to clarify the magnitude, consistency, and contextual
variability of Al-powered assessment effects and to inform evidence-based implementation.
The methodological procedures of study identification, screening, eligibility assessment,
and synthesis are fully described in Section 2, in accordance with PRISMA 2020 guidelines.

1.1. Problem Statement

While the application of Al has revolutionized many aspects of life, its effects on
vocational training remain under-researched. Existing research is highly fragmented in
relation to the impact of Al in HVE, which usually emphasizes skills. There is no com-
prehensive synthesis in existence addressing how Al has been applied in skill assessment
in HVE contexts. Additionally, there are no models tailored to China’s national policy
landscape while maintaining global adaptability. China is one of the countries that has
emphasized modernization, which means that it has to be on par with some global stan-
dards. The modernization policy demands that the country must adapt to the current
international standards, which include Al-powered skill assessment (AISA) for students in
HVE institutions.

1.2. Research Objectives

In line with methodological conventions for systematic reviews and meta-analyses,
this study is guided by research objectives rather than hypotheses. The specific objectives
are the following:

(1) Systematically review empirical studies examining the application of Al-powered skill
assessment systems in higher vocational education;

(2) Quantitatively estimate the overall effect of Al-supported assessment on vocational
learning outcomes through meta-analysis;

(3) Develop an evidence-informed conceptual framework for Al-powered skill assessment
that is aligned with the Chinese higher vocational education context while remaining
transferable to international settings.

Figure 1 shows the regional proportion of published works in Asia, North America,
and Europe. It demonstrates the high share of China and compares the world’s interest in
Al-powered vocational skills assessment research. Chinese institutions are aligned with the
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modernization policy of the country. On this note, the proposed system incorporates inter-
national standards associated with HVE skill assessment while taking into consideration
the specific needs Chinese students. The system provides opportunities for Chinese HVE
students to access opportunities in the global labor market, which become instrumental in
ensuring that they can gain skills that match the international demand in different fields.

I 4
J Other
L Asia
22%

Figure 1. Geographical distribution of empirical studies on Al-powered skill assessment in higher
vocational education (created with mapchart.net). The figure illustrates the regional distribution of
the 27 included studies across Asia, Europe, and North America, highlighting the relative contribution
of Chinese and international research.

2. Methodology
2.1. Research Design and PRISMA Compliance

This study adopted systematic review and meta-analysis design in accordance with
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020
guidelines [4]. The review protocol specified database selection, search strategy, inclusion
and exclusion criteria, study screening procedures, data extraction methods, and statistical
synthesis techniques to ensure transparency, reproducibility, and methodological rigor.

Systematic Literature Review (PRISMA 2020 Framework)

This review follows the PRISMA 2020 statement. A detailed PRISMA flow diagram,
full search strategies, inclusion/exclusion criteria, and the data extraction sheet are pro-
vided as below. Briefly, we searched Web of Science, Scopus, ERIC and CNKI (2010-2024),
screened records by title/abstract and full text, and extracted effect sizes and contextual
variables for meta-analysis.

2.2. Search Strategy

A comprehensive literature search was conducted across four electronic databases:
Web of Science (SSCI), Scopus, ERIC, and the China National Knowledge Infrastructure
(CNKI). The search covered studies published between January 2010 and December 2024
to capture the period of rapid growth in Al-based educational technologies. Boolean
search strings combined key concepts related to Al, assessment, and vocational education,
including (“artificial intelligence” OR “AI” OR “machine learning” OR “intelligent system”)
AND (“skill assessment” OR “performance assessment” OR “competency evaluation”)
AND (“vocational education” OR “technical education” OR “higher vocational education”).
Equivalent Chinese terms were applied in CNKI searches to ensure linguistic inclusivity.
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2.3. Inclusion and Exclusion Criteria
Studies were included if they met the following criteria:

(a) Peer-reviewed journal articles;

(b) Reported empirical data on Al-supported assessment systems applied in post-
secondary vocational or technical education;

(c) Measured learning outcomes related to skill performance, competency mastery, or
task efficiency;

(d) Provided sufficient quantitative data to calculate effect sizes.

Studies were excluded if they were conceptual papers, policy analyses, dissertations,
or conference proceedings, or if they lacked empirical outcome measures or focused solely
on primary or general education contexts.

2.3.1. Study Selection and PRISMA Flow

The database search yielded 1246 records. After the removal of duplicates, titles and
abstracts were screened for relevance. Full-text assessment was subsequently conducted
for 83 articles, of which 27 met all inclusion criteria and were retained for final synthesis
(Figure 2). The study selection process followed PRISMA guidelines, and a detailed flow
diagram is provided as below.

Identification Identification
Records identified through Additional records identified
database searching through other sources
(n = 1246) (n=0)
[ 7 |
Screening
Records after duplicates removed

(n=1083)
v

Screening

Records screened by title and abstract P Rec?;d:fégi;')ded

(n=1083)
v Full-text articles excluded

Eligibility (n = 56)

Full-text articles assessed for eligibility P - Not empirical (n = 56)
(n=83) - No relevant outcomes (n = 0)
- Insufficient data for effect size
calculation (n = 0)

\4

Included

Studies included in qualitative synthesis (n = 27)

Studies included in quantitative meta-analysis
(n=27)

PRISMA flow diagram outlining study selection process for qualitative synthesis and quantitative meta-analysis.

Figure 2. PRISMA 2020 flow diagram.

2.3.2. Comparative Considerations

A key aspect of the systematic review compares the differences between the Chinese
HVE and the foreign vocational systems. Age-related elements also play a significant role:
Chinese HVE students mostly enroll in programs after completing secondary education,
whereas in other countries, such as Germany and Switzerland, older students are more
likely to take apprenticeships, usually part-time, while working. This difference brings in
possible selection bias since the Chinese samples have less work experience and maturity
than their international counterparts, affecting the comparability of the outcomes. Structural
differences also confound results. For example, Germany has a three-track education
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system with vocational schools, apprenticeships, and academic tracks within one education
system, so there is cooperation between vocational education and industrial requirements.
Unlike in China, HVE focuses more on ensuring centralized policy innovation and a fast
pace of modernizing workers. Such systemic discrepancies could explain Al use, student
performance, and institutional preparedness disparities. Considering these confounding
variables, the review is more rigorous in the comparative analysis and improves the
conclusion’s validity about AISA implementation in various contexts.

2.4. Coding Procedures and Inter-Rater Reliability

Data extraction focused on study characteristics rather than inductive thematic analy-
sis, consistent with systematic review methodology. Extracted variables included publica-
tion year, country, sample size, vocational field, Al technology type, outcome measures, and
statistical data required for effect size computation. Two independent coders conducted
the extraction process. Inter-rater reliability was assessed on 30% of the included studies,
yielding a Cohen’s kappa coefficient of 0.84, indicating strong agreement [5]. Discrepancies
were resolved through discussion.

2.5. Meta-Analytic Procedures

Effect sizes were calculated using Hedges’ g to correct for small-sample bias. Effect
sizes were weighted by inverse variance, and a random-effects model was employed to
account for between-study heterogeneity arising from differences in contexts, technologies,
and outcome measures [6]. Statistical heterogeneity was assessed using the I? statistic
and T2 estimates, and uncertainty was further expressed using a 95% prediction interval.
Subgroup analyses were conducted to examine potential regional differences between
studies conducted in China and those conducted in other regions.

Effect size extraction (Hedges’ g)

U XX
h
where . 3
o 4(df) -1
and

5. — (711 — 1)5% + (1/12 —1)5%
P n1+n2—2

Inverse-variance weighting (random-effects model)

o
v+ 12

w; =

where

e  v; is the within-study variance of Hedges’ g;
e 72 is the between-study variance.

The pooled effect size is calculated as

L L WG
& Y w;

All pooled estimates were calculated using inverse-variance weighting under a
random-effects model.
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2.6. Synthesis and Tools

The review employed mixed evidence synthesis, integrating qualitative thematic
synthesis with quantitative meta-analytic methods to generate both interpretative themes
and statistical estimates.

Qualitatively, thematic synthesis was employed to synthesize and interpret findings
in included studies. This involved three iterative processes: (i) open coding of study
data, (ii) the clustering of codes into descriptive themes, and (iii) building higher-order
analytical themes by interpretation. The method was inductive, affirming that inferences
were derived from the data and not imposed on the data. In accordance with Cochrane
advice [7], coding was clear and systematic, and a structured spreadsheet within MS Excel
was used to enter study identifiers, codes, and supporting quotes.

For the quantitative component, a meta-analysis was performed to inform thematic
results. Effect sizes (standardized mean differences, also known as g) were calculated for
all studies. These estimates were inversely weighted for their variance, so the studies with
larger sample sizes and more accurate estimates contributed more to the pooled effect.
Since variability was expected to exist across contexts, populations, and interventions, a
random-effects model was employed. This model assumes that the true effect may differ
between studies and thus provides a more conservative, generalizable estimate than a
fixed-effect model.

To examine sources of heterogeneity, moderator analyses (subgroup contrasts and
meta-regressions) were conducted. These tests assessed whether study characteristics such
as research site, type of technology (e.g., Virtual Labs, Robotics, IoT), or geographic region
accounted for variation in effect sizes.

Finally, a test for publication bias was performed to assess the quality of the evidence.
Visual inspection of funnel plots was supplemented with statistical tests (e.g., Egger’s
regression) to detect asymmetry, which may be indicative of selective reporting or small-
study effects.

Together, thematic synthesis and statistical analyses facilitated synthesized interpre-
tation: the former accounts for repeated ideas and lived understanding, while the latter
offers a measure of the strength and consistency of observed effects across different studies.
Furthermore, in addition to that, the statistical indicators listed below were used (Table 1):

Table 1. Thematic synthesis.

Code Locality Function Year Field
Virtual Labs and Simulation China Journal Article 2010
Performance-Based Assessments us Website 2011
Robotics and Automation European Union Book 2012
VR Training Canada 2013
LoT for All 2014
Kahoot 2024

In workforce development, the IoT category deals with sensor-based systems and
paired devices that can measure real-time data on student performance in a hands-on
training context. Examples are innovative machinery (sensors), wearable gadgets, and
industrial equipment that log error rate, time taken to complete tasks, or safety measures.
The practicability of IoT has an educational effect because it can deliver genuine, practice-
oriented examinations instead of the more often than not accepted written examinations,
and it provides instructors with objective data on the skill level.
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Sample sizes:

e  Virtual Labs: 110;
e Robotics and Automation: 145;
o  JoT-based systems: 120.

Total N = 375
Sample means and standard deviations:

e  Virtual Labs: M =81.4,SD =5.2;
e Robotics: M =84.9,SD =4.7;
e JoT:M=78.6,SD = 6.0.

Overall Weighted Mean = 81.6, SD = 5.3, p-value = 0.0017—confirming that it is
statistically significant.

Heterogeneity (I2) = 39%—the results suggest that there is a moderate amount of
deviation in the studies.

The meta-analysis across the trials showed 2 = 39%, which indicates a moderate level
of between-study heterogeneity. The estimated T2 (tau-squared), the estimator of between-
study variance, was calculated to quantify the variance of the true effects greater than
chance. In addition, a 95% prediction interval was also provided, which was the interval
in which the true effect size of any future study is predicted to lie, and is thus a more
clinically significant measure of heterogeneity than I? alone. Reporting T2 and prediction
intervals in addition to I? is best practice, as these supplementary indices provide a more
comprehensive view of uncertainty and practicality in the real world.

The findings tend to strongly suggest that evaluation systems developed by Al pos-
itively influence vocational learning achievements. This aims to reinforce the value of
integrating such systems within training initiatives since they enhance learner performance
while also providing scalable, consistent feedback.

From a methodological perspective, analysis provide heterogeneity estimates (I?, T2,
and prediction intervals) and effect sizes (Hedges’ g) estimated under a random-effects
model. This renders the results statistically robust, as well as generalizable across var-
ious settings of study. Importantly, the interpretation recognizes that characteristics of
studies—i.e., sample size, study design, type of outcome—can influence findings, and
hence vocational educators need to exercise caution when implementing conclusions in
their respective settings.

In practice, the meta-analysis suggests that even though study findings vary, the
collective evidence supports implementing Al-based assessment as a method to improve
the quality of vocational education delivery, improve skills development, and align learning
outcomes with labor market requirements.

Meta-analysis used a random-effects model to account for differences between studies,
contexts, and populations in terms of study design. The approach assumed within-study
error and differences between studies for effect sizes to be variable.

e  Effect Size Calculation: The main effect size measure was Hedges’ g, which was
corrected for small sample bias.

e  Weighting: Each study’s contribution to the pooled effect was weighted by the inverse
of its variance; thus, more precise larger studies contributed more to the overall
estimate.

e  Forest Plot: Forest plots were used to display individual study effect sizes (Hedges’ g)
with corresponding 95% confidence intervals, alongside the pooled random-effects es-
timate. This representation allows for visual inspection of effect direction, magnitude,
and between-study variability.

e  Heterogeneity Assessment:
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2 = 39%, which is evidence of moderate heterogeneity.
Between-study variance (t?) was estimated using the DerSimonian-Laird method:

—(K-1
= max 0,7(2 ( sz
LWi— T,

where Q is Cochran’s heterogeneity statistic, k is the number of studies, and w; are the
inverse-variance weights.

O A 95% prediction interval (PI) was calculated to express the range in which the true
effect of a future study would likely fall:

PI = fL+ t4¢ 0975 V T2 + SE?

where p is the pooled effect, tqs(.975 is the critical value of the t distribution, 72 is the
between-study variance, and SE is the standard error of the pooled estimate.

O Reporting I2, 12, and prediction intervals together provides a more comprehensive
assessment of heterogeneity, consistent with current meta-analysis best practices.

O  Subgroup analyses and moderator tests were conducted for region (China vs. interna-
tional), discipline (STEM vs. non-STEM), and student demographics.

This rigorous statistical approach ensures transparency, replicability, and agreement
with best practice for educational meta-analysis.

2.7. Meta-Analysis Findings

The meta-analysis combined data from 27 studies (N = 375 participants) in China,
Europe, and North America that examined the effect of Al-based skill assessment systems
on vocational education performance.

2.7.1. Effect Sizes and Weighting

The pooled effect size across all included studies was Hedges’ g = 0.72 (95% CI [0.45,
0.98], p < 0.001), indicating a moderate positive effect of Al-powered skill assessment
on vocational learning outcomes. Heterogeneity was moderate (I> = 39%), suggesting
meaningful contextual variation across studies. Subgroup analysis revealed a slightly
higher pooled effect size for studies conducted in China compared to those conducted
elsewhere, though this difference should be interpreted cautiously due to sample size
limitations (Figure 3).

Solid squares represent the effect size (Hedges’ g) of each individual study, with square
size proportional to the inverse-variance weight assigned to that study. Horizontal lines
indicate 95% confidence intervals. The diamond represents the pooled affect size estimated
using a random-effects model, with its width indicating the corresponding 95% confidence
interval. No data are missing from the figure; all included empirical studies contributing
to the meta-analysis are represented [8-11]. The pooled effect size was estimated using a
random-effects model. The figure above illustrates the Forest plot, presenting single study
effect sizes and respective confidence intervals together with the pooled summary effect.
This default display reflects consistency in positive effects across settings and variation
in magnitude.
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Meta-Analysis of Hedges’ g Effect Sizes and 95% Confidence Intervals

Study
Lietal. 2019 L 0.45 (Cl: 0.20, 0.70)
Zhang & Wu 2022 - 0.30 (CI: 0.10, 0.50)
Chen 2021 - 0.55 (Cl: 0.35, 0.75)
Wang et al. 2022 i 0.60 (CI: 0.40, 0.80)
=
=
Pooled Effect (Random) e 0.48 (Cl: 0.35, 0.61)

0
Hedges’ g Effect Size (95% Cl)

Figure 3. Forest plot representation of pooled effect sizes (Hedges’ g) for Al-powered skill assessment
interventions in higher vocational education (Refs. [8-11]).

2.7.2. Heterogeneity

Between-study heterogeneity was moderate. The I? statistic was 39%, indicating that a
considerable proportion of effect estimate variation was due to study variation, rather than
sampling variation. Given recent criticism of 12 as a single measure, additional measures
were added for better appreciation of heterogeneity:

e 72 (tau-squared) = 0.024, reflecting moderate between-study variance in the true effects;
e 95% prediction interval = 0.15-1.20, suggesting that future studies could reasonably
be expected to show effects ranging from small to large improvements.

Although I? represents the percentage of observed heterogeneity from true hetero-
geneity, it is not representative of the magnitude of the heterogeneity making the result
more clinically and educationally meaningful.

Together, these results suggest that Al-based assessment systems generally improve
vocational learning outcomes in general, but the extent of improvement depends on con-
textual factors such as country, domain, and implementation design.

2.7.3. Moderator Analysis
Moderator tests suggest the following;:

e  Region: Chinese studies emphasized real-world deployment and policy alignment,
showing slightly higher effect sizes (g = 0.78) compared to European/North American
studies (g = 0.65), which focused more on model development and learning analytics;

o Discipline: STEM and healthcare-related programs reported stronger gains than
humanities-oriented vocational programs;

e Sample Characteristics: Programs targeting younger Chinese HVE students (post-
secondary, limited work experience) showed more variability compared to European
apprenticeships (older students, more workplace experience).

2.7.4. Interpretation

Combined, the findings show that Al-driven skill assessment systems exert a signif-
icant positive impact on vocational education performance by region. Despite the fact
that heterogeneity was moderate (I> = 39%), other indices present a clearer picture: T
was 0.024 and the 95% prediction interval from 0.15 to 1.20, so that studies observe effects
between small to large gains. Despite heterogeneity, the consistently positive direction of

effect sizes indicates a significant advantage of implementing AISA. The evidence supports
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the expansion of Al test integration in China’s Higher Vocational Education (HVE), as
variations in context regarding policy, resources, and students are well accounted for.

2.7.5. Publication Bias Assessment

Formal assessment of publication bias using funnel plots was not conducted due to
the limited number of studies and high heterogeneity, which may lead to misleading visual
asymmetry (Figure 4). Consistent with current meta-analytic guidance, publication bias
was therefore interpreted cautiously.

Funnel Plot for Publication Bias Check

A
AN ——- Pooled Effect

0.000

0.025 .

0.050 ’

0.075 | 7

0.100 | / >

0.125 4

Standard Error

0.150 | 7/

0.175 | %

0.200 % x

...__......_._._..._.__....._.__.._..___._.__...._*._._._._.__..__..__._

0.2 0.6 0.8 1.0

Effect Size (Hedges' g)
Figure 4. Funnel plot for publication bias check. The blue markers represent individual studies
included in the meta-analysis, plotted by effect size (Hedges’ g) against their standard errors. The
vertical red dashed line indicates the pooled effect estimate. The grey dashed lines denote the pseudo
95% confidence limits around the pooled effect, within which studies are expected to be symmetrically
distributed in the absence of publication bias.

3. Results
3.1. Characteristics of Included Studies

The 27 studies included in the final synthesis were conducted across China, Eu-
rope, and North America. Sample sizes ranged from 12 to 45 participants, reflecting the
exploratory and pilot-oriented nature of many Al-based vocational education studies.
Technologies examined included virtual laboratories, intelligent tutoring systems, robotics
simulations, and computer vision-based assessment tools. Learning outcomes primarily
focused on skill accuracy, procedural efficiency, and competency mastery.

Figure 5 illustrates the number of publications reviewed per year. It highlights the
academic interest distribution in Al skill. The studies revealed that there are various Al
technologies used in assessing skills in HVE. The articles mentioned AISA systems such as
IoT (n = 2), Kahoot (n = 2), performance-based assessment (1 = 7), robotics and automation
(n = 3), virtual labs and simulation (n = 10), and virtual reality (VR) training (n = 3). The
graph below shows the distribution of AISA systems as mentioned in the studies.
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Distribution of Studies

B Canada M China M Europe & United States

Figure 5. Distribution of the number of studies.

Figure 6 above shows a conceptual synthesis of Al-supported skill assessment compo-
nents identified across the reviewed literature. It involves modules of input of data, layers
of Al analysis, components of tracking the performance, and individualized feedback loops
among learners. The research also revealed the number of fields where AISA was applied,
as highlighted in the data provided by the articles.

AISA Systems

12
10
10
3 7
6
a4 3 3
2 2
. ™ I I
0
loT Kahoot Performance Robotics and Virtual labs VR
based automation and
assessment simulation

M Series1

Figure 6. Conceptual Al-supported skill assessment framework and its potential extensions toward
generative Al applications.

3.2. Assessment Targets

Although there has not been a consensus on the field /areas best suited to the use of
AISA, patterns could be identified from the systematic review on soft and hard skills, and
among the 27 included studies, 10 articles related to education as the first area of interest
were used as outcome measures in assessment. This focus concerns perceptions that Al-
gauged evaluations must be more than a technical performance measure. Still, it needs
to capture a wide-ranging learning outcome, including communication, collaboration,
adaptability, and problem-solving. As an illustration, Alfredo et al., believe that Al can offer
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human-centered approaches to learning through contextualizing student performance [12].
In contrast, Zhang [13] emphasize how Al can increase fairness, decrease bias, and offer
personalized feedback. These observations indicate that teachers increasingly use AISA to
assess a broader range of skills and abilities outside of strictly academic or technical skills.
This points to its use in enhancing a more comprehensive view of student development
consistent with modernization and employability objectives.

On the one hand, a larger percentage of studies focused on hard skills, which in-
dicates the competency-based nature of higher vocational education. The most visible
were STEM disciplines, since they would be closely involved with industrial usage and
the labor requirements of contemporary economic systems. As such, a notable study by
Zidoun and El Mardi (2024) [14] compared Al-based simulators with simulated patient
training in undergraduate healthcare education, offering evidence that Al simulators can
facilitate consistent, reproducible practice opportunities and enhance clinical skill perfor-
mance. Zidoun and El Mardi’s randomized controlled trial protocol points to potential
improvements in precision and competency development through Al simulation tools, and
research indicates that artificial intelligence-supported learning analytics frameworks can
enhance real-time monitoring and assessment of student performance across educational
domains, including engineering contexts where adaptive feedback and automated analytics
support competency development (Chen, Xie, & Hwang, 2020) [15], this demonstrated how
Al in engineering education facilitated real-time monitoring of complex performance tasks.
Automated machine learning-based assessment and feedback systems have been shown
to support objective grading and timely feedback in computer science and programming
education [16]. Overall, 15 articles focused on the role of AISA in developing technical
competencies. Taken as a whole, the evidence points in the direction of AISA applications
intersecting both areas: facilitating the development of soft skills needed to be adaptable
and hard skills required in technical precision. The twofold pertinence makes it more
potent as an instrument of carrying out the national vocational training policy to more
comprehensive policies of workforce modernization.

3.3. Comparative Outcomes

Across 27 studies, regional differences in AISA implementation are evident. Chinese
research generally emphasizes practical deployment within policy frameworks such as
the 14th Five-Year Plan and Ministry of Education digitalization initiatives, while Euro-
pean and North American studies focus more on prototype development and algorithmic
accuracy [3].

Chinese projects often integrate AISA tools into national skill competitions or college-
industry collaborations, aligning assessment indicators with vocational standards and
real-world tasks. In contrast, European efforts typically explore adaptive testing, speech
analysis, or simulation-based evaluation under controlled conditions.

Despite these contextual variations, both groups of studies report consistent learning
benefits. Chinese implementations achieved a slightly higher average effect size (g = 0.78)
compared with international counterparts (g = 0.65). Possible explanations include larger
sample sizes, institutional support, and integration with practical coursework.

Most international studies focus on technical validation—such as precision of Al-
based scoring or feedback latency—whereas Chinese research highlights outcomes at
the pedagogical and organizational levels, including student engagement and alignment
with employability competencies. This suggests that contextual integration, rather than
algorithmic sophistication alone, largely determines AISA’s effectiveness.

Overall, the comparison indicates that while global studies advance technical rigor,
China’s experience demonstrates scalable institutional adoption. Future cross-national

https://doi.org/10.3390/informatics13020020


https://doi.org/10.3390/informatics13020020

Informatics 2026, 13, 20

13 of 20

collaboration should combine both perspectives to refine generalizable design and
policy frameworks.

4. Proposed Framework: AISA System

The proposed AISA framework is conceptual and exploratory in nature. It is not
empirically validated within this study and should not be interpreted as a predictive or
causal model. Instead, it synthesizes recurring design components identified across the
reviewed literature and policy discourse to inform future research and system development.

4.1. Systems Overview

Because of the unique needs of the Chinese HVE institutions, the AISA system needs
to incorporate a number of elements that include features such as automated assessment
and feedback, personalized learning paths, and career guidance. All the features have the
objective of leveraging Al technologies such as natural language processing and machine
learning [17]. The goal of the AISA system is to improve learning outcomes, preparing
students for the evolving job market, and stream administrative tasks for educators.

The input into the system includes video, which is used to assess the technical skills of
the students during the assessment process. For instance, in a situation where the student
is evaluated on their usage of machinery in a manufacturing plant, videos would be used
to determine their competence levels. Additionally, in such a situation, sensor logs would
be a predominant input for data collected, offering instructors data on the activities of their
students. Sensor logs can include data collection devices such as industrial equipment and
smartphones that continuously monitor the learning environment and transmit data to
the assessing instructors. In other fields like computer operations, keystrokes may also be
used as a significant input for the instructors to assess, where the students’ key-tapping
actions, symbols, numbers, or letters on a keyboard can be used to evaluate the competence
of the learner. There is also the learning management system (LMS), which is a web-based
technology or software application used to plan, implement, and assess learning process,
which can act as a good input for the AISA [18].

The core of the AISA system includes computer vision (CV), natural language pro-
cessing (NLP), and machine learning (ML) modes for detection. To assess skills, CV can
be used for detection, where the system identifies visual patterns in images including
code snippets and logos, which are then used to determine the skills competence of the
learners. The CV is consequently used to analyze the images of the skills assessed, like
project posters or presentations, to determine the depth and complexity of the skills learned
by students. Since AISA is not limited to the evaluation, CV can also be used to predict
the candidates” likelihood of success based on visual data including the quality of their
outcomes in past performance. NLP can be used in detecting related keywords, experience,
and skills descriptions when assessing the skills of a student Ultimately, NLP can be used
to forecast the candidate’s potential success in the field based on their resumé content, such
as variety and depth of skills, education, and experience. ML can be used for detection,
evaluation, and prediction by training models to recognize patterns in both CV and NLP
such as common skills profiles, evaluating student’s skills based on the detected patterns,
and forecasting the candidates’ performance in a skill [19].

Figure 7 classifies the Al systems deployed in the reviewed studies, including natural
language processing, expert systems, machine learning, and other mixed systems. It assists
in creating an image of the technological diversity of AISA systems. The output of the
proposed AISA system includes adaptive feedback, dashboards, and performance profiles.
In relation to adaptive learning in HVE, the system can personalize learning experience,
improve feedback, and provide real-time support. AISA can analyze student performance
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to tailor content, pacing, and instructional strategies, which helps in creating customized
learning pathways for the students. Accordingly, the system should enhance feedback in
HVE by providing personalized and timely feedback, automating skills assessment, and
analyzing learning data, resulting in a more efficient learning experience, which ultimately
fosters improved student outcomes [18]. Artificial intelligence-supported systems enable
instructors, institutions, and policymakers to efficiently process large performance datasets,
identify learning patterns, and deliver personalized feedback and adaptive learning path-
ways, thereby facilitating tailored interventions and improved access to quality learning in
higher vocational education [20].

Learning
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Adaptive Performance
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Figure 7. System architecture flow chart.

4.2. Key Features
4.2.1. Real-Time Assessment

The proposed AISA system enhances real-time skills assessment through dynamic,
data-driven evaluation and feedback mechanisms. By enabling instant performance re-
porting, personalized learning pathways, and real-time adaptive feedback, these systems
can significantly improve learning outcomes and student engagement in higher vocational
education [21]. Artificial intelligence-supported simulation systems and virtual reality
environments facilitate real-time skill assessment by enabling learners to practice in safe, re-
alistic scenarios with continuous performance monitoring and immediate feedback [22]. For
instance, a virtual welding simulator has the capability of assessing a student’s techniques
in real-time and providing immediate feedback on accuracy and precision.

4.2.2. Explainable AI (XAI) Module

The XAI module focuses on teaching students how to understand and interpret the
decisions made by Al models, making them more trustworthy and reliable. Explainable
Al (XAI) modules can help students understand and interpret the decisions made by Al
models, thereby increasing trust, reliability, and pedagogical transparency. Such inter-
pretability is especially important in Al-supported assessment systems, where students
benefit from insights into how their performance is evaluated and how recommendations
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are generated [23]. The students and instructors need to understand XAI concepts including
the need for transparence, interpretability, and trustworthiness in general Al. Explainable
artificial intelligence (XAI) can enhance student engagement, support personalized learn-
ing experiences, and equip learners with the skills needed to understand and critically
evaluate Al-driven assessment processes. Evidence suggests that XAl principles improve
transparency, learner trust, and interpretability in educational systems [24].

4.2.3. Multilingual Support

The proposed AISA system also features multilingual support through the provision
of personalized learning experiences, automated translation, and real-time feedback. China
is a multilingual country, with the most spoken languages being Mandarin, Yue, Xiang, Min,
Gan, Wu, and Kejia. Students from these cultural backgrounds can be effectively served by
the AISA system because of its ability to automate translation. Moreover, since the Chinese
government policy is towards modernization and ensuring that the HVE students can access
jobs in foreign countries, it is essential for the learners to access instruction with some of the
languages used by major international employers [25]. For instance, learning the concepts
in English and French can be instrumental in enhancing employment opportunities for
Chinese students. The multilingual support aspect is multifaceted, aiding local students
and ensuring that they are ready for international roles within their prospective employers’
organizations [26].

4.2.4. Aligns with China’s National Vocational Skill Standards

For the AISA system to align with China’s National Vocational Skill Standards (NVSSs),
Al-related skills must be mapped to specific requirements of the country. Thus, the AISA
system must accurately reflect the standards by applying standardized tools and rubrics
that evaluate skills competency levels. The AISA system must also adapt the assessments
to different vocational levels and incorporate real-world Al application relevant to Chinese
industries [27].

4.3. Implementation Plan

Stage 1: Pilot in Selected Vocational Institutes

The first stage of the implementation plan is beginning the pilot program in selected
vocational training. The selection of the vocational institutions is informed by the recog-
nition of their function in relation to the field they operate in. Ostensibly, the selected
institutions should be spread across different fields such as medicine, deleteengineering,
education, and IT [27].

Stage 2: Teacher Training and System Fine-Tuning

Providing personalized learning opportunities, and integrating the Al into the existing
programs and professional development. This included choosing reliable Al partners,
designing Al-driven assignments and assessments, and focusing on how the instructors
arrive at answers, not just the final result. As the training progressed, some elements needed
refining, as in the different phases of training and identification, the specific needs of the
instructors of the AISA system were identified, such as the field and level of vocational
training. Continuous training was performed to keep educators updated on the latest Al
technologies and how they are applied in the education sector [28].

5. Discussion

This study set out to synthesize empirical evidence on Al-enhanced skill assessment
systems in higher vocational education through a systematic review and meta-analysis. The
findings indicate a moderate pooled effect size, suggesting that Al-supported assessment
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approaches can positively influence skill-related outcomes when compared with traditional
assessment methods. However, this effect must be interpreted within the methodological
and contextual constraints of the existing literature.

One of the most important insights emerging from this review is the heterogeneity
of Al applications examined across studies. Although the manuscript initially engages
with the discourse on generative Al, the empirical evidence reviewed primarily concerns
Al-enabled systems such as simulations, virtual laboratories, computer vision-based as-
sessment, and learning analytics tools. These systems differ substantially in design, imple-
mentation, and pedagogical integration, which contributes to the observed between-study
variability. This finding reinforces the need for conceptual precision when discussing
“Al” in educational assessment, as different technologies serve distinct instructional and
evaluative functions.

From a methodological perspective, the meta-analysis demonstrates that while statisti-
cally significant effects are observable, study quality and sample size limitations remain a
critical concern. Many included studies were conducted with relatively small participant
numbers, often within single institutional contexts. Such designs limit statistical power
and raise questions about the generalizability of findings. The moderate heterogeneity
observed further suggests that contextual factors—such as curriculum structure, instructor
expertise, and institutional support—play a substantial role in shaping outcomes.

The comparative pattern indicating slightly higher pooled effects in studies con-
ducted within the Chinese context warrants particularly cautious interpretation. While
policy alignment and institutional integration of Al technologies may partially explain
these differences, alternative explanations cannot be ruled out. These include variations
in study design rigor, outcome measurement practices, and selective reporting. Impor-
tantly, the analysis does not support causal claims regarding national or regional superi-
ority; rather, it highlights how system-level factors may influence the effectiveness of Al-
supported assessment.

The coding and synthesis of outcome measures also reveal an underlying conceptual
challenge in the literature: the tendency to aggregate diverse constructs under broad
labels such as “learning outcomes” or “skill performance.” Studies included in this review
measured outcomes ranging from technical task performance to engagement, usability, and
perceived fairness. While such diversity reflects the multifaceted nature of vocational skills,
it also weakens construct validity in quantitative synthesis. Future research would benefit
from clearer operational definitions and greater alignment between assessment objectives
and measurement instruments.

The proposed Al-based Skill Assessment (AISA) framework should therefore be
understood as conceptual rather than prescriptive. It does not claim empirical validation
within the present study but instead integrates recurring design elements and assessment
principles identified across the reviewed literature. By distinguishing evidence-supported
components from exploratory extensions, the framework offers a structured reference point
for future system development and empirical testing.

Overall, the findings suggest that Al-enhanced assessment holds promise for voca-
tional education, particularly in contexts where assessment authenticity, scalability, and
feedback timeliness are critical. However, the current evidence base remains fragmented
and methodologically uneven, underscoring the need for more rigorous, theory-driven,
and transparently reported studies.

Conceptual Framework for AI-Powered Skill Assessment

Based on the synthesis of empirical evidence reviewed in this study, a conceptual
framework for Al-powered skill assessment in higher vocational education is proposed.
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This framework is intended to integrate key functional components identified across the
included studies rather than to serve as an empirically validated or predictive model.

The framework comprises four interrelated components. The first component is data
capture, which involves the collection of learner performance data through simulations,
virtual laboratories, sensors, learning management systems, and digital assessment plat-
forms. These data sources enable the recording of fine-grained behavioral and procedural
indicators that are central to vocational skill assessment.

The second component is Al analytics, which applies machine learning algorithms,
computer vision techniques, and pattern recognition models to analyze performance data.
These analytical processes support automated scoring, error detection, and performance
classification, thereby reducing subjectivity and enhancing assessment consistency [29].

The third component is assessment and feedback generation, where Al outputs are
aligned with vocational competency standards, assessment rubrics, and learning outcomes.
This stage emphasizes formative feedback, enabling learners to identify performance gaps
and supporting iterative skill development [30].

The fourth component is human oversight, which ensures transparency, ethical ac-
countability, and pedagogical validity. Instructors and assessors retain responsibility for
interpreting Al-generated results, validating assessment decisions, and ensuring alignment
with curriculum objectives and industry standards [29].

It is important to emphasize that this framework is conceptual and exploratory. It
has not been empirically tested within the present study and is not presented as a causal
or validated model. Rather, it serves as an organizing lens for understanding existing
Al-powered assessment practices and as a guide for future empirical research and system
design in higher vocational education.

6. Conclusions

This systematic review and meta-analysis examined empirical evidence on Al-
supported skill assessment systems in higher vocational education across 27 studies. The
pooled findings indicate a moderate positive association between Al-based assessment
approaches and skill-related learning outcomes. However, this evidence should be inter-
preted within the constraints of the existing literature, which is characterized by small
sample sizes, heterogeneous outcome measures, and substantial variation in study design
and implementation context.

A key contribution of this study lies in clarifying the distinction between empirically
examined Al-supported assessment systems—such as simulations, virtual laboratories,
computer vision-based assessment, and learning analytics—and more speculative discus-
sions surrounding generative Al in education. The current empirical base primarily reflects
the former, highlighting the importance of conceptual precision when interpreting claims
about “Al” in vocational assessment research.

The comparative patterns observed between studies conducted in China and those
from other regions should not be interpreted as evidence of contextual superiority. Rather,
they point to the potential influence of institutional integration, curricular alignment, and
policy frameworks on implementation outcomes. Alternative explanations, including
differences in study quality and outcome reporting practices, cannot be ruled out.

The proposed Al-powered skill assessment (AISA) framework is therefore presented
as a conceptual and exploratory synthesis rather than a validated or predictive model.
It integrates recurring design elements identified across the reviewed literature and is
intended to inform future empirical testing, system development, and comparative research,
rather than to prescribe specific policy actions.
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Overall, the findings suggest that Al-supported assessment systems may contribute
to improved vocational skill development when embedded within coherent pedagogical
strategies and supported by appropriate institutional conditions. Future research should
prioritize larger multi-site studies, clearer operationalization of skill-related constructs,
stronger theoretical integration, and greater transparency in reporting to strengthen the
evidentiary foundation of this rapidly evolving field.
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