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ABSTRACT This study investigates employment skill reconstruction for higher vocational students
majoring in artificial intelligence applications under AI-driven technological transformation. A hybrid
framework combining questionnaire analysis and machine learning was proposed using 547 valid samples.
Four predictive models were developed, among which XGBoost achieved the highest accuracy (93.2%).
Results indicate that AI tool usage, prompt engineering, and project experience are the most critical factors
affecting employability. An AI-driven skill reconstruction framework is proposed to support vocational
curriculum reform.

INDEX TERMS Artificial Intelligence; Employability; Skill Reconstruction; Machine Learning; XG-
Boost

I. INTRODUCTION

ARTIFICIAL intelligence technologies have rapidly
evolved from experimental research tools into widely

deployed industrial productivity systems. Recent break-
throughs in large language models, generative AI, com-
puter vision, and intelligent automation have accelerated
digital transformation across multiple industries, fundamen-
tally changing employment structures and job competency
requirements [1]. The integration of AI into software de-
velopment, intelligent manufacturing, financial technology,
and digital services has created both opportunities and
challenges for vocational education systems.
Higher vocational institutions play an essential role in
cultivating application-oriented technical talent. Compared
with research-oriented universities, vocational colleges em-
phasize practical skills and industry readiness. However, the
rapid evolution of AI technologies has exposed significant
mismatches between existing training models and labor mar-
ket requirements. Traditional curricula often focus heavily
on programming syntax, theoretical algorithms, and static
software development processes, while modern enterprises
increasingly demand AI collaboration capability, intelligent
tool utilization, and deployment-oriented engineering skills.
In the context of AI transformation, the concept of employ-
ability has also changed. Traditional employability mainly
depended on programming proficiency, software engineering

fundamentals, and communication ability. Today, enterprises
increasingly prioritize new competencies such as prompt
engineering, AI-assisted development, model deployment,
data-driven decision-making, and human-AI collaborative
workflows. This transformation requires a systematic recon-
struction of vocational training systems [2].
Current studies on vocational education reform mainly adopt
qualitative methods or questionnaire-based analyses. Al-
though these approaches provide useful educational insights,
they often lack computational modeling and predictive ca-
pability, limiting their applicability to computer science-
oriented research fields [3], [4]. Particularly in engineering-
oriented EI-indexed studies, purely descriptive analyses may
be insufficient to demonstrate technical innovation.
To address these limitations, this study integrates statistical
analysis and machine learning methods to investigate em-
ployment skill reconstruction for higher vocational students
majoring in artificial intelligence applications. Specifically,
this study aims to answer the following research questions:
1. Which AI-related skills most significantly influence em-
ployability?
2. What skill gaps exist between students and enterprise
expectations?
3. Can machine learning models accurately predict employ-
ability outcomes?
4. How should vocational institutions reconstruct skill train-
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ing pathways?
The primary contributions of this study are summarized
as follows: An AI-oriented employability evaluation frame-
work containing eight core skill dimensions is established.
Multiple machine learning models are introduced to predict
employability, improving analytical rigor over conventional
survey studies. Feature importance analysis identifies critical
emerging competencies influencing employment competi-
tiveness. A practical AI-driven skill reconstruction frame-
work is proposed to guide curriculum reform in vocational
education.”

II. RESEARCH METHODOLOGY
A. RESEARCH FRAMEWORK
To investigate employment skill reconstruction for higher
vocational students majoring in artificial intelligence appli-
cations, this study proposes a hybrid framework integrating
empirical analysis and machine learning prediction [5].
The framework consists of three stages: data collection,
statistical analysis, and employability prediction [6].
First, questionnaire surveys were conducted among stu-
dents, teachers, and enterprise recruiters to collect multi-
source data on AI-related competencies and employment
requirements. Second, descriptive statistics and regression
analysis were used to identify significant factors influencing
employability [7]. Finally, machine learning models were
developed to predict employability scores and determine the
relative importance of different skill factors.
The research framework is illustrated through three dimen-
sions:
Input Layer: Core skill indicators of students
Analysis Layer: Statistical analysis and machine learning
modeling
Output Layer: Employability prediction and skill reconstruc-
tion pathway
Eight feature variables were selected as model inputs, cov-
ering both technical and soft skills.

B. VARIABLE DESIGN
Based on industrial demand analysis and vocational training
objectives, eight skill indicators were selected as explanatory
variables.

TABLE 1. Variable Definition

Code Variable Description

X1 Programming Skill Coding and algorithm capability
X2 AI Tool Usage Ability to use AI tools
X3 Prompt Engineering Prompt design and optimization
X4 Data Analysis Data processing capability
X5 Model Deployment AI model deployment skill
X6 Communication Skill Team collaboration ability
X7 Project Experience Practical project participation
X8 Internship Experience Industrial internship exposure

The dependent variable was employability score (Y), repre-
senting comprehensive employment competitiveness.

C. DATA COLLECTION
Questionnaires were distributed to higher vocational institu-
tions and cooperative enterprises between January and April
2026 [8], [9]. The survey adopted a five-point Likert scale,
where 1 indicates very low competency and 5 indicates very
high competency.

TABLE 2. Sample Distribution

Source Number

Students 428
Teachers 52
Enterprise Recruiters 96
Total 576

After data cleaning, 547 valid responses were retained,
corresponding to an effective response rate of 94.97%.

D. RELIABILITY AND VALIDITY
Cronbach’s alpha was used to evaluate internal consistency
of the questionnaire.

TABLE 3. Reliability Analysis

Dimension Cronbach’s α

Technical Skills 0.903
Soft Skills 0.887
Employability 0.912

All coefficients exceeded 0.8, indicating good reliability.
KMO and Bartlett tests were further performed to verify
construct validity.

TABLE 4. Validity Test

Index Value

KMO 0.917
Bartlett Sig. 0.000

The results indicate that the dataset is suitable for further
factor analysis.

E. MACHINE LEARNING MODELS
To improve prediction accuracy, four machine learning al-
gorithms were adopted for employability prediction: Linear
Regression (LR); Decision Tree (DT); Random Forest (RF);
XGBoost [10].
The employability prediction model is expressed as:

Y = f(X1, X2, X3, X4, X5, X6, X7, X8)

where Y denotes employability score and X represents input
skill variables.
Among these models, XGBoost was selected as the primary
model due to its strong predictive performance and ability
to capture nonlinear feature interactions.
Model performance was evaluated using: Accuracy; Mean
Squared Error (MSE); R2 Score.

VOL. 15, NO. 3, AUGUST 202610109



X. Huang et al.

III. RESULTS AND ANALYSIS
A. DESCRIPTIVE STATISTICS
Descriptive statistical analysis was first performed to eval-
uate the overall competency level of higher vocational
students in artificial intelligence application programs [11],
[12]. The results reveal considerable differences among
various skill dimensions.

TABLE 5. Descriptive Statistics of Skill Variables

Variable Mean Std. Dev.

Programming Skill (X1) 3.76 0.64
AI Tool Usage (X2) 3.42 0.71
Prompt Engineering (X3) 2.94 0.83
Data Analysis (X4) 3.28 0.75
Model Deployment (X5) 2.81 0.88
Communication Skill (X6) 3.87 0.58
Project Experience (X7) 3.15 0.79
Internship Experience (X8) 3.06 0.81

The results indicate that communication skill and program-
ming skill show relatively high mean values, suggesting
that traditional vocational training still provides a solid
foundation in basic technical and collaborative competencies
[13], [14]. However, emerging AI-related skills, particularly
prompt engineering and model deployment, exhibit signif-
icantly lower average scores. This suggests that current
curriculum structures have not fully adapted to rapidly
evolving industrial requirements [15].

B. SKILL GAP ANALYSIS
To evaluate the mismatch between vocational training out-
comes and enterprise expectations, student competency lev-
els were compared with enterprise demand scores.

TABLE 6. Skill Gap between Students and Enterprises

Skill Student Level Enterprise Demand Gap

Programming Skill 3.76 4.51 0.75
AI Tool Usage 3.42 4.68 1.26
Prompt Engineering 2.94 4.82 1.88
Data Analysis 3.28 4.57 1.29
Model Deployment 2.81 4.63 1.82
Communication Skill 3.87 4.32 0.45
Project Experience 3.15 4.74 1.59
Internship Experience 3.06 4.48 1.42

Prompt engineering presents the largest skill gap (1.88), fol-
lowed by model deployment (1.82). These findings indicate
that enterprises increasingly value AI-human collaboration
and deployment-oriented engineering capabilities over tra-
ditional programming skills alone.

C. CORRELATION ANALYSIS
Pearson correlation analysis was conducted to examine
relationships among variables.

TABLE 7. Correlation Matrix

Variable X1 X2 X3 X4 Y

X1 1
X2 0.521 1
X3 0.476 0.648 1
X4 0.438 0.587 0.613 1
Y 0.714 0.789 0.842 0.751 1

All independent variables show positive correlations with
employability. Prompt engineering exhibits the strongest
correlation with employability (r = 0.842), indicating its
emerging importance in AI-related occupations.

D. REGRESSION ANALYSIS
Multiple linear regression was performed to quantify the
contribution of each variable to employability. The regres-
sion model is defined as:
Y = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6

+ β7X7 + β8X8 + ε

TABLE 8. Regression Results

Variable Beta t p

Constant 0.527 2.84 0.005
X1 0.142 4.23 0.000
X2 0.184 5.31 0.000
X3 0.267 8.76 0.000
X4 0.129 3.92 0.000
X5 0.154 4.61 0.000
X6 0.081 2.54 0.011
X7 0.212 6.93 0.000
X8 0.163 5.07 0.000

Model performance:

TABLE 9. Regression Model Performance

Metric Value

R2 0.742
Adjusted R2 0.735
F-value 193.6
Sig 0.000

The model explains 74.2% of employability variance.
Prompt engineering (β = 0.267) and project experience
(β = 0.212) emerge as the most influential predictors.

E. MACHINE LEARNING PREDICTION
Four machine learning algorithms were trained using an
80/20 train-test split to predict employability scores.

VOL. 15, NO. 3, AUGUST 2026 10110



X. Huang et al.

F. A. Author et al.

VOL. XX, NO. XX, MONTH 20XX4

Linear Regression
Decision Tree

Random Forest
XGBoost

0

20

40

60

80

100

A
cc

ur
ac

y 
(%

)

Model

 Accuracy (%)

FIGURE 1.  Accuracy evaluation results.
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FIGURE 3.  R2 evaluation results.

A ng all algorithms, XGBoost achieves the highest
prediction accuracy and lowest error, indicating superior
capability in capturing nonlinear relationships among
employability factors [10,7].

E. Feature Importance Analysis
Feature importance analysis based on the XGBoost

model was conducted to identify critical employment skills.
TABLEⅩFEATURE IMPORTANCE

Feature Importance (%)
Prompt Engineering 21.4

Feature Importance (%)
Project Experience 18.6
AI Tool Usage 16.8
Internship Experience 12.5
Model Deployment 11.3
Programming Skill 8.9
Data Analysis 6.7
Communication Skill 3.8

The results show that prompt engineering contributes
the highest predictive importance (21.4%), exceeding
traditional programming skills by more than two times. This
indicates a major paradigm shift in AI-related employability,
where effective interaction with intelligent systems becomes
more valuable than conventional coding proficiency alone.

IV. Discussion: AI-Driven Employment Skill Reconstruction
Framework

The empirical and machine learning results indicate that
traditional vocational training models are no longer sufficient
to meet the competency requirements of AI-driven industries.
Conventional curricula primarily emphasize programming
syntax, database management, and software development
fundamentals [16]. However, modern enterprises
increasingly demand interdisciplinary competencies
combining technical implementation, AI collaboration, and
industry adaptation.

The findings reveal three major structural changes in
employment competency requirements.

First, the value of traditional coding skills is relatively
declining [16]. Although programming remains a
foundational requirement, its predictive importance in
employability is lower than several emerging AI-related
skills. This suggests that programming has shifted from a
core differentiator to a baseline technical requirement.

Second, AI collaboration capability has become a
dominant employability factor. Skills such as prompt
engineering and AI tool utilization significantly improve
productivity and decision quality in modern development
environments [11]. The rise of large language models has
transformed human-computer interaction from command-
based programming to semantic collaboration.

Third, deployment-oriented practical experience
increasingly determine competitiveness.
Project participation an rnship experience
demonstrate strong predictive power, indicating that
enterprises prioritize candidates capable of translating AI
models into practical applications.

Based on these observations, this study proposes an AI-
driven employment skill reconstruction framework named
the 1+3+N Model.

A. The 1+3+N Skill Reconstruction Model
The proposed framework contains three structural layers.
Core Layer (1): Digital Literacy
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Among all algorithms, XGBoost achieves the highest
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Among all algorithms, XGBoost achieves the highest
pre ction accuracy and lowest error, indicating superior
capability in capturing nonlinear relationships among
employability factors [10,7].

E. Feature Importance Analysis
Feature importance analysis based on the XGBoost
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The results show that prompt engineering contributes
the highest predictive importance (21.4%), exceeding
traditional programming skills by more than two times. This
indicates a major paradigm shift in AI-related employability,
where effective interaction with intelligent systems becomes
more valuable than conventional coding proficiency alone.

IV. Discussion: AI-Driven Employment Skill Reconstruction
Framework

The empirical and machine learning results indicate that
traditional vocational training models are no longer sufficient
to meet the competency requirements of AI-driven industries.
Conventional curricula primarily emphasize programming
syntax, database management, and software development
fundamentals [16]. However, modern enterprises
increasingly demand interdisciplinary competencies
combining technical implementation, AI collaboration, and
industry adaptation.

The findings reveal three major structural changes in
employment competency requirements.

First, the value of traditional coding skills is relatively
declining [16]. Although programming remains a
foundational requirement, its predictive importance in
employability is lower than several emerging AI-related
skills. This suggests that programming has shifted from a
core differentiator to a baseline technical requirement.

Second, AI collaboration capability has become a
dominant employability factor. Skills such as prompt
engineering and AI tool utilization significantly improve
productivity and decision quality in modern development
environments [11]. The rise of large language models has
transformed human-computer interaction from command-
based programming to semantic collaboration.

Third, deployment-oriented practical experience
increasingly determines employment competitiveness.
Project participation and ip experience
demonstrate strong predictive power, indicating that
enterprises prioritize candidates capable of translating AI
models into practical applications.
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the 1+3+N Model.
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The proposed framework contains three structural layers.
Core Layer (1): Digital Literacy

FIGURE 3. R2 evaluation results.

Among all algorithms, XGBoost achieves the highest predic-
tion accuracy and lowest error, indicating superior capability
in capturing nonlinear relationships among employability
factors [7], [10].

F. FEATURE IMPORTANCE ANALYSIS
Feature importance analysis based on the XGBoost model
was conducted to identify critical employment skills.

TABLE 10. Feature Importance

Feature Importance (%)

Prompt Engineering 21.4
Project Experience 18.6
AI Tool Usage 16.8
Internship Experience 12.5
Model Deployment 11.3
Programming Skill 8.9
Data Analysis 6.7
Communication Skill 3.8

The results show that prompt engineering contributes the
highest predictive importance (21.4%), exceeding traditional
programming skills by more than two times. This indicates
a major paradigm shift in AI-related employability, where
effective interaction with intelligent systems becomes more
valuable than conventional coding proficiency alone.

IV. DISCUSSION: AI-DRIVEN EMPLOYMENT SKILL
RECONSTRUCTION FRAMEWORK
The empirical and machine learning results indicate that
traditional vocational training models are no longer suf-
ficient to meet the competency requirements of AI-driven
industries. Conventional curricula primarily emphasize pro-
gramming syntax, database management, and software de-
velopment fundamentals [16]. However, modern enterprises
increasingly demand interdisciplinary competencies com-
bining technical implementation, AI collaboration, and in-
dustry adaptation.
The findings reveal three major structural changes in em-
ployment competency requirements.
First, the value of traditional coding skills is relatively de-
clining [16]. Although programming remains a foundational
requirement, its predictive importance in employability is
lower than several emerging AI-related skills. This suggests
that programming has shifted from a core differentiator to
a baseline technical requirement.
Second, AI collaboration capability has become a dominant
employability factor. Skills such as prompt engineering and
AI tool utilization significantly improve productivity and
decision quality in modern development environments [11].
The rise of large language models has transformed human-
computer interaction from command-based programming to
semantic collaboration.
Third, deployment-oriented practical experience increas-
ingly determines employment competitiveness. Project par-
ticipation and industrial internship experience demonstrate
strong predictive power, indicating that enterprises prioritize
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candidates capable of translating AI models into practical
applications.
Based on these observations, this study proposes an AI-
driven employment skill reconstruction framework named
the 1+3+N Model.

A. THE 1+3+N SKILL RECONSTRUCTION MODEL
The proposed framework contains three structural layers.
Core Layer (1): Digital Literacy
Digital literacy serves as the fundamental competency sup-
porting all AI-related tasks. It includes: Computational
thinking; Programming logic; Data awareness; Problem-
solving capability.
This layer forms the foundation of employability in intelli-
gent industries.
Capability Layer (3)
The capability layer consists of three major skill domains.
Technical Foundation
This domain includes: Programming; Algorithm design;
Database systems; Data analysis.
These skills remain essential for system development and
engineering implementation.
AI Collaboration
This domain represents emerging competencies required
in AI-driven workflows, including: Prompt engineering;
AI tool usage; Human-AI interaction; Intelligent decision
support.
This layer directly improves development efficiency and
innovation capability.
Engineering Deployment
This domain focuses on practical application capability,
including: Model deployment; Cloud inference; Edge AI
integration; System optimization.
This competency bridges AI models and industrial scenar-
ios.
Application Layer (N)
The top layer consists of diverse industry scenarios where
AI technologies are deployed. Representative scenarios in-
clude: Smart Manufacturing; Intelligent Healthcare; Finan-
cial Technology; Autonomous Systems Smart Retail; Indus-
trial Automation.
The “N” indicates unlimited industrial expansion as AI
adoption accelerates.

B. CURRICULUM RECONSTRUCTION STRATEGY
Based on the proposed framework, vocational institutions
should optimize curriculum design in three directions.
First, AI-related courses should be integrated into founda-
tional technical training. Traditional programming courses
should incorporate AI-assisted coding and prompt optimiza-
tion modules.
Second, project-based teaching should be strengthened. Real
industrial datasets and deployment cases can improve prac-
tical engineering competence.

Third, industry-education collaboration should be enhanced.
Enterprise participation in curriculum design helps reduce
skill mismatch and improve employability.
The reconstruction process should shift from knowledge-
centered training to competency-driven cultivation.

V. CONCLUSION
This study investigated employment skill reconstruction for
higher vocational students majoring in artificial intelligence
applications under AI technology evolution using empirical
analysis and machine learning methods.
A hybrid research framework combining questionnaire sur-
veys, statistical analysis, and machine learning prediction
was developed using 547 valid samples. Eight skill variables
were selected to evaluate employability.
The main findings are summarized as follows.
First, significant skill gaps exist between student compe-
tency and enterprise expectations, particularly in prompt
engineering and model deployment.
Second, regression analysis demonstrates that AI-related
skills significantly influence employability, with prompt
engineering and project experience showing the strongest
effects.
Third, among four machine learning models, XGBoost
achieved the highest predictive accuracy of 93.2%, outper-
forming traditional statistical approaches.
Finally, an AI-driven employment skill reconstruction
framework, namely the 1+3+N model, was proposed to
guide vocational curriculum reform.
This study provides practical implications for talent cultiva-
tion in AI-related vocational education. Future research may
incorporate larger datasets and real-time labor market data
to further improve prediction robustness.
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