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ABSTRACT This study develops a two-stage analytical framework integrating super-efficiency Slacks-
Based Measure Data Envelopment Analysis (SBM-DEA), extreme gradient boosting (XGBoost), and
SHapley Additive exPlanations (SHAP) to investigate the coupling relationship between high-skilled talent
cultivation in vocational education and regional economic performance in manufacturing industries. The
super-efficiency SBM-DEA model is employed to quantify regional talent—economy coupling efficiency,
while XGBoost captures nonlinear interactions among educational, industrial, and innovation-related
factors. SHAP-based interpretability analysis is further conducted to identify the dominant drivers and their
marginal effects. Experimental results show that the proposed framework achieves a prediction goodness-
of-fit (R?) of 0.91 and reveals the industrial upgrading index and dual-qualified teacher ratio as the
most influential factors, with mean absolute SHAP values of 0.128 and 0.095, respectively. Dependency
analysis further identifies a critical industrial upgrading threshold near 2.8, beyond which marginal benefits
gradually diminish. The findings highlight the importance of coordinated talent development in supporting
intelligent manufacturing, industrial communication systems, and digital production infrastructures, where
the integration of skilled technical personnel, information technologies, and industrial innovation is
essential for sustainable regional development. This study provides a data-driven engineering methodology
for evaluating and optimizing the collaborative evolution of vocational education and manufacturing
economies.

INDEX TERMS high-skilled talent cultivation, SBM-DEA, industrial communication systems, SHAP

interpretability

. INTRODUCTION

IGH-SKILLED individuals are an essential support for

the transformation and upgrading of manufacturing
industries, serving as the core talent pipeline necessary
for modernizing and enhancing global competitiveness. The
quality of training for such individuals and the performance
of regional economies have become vital factors influencing
national industrial competitiveness. As a primary channel for
supplying highly skilled personnel, the coupling efficiency
between vocational education and the regional economic
system directly determines the efficiency of human resource
allocation and industrial development potential [1-3]. Ac-
curately revealing the intrinsic mechanism of interactions
of the two is urgent practical significance for adjusting
optimal use of educational resources and achieving high-
quality development of regional economies.
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Current studies are confronted with various difficulties in
quantifying the coupling relationship between vocational ed-
ucation and the economy. Firstly, it is difficult to character-
ize the system, as its endogenous mechanisms are relatively
complex and include multidimensional variables such as
educational input, education and training processes, demand
from industry, and economic outputs. These multidimen-
sional variables exhibit strong nonlinear interactions and a
linear model often lacks in characterizing the system’s dy-
namic relationship [4,5]. Secondly, the coupling state needs
to be assessed in a way that reflects the relative efficiency
of resource allocation. However, existing evaluation methods
fail to adequately consider measurement biases caused by
slack variables when dealing with the efficiency of multiple
inputs and outputs, and cannot further distinguish effective
decision-making units [6,7]. Most importantly, existing re-
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search often stops at calculating efficiency values and lacks
the ability to reverse-engineer influencing factors from the
results, thus making it difficult to systematically reveal the
key paths and structural bottlenecks driving the evolution of
the coupling state [8,9].

To address these challenges, the academic community
has undertaken a series of explorations. Some studies have
used traditional DEA models to assess the efficiency of
vocational education resource allocation, but their radial
and angular measurement characteristics make it impossible
to comprehensively measure the relaxation improvements
of input and output, and the efficiency frontier contains a
large number of parallel units [10,11]. Other studies have
applied multiple regression or structural equation modeling
to analyze influencing factors, but these methods have
limited ability to capture complex nonlinear relationships
and multicollinearity problems among variables [12,13]. In
recent years, machine learning algorithms such as random
forests have been applied to education economic forecasting,
but their "black box" nature hinders the interpretability of
model results at the mechanistic analysis level, making it
difficult to provide clear decision-making insights [14,15].
Overall, none of the above methods have achieved a com-
plete closed-loop from accurate efficiency measurement to
in-depth analysis of coupling mechanisms, nor can they
support precise regulation of the regional talent-economic
coordinated development path. To address the significant
shortcomings of existing methods in deconstructing the
coupling mechanism of the vocational education-economic
complex system, this study innovatively constructs a two-
stage analytical framework. The first stage employs a non-
radial, non-angular, super-efficiency SBM-DEA model to
accurately measure the coupling efficiency of the vocational
education-economic system in each province. This model
effectively solves the problems of handling slack variables
and ranking effective units in traditional DEA. The second
stage uses the DEA efficiency value as the dependent
variable, integrates multi-dimensional system features to
train an extreme gradient boosting tree model, and fur-
ther employs a game theory-based SHAP interpretability
framework to perform attribution analysis on the prediction
results of the optimal machine learning model, quantifying
the marginal contribution of each feature to the coupling
efficiency and its direction of action. Not only does this
method provide precise evaluation of the coupling state of
the system, but it also penetrates the causal logic behind
the efficiency values, illuminating the "black box" that is
driving coupling evolution. It creatively uncovers the key
factors and nonlinear action channels that drive coupling
evolution, providing a new methodological perspective to
understand the deep-rooted laws governing the interaction
of talent supply and regional economy.

Il. COUPLING EFFICIENCY MEASUREMENT AND
DRIVING MECHANISM FRAMEWORK
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A. OVERALL FRAMEWORK DESIGN

To thoroughly dismantle the intricate coupling relation-
ship between vocational education in manufacturing talent
training and the regional economic performance, this study
designs a stepwise two-stage analytical framework. Pro-
gressing from "state evaluation" to "mechanism analysis"
in a linear pattern, the framework’s goal is first to quantify
the system’s coupling efficiency level and then to further
investigate its inherent driving factors and action paths.
The first stage acts as its primary approach through Data
Envelopment Analysis (DEA), focusing on the static assess-
ment of a multi-dimensional inputoutput system’s relative
efficiency, to which it outputs quantifiable target variables
for the analysis in the next stages. The second stage applies
machine learning and interpretability techniques to reveal
the implicit nonlinear laws and causal contributions between
influencing factors and coupling efficiency. The two stages
are closely linked through data flow, forming a complete
analytical loop from describing phenomena to revealing
mechanisms. Its overall architecture and data flow are shown
in Figure 1.

Figure 1 illustrates the overall technical roadmap of this
study. The process begins with the preprocessing of the
raw data and the construction of the indicator system. In
the measurement phase, the processed input- output data is
fed into the super-efficiency SBM-DEA model to calculate
the evaluation value characterizing the system’s coupling
efficiency. In the analysis phase, this efficiency value, to-
gether with the expanded environmental feature variables,
constitutes a new dataset used to train the XGBoost (eX-
treme Gradient Boosting) machine learning model. Finally,
the SHAP interpretability technique is used to analyze the
trained optimal model, outputting the marginal contribution
of each feature variable to the coupling efficiency, thus
completing the transformation from data to insights. This
framework ensures synergy between methods, making effi-
ciency evaluation and mechanism mining an organic whole.

B. COUPLING EFFICIENCY MEASUREMENT BASED ON
SUPER-EFFICIENCY SBM-DEA

After completing the overall design of the analytical frame-
work, it is necessary to accurately quantify the coupling
efficiency of the vocational education-economic system.
Traditional DEA models may produce biases when measur-
ing slack variables and cannot further distinguish effective
units. To address these limitations, this study adopts a non-
radial, non-angular super-efficiency SBM-DEA model to
measure coupling efficiency. This model directly handles
the slack improvements of inputs and outputs and can
obtain efficiency values greater than 1, thereby achieving a
sufficient ranking of effective decision-making units [16,17].
It is assumed that there are n decision-making units, each
containing m inputs, rl expected outputs, and r2 unexpected
outputs. For the decision-making unit DMUO (Decision
Making Unit 0) to be evaluated, its super-efficiency SBM
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In Formulas (1), (2), and (3), p represents the super-
efficiency value of the DMU, to be determined, which
theoretically can exceed 1. x;o represents the ith input
quantity of DMUjy, and y(jo and y,,, represent its expected
output quantity of the qth term and its unexpected output
quantity of the pth term, respectively. s;, s;r, and s, are
slack variables corresponding to insufficient input, insuf-
ficient expected output, and excessive unexpected output,
respectively. A; is the connecting weight variable used to
construct the frontier.

p comprehensively reflects the average improvement ratio
of input redundancy and output insufficiency; the lower the
value, the worse the efficiency. This model calculates super-
efficiency by excluding DMUO from the reference set and

VOL. 15, NO. 3, AUGUST 2026

constraining the distance between its linear combination
and the frontier [18-19]. By using the Charnes-Cooper
transformation, this fractional programming problem can
be rewritten as a linear programming problem, and finally
the relative efficiency evaluation score of each decision
unit with respect to the optimal production frontier can be
obtained [20-21]. This evaluation score can be interpreted as
a quantitative measure of the coupling strength, representing
the target variable for the analytical mechanism driving the
second stage of the model.

The input and output indicators in Table 1 are selected
based on their theoretical relevance to vocational education—
economic coupling and established usage in DEA-based
educational efficiency studies . Inputs reflect key educational
resources, while expected outputs capture talent supply and
economic outcomes. The model does not include separate
unexpected outputs, as inefficiencies are captured via slack
variables s;r and Sy in Eq. (2), consistent with the non-
radial SBM approach.

The DEA model incorporates both count-type and ratio-
type outputs, as the super-efficiency SBM-DEA model is
unit-invariant and operates on standardized data. Prior to
modeling, all indicators are normalized to a [0,1] range,
which eliminates scale differences and allows variables of
different units to be combined without distorting efficiency
measurement. This approach is consistent with established
SBM-DEA practices where mixed indicator types are used
to comprehensively capture multi-dimensional system per-
formance.
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C. COUPLED DRIVER MECHANISM BASED ON
XGBOOST-SHAP

After obtaining the coupling efficiency measurement results,
it is necessary to further reveal the key driving factors
affecting efficiency and their complex mechanisms. This
study adopts a mechanistic analysis model that combines
the extreme gradient boosting tree XGBoost with the SHAP
interpretation framework. XGBoost is an ensemble learn-
ing algorithm based on gradient boosting decision trees.
It effectively controls the model complexity through an
additive training strategy and a regularization term, and
has a strong ability to handle nonlinear relationships and
feature interactions [22,23]. Given a dataset containing n
samples, its learning objective function L(¢) is composed of
the loss function 1 and the regularization term 2, as shown
in Formula (4):

n K
L(¢) =Y 1(,v:) + Y Q) )
=1 k=1

In Formula 4, ¢; and y; represent the predicted value and
the true value of the ith sample, respectively; K is the total
number of trees; fi represents the structure of the kth tree.
The regularization term is used to penalize the complexity
of the tree [24-25]:

1
Qf) =T + GAlw]” 5)

T represents the number of leaf nodes; w represents
the leaf weight score; v and A represent the hyperparam-
eters controlling the intensity of the penalty. This objective
function keeps the model concise while fitting the data
and improves its generalization ability. The model uses the
coupling efficiency values of each province calculated in the
previous stage as the prediction target, and uses the feature
set constructed by the input, output, and environmental
variables listed in Table 1 as input for training.

Table 1 systematically presents all the variables used in
the driving factor analysis phase. The indicator system is
divided into three dimensions: input, output, and environ-
ment. The input dimension focuses on the allocation of
human, financial, and material resources in the vocational
education system; the output dimension measures the di-
rect results of talent supply and the ultimate manifestation
of economic benefits; the environmental dimension covers
external conditions such as regional macroeconomics and
innovation. Table 1 clarifies the operational definitions and
data sources of each indicator, providing a complete feature
space definition for model construction and ensuring the
transparency and reproducibility of the analytical basis.

The classification of "High-Tech Industry Output Value
Proportion" as an environmental variable rather than a
system output in the DEA stage is intentional. While it
reflects economic outcomes, it is treated as an exoge-
nous contextual factor influencing the vocational education
system’s coupling performance, not as a direct output of
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educational resource conversion. This distinction aligns with
the study’s focus on measuring how effectively educational
inputs translate into talent outputs (e.g., skilled graduates
and job-matching), with broader economic outcomes posi-
tioned as moderating factors. In the subsequent XGBoost-
SHAP stage, all variables—including environmental ones—
are treated as features to analyze their collective influence
on coupling efficiency.

After obtaining the optimal XGBoost prediction model
through training, the SHAP framework is used for post-
hoc interpretation. SHAP is based on the Shapley value
in cooperative game theory, providing a consistent and
fair allocation of the contribution of each feature in each
predicted sample [26,27]. For the predicted value of the i-th
sample, its SHAP additive interpretation model is shown in
Formula (6):

M
Fla)=do+> ¢} 6)
j=1

In Formula 6, f (x;) represents the model’s predicted
value for the sample 7; ¢y represents the baseline value of
all sample predictions; M is the total number of features;
¢§» is the SHAP value of the jth feature on that sample.
Its absolute value characterizes the magnitude of the fea-
ture’s influence, and the sign indicates the direction of the
influence. By calculating the SHAP values of all samples,
the global importance ranking of features can be obtained,
and a SHAP dependency graph can be further plotted to
reveal potential non-monotonic or interactive relationships
between individual features and the predicted output. This
method transforms XGBoost’s high predictive performance
into interpretable decision insights, precisely quantifying the
marginal contribution of each driving factor to coupling
efficiency.

lll. EXPERIMENTAL DESIGN AND DATA DESCRIPTION
A. DATA SOURCES AND PREPROCESSING

This study uses 30 provincial-level administrative regions in
China as decision-making units and selects panel data from
2015 to 2022 as the observation sample. The original data
is all from publicly published authoritative statistical year-
books and official database platforms. To ensure the com-
pleteness and consistency of the data, linear interpolation is
used to fill in the missing data in the initial collection. For
indicators whose statistical definitions change, retrospective
adjustments are made based on the latest definitions [28,29].
Considering the significant differences in the dimensions
and orders of magnitude of each indicator, the Min-Max
standardization method is used to linearly transform all
original data to the [0,1] interval to eliminate the influence of
dimensions and improve the convergence speed and stability
of the subsequent machine learning model [30,31]. After the
above preprocessing, the descriptive statistics of all variables
are shown in Table 2.
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TABLE 1. Evaluation index system for coupled systems

Dimension

Indicator Name

Calculation Method

Unit

Data Source

Input Indicators
Input Indicators
Input Indicators
Output Indicators

Output Indicators

Output Indicators
Output Indicators

Environmental Variables

Environmental Variables

Vocational Education Fiscal Investment
Dual-Qualified Teacher Ratio
Per Student Teaching Equipment Value
High-Skilled Talent Quantity

Graduate Job-Major Match Rate

High-Tech Industry Output Value Proportion
Regional R&D Investment Intensity

Industrial Structure Service-Orientation Index

Innovation Policy Support

Public financial budget expenditure in the vocational education sector

Number of dual-qualified full-time teachers / Total number of full-time
teachers

Number of enrolled students
Number of individuals pr
Worker, Technician, or Senior Technician

R&D internal expenditure / Regional Gross Domestic Product

transformation.)

10 thousand CNY

%o

China Educational Finance Statistical
Yearbook
China Education Statistical Yearbook

Total value of teaching and scientific research instrument equipment assets / CNY/student China Education Statistical Yearbook
btaini ional li for Senior person Statistical Yearbook of Human Resources
and Social Security Affairs
Proportion of graduates employed in jobs related to their field of study % National Higher Vocational Colleges Tal-
ent Cultivation Work Status Data Collec-
tion and Management Platform
Output value of high-tech industries / Total industrial output value % China Statistical Yearbook on High Tech-
nology Industry
% China Statistical Yearbook on Science
and Technology
Value-added of the tertiary sector / Value-added of the secondary sector (Note: China Statistical Yearbook
This ratio reflects the degree of service-oriented structural shift, which is
one dimension of industrial upgrading in the context of regional economic
Annual number of government documents issued related to technological document Public data from provincial and munici-

innovation

pal government gazettes

TABLE 2. Descriptive statistics

Variable categories Variable name Sample size Mean Standard deviation Minimum value Maximum
value
Input Vocational education fiscal investment 240 12543 85.67 15.20 450.15
Input Dual-Qualified teacher ratio 240 0.28 0.09 0.11 0.52
Input Per student teaching equipment value 240 1.15 0.58 0.32 3.05
Output High-Skilled talent quantity 240 12.54 9.88 1.05 55.10
Output Graduate Job-Major match rate 240 0.71 0.12 045 0.93
Environment High-Tech industry output value proportion 240 0.25 0.11 0.08 0.59
Environment Regional R&D investment intensity 240 0.02 0.01 0.004 0.06
Environment Industrial upgrading index 240 118 0.75 0.52 4.85
Environment Government innovation policy support 240 8.35 522 1.00 25.00

Table 2 presents the distribution characteristics of each
variable after preprocessing. The total number of observed
samples is 240, covering the entire spatiotemporal range
defined in the study. The data shows that the mean and
standard deviation of each indicator reflect significant differ-
ences among provinces in vocational education investment,
economic output, and innovation environment. For example,
the standard deviation of the number of highly skilled
personnel is close to the mean, indicating a highly uneven
distribution of talent reserves across regions; the difference
between the maximum and minimum values of R&D invest-
ment intensity exceeds tenfold, highlighting a huge gap in
regional innovation capabilities. These descriptive statistical
results provide a data foundation for subsequent model
analysis, and the regional heterogeneity they reveal also
confirms the necessity of analyzing the driving mechanisms.

B. COMPARISON MODEL AND EVALUATION
INDICATORS

To verify the effectiveness of the framework constructed
in this paper, a systematic comparative experiment is set
up. In the coupling efficiency measurement stage, the clas-
sic radial CCR (Charnes-Cooper-Rhodes) model and the
BCC (Banker-Charnes-Cooper) model considering variable
scale returns are selected as baseline comparison models
to study the performance of the models in handling slack
variables and distinguishing effective units [32,33]. In the
coupling-driven mechanism analysis stage, random forest
and support vector machine regression are selected as the
comparative baselines of the XGBoost model [34,35]. As
an ensemble learning method, random forest has good anti-
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overfitting ability by constructing multiple decision trees
and integrating their prediction results. Support vector ma-
chine regression maps data to a high-dimensional feature
space through kernel functions to find the optimal linear
splitting hyperplane, which is suitable for small sample
nonlinear problems. The above comparative models can
test the performance of XGBoost in capturing the complex
relationship of vocational education-economic system from
the perspective of different algorithm principles.

Model performance is evaluated using two metrics: the
coefficient of determination and the mean square error.
The coefficient of determination R*> measures the model’s
explanatory power for the variance of the target variable; a
value closer to 1 indicates a higher goodness of fit. The MSE
(mean square error) calculates the expected value of the
squared difference between the predicted and actual values,
directly reflecting prediction accuracy; a smaller MSE value
indicates lower prediction error. These two metrics work
together to create a holistic system for evaluating model
performance. All models are built on the same training and
test sets—with 30% of the total set used as the test set. The
final hyperparameter specifications are shown in Table 3.
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TABLE 3. Hyperparameter configuration of machine learning models

Model name Hyperparameter name Parameter
value
XGBoost Learning rate 0.1
XGBoost Max depth 6
XGBoost n_estimators 200
XGBoost Subsample 0.8
Random Forest n_estimators 300
Random Forest Max features ‘sqrt’
Random Forest min_samples_split 5
SVR (Support Vector Re-  kernel 'rbf”
gression)
SVR (Support Vector Re- C 1.0
gression)
SVR (Support Vector Re-  gamma “scale’
gression)

The primary machine learning models utilized in this
study and their optimal hyperparameter values are described
in Table 3. The optimized learning rate for XGBoost is
0.1 with 200 estimators to ensure effective trainings, while
Random Forest employs a parameter of 300 trees to produce
stable predictions. The Support Vector Machine regression
is optimized with the radial basis function kernel to ac-
commodate any nonlinear relationships. These combinations
of hyperparameter values provide the optimal trade-off
between model performance and computational intensity,
and ensure there is appropriate assurance for replicating
the experiments. The unified hyperparameter optimization
process ensures fair comparison of all comparative mod-
els under optimal configurations, thereby guaranteeing the
scientific validity and reliability of subsequent performance
comparison results.

IV. RESULTS

A. SPATIOTEMPORAL DIFFERENTIATION
CHARACTERISTICS OF COUPLING EFFICIENCY

To reveal the spatial distribution pattern of the coupling
efficiency of the vocational education-economic system, this
study first calculates the coupling efficiency value of each
provincial-level administrative region based on the super-
efficiency SBM-DEA model, and analyzes its geographical
distribution pattern. The system identifies high-efficiency
clusters and low-efficiency weak areas, and the spatial
distribution characteristics of coupling efficiency in different
regions are shown in Figure 2.

Figure 2 uses geographic coordinates and employs a dual
encoding method of color gradient and point size to display
the coupling efficiency values of each province. The hori-
zontal axis represents the longitude range of 70°E to 135°E,
and the vertical axis represents the latitude range of 15°N to
55°N. The point size is proportional to the efficiency value.
Data shows a significant stepped distribution of efficiency
values, with higher values in the eastern coastal areas and
lower values in the western inland areas. Specifically, the
efficiency values of Shanghai, Jiangsu, Beijing, and Guang-
dong are 1.30, 1.20, 1.25, and 1.22, respectively, all exceed-
ing the production frontier. These regions have developed
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industrial systems and well-established vocational education
systems that create a positive interaction. In contrast, the
efficiency ratings of Tibet, Qinghai, and Ningxia are merely
0.50, 0.55, and 0.61, respectively. Their relatively lagging
industrial development and insufficient investment levels
in vocational education resources profoundly restrict their
system coupling efficiency. The efficiency values of central
province regions, such as Henan and Hubei, are situated in
the middle range of 0.89-1.05, which reflects the transitional
characteristics of their transformation and development pro-
cess. This spatial differentiation is essentially attributed to
the disparities in their economic development levels, levels
of industrial structure, and allocation of vocational education
resources among different regions, ultimately forming a
distribution pattern that degrades from eastern to western
regions.

B. PERFORMANCE COMPARISON OF DRIVING
MECHANISM AND COUPLING EFFICIENCY
MEASUREMENT MODEL

After determining the spatial distribution of coupling ef-
ficiency, it is necessary to verify the reliability of the
model selected in the driving factor analysis stage. This
study selects three algorithms: extreme gradient boosting
tree, random forest, and support vector machine regression.
Based on the same training and test sets, the prediction
performance is compared. The optimal mechanism analysis
model is determined through systematic analysis of multi-
dimensional evaluation indicators. The comprehensive per-
formance comparison of each model under the standardized
evaluation framework is shown in Figure 3.

Figure 3 presents the standardized performance scores
of the three models on five metrics. Each axis represents
the normalized values of goodness-of-fit R?>, mean square
error (MSE), mean absolute error (MAE), maximum error,
and training time, respectively. All original metrics are nor-
malized using a minimum- maximum standard, uniformly
mapped to the 0-1 range for cross-dimensional compari-
son; values closer to 1 indicate better performance. The
XGBoost model excels in prediction accuracy, achieving
an R? value of 0.91, significantly higher than Random
Forest’s 0.82 and Support Vector Machine’s 0.68. This is
attributed to its gradient boosting mechanism, which uses
sequential construction of weak learners to gradually correct
residuals, thus more accurately capturing complex nonlinear
relationships between variables. In terms of error control,
XGBoost’s standardized MSE score is 0.933, and its MAE
is 0.9, both superior to the comparison models. This is
due to its regularization term effectively controlling model
complexity and mitigating overfitting. While random forests
achieve faster training speeds through parallel ensemble
strategies, their averaging mechanism based on independent
tree structures limits further improvements in prediction
accuracy. Support vector machines (SVMs) are robust in
small-sample, high-dimensional spaces; however, their ker-
nel function parameters are sensitive to data distribution,
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resulting in relatively limited generalization ability in large-
scale panel data. Overall, XGBoost’s advantages in predic-
tion accuracy and stability provide a reliable guarantee for
its subsequent role in driving mechanism analysis. To verify
the methodological advantages of the super-efficiency SBM-
DEA model in the coupling efficiency measurement stage,
this study systematically compares its evaluation results with
those of the traditional CCR and BCC models, and analyzes
its technical improvements from multiple dimensions such
as efficiency distribution, effective unit discrimination, and
model discriminative power. The comparison of the quanti-
tative measurement results of different models is shown in
Table 4.
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TABLE 4. Comparison of efficiency measurement results for different DEA
models

Model name Average Number of Number of Efficiency
efficiency effective effective value

value cells cells standard

(efficiency (efficiency deviation

value = 1) value > 1)

CCR 0.824 6 0 0.185
BCC 0.881 9 0 0.162
SBM-DEA 0.895 0 11 0.201

As shown in Table 4, the average efficiency of the super-
efficiency SBM-DEA model is 0.895, slightly higher than
the 0.881 of the BCC model and the 0.824 of the CCR
model. Its standard deviation of efficiency increases to
0.201, indicating that this model has higher discrimina-
tive sensitivity to differences in the efficiency of decision-

1411



JOURNAL
¢ ORG

AE

Y. Wu et al.

making units. Limited by their radial measurement princi-
ple and inability to handle slack variables, the CCR and
BCC models identify 6 and 9 efficient units with an effi-
ciency value of 1, respectively. These units are considered
equally optimal under the traditional framework and cannot
be further distinguished. The super-efficiency SBM-DEA
model used in this paper, by applying non-radial and non-
angular relaxation measurements and excluding the units to
be evaluated from the reference set, successfully resolves
all the aforementioned efficient units into super-efficiency
units with an efficiency value greater than 1. This result
verifies the methodological advantage of the super-efficiency
SBM-DEA model in avoiding the "failure of efficient unit
ranking" problem in traditional models and provides more
discriminative efficiency input data for subsequent analysis
of driving mechanisms.

C. CONTRIBUTION OF KEY DRIVING FACTORS

Based on the confirmation that the XGBoost model has the
best prediction performance, this study further adopts the
SHAP interpretability framework to quantify the marginal
contribution of each feature to the coupling efficiency,
aiming to identify the core elements driving the coordinated
development of the system and clarify their relative impor-
tance. The global importance ranking of the key driving
factors based on the mean absolute SHAP value is shown
in Figure 4.

Figure 4 demonstrates the standardized contribution of
each driving factor. The horizontal axis represents the mean
absolute SHAP value, which is a direct representation of
the strength of the influence of a feature on the model
output. The vertical axis lists all feature variables in de-
scending order of contribution. Data analysis reveals that
industrial upgrading index receives a SHAP value of 0.128,
contributing more than any of the other factors. This is a
result of the significant additional reliance on high skilled
personnel during the industrial structure transformation to-
wards the high-tech service industries, which in turn drives
the coupling demand between vocational education and
economic development. The proportion of dual-qualified
teachers ranks second with a contribution value of 0.095.
This confirms the valuable bridging role of a teaching staff
with competencies spanning theoretical teaching and prac-
tical guidance for connecting industrial demand and educa-
tional supply. Research & Development (R&D) investment
intensity and the proportion of high-tech industry output
value follows with contributions values of 0.087 and 0.078,
respectively. This suggests that the innovation ecosystem
of a given region indirectly influences through some level
of technology-spillover and subsequent industrial upgrading
with regards to the scale and quality of skilled personnel
training. The SHAP value of government innovation policy
support is 0.065, reflecting the coordinating function of
policy guidance in integrating educational resources and
industrial planning. In contrast, the contributions of purely
resource-based inputs, such as per-student teaching equip-
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ment resources and fiscal investment, are 0.054 and 0.048,
respectively, indicating that improvements in hardware con-
ditions need to be coordinated with innovations in talent
cultivation models to achieve maximum effectiveness. The
differences in the contribution of various driving factors
reveal that system coupling is constrained by both macro-
industrial structure and micro-educational quality, and the
coordinated advancement of industry demand-driven and
education supply-side reforms constitutes the key path to
system optimization.

D. NONLINEAR EFFECTS OF DRIVING FACTORS

Based on the identification of key driving factors, it is
necessary to further reveal the deep-seated mechanism of
their interaction with coupling efficiency. This study focuses
on the industrial upgrading index, which has the highest
contribution, and explores the changing law of its marginal
effect through SHAP dependency analysis. It analyzes the
differentiated impact path of this factor on system coupling
at different development stages, and thus obtains the nonlin-
ear relationship between the industrial upgrading index and
coupling efficiency, as shown in Figure 5.

Figure 5 uses the industrial upgrading index as the
horizontal axis and the SHAP value as the vertical axis, il-
lustrating the nonlinear relationship between the two through
scatter plots and multinomial fitting curves. Data analysis
shows that when the industrial upgrading index is below
1.5, the SHAP value rapidly increases from -0.02 to 0.14,
indicating that the increased proportion of the tertiary sec-
tor relative to the secondary sector significantly improves
human resource allocation efficiency during this stage, and
the diversified demand for skilled personnel from the service
industry effectively activates the vocational education supply
system. When the index is between 1.5 and 2.8, the SHAP
value slowly rises from 0.14 to a peak of 0.16, reflecting
the diminishing marginal benefits of industrial structure
optimization. At this point, industrial upgrading gradually
prioritizes the quality of talent over quantity. When the
index exceeds 2.8, the SHAP value drops to 0.12, indicating
that excessive service-oriented development may weaken the
foundation of the real economy, and the structural imbalance
between high-tech manufacturing and producer services
weakens the industrial foundation for industry-education in-
tegration. An industrial upgrading index of 2.8 constitutes a
critical threshold for system coupling. Beyond this value, the
advancement of the industrial structure no longer necessarily
leads to a continuous improvement in coupling efficiency.
Maintaining a reasonable industrial structure becomes a
prerequisite for ensuring the coordinated development of the
system.

V. CONCLUSION

This study constructs a framework for coupling mea-
surement and mechanistic analysis of complex voca-
tional education-economic systems by integrating the super-
efficiency SBM-DEA and XGBoost-SHAP models. The
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method first precisely quantifies the coupling efficiency of
each province, revealing a spatial distribution with high
efficiency in the eastern coastal areas and low efficiency
in the western inland areas. Shanghai and Tibet have
efficiency values of 1.30 and 0.50, respectively. Then, a
machine learning model achieves a standardized R* pre-
diction goodness of fit of 0.91, and based on the SHAP
value, the industrial structure service-orientation index is
identified as having the highest contribution, reflecting the
significant role of service sector expansion in shaping the
vocational education-economic coupling within the current
stage of regional development, with a SHAP value of 0.128.
Dependency analysis further reveals that this factor has a
critical effect point of 2.8, beyond which marginal benefits
diminish. The study’s results utilize interpretable Al at the
methodological level to facilitate regional complex systems
analysis, offering practical empirical evidence and precise
intervention targets to optimize vocational educational re-
sources and industrial synergy.
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