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ABSTRACT The dynamic adjustment of vocational-school majors requires quantitative modeling of
the relationship between professional supply and industrial skill demand. Conventional experience-
based judgments and static statistics cannot capture rapid changes in labor-market requirements. This
study proposes a big-data-supported analysis model for matching vocational majors with industry needs.
Recruitment data and curriculum-system data are collected and transformed into a unified skill-tagging
space. Natural-language-processing methods extract job-skill requirements from recruitment texts, and TF-
IDF weighting is used to construct industry demand vectors. Professional curriculum features are mapped
into supply-capability vectors according to course hours, course type, and competency objectives. A
weighted cosine-similarity model and multi-indicator fusion mechanism are then built to evaluate skill
matching, job coverage, and demand-intensity matching. A time-series updating mechanism further tracks
dynamic changes in matching degree. Experimental results based on recruitment postings and vocational-
college curriculum data show clear differentiation among majors: big data technology and nursing achieve
high matching degrees of 0.85 and 0.83, while accounting shows a structural mismatch with a matching
degree of 0.68. The proposed model supports semantic vectorization, industrial-demand sensing, and
data-driven decision support for professional-structure optimization.

INDEX TERMS big data analysis, semantic vectorization, skill matching, time-series modeling, decision

support

I. INTRODUCTION

S the industrial structure is being increasingly up-

graded and the digital economy is constantly being
developed, the demand of skilled talents in the labor market
has become more diverse and dynamic. Vocational schools
are at the forefront of reforming their academic structures,
shifting from quantitative expansion toward qualitative op-
timization by adopting the scale expansion to structural
optimization [1,2]. Nevertheless, the existing work environ-
ments are more dependent on the judgment of experience
and the use of unchanged statistics, without the real-time
perception and deep mining of industry demand and hence
the structural imbalance between professional supply and
job demand [3]. To address the issues raised above, this
paper develops a corresponding level of analysis model
within the vocational school professional environment and
the industry demand using the methods of big data analysis.
It combines employment recruitment data and professional
curriculum system data to obtain industry demand attributes
and develop a single skill label system to achieve the
vectorized representation of an industry demand and profes-
sional supply. By this, one comes up with a corresponding
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degree calculation method which is based on weighted
similarity and a multiindicator fusion evaluation model is
built combining job coverage and demand intensity.

Il. RELATED WORK

Within the context of the increasing convergence between
industry and education and the service of industrial growth
in vocational education, there has been a multi-dimensional
debate on the correspondence of professional environments
and industrial demands in vocational colleges conducted by
the academic community, which creates a system of research
between the macro structure and micro practice. An et al.
has identified that the professional environments of higher
vocational colleges are contributing factors to the industrial
development and talent training and analyzed the logic of
matching between majors and industries systematically in
three levels, namely, the macro industrial layout, meso mar-
ket demand and micro technology demand. They suggested
enhancing flexibility through the further penetration of in-
dustry and education, streamlining professional groups and
their structure, as well as enhancing the technological inno-
vation [4]. It is on this basis that Wang also unearthed the
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underlying issues behind the imbalance between industrial
demand and human capital supply on the adaptive systems
perspective. He considered that the colleges and universities
had structural issues related to the transformation of the
mode of knowledge production, the lack of digital level and
the gap between the world of professional activities and
the demands of the occupation, and suggested the ways of
optimization through the prism of data governance and the
institutional mechanisms [5]. In contrast to the macro and
institutional level analysis, Zou Hexu paid attention to the
training process of talents, integrated engineering education
certification with industry college building, and achieved
the dynamism of coordinating and adjusting training and
industrial exigencies by building a goal-courses-processes-
evaluation complex, and thus enhancing the flexibility of
the talent training process [6]. At the same time, Cheng and
Yang used the field of additive manufacturing as an example
and stressed that the deep integration of education chain
and industry chain should be encouraged with the help of
reconstruction of the curriculum system, building of school-
enterprise collaboration education and practice platform[7];
Zhang discussed the issues of the practice teaching system
of tourism management major in terms of specific majors
and offered to reorganize it according to the needs of
enterprises in order to reconstruct it based on enterprise
needs in order to improve the quality of talent training[8].

Although the studies mentioned above have presented a
valuable source of references to the optimization of the
professional environment under various lenses, they are
mostly qualitative studies and empirical generalizations.
They do not have a cohesive quantitative formulation and
precise measurement of the corresponding relationship be-
tween professional supply and industry demand, especially
in the fields of multi-source data fusion, dynamic change
characterization, and determination of matching deviations.
While existing domestic studies provide a foundation for
understanding the macro-logic of industry-education inte-
gration, they often lack the algorithmic granularity found
in international labor market analytics, such as the skill-
gap taxonomies proposed by the OECD and the automated
job-matching frameworks utilized in European vocational
systems. Thus, there is a need to expand the current studies
by synthesizing these disparate qualitative findings into a
cohesive quantitative framework that utilizes multi-source
data fusion to address the static limitations of previous
Chinese-language research.

. METHODS

A. METHODS FOR EXTRACTING AND QUANTIFYING
INDUSTRY DEMAND CHARACTERISTICS

1) Method for Semantic Parsing of Job Requirements Text
For unstructured data such as recruitment texts, the first step
is to perform word segmentation, representing the text as a
sequence of words T = w1, wa, . .., w,. Based on this, part-
of-speech tagging is used to select a set of keywords with
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actual semantic value, such as core word classes like nouns
and verbs, thus obtaining a set of key feature words (K).

To quantify the importance of keywords, the TF-IDF
method is used to weight terms, and the calculation formula
is as follows:

TF — IDF(w;) = TF(w;) x log

N 1

Where (TF(w;)) represents the word frequency,
(DF(w;)) represents the number of documents containing
the word, and (V) is the total number of documents. This
method can effectively identify core skill words and high-
discrimination features in job descriptions.

2) Vectorized Representation Model of Skill Demand

After extracting keywords, a unified skill tagging system is
constructed, mapping job requirements into a vector space
representation. Let the skill set be (S = s1,82,...,8m)s
then each job can be represented as a skill requirement vec-
tor (D), where each dimension corresponds to the demand
intensity of a skill. The values of each dimension in the
vector can be obtained by summing the keyword weights, for
example, by weighted summation based on TF-IDF weights:

dj =Y 6(wj,s;) - TF — IDF(w;) )
i=1
This (d(w;, s;)) indicates the attribution relationship be-
tween terms and skill tags.

3) Structural Modeling Method for Industry Demand

Based on vectorization, industry demand is modeled in a
structured manner, comprehensively depicting it from three
dimensions: industry category, job level, and skill weight.
Specifically, industry demand can be represented as a triple,
used to uniformly describe the characteristic structure of
different jobs.

I'=(C,L,D) 3

Where (C') represents the industry category, (L) repre-
sents the job level, and (D) is a skill demand vector.

In practical modeling, the importance of skill require-
ments varies across different job levels. Therefore, a level-
based weighting factor is introduced to adjust the demand
vector, thereby reflecting job differences. Furthermore, dif-
ferent industries also have different skill preferences, which
can be further refined using an industry-based weighting
factor to make the model more adaptable and interpretable.

B. PROFESSIONAL SUPPLY CAPACITY MODELING
METHOD
1) Extraction of Features of Professional Curriculum System

First, extract course-related characteristics from the profes-
sional talent training program, including course type (the-
oretical courses, practical courses), class hour distribution,
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and corresponding competency objectives. Let the course set
be:

0201702,...,Cn (4)

Each course can be mapped to a corresponding com-
petency dimension and weight. By analyzing the relation-
ship between course content and training objectives, key
variables that reflect professional characteristics can be
extracted.

To quantify the importance of a course, a course weight is
introduced w;, which can be determined by the percentage
of class hours, course level, and course type.

h;
> hi
Where (h;) is the course hours, (t;) is the course type

coefficient (e.g., practical courses are given higher weight),
() and (B) are adjustment parameters.

+ 8-t (&)

w; =« -

2) Construction of Professional Competency Output Vector

Based on course feature extraction, courses are mapped to
competency indicators to construct a unified competency
expression space. Let the set of competency indicators be:

Sy Om (6)

Each major can then be represented as a capability vector:

A:al,ag,..

s Pm) )

The value of the (j)th ability dimension is obtained by
accumulating the contributions of the relevant courses:

P:(p17p27~~

pi =Y wi-¢(ci,a;) ®)
=1

of (¢(c;,a;)) the course (c;) to the ability (a;) can be
determined by the degree of matching of course content or
expert evaluation.

3) Professional Structure Feature Representation Model
Based on the capability vector, the major is modeled
from the perspective of overall structure, comprehensively
depicting the characteristics of the major such as scale,
hierarchical structure and development direction.

First, the size of a program can be represented by the
number of courses or the size of enrollment, and its nor-
malized expression is as follows:

n
S= ©)

Where (n) is the number of courses in this major, and
(N) is the maximum number of courses of all majors.

Secondly, the structure of the hierarchy of the professions
conveys the role of major in the system of education which
can be framed in terms of the ratio of courses at various
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levels, e.g., the number of basic courses to the number
of advanced courses which creates structural characteristic
indicators.

Moreover, the characteristics of the direction of devel-
opment are formed to show the extent to which a major is
responsive to the developments in technologies or the trends
in the industry, which can be evaluated by the ratio of the
new courses added to the total number of courses or the
percentage of practical courses. Taking all these factors into
account, the major structure can be represented as a multi-
dimensional feature vector:

Py =(S,H,D) (10)

Wherein, (5) represents scale characteristics, (H) repre-
sents hierarchical structure characteristics, and (D) repre-
sents development direction characteristics.

C. CALCULATION MODEL FOR MATCHING
PROFESSIONAL SETTINGS WITH INDUSTRY NEEDS

1) Similarity-based matching degree calculation method

Let the job demand vector of a certain industry be D and
the corresponding professional supply capacity vector be
P, both based on a unified skill space representation. To
characterize the degree of matching between the two in
the skill dimension, a weighted cosine similarity function
is introduced:

o Yo wy-dj - pj
-
Ty [ wj

Where, (d;) and (p,) represent the industry demand and
professional supply values on the (j)th skill dimension,
respectively, (w;) and represent the importance weight of
the skill in the industry.

)

2) Multi-indicator fusion evaluation model

A single similarity score is insufficient to comprehensively
reflect matching quality; therefore, a multi-dimensional eval-
uation index system is introduced. Assuming the matching
degree consists of three parts: skill matching degree (M),
job coverage rate (M.), and demand intensity matching de-
gree (My), the comprehensive matching index is expressed
as:

M = M\ M + Ao M, + A3 My (12)

Among them A + Ay + A3 = 1, in this study, the
weights are determined using the Entropy Weight Method to
minimize subjective bias, resulting in A\; = 0.5, Ay = 0.3,
and A3 = 0.2, prioritizing core skill alignment while
accounting for market breadth, the job coverage rate is used
to measure whether a profession covers the set of key jobs
in an industry. Let the set of industry jobs be R and the
set of jobs that a profession can support R’, The set R’ is
operationally defined through a semantic similarity threshold
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(= 0.75) between the be professional competency vector
and the job requirement vector, ensuring the mapping is
based on objective skill overlaps rather than subjective titles.
In Equation 14, R’ represents the subset of jobs within
the industry that meet high-demand criteria (growth rate
> 10%) as identified in the recruitment dataset:
|[RNR|
M. 7] (13)

This indicator reflects the extent to which professions
cover industry positions, embodying the “breadth of sup-
ply”.

Demand intensity matching is used to characterize
whether the supply of professional skills matches the de-
mand for high-demand positions, and is defined as:

ZkeR’ Or
ZkeR O

Here, 6; represents the demand intensity (such as the
number of hires or the growth rate) for job k.

My = (14)

3) Dynamic Matching Degree Calculation Mechanism
Considering the time-evolutionary nature of industry de-
mand, a time variable ¢ is introduced to construct a dynamic
matching degree model. Let the matching degree over the
time series be M (t), then:

M(t) = M M;s(t) + AaMe(t) + A3 Ma(?) (15)

Each of the sub-indicators changes over time; for ex-
ample, the industry demand vector D(t) is updated with
technological development and market changes.

To characterize the changing trend of matching degree, a
time smoothing mechanism is introduced to exponentially
weight the matching degree:

—~—

M) = aM(t) + (1 —a)M(t — 1) (16)

Wherein, a is set to 0.7 based on cross-validation to
maintain sensitivity to recent industrial shifts while filter-
ing noise. Comparative analysis shows that this dynamic
model reduces the Mean Absolute Error (MAE) by 12.4%
compared to a static baseline by effectively capturing the
rapid evolution of digital skill requirements over a 12-month
period.

D. MATCHING DEVIATION IDENTIFICATION AND
STRUCTURAL OPTIMIZATION MODEL
According to the calculation of the matching degree between
professional supply and industry demand, the deviation of
the matching results is further determined and a decision-
making model of professional structure

optimization and dynamic adjustment path are built ac-
cordingly to reach the continuous adjustment of the profes-
sional setting and industry demand.
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In terms of deviation identification, the comprehensive
matching index (M) is used as the core judgment criterion,
and the matching status is divided by setting reasonable
threshold ranges. The high level of M implies that the
demand of the industry can be satisfied by the supply of
the professionals; the middle level of M implies that there
is a certain level of structural incongruence; the low level of
M implies a high level of supply-demand incongruence. In
order to improve the power to describe the level of deviation,
a deviation function is added £ =1 — M.

This indicator determines the level of incompatibility
between supply and demand; the higher the value of E,
the more important the matching deviation. On the basis of
this, the professional structure optimization decision model
is developed. In the case of various categories of matching
deviations, a decision function F'(F) is established where
the adjustment strategies of the profession are directed.

Retain and enhance, F <7
F(FE) = { Adjust and optimize, 7 < E<7 (17)
Add or eliminate, E >

Here, 71 and 75 are preset threshold parameters used
to distinguish different degrees of structural deviation.
For well-matched majors, the advantages can be further
strengthened by optimizing the curriculum structure; for
majors with moderate deviations, the curriculum system and
competency development direction can be adjusted. Opti-
mize; for majors that are seriously mismatched, consider
adding relevant directions or making structural adjustments
or even eliminating them.

Furthermore, considering the continuous evolution of
industry demand, a dynamic adjustment path model is
introduced to optimize the professional structure over the
long term. Let the professional adjustment state be S(t),
and its evolution process can be expressed as:

St+1)=5S0t)+n-VM(¢) (18)

Here, VM (t) represents the trend of matching degree
change, and n represents the adjustment step size parameter.
This model dynamically optimizes professional settings by
tracking the direction of matching degree change over time,
enabling it to continuously respond to changes in industry
needs.

IV. RESULTS AND DISCUSSION

A. DATA SOURCES AND SAMPLE CONSTRUCTION

To ensure the representativeness and scale of the big data
analysis, this study constructed a dataset comprising 15,420
recruitment postings from major Chinese platforms (Boss
Zhipin and Liepin) spanning January 2025 to March 2026.
This was cross-referenced with the internal curriculum
databases of 12 representative vocational colleges in East
China, covering 45 distinct majors and 1,280 individual
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course syllabi. The temporal range allows for the cap-
ture of recent shifts in digital economy requirements. The
primary information in major data includes major name,
curriculum, hour structure in class, and skills development
goals; industry data consists of job titles, required skill tags,
available vacancies, and standardized industry categories
defined by the National Economic Industry Classification
(GB/T 4754—2017).

In data processing, data in various formats are uniformly
coded, professional courses and job skills are mapped to
the same data skill tagging system to create a standard-
ized dataset. Moreover, all job data will be classified and
summarized based on industry type and specific job sets
will be chosen to be analyzed further. Data validity was
ensured by first filtering the low-frequency job positions and
outlier samples and then normalizing the data to remove
dimensional disparities, which result in the data being
comparable across occupations and industries.

B. MODEL CALCULATION PROCESS DESIGN
According to the above model, a full-fledged matching
degree computation process is built. To begin with, job
demand data is converted into a demand vector, professional
curriculum system is converted into a supply capability
vector, the third stage is to calculate the matching degree
between the two in a unified skill space and the final step
is to combine the indicator of job coverage rate and the
demand intensity.
The overall process can be represented as:

Input Data — Feature Extraction — Vector Construction

— Matching Calculation — Output Results
19)

C. EVALUATION INDICATORS AND RESULT
CHARACTERIZATION METHODS
To reflect the calculation results of the model in a compre-
hensive way, an evaluation index system is developed based
on three aspects: overall matching level, structural matching
characteristics, and differences. At the overall level, the
mean and standard deviation of the comprehensive matching
index are used to measure

the overall fit and stability between professions and
industries. The structural level compares the professional
competence structure and industry demand structure by the
correspondence of various skill dimensions distribution. As
far as differences are concerned, matching degree ranking
of various professions is applied to determine favorable and
poor professions.

At the same time, a matching degree distribution function
is introduced to statistically represent the results :

For) =4 20)
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FIGURE 1. Calculation results of the matching degree between
professional and industry needs

TABLE 1. Professional Matching Deviation and Optimization Decision Results

Where n ), represents the number of majors whose match-
ing degree falls within a certain range, and N is the total
number of majors.

When comparing the matching levels of various majors
with their respective industries, as illustrated in Figure 1,
there are a lot of variations. Generally, there is a fairly
good match degree in information technology and healthcare
majors. In particular, the skill corresponding degree, job
coverage rate and demand intensity corresponding degree of
big data technology majors are 0.86, 0.81 and 0.88, respec-
tively, which shows a high degree of consistency between
the skill structure of the major and industry requirements,
in particular, its excellent adaptability to highly demanded
jobs. The matching level is also high in nursing with the job
coverage rate being 0.85 which signifies a high advantage
of the job type in terms of well adaptation to the

multi-levels of job requirements in the healthcare sector.
Conversely, the corresponding degree of traditional service
related majors to certain engineering majors is quite low.

The overall matching degree and the deviation level also
show a clear stratification between various majors as demon-
strated in Table 1. According to the overall distribution, the
overall matching degrees of the Big Data Technology and
Nursing are 0.85 and 0.83 respectively, and the deviation of
both is within the range of 0.15 to 0.17, which is very high
matching level. This suggests a high consistency between
their professional competency structure and industry needs.
The main strength of the Big Data Technology major is
that it has a high level of alignment of its skill system
with the requirements of the information technology sector
and Nursing strong in that it offers a wide range of job
opportunities, including the requirements of various types
of medical jobs. Thus, local optimization of cutting-edge
technologies or sub-fields is required only. Computer Ap-
plication Technology, E-commerce, and Mechanical Manu-
facturing are the majors of medium deviation with the values
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of 0.21, 0.27, and 0.28 correspondingly. This is indicative
of the fact that even though there exists some level of
parallelism between these majors, they still lack in some
areas of important competency.

V. CONCLUSION

The paper develops a model of the matching degree of
vocational school majors and industry demand using big
data analytics. It quantitatively measures and structurally
analyses the matching relationship between majors and in-
dustries by means of a fusion mechanism of multi-indicator
and combining professional supply capabilities with job
requirements and a multi-indicator fusion mechanism. Con-
tinuing on this, a corresponding deviation identification and
optimization decision-making model is also presented to
identify the suitability status of various majors and suggest
specific adjustment courses. The findings demonstrate that
such an approach may help successfully detect the structural
issues in large environments, enhance the optimization of
the corresponding analysis, and offer practical data support
and decision-making ground to streamline the professional
organization of vocational schools. It is also necessary to
mention that the paper also has some limitations, including
that the information on recruitment platforms is the primary
source of data, which can cause sample bias, and that
the model still requires further work to describe complex
relationships in the industrial chain in terms of collabo-
ration. The next generation of research may also advance
multi-source data fusion, propose upstream and downstream
correlation analysis of the industrial chain and deep learning
algorithms to enhance the dynamic adaptability and predic-
tion accuracy of the matching model.
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