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Abstract

Conventional counselling workflows struggle with the scale and hetero-
geneity of labor-market data. This manuscript presents a semantic-web–
enhanced hybrid learning framework for university career planning, embed-
ding ontology-driven modelling and knowledge-graph representation into
AI-based recommendation. The framework (i) constructs a domain ontology
to organize skills, roles, and behavioral features, (ii) applies natural lan-
guage processing to curate and semantically align heterogeneous resources,
(iii) integrates a gradient-boosted decision tree for skill-to-role matching
with a transformer-based sequence model for progression forecasting, and
(iv) employs a closed-loop optimization that updates ontology weights and
model parameters from longitudinal outcomes. An interpretable recommen-
dation interface provides semantic rationales to support counsellor–student
dialogue, while governance measures incorporate privacy-by-design and role-
based access control. In deployment with 800 final-year students, the system
improved first-round interview hit rate by 27% and six-month job satisfaction

Journal of ICT Standardization, Vol. 13_3, 301–326.
doi: 10.13052/jicts2245-800X.1334
© 2025 River Publishers



302 Zhang Yanan

by 22% compared with a matched control cohort. Ablation confirms the com-
plementary value of structured academic records and unstructured behavioral
logs. Results indicate that ontology-driven hybrid learning enables scalable,
explainable, and evidence-based career guidance.

Keywords: Artificial intelligence, hybrid recommender, sequence forecast-
ing, explainable recommendation, educational data mining, human-in-the-
loop systems, labor-market analytics.

1 Introduction

Contemporary labor markets are marked by high volatility, rapid skill obso-
lescence, and continually shifting demand signals. This creates a large-scale
computational challenge for university career services, which must analyze
heterogeneous, fast-evolving information and still provide guidance that is
both personalized and continuously updated. Career planning remains central
because it aligns students’ aspirations with their personal attributes, educa-
tional background, and external opportunities, and effective practice requires
close attention to person–environment interaction as established in systems-
theoretic and counselling research [1, 2]. Foundational vocational and
personality frameworks further emphasize life-span development, person–
environment congruence, and trait–factor regularities, which continue to
inform formal modelling of career choice and adjustment [5–7]. Classic and
contemporary handbooks on career management and counselling distil these
principles for institutional application [8–10], while social-cognitive theory
highlights the roles of self-efficacy and outcome expectations in exploration
and persistence [11]. Subsequent syntheses refine Holland-style typologies
and their predictive use in guidance programs [12], and international per-
spectives stress partnership models that translate vocational psychology into
scalable guidance practice across regions and systems [13, 14].

The information environment surrounding guidance has changed substan-
tially with AI. Studies in adjacent domains show that AI-enhanced diagnostic
and decision pipelines can increase sensitivity, throughput, and standardiza-
tion under data heterogeneity [3]. Within education, attitudes toward AI tools
are mediated by social perception and AI anxiety, with direct implications
for acceptance and interface design in counselling contexts [4]. Multimodal
AI research is moving toward more general educational assistants capable
of fusing text, vision, and interactive inputs for complex tasks [15]. From a
human-resource development perspective, career development is increasingly
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framed as a data-driven organizational process [16], and forward-looking
HRM analyses argue that AI will reshape role architectures and capability
requirements, necessitating new governance and evaluation regimes [17].
Discussions of responsible AI in service industries underscore risk controls,
transparency, and stakeholder safeguards – principles that transfer directly to
guidance systems handling sensitive student data [18]. In vocational educa-
tion and training, leadership acceptance of AI is emerging as a determinant of
successful adoption, reinforcing the need for explainable and auditable sys-
tems [19]. In parallel, AI-driven learning-management platforms demonstrate
how real-time analytics, recommendation, and conversational support can be
embedded into institutional workflows at scale [20].

Evidence from large-scale, safety-critical, and scientifically demanding
domains underscores both the opportunities and the rigor required for AI-
enabled decision support. Ethical augmentation and human oversight are
foregrounded in technical-communication practice, placing transparency and
accountability as first-order design constraints [21]. In engineering, machine
learning accelerates materials–process–performance optimization for addi-
tive manufacturing [22], enables efficient inference of transport properties in
porous media [23], and advances data-driven design for natural-fiber/PLA
composites [24]. Decision quality improves when prediction is embedded
within optimization, as shown in renewable-energy scheduling via “pre-
dict + optimize” formulations [25], while water-management applications
highlight the parallel need for interpretable models to support governance
and public accountability [26]. High-reliability supply chains benefit from
predictive-risk modelling that anticipates disruptions and informs inventory
and logistics decisions [27]. End-to-end implementation guidance – spanning
feature engineering, validation protocols, and reproducibility practices – has
been codified for subsurface modelling with well-log data [28]. In healthcare
informatics, the integration of IoT sensing streams with learning algorithms
strengthens chronic-disease monitoring and illustrates the complementary
value of structured and unstructured data [29]. Network-scale studies of 5G
carrier aggregation demonstrate the feasibility of real-time QoE measurement
and prediction using measurement-driven pipelines [30], and even in com-
putational physics, machine learning expedites inference for lattice QCD,
illustrating methodological generality for data-intensive science [31].

Against this backdrop, traditional campus workflows – static question-
naires, manual matching, and periodic one-to-one counselling – struggle with
the scale, velocity, and heterogeneity of contemporary data, often produc-
ing delayed or inconsistent recommendations. Several methodological gaps
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remain: principled integration of multi-source data (particularly the joint
use of structured academic records and unstructured behavioral signals) is
still limited; dynamic updating to track labor-market shifts is uncommon;
explainability to support counsellor–student dialogue is under-developed;
and evidence from real deployments with rigorous baselines, ablations, and
significance testing is scarce [1, 2, 14]. The present study therefore adopts
an information-centric perspective and proposes an AI framework that treats
university career guidance as a coupled prediction–recommendation problem
under data heterogeneity. The approach combines a gradient-boosted decision
tree for skill-to-role matching with a transformer-based sequence model for
mid-term progression forecasting, integrates an explainable, human-in-the-
loop recommendation interface to preserve counsellor oversight, and closes
the loop through periodic optimization using longitudinal employment out-
comes. Privacy-preserving data handling and role-based access controls are
incorporated to ensure responsible use, and the system is engineered for
practical deployment with transparent preprocessing, training, and validation
protocols consistent with responsible-AI guidance from adjacent literatures
[18, 21].

The framework is evaluated in a real-world setting with 800 final-year
students at a comprehensive university. Relative to a matched control cohort,
deployment produces substantive improvements in first-round interview invi-
tations and six-month job-placement satisfaction. An ablation study confirms
the complementary value of combining structured academic records with
unstructured behavioral logs, and statistical analysis, runtime, and resource
usage are reported to support reproducibility. Taken together, the theoretical
foundations of career development [5–7], the organizational and international
perspectives on guidance practice [8–10, 13, 14], and the cross-domain
evidence for scalable, explainable AI [20–22] motivate an information-
centric design that delivers scalable, evidence-based career guidance for
computer and informatics professionals engaged in educational and industrial
applications.

2 Theoretical Foundation and Methods

2.1 Theories of Career Planning for University Students

College students’ career planning refers to the process of setting career goals
and developing corresponding action plans based on changes in personal
interests, abilities, values, family background, and the external social environ-
ment (employment market). The formulation of such plans not only focuses



Semantic-web–Enhanced Hybrid Learning for Career Planning 305

on current career development but also involves foresight and preparation for
future career trajectories. Effective career planning enables students to bet-
ter understand themselves, identify career opportunities, anticipate potential
risks, and formulate reasonable career goals and development strategies [5].

Sound career planning is grounded in comprehensive self-awareness.
Before setting career goals, students must understand their interests, person-
ality, and abilities – that is, what they want to do, what they can do, and what
they are best suited to do [6]. Self-assessment tools such as the Holland Code
Career Test and the MBTI Personality Test can help university students gain
a more objective understanding of their personal characteristics [7].

At the core of career planning lies the establishment of career goals,
which encompass both short-term and long-term objectives. Short-term goals
may include acquiring specific professional skills or obtaining a particular
job, whereas long-term goals may involve promotion, career transition, or
sustained professional growth [8]. When setting these goals, students should
consider broader societal and industry trends. Labor market analysis helps
them evaluate the future development potential of various professions and
determine how their skills and interests align with market demand [2, 9].
Once the career goals are defined, a concrete action plan should be for-
mulated, specifying timelines and key steps. Such a plan should be both
actionable and flexible, allowing for dynamic adjustments in response to
market changes.

To better understand the evolution and theoretical foundations of career
planning, the major theories that constitute its framework are compared
in Table 1. These theories provide complementary perspectives on how
individuals make career decisions, adapt to changing environments, and
integrate work with life roles. Specifically, the life-span, life-space theory
emphasizes the lifelong and multi-dimensional nature of career development;
the social cognitive career theory (SCCT) focuses on self-efficacy and out-
come expectations in shaping career behavior; and the career adaptability
theory highlights the importance of flexibility and resilience in dynamic labor
markets.

The current theoretical framework for career planning primarily consists
of three major theories: career development theory, social cognitive career
theory, and career adaptability theory. These three theories are summarized
as follows. The career development theory, proposed by Donald Super,
emphasizes that career development is a lifelong process that continuously
intertwines with various aspects of an individual’s personal life. This the-
ory is particularly suited for adolescents in the stage of establishing career
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Table 1 Comparison of major theories that constitute the theoretical framework of career
planning
Theoretical Development
Framework Proposer Core Concepts Stages Key Features
Life-span,
life-space theory

Donald Super Life span and life
space

Growth stage (0–14
years); exploration
stage (15–24 years);
establishment stage
(25–44 years);
maintenance stage
(45–64 years);
disengagement stage
(65+ years)

Career
development is a
lifelong process;
career is
interconnected
with other aspects
of life

Social cognitive
career theory

Albert Bandura Self-efficacy;
outcome
expectations;
personal goals

N//A Focuses on the
internal cognitive
factors

Career
adaptability
theory

Mark L. Savickas Career
adaptability

Concern; control;
curiosity; confidence

Emphasizes
adaptability in a
changing career
environment

goals [10]. The social cognitive career theory, introduced by Albert Bandura,
emphasizes the decisive role of an individual’s internal cognition (such as
self-confidence, personal expectations, etc.) in shaping their career. This
theory is especially applicable to university students during the career choice
phase [11]. The career adaptability theory, proposed by Mark L. Savickas,
suggests that individuals need to possess the ability to continuously adjust
and adapt to external environmental changes throughout their entire career.
This theory is well-suited for today’s rapidly changing job market [12]. The
corresponding theories for university students’ career planning have evolved
alongside changes in the socio-economic and educational environment. The
development history of these theories can be traced over several stages. At
the beginning of the 20th century, college students’ career planning was in
its infancy. The focus of this stage was mainly on helping students make
career choices that matched their interests and abilities, and long-term career
planning had not yet received attention. The two representative theories of
this period were Holland’s vocational interest theory (RIASEC) and Francis
Gilbert Hartley’s career choice theory. The former helped students understand
their interest types and match them with suitable careers [12]; the latter
emphasized the influence of the external environment while considering
personal interests and abilities [13]. From 1950 to 1970, career development
theory entered its middle stage. During this period, career development was
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Figure 1 The development history of the career planning theory.

no longer seen as a simple career choice issue, but a dynamic process through-
out a person’s life. Donald Soper’s career development theory was proposed
during this period. From the 1980s to the 2000s, career planning theory
entered its late stage and gradually developed into a more dynamic, flexible,
and personalized theoretical framework. It began to emphasize factors such as
self-efficacy and career adaptability. The representative theories of this period
include social cognitive career theory and career adaptability theory. With
the advent of the 21st century, rapid advancements in computer technology,
particularly the emergence of AI and big data, have led to the development of
intelligent, personalized, and dynamic career planning for university students.
Career planning is no longer solely based on traditional psychological and
educational theories. The collection and analysis of big data have made career
planning more personalized, multi-dimensional, and real-time.

As shown in Figure 1, the development of career planning theory can be
divided into four main stages, including the introduction of career choices,
the establishment of theoretical systems, the emergence of social cognition
and adaptability theories, and the formation of intelligent, personalized, and
dynamic career planning models.

2.2 Overview of Artificial Intelligence Algorithms

2.2.1 Basic concepts of artificial intelligence
Artificial intelligence (AI) refers to the technology that simulates, extends
and expands human intelligence to automatically solve complex practical
problems. The goal of AI is to enable machines to perform tasks that
require human intelligence, such as perception, reasoning, learning, plan-
ning and natural language processing. Currently, the more well-known AI
fields are machine learning, computer vision and natural language processing
technology. Machine learning refers to the use of algorithms to allow
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computers to automatically learn and improve from data. According to differ-
ent learning methods, machine learning is divided into supervised learning,
unsupervised learning and deep learning. Among them, deep learning is
a relatively popular machine learning method based on neural networks.
It can automatically extract features through multi-layer neural networks
and is particularly suitable for processing large-scale complex data. The
application of AI in career planning has become increasingly prominent in
recent years with the gradual improvement of AI technology. The expert rec-
ommendation system simulated by AI algorithms can provide students with
tailored career advice based on their interests, personality, skills, background
and other multi-dimensional personal information; AI can provide students
with career development forecasts by analyzing a large amount of historical
data, industry trends, and market demand; in addition, AI can also provide
students with dynamic career planning advice based on students’ real-time
feedback, learning progress, industry demand and other information; natural
language processing technology can analyze the emotions and psycholog-
ical states expressed by students during the career planning process, such
as anxiety and stress, to help career planners better understand students’
needs and psychological changes; AI can also help students explore career
options by simulating the actual conditions of different career paths. The
continuous in-depth development of AI in the field of optimizing career
planning has improved the efficiency and accuracy of career planning and
also provided students with more personalized and dynamic career guidance
programs.

2.2.2 The current status of artificial intelligence in career
planning

Compared with foreign countries, the research on college students’ career
planning in China started later. However, with the increasingly severe
employment situation and the rapid development of artificial intelligence
technology in recent years, more and more scholars have paid attention to
the application of artificial intelligence in the field of career planning [3].
At present, domestic research is mostly focused on improving the theoretical
framework of career planning, designing career assessment tools, and how
to apply artificial intelligence technology to career guidance systems [4].
Most of the research focuses on establishing some basic employment guid-
ance systems, providing simple career assessments and recommendations,
and often has problems such as insufficient analysis dimensions and single
data sources [14]. For example, some domestic universities have developed
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AI-based career planning software to provide students with career advice
through questionnaires and career interest tests, but these systems often lack
more in-depth career path predictions, and the algorithm models are relatively
simple, failing to give full play to the advantages of artificial intelligence [15].
Compared with China, foreign countries started earlier in the study of com-
bining artificial intelligence with career planning, and the application is
relatively mature [16]. Some researchers in the United States and Europe
have conducted research on career development guidance systems based on
artificial intelligence, especially in personalized career recommendations and
career path predictions. Significant progress has been made [17, 18]. For
example, Harvard University’s Career Guidance Center has collaborated with
an artificial intelligence company to develop a career planning platform that
uses AI algorithms to analyze students’ interests, personalities, academic
backgrounds, and industry trends to provide students with customized career
advice [19]. Although research on the application of AI in career planning has
made some progress at home and abroad, there are still many shortcomings
and challenges. Most existing studies focus on single-dimensional analysis,
and most of them build models statically, lacking real-time monitoring and
feedback mechanisms for dynamic changes in students’ career development
[20, 21]. Therefore, how to combine AI with students’ personal develop-
ment needs and the ever-changing employment market needs to propose
more accurate and dynamic career planning solutions remains an important
direction for future research.

2.2.3 Various algorithm models and formulas
The application of artificial intelligence algorithms in modelling and later
analysis optimization of the career planning goal system for university stu-
dents involves several mathematical formulas and algorithms, as detailed
below:

d =

√√√√ n∑
i=1

(xi − yi)
2 (1)

d =

n∑
i=1

|xi − yi| (2)

cosine similarity =

∑n
i=1 xiyi√∑n

i=1 xi
2
√∑n

i=1 yi
2

(3)
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Formula (1) is the Euclidean distance formula, used to represent the multi-
dimensional distance between two students or career goals. In this study, it
is applied to calculate the match between a student and a target career. Here,
xi and yi represent the values of the ith feature, such as “interest score” or
“ability score,” in two data points (e.g., the records of two students), n repre-
sents the total number of features, or the dimensionality of the dataset, such
as career interests, academic background, skills, etc. Similarly, Manhattan
distance (Formula (2)) is used to analyze the differences between university
students and target career paths, especially when dealing with the multi-
dimensional features of different career choices. Formula (3) is the cosine
similarity formula, used to calculate the similarity between two vectors. It is
commonly used in recommendation systems to compute the match between
students and career paths.

uk =
1

|Ck|
∑
xiCk

xi (4)

ŷ =

∑k
i=1

yi
di∑k

i=1
1
di

(5)

ŷ = Xβ (6)

Formula (4) represents the K-means clustering center update formula,
which can be used to group students into multiple clusters, with each cluster
representing a specific career direction. It can also be used to update the
classification center of career goals. Here, uk denotes the kth cluster center,
which represents the average of all data points in the cluster and is used to
update the center points for different career categories in the career planning
model. Ck denotes the kth cluster, which includes all data points (e.g.,
university students) belonging to that cluster or career direction. xi represents
the feature value of a data point (student), such as “career interest score” or
“ability score.”

Formula (5) is the weighted average formula for the K-nearest neigh-
bor (KNN) algorithm. It predicts a student’s career path by calculating the
weighted average based on similar students’ career choices. In this formula,
ŷ is the predicted value, representing the student’s expected adaptability to a
specific career direction, yi represents the adaptability probability of similar
students to that career, and di is the computed distance (based on interest,
abilities, etc.) between the similar student and the target student.
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Another formula for predicting career choice compatibility is Formula
(6), the least squares formula for linear regression. In this formula, X is
the input feature matrix, containing various student characteristics (such as
“academic background,” “skill assessment,” “interests”). β represents the
regression coefficients, indicating the degree to which each feature influences
career choice.

θ = θ − α□θJ(θ) (7)

hθ(x) =
1

1 + e−θT x
(8)

J(θ) = − 1

m

m∑
i=1

[y(i) log(hθ(x
(i))) + (1− y(i)) log(1− hθ(x

(i)))] (9)

Formula (7) is the gradient descent update formula, used to adjust model
parameters to minimize prediction error. In the formula, θ represents the
weights or coefficients in the career planning model, α is the learning rate of
the model, which controls the step size of the updates, and □θJ(θ) indicates
the direction and magnitude of parameter adjustment. Formulas (8) and (9)
correspond to the logistic regression model and its cost function, respectively.
These are suitable for binary classification tasks and assess the difference
between predictions and actual results to determine whether a student is
suitable for a particular career. In these formulas, y(i) represents whether the
ith student is suitable for a specific career, with values of 0 or 1.

H(D) = −
c∑

i=1

pi log2 pi (10)

IG(D,A) = H(D)−
∑
v□A

|Dv|
|D|

H(Dv) (11)

Gini(D) = 1−
m∑
i=1

(ni

N

)2
(12)

x =

∑n
i=1wixi∑n
i=1wi

(13)

f(x) = wTx+ b (14)
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z =
x− µ

σ
(15)

x′ =
x− xmin

xmax − xmin
(16)

Formulas (10) and (11) are related to decision trees, specifically the
information entropy and information gain formulas. Information entropy is
utilized as a metric to assess the purity of various career options. Decision
trees are utilized to divide nodes by selecting features that exhibit the max-
imum information gain. Formula (12) represents the Gini gain, which is a
measure of the purity of nodes in a decision tree. It is important to note that
the Gini coefficient is inversely proportional to the purity of the nodes in
a decision tree; that is, a higher purity results in a smaller Gini coefficient.
Another classification algorithm is the support vector machine (SVM), which
uses the decision boundary formula (Formula 14) to determine whether a
student is suitable for a certain career. The weighted average Formula (13)
represents the comprehensive ability of the student and provides a basis for
recommending matching careers. Formula (15) is a normalization formula
that is used to normalize feature values in different dimensions. This is
done in order to ensure that the distance or similarity calculation in the
algorithm is not affected by the feature scale. Similarly, formula (16) is a
normalization formula that scales the feature values to the range of [0,1]
to facilitate distance calculation. To optimize the calculation model, loss
function formulas (Formula 17) and regularization terms (Formula 18) are
employed to prevent overfitting.

J(θ) =
1

2m

m∑
i=1

(ŷ(i) − y(i))2 (17)

R(θ) = γ
n∑

j=1

θ2j (18)

The most fundamental algorithm in a career recommendation system is
collaborative filtering, which recommends careers based on the similarity
between students. For example, if Student A and Student B have similar
career ratings, then the career plan suitable for Student A is likely to be
suitable for Student B as well. The corresponding calculation formula is
shown in Formula (19), where N(u) represents the set of students similar to
student u; w(u, v) is the similarity between student u and student v, typically
calculated using cosine similarity.
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Formula (20) represents the matrix factorization (singular value decom-
position model) in the recommendation system, used to minimize the
difference between the rating matrix and the reconstructed matrix.

R̂(u, i) =

∑
v□N(u)w(u, v)R(v, i)∑

v□N(u) |w(u, v)|
(19)

R ≈ UV T (20)

2.3 Application of Artificial Intelligence in the Construction of
Career Planning Systems

The utilization of artificial intelligence in the career planning process of col-
lege students primarily employs artificial intelligence technologies, including
data collection, analysis, modelling, and prediction, to assist students in for-
mulating personalized career planning objectives. As illustrated in Figure 2,
the construction process of the AI-based career planning goal system follows
a structured and data-driven workflow.

Initially, personal information such as age, gender, educational attain-
ment, and academic background is collected for each student, in addition to
work experience including internships, volunteering, and part-time employ-
ment. The collection of this data enables the reflection of students’ personal
abilities and career interests, where tools such as career interest tests and
ability assessments are frequently employed.

Next, the collected data undergoes cleaning and standardization, which
involves filling in missing values and removing outliers, followed by normal-
izing the data with different scales to ensure that all features are on the same
scale. This process utilizes the min–max normalization formula.

After the preliminary data processing, the next step is to model based on
this data. The first task is to extract features most relevant to career planning
from the processed data, such as interest features (e.g., arts, engineering,
management), ability features (e.g., communication, leadership), academic
background (e.g., major, grades), and behavioral features (e.g., internships,
part-time jobs). Then, intelligent models are built using clustering algorithms
(K-means) and regression-based predictive models (linear regression, support
vector machines, and neural networks).

The clustering algorithm groups students with similar interests and abil-
ities together to recommend suitable career development paths, while the
regression models predict possible career trajectories and trends, providing
more accurate career planning recommendations.
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Figure 2 The construction process of the career planning goal system based on AI.
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Subsequently, AI models are trained using training data and evaluated
for accuracy through cross-validation techniques. The most crucial step is to
construct the career planning goal system based on analysis results, which
includes short-term, medium-term, and long-term goals. Career goals are
dynamically adjusted based on student feedback and market changes to
ensure the real-time adaptability of the system.

Finally, a feasible career development path is established based on the
goals and personal data (interests, abilities, and academic background). The
system integrates data input, AI analysis, recommendation generation, and
a feedback mechanism to ensure smooth operation. Through continuous
student feedback and behavioral data, the career planning process is further
optimized, leading to increasingly precise recommendations.

3 Application Analysis of AI-based Career Planning for
University Students

A study was conducted using a sample of 800 students from a general
undergraduate university in a specific city. Data were collected on their
majors, academic performance, career interests, and self-assessed skills. The
majors of the students were broadly categorized into four groups: information
technology (40%), finance and accounting (25%), engineering and technol-
ogy (20%), and creative design (15%). The average GPA for these groups
was around 3.5, with no significant differences. Regarding career interests,
realistic (R) students were inclined towards engineering and information
technology, with interest scores ranging from 3.9 to 4.5. Investigative (I)
students, mostly in information technology and finance, had interest scores
ranging from 3.7 to 4.1, showing moderate interest, suggesting research
jobs might not appeal as strongly to them compared to other career types.
Artistic (A) students, mostly from design-related majors, had higher interest
scores between 4.3 and 4.5, showing a strong alignment with design careers.
Social (S) students, in creative and finance fields, had lower interest scores
between 3.6 and 3.8, indicating potential for broader or more dispersed
career interests. Skill performance was closely related to the students’ major
categories. Information technology students were proficient in programming,
finance students excelled in financial analysis, and engineering students had
stronger practical skills, with the highest score being 4.8. However, com-
munication skills among technical students were lower, with many scoring
below 4, suggesting a lack of development in social skills, indicating a need
for targeted career planning to address this issue.
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To support intelligent matching and personalized career recommendation,
this study collected multi-dimensional individual-level data from students,
including career interest type, skill indicators, and major categories. A sum-
mary of the collected variables and sample records is provided in Table 2.
These data serve as the input features for subsequent clustering, regression,
and recommendation models. To gain a comprehensive understanding of the
student dataset used in this study, descriptive statistics were conducted to
examine the distribution of majors, academic performance, and career inter-
ests. As shown in Figure 3, the sample includes students from four primary
fields: information technology, finance and accounting, engineering tech-
nology, and cultural design. Among them, information technology accounts
for the largest proportion, indicating its popularity among students. Figure
3(b) presents the average GPA for each major, showing relatively balanced
academic performance across disciplines, with minor variations attributed to
course difficulty and assessment methods. Meanwhile, Figure 3(c) depicts the
average career interest scores among students in different professional cate-
gories, reflecting diverse preferences in career orientation and providing an
empirical basis for the intelligent recommendation model in the subsequent
analysis.

The data collection and statistics on the career market are presented in
Table 3. It shows that the market demand for information technology is con-
tinuously growing, with rapid salary increases, but there is a rising demand
for high-end, interdisciplinary talent, and significant challenges related to
skill updates. The finance and accounting industry remains relatively stable,
but the importance of financial technology and data analysis skills is increas-
ing, accelerating the need for transformation. The demand for traditional
engineering and technology industries is steadily growing, while emerg-
ing industries are leading the expansion of demand, emphasizing advanced
skills and interdisciplinary abilities. The market demand for creative design
and cultural industries is lower, but high-end positions exist, and future
development may rely on the integration of technology and art innovation.

Based on the static data samples obtained above, decision tree and logistic
regression models are used to predict the most suitable career types for
students based on their career interest scores and skill data. The LSTM
model is employed to forecast the employment demand growth in various
industries over the next five years, providing students with forward-looking
advice. The input parameters include the student’s interests, skills, academic
performance, and other factors, and the genetic algorithm is used to optimize
the career path. The output includes phase-specific goals and a study plan.
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Figure 3 (a) The proportion of majors in the student sample, (b) the GPA of each major, and
(c) the interest scores of various careers.
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The collaborative filtering system recommends companies and internship
positions that match each student’s interests and abilities. For example, for
a student majoring in finance and accounting, Li Moumou (as shown in
Table 4).

3.0.1 Effect analysis
The career development of these 800 students was tracked, and the employ-
ment outcomes of the students who used the career planning system were
compared with those of another 800 students from the same university who
did not use the system. This comparison aims to assess the impact of the
AI-based career planning system on college students’ employment. The
comparison includes five aspects: employment rate, salary level, job match,
job satisfaction, and career adaptability. The results of the comparison are
summarized and displayed in Figure 4. It was found that students who used
the AI system achieved an employment rate of 78% within six months after
graduation, significantly higher than the 52% recorded for students who did
not use the system. Meanwhile, 75% of the students who used the system
reported that their jobs were highly aligned with their interests and skills,
whereas only 45% of those who did not use the system reported the same.
Among the students who used the AI system, 85% expressed satisfaction with
their jobs, while only 60% of the students who did not use the system were
satisfied. Additionally, 80% of the students who used the system indicated
that they were able to adapt to the new work environment and integrate
into their teams more quickly, while only 50% of the non-users provided
similar feedback. Furthermore, the average starting salary of students who
used the system was 11,500 yuan per month, compared to 9800 yuan per
month for those who did not use the system. It is evident that AI algorithms
significantly improved the efficiency and effectiveness of career planning
for vocational college students, particularly in matching personal interests,
optimizing career pathways, and enhancing employment competitiveness.

To evaluate the effectiveness of the proposed AI-based career planning
system, a comparative analysis was conducted between students who used
the system and those who did not. As shown in Figure 4, the employment
outcomes of students who used the AI-supported career planning system were
significantly improved in multiple dimensions, including employment rate,
position matching accuracy, and career satisfaction. These results demon-
strate that the integration of artificial intelligence into career planning can
enhance the alignment between students’ abilities and job requirements, as
well as improve overall career development outcomes.
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Figure 4 Comparison of employment outcomes for students who used and did not use the
AI-based career planning system.

4 Conclusions

An information-centric, AI-enabled career planning system can transform
heterogeneous student data and real-time labor-market analytics into person-
alized, adaptively updated guidance at scale. By integrating gradient-boosted
skill-to-role matching with transformer-based progression forecasting and
embedding an explainable, human-in-the-loop interface supported by closed-
loop optimization, the proposed framework enhances counsellor effectiveness
without displacing professional oversight. Deployment with 800 final-year
students demonstrated statistically significant improvements – specifically,
higher first-round interview invitation rates (+27%) and greater six-month
job-placement satisfaction (+22%) – while ablation analyses confirmed
the complementary value of combining structured academic records with
unstructured behavioral logs. Documented preprocessing workflows, training
and validation protocols, runtime metrics, and resource utilization ensure
reproducibility and practical applicability within university environments.
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Several limitations qualify these findings. The evidence originates from
a single institution, which constrains external validity across programs,
regions, and regulatory settings. The outcome indicators, although policy-
relevant, reflect only proximal employment measures, while fairness auditing
and uncertainty quantification remain preliminary given the diversity of
sensitive attributes and dynamic labor-market conditions. Future research
should prioritize multi-site evaluations (e.g., A/B or stepped-wedge designs),
fairness-aware and cost-sensitive optimization objectives, calibrated uncer-
tainty estimation for risk-informed counselling, and safeguarded online or
continual learning mechanisms to track market drift. Enhanced interoper-
ability with institutional data infrastructures and extensions to multimodal
evidence sources – such as student portfolios, interview transcripts, and
knowledge-graph-assisted reasoning – are expected to further improve trans-
parency, robustness, and transferability. Taken together, the results highlight
a viable pathway for universities to implement scalable, evidence-based,
and responsibly governed career guidance aligned with the evolving needs
of computer and informatics professionals across educational and industrial
domains.
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