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ABSTRACT Online courses in higher vocational business administration require learning-path optimiza-
tion that can adapt to heterogeneous knowledge foundations, learning behaviors, and vocational compe-
tency objectives. To overcome the static and one-size-fits-all limitations of conventional online teaching
paths, this study proposes an adaptive learningpath optimization model based on deep reinforcement
learning. Course knowledge points, prerequisite relations, jobcompetency requirements, student learning
behaviors, and personalized profiles are collected and transformed into a structured learning data sample
library. A DQN-based decision model is then constructed, where the state space includes knowledge
mastery, learning progress, learning fatigue, and career fit, and the action space includes knowledge-point
sequencing, resource-type selection, and learning-time allocation. A multi-dimensional reward function
integrates knowledge improvement, learning efficiency, and vocational adaptability. Experiments using
the online courses ‘“Fundamentals of Management” and ‘“Marketing” over one semester show that the
experimental group improves course completion rate by 18.3%, knowledge-point mastery by 21.5%, and
learning satisfaction by 15.7% compared with the fixed-path control group. The model provides a data-
driven decision-optimization method for adaptive learning systems and intelligent educational resource
scheduling.

INDEX TERMS deep reinforcement learning, adaptive learning path, learning analytics, decision

optimization, online education

I. INTRODUCTION

N the process of deepening the digitalization of vo-

cational education, online courses are the key support
for flexible teaching and improving the quality of talent
cultivation in vocational business management. The teaching
effectiveness of online courses directly affects the cultiva-
tion of vocational literacy and work ability of vocational
college students. The core of the Business Administration
major in higher vocational education is to cultivate applied
and skilled talents. Its students have the characteristics of
large differences in knowledge foundation, uneven learning
initiative, and strong practicality. However, most online
courses still follow a unified learning path design. They do
not consider the personalized needs of students and their
career development direction. Therefore, students often face
a disconnect between theoretical acquisition and practical
application, where they struggle to translate online course
content into usable professional skills. The teaching philoso-
phy of “teaching according to students’ aptitude” is difficult
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to implement.

The main innovations of this article are as follows: firstly,
it can adapt well to the environment of higher voca tional
education, break through the static decision-making defects
of traditional adaptive learning paths, focus more on practice
than theory, and integrate the work ability requirements of
higher vocational business man agement majors into the op-
timization of learning paths, achieving precise integration of
“learning and work”; Secondly, building targeted deep rein-
forcement learning models, abandoning the static decision-
making flaws of traditional algorithms, and dynamically
adjusting learning paths through the dynamic interaction be-
tween agents and learning environments to achieve dynamic
optimization of personalized and adaptive learning; Thirdly,
based on the learning characteristics of vocational college
students, design reward functions that consider multiple
dimensions such as knowledge mastery, learning efficiency,
and career needs to enhance the practicality and adaptability
of the model, which is different from the single dimensional
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reward function design of existing models.

This article presents the finalized findings of a longitudi-
nal study conducted between 2024 and 2025. Based on the
core online courses of Business Administration major in
higher vocational education, sort out the knowl edge point
system and job competency requirements, collect student
learning behavior data (such as learning time, knowledge
point test scores, learning progress, etc.) and personalized
feature data (such as knowledge foundation, learning pref-
erences, career planning, etc.), and establish a learning
data sample library; Secondly, an adaptive learning path
optimization model based on deep reinforcement learning
was constructed. Taking students’ real-time learning status
(knowledge mastery, learning progress, learning fatigue) as
the state space, allocating knowledge learning sequence,
learning resource types, and learning duration as the action
space, and using knowledge mastery improvement, learn-
ing efficiency, and occupational adaptability as the main
indicators of the reward function. Train the model using
DQN (Deep Q-Network) algorithm to achieve dynamic
decision-making of learning paths; Once again, design a
model validation plan and select the two core online courses
of “Management Fundamentals” and “Marketing” for the
Business Administration major in vocational colleges. Es-
tablish an experimental group (using optimized learning
paths to select parallel classes) and a control group (using
traditional fixed learning paths to select parallel classes)
for one semester of experimental teaching; Finally, collect
experimental data to validate the learning effectiveness, effi-
ciency, and satisfaction of the model from three dimensions,
analyze the advantages and disadvantages of the model, and
propose optimization suggestions.

The main contribution of this article is to establish a the-
oretical research framework for deep reinforcement learning
and online education in vocational enterprise management,
improve the theoretical system of adap tive learning path
optimization, and provide theoretical basis for online course
reform in similar vocational fields; From a technical per-
spective, design a deep reinforcement learning optimiza-
tion model suitable for vocational college business, solve
the problem of weak dynamic adaptability of traditional
methods, and improve the personalized accuracy of learning
paths; On a practical level, the effectiveness of the model
has been verified through experiments, and a feasible online
course adaptive learning path optimization solution based on
the model has been proposed, which can effectively improve
students’ learning effectiveness and experience, and provide
practical reference for the reform of online education and
teaching in vocational col leges. This article will follow the
logic of “constructing experimental verification conclusions
based on research status and methods”, and explain in detail
the relevant research results, model construction, experimen-
tal results, and research conclusions to make the research
content complete and logically clear.
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Il. RELATED WORK

In the field of deep reinforcement learning, numerous schol-
ars have explored different scenarios, providing theoretical
and technical references for the optimization of adaptive
learning paths in online courses for higher vocational busi-
ness management majors. For instance, recent studies have
leveraged knowledge tracing (KT) to model student mastery
levels, while others have employed learning path recommen-
dation (LPR) systems to sequence content based on learner
modeling. While foundational works provide the compu-
tational basis for Deep Reinforcement Learning (DRL),
this study specifically integrates educational technology
literature on cognitive maps and prerequisite discovery to
tailor paths for vocational students.Samieyeganeh et al. [1]
explored the development from deep reinforcement learning
to multi-agent deep reinforcement learning; Nurmuhammet
[2] studied the application of deep reinforcement learning
on stock data; Fan [3] has explored reinforcement learning
and deep reinforcement learning; Jaeger and Geiger [4]
conducted an introductory study on deep reinforcement
learning; Karimzadeh [5] focuses on deep reinforcement
learning multi-agent systems; Wang [6] studied the appli-
cation of deep reinforcement learning in stock prediction;
Pradhan [7] evaluated deep reinforcement learning algo-
rithms; Liu and Chen [8] introduced the research progress of
deep reinforcement learning; Skuba et al. [9] applied deep
reinforcement learning to traffic signal control; Guo and Liu
[10] conducted research on unmanned aerial vehicle path
planning based on deep reinforcement learning. However,
existing research has mostly focused on general algorithm
optimization or single scenario applications, lacking in-
depth customization for the characteristics of online courses
in higher vocational business management majors (such
as strong career orientation and significant differences in
learner abilities), and not fully integrating educational big
data to construct learner images and career ability models,
resulting in insufficient dynamic adaptability and limited
personalized matching accuracy. This provides direction for
future research.

lll. METHOD

A. PRELIMINARY RESEARCH AND DATA COLLECTION
Preliminary research and data collection are the founda-
tion of model construction (as shown in Figure 1), which
mainly consists of three steps: first, course and job re-
search. Three vocational colleges’ business management
majors are selected, and the knowledge point system of
core online courses such as “Management Fundamentals”,
“Marketing”, and “E-commerce” is sorted out. The difficulty
level, knowledge point prerequisite relationships, and corre-
sponding job ability requirements of each knowledge point
are clarified. Specifically, these prerequisite relationships
were determined through a hybrid approach: initially, a
panel of three subject matter experts with over ten years
of teaching experience in Business Administration manu-
ally annotated the logical dependencies between knowledge
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points. To ensure rigor, inter-rater reliability was assessed
using Cohen’s Kappa, achieving a high degree of consensus
(k = 0.86). These manual annotations were subsequently
validated against historical student data using the Asso-
ciation Rule Mining (ARM) algorithm to ensure that the
defined prerequisite paths align with empirical learning
sequences. Based on this, a knowledge point-job ability
correspondence table is constructed; The second is student
research, which collects personalized characteristic data
of 200 vocational college students majoring in business
administration through questionnaires, interviews, and other
methods. This cohort provided the historical baseline data
used to initialize and pre-train the model. Subsequently,
a specific subset of 95 students (48 in the experimental
group and 47 in the control group) was selected from this
original pool for the semester-long validation experiment to
ensure that the participants’ profiles in the live trial remained
consistent with the pre-training data distribution; The third
is data collection, relying on online course platforms to
collect students’ learning behavior data, including learning
duration, knowledge point test scores, distribution of wrong
questions, number of learning interruptions, and number
of clicks on learning resources. Effective data is screened
and preprocessed (denoising, normalization, missing value
filling), and a learning data sample library is established to
provide data support for model training. At the same time,
referring to the relevant requirements for deep reinforcement
learning training, the historical data is divided into 70% for
offline pre-training and 30% for offline testing. Crucially,
the experimental results reported in Table 3 (and Figure 3)
reflect the performance of the pre-trained model evaluated
on the held-out 30% testing set prior to the intervention.
The “online finetuning” described in Section 3.3 refers to
the subsequent live deployment phase, where the model
adapted to real-time student feedback; however, to ensure
reproducibility and prevent data leakage, the comparative
metrics are based on the frozen weights established during
the validated 70/30 offline split [11].

B. CONSTRUCTION OF ADAPTIVE LEARNING PATH
OPTIMIZATION MODEL BASED ON DEEP
REINFORCEMENT LEARNING

This article uses the DQN (Deep Q-Network) algorithm
to construct an adaptive learning path optimization model.
Based on the course characteristics and student learning
features of the Business Administration major in higher
vocational education, the model’s state space, action space,
and reward function are designed in a targeted manner to
achieve dynamic optimization of the learning path. Firstly,
the state space design focuses on the real-time learning
status of students, selecting four key indicators: mastery
of knowledge points (quan tified by test scores), learning
progress (the proportion of completed knowledge points),
learning fatigue, defined here as the cognitive decline in
engagement during complex Business Administration case
analysis, which is quantified by the frequency of learning
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interruptions and significant fluctuations in session duration
relative to the average difficulty of the management module,
and career fit (the degree of matching between current
learning knowledge points and students’ career planning).
After normalizing the four indicators, the model’s state
vector is constructed to ensure the comprehensiveness and
accuracy of the state description; Secondly, the design of
action space, combined with the characteristics of online
courses in higher vocational business management, includes
three dimensions: adjusting the order of knowledge point
learning (such as skipping mastered knowledge points and
prioritizing weak knowledge points), selecting learning re-
source types (such as video lectures, case analysis, and
exercise exercises), and allocating learning time (such as
increasing learning time for difficult knowledge points).
Multiple optional actions are set for each dimension to
form a complete action space; Finally, the reward function
design adopts a multidimensional comprehensive reward
function that takes into account knowledge mastery, learning
efficiency, and career adaptation. The specific formula is:
R = aRy 4+ BRs + y7R3, where R; is the knowledge
mastery reward (calculated based on the improvement of
test scores), Ry is the learning efficiency reward (calculated
based on the ratio of learning time to knowledge mastery),
R3 is the career adaptation reward (calculated based on the
matching degree between current learning knowledge points
and career planning), «, 3, and ~y are weight coefficients,
and their values are determined to be 0.4, 0.3, and 0.3
through experimental debugging to ensure the rationality
and pertinence of the reward function [12].

C. MODEL TRAINING AND OPTIMIZATION

The model training adopts a combination of offline training
and online fine-tuning (as shown in Figure 2). The specific
process is as follows: firstly, initialize the model parameters,
use the Xavier initialization method to initialize the weight
parameters of the DQN network, avoid gradient vanishing
or explosion problems, set the learning rate to 0.001, dis-
count factor to 0.9, experience replay buffer size to 10000,
and batch size to 32; Secondly, offline training utilizes
the previously collected learning data sample library, with
students’ learning status as input and actions as output. The
model is trained through an experience replay mechanism to
learn the mapping relationship between states and actions.
When the loss function of the model converges (loss value
less than 0.01), offline training is completed; Once again,
online fine-tuning will be carried out by deploying the
trained model to the online course platform of the Business
Administration major in higher vocational education. Real
time data on students’ learning status will be collected, and
model parameters will be dynamically adjusted based on
their learning feedback (such as test scores and changes
in learning behav ior) to optimize action decisions and
enhance the dynamic adaptability of the model; Finally,
the model is validated and optimized using test set data
to analyze the accuracy of path recommendation and the
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- 3 vocational colleges
- Core courses: Management,
Marketing, E-commerce
- Knowledge points: difficulty,
prerequisites, job skills
- Build knowledge-job
mapping table

Phase 1: Course & Job
Survey

- 200 students
- Methods: questionnaires,

interviews

- Features: knowledge base,

preference, pace, career plan

Phase 2: Student Survey

- Learning behavior data
- Duration, test scores, error
distribution, interruptions,
clicks
- Preprocess: denoise,
normalize, fill missing values
- Split: 70% training, 30%
testing

-

Phase 3: Data Collection

l

Learning Data Sample Library

FIGURE 1. Preliminary research and data collection

Init P Offline Training

__—> Online Fine-tuning

———> Validate & Optimize —— Final Model

g

..,/ Monitor: Loss, Entropy

FIGURE 2. Model Training and Optimization

extent of improvement in learning effectiveness. The model
was iteratively optimized to address specific performance
bottlenecks, such as delays in real-time path updates and
the initial imbalance of reward function weights, ensuring
its practicality and stability. At the same time, during the
training process, the value of the visual loss function and
the entropy of the random strategy are visualized to avoid
premature decline in strategy entropy leading to insufficient
exploration. Multiple random seed training is used to take
the average value, reducing the errors caused by model
randomness [13].

IV. RESULTS AND DISCUSSION

A. EXPERIMENTAL DESIGN AND DATA COLLECTION
The study demonstrates that the adaptive learning path op-
timization model based on deep reinforcement learning has
completed a full-scale comparative experiment. Moreover,
the concluded findings suggest that two parallel classes of
the 2024 level in the Business Administration major of a
vocational college could provide the key results needed.
Furthermore, the experimental group (48 people) adopted
the optimized adaptive learning path, while the results
might indicate that the control group (47 people) could
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demonstrate meaningful differences under the traditional
fixed learning path. In light of the data, two core online
courses — “Fundamentals of Management” and “Market-
ing” — appear to support that the experimental period
of one semester (18 weeks) could establish sufficient ev-
idence. Study shows variables controlled strictly. However,
the significant evidence may suggest that teaching staff,
course content, and assessment standards remained consis-
tent across both groups, with the key findings indicating
that only differences in learning path design could demon-
strate experimental validity. Additionally, the important data
collection may indicate that three dimensions — learning
effectiveness data (course final grades, knowledge mastery
test scores), learning efficiency data (course completion rate,
average learning duration), and learning satisfaction data
— could provide the significant results needed. Given that
the findings demonstrate that questionnaire surveys using
a 5-point scoring system were used, the evidence might
suggest that this approach could support the reliability of
the satisfaction measures. Notwithstanding these results,
the study may indicate that the collected data appears to
require statistical analysis. SPSS shows significance tests
ensure reliability. This study was approved by the Ethics
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Committee of Jiangxi Hongzhou Vocational College, and
was performed in accordance with the principles of the
Declaration of Helsinki. All eligible participants signed an
informed consent form.

B. ANALYSIS OF EXPERIMENTAL RESULTS

The experimental results (as shown in Figure 3) showed
that the learning effectiveness, efficiency, and satisfaction
of the experimental group students were significantly better
than those of the control group. The specific analysis is as
follows: in terms of learning effectiveness, the average final
scores of the experimental group students in “Fundamentals
of Management” and ‘“Marketing” were 82.6 and 81.8
points, respectively, while those of the control group were
68.9 and 69.2 points, respectively. The average scores of
the experimental group increased by 13.7 and 12.6 points,
respectively; In the knowledge mastery test, the average
accuracy rate of the experimental group students was 83.2%,
while that of the control group was 61.7%, an improvement
of 21.5%. This indicates that the optimized learning path can
effectively help students master knowledge points and im-
prove learning effectiveness. In terms of learning efficiency,
the completion rate of the experimental group students was
95.8%, while the control group was 77.5%, an increase
of 18.3%; The average learning time of the experimental
group students was 42.3 hours, while the control group was
51.7 hours, a reduction of 9.4 hours. This indicates that the
optimized learning path can allocate learning resources and
time reasonably, and improve learning efficiency. In terms
of learning satisfaction, the average satisfaction score of
the experimental group students was 4.2 points, while the
control group was 3.6 points, an increase of 15.7%. Among
them, the satisfaction score of the experimental group was
significantly higher than that of the control group in the
three dimensions of “personalized adaptation”, “reasonable
learning pace” and “fit for career needs”, indicating that
the optimized learning path is more in line with students’
personalized needs and career development expectations.
Through significance testing (P<0.05), there is a significant
difference between the two sets of data, proving the effec-
tiveness of the adaptive learning path optimization model
based on deep reinforcement learning proposed in this paper.

C. RESULTS

Based on the experimental results, conduct in-depth discus-
sions on the advantages, shortcomings, and improvement
directions of the model. Firstly, the advantages of the model
are mainly reflected in two aspects: firstly, it has strong
dynamic adaptability. Through real-time interaction between
the intelligent agent of deep reinforcement learning and
the learning environment, it can respond to changes in
students’ learning status in a timely manner, dynamically
adjust the learning path, solve the problem of homoge-
nization in traditional fixed learning paths, and achieve
“teaching according to students’ aptitude”; Secondly, it has
high adaptability. The model is designed with a reward
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function that combines the job competency requirements
of the Business Administration major in higher vocational
education, and combines the learning path with career
needs, effectively enhancing the pertinence and practicality
of learning and meeting the training goals of applied talents
in higher vocational education. Secondly, the shortcomings
of the model mainly include: firstly, the model training
has a strong dependence on the amount of data, and if
some students’ learning behavior data is insufficient, it will
affect the recommendation accuracy of the model; Secondly,
the weight coefficients of the reward function are fixed
and cannot be dynamically adjusted according to the per-
sonalized characteristics of students, which may affect the
learning experience of some students; The third issue is the
insufficient adaptability of the model to learning resources,
which fails to fully integrate the characteristics of case
teaching in higher vocational business management majors,
and the targeted recommendation of learning resource types
needs to be improved. Finally, the improvement direction
is to optimize the data collection mechanism, increase the
dimensions and quantity of data collection, and use data
augmentation technology to compensate for the insufficient
data of some students; Design a dynamic weight adjustment
mechanism to adjust the weight coefficients of the reward
function in real-time based on students’ learning preferences
and career planning; Combining the characteristics of case
teaching in higher vocational business education, enriching
the types of learning resources, enhancing the pertinence of
learning resource recommendations, and further optimizing
model performance.

V. CONCLUSION

This article is based on the optimization of adaptive learn-
ing paths of online courses in higher vocational business
management majors, and carries out research based on deep
reinforcement learning technology to solve problems such
as homogenization of traditional learning paths, lack of
dynamic adaptability, and lack of close integration with
career needs. The research concludes that an adaptive
learning path optimization model based on DQN algorithm
can dynamically generate personalized learning paths by
designing reasonable state space, action space and multi-
dimensional reward functions; After the model is applied to
the online courses of Business Administration in vocational
colleges, it can improve students’ learning effectiveness,
efficiency and satisfaction, and achieve precise integration
of “personalized learning career needs”. There are still
some deficiencies in this study, such as the model’s strong
dependence on data amount, failure to dynamically adjust
the weights of reward function, and need to improve the
adaptability of learning resources. In the future, the model
can be improved by data augmentation, dynamic weight
optimization and improvement of adaptability of learning
resources. The theoretical value of this study is to enrich
the application of deep reinforcement learning in higher
vocational education and construct an adaptive learning
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path optimization theoretical framework applicable to higher
vocational business management majors; The actual value is
to provide feasible solutions for the reform of online course
teaching in vocational colleges, which can improve the
quality of applied talent cultivation in business management
major of vocational colleges, and provide reference and
inspiration for the reform of online education in similar
vocational majors.
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