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Student career scheduling is divided into regular scheduling and dynamic optimal scheduling. Regular
scheduling is the planning task of calculating a student's career year, and the reference parameters are
some student career data. When facing the complex career problems of college students, achieving the
expected scheduling tasks is difficult. Aiming at the problems existing in college students' career planning,
this paper effectively combined the Dijkstra and genetic algorithms to obtain the D-GA optimization
algorithm and apply it in the scheduling scheme. The experimental outcomes indicate that the graduate
job recommendation algorithm introduced in this study achieves the highest performance, with a hit rate
of 44.37% when K=50. This is approximately double the effectiveness of the CBF approach and around
20% higher than the neighborhood-based CF method. The mean reciprocal rank was 17.14%, which is
nearly seven times greater than that of the CBF technigue and about 3% better than the neighborhood-
based CF model. The data problem framework aligns with real-world conditions and is developed based
on relevant aspects of college students' career planning. According to the advantages and disadvantages
of the Dijkstra algorithm and genetic algorithm, combined with students' career problems, the Dijkstra
algorithm was improved and combined with the genetic algorithm to form the D-GA algorithm and applied
to the solution optimization process. Finally, combined with J2EE technology, college students' career
planning system was realized.

Povzetek: Razvit je hibridni Dijkstra-genetski algoritem za optimizacijo nacrtovanja kariere Studentov,
implementiran s tehnologijo J2EE. Pristop izboljsuje ucinkovitost in prilagaja priporocila glede na

spreminjajoce se podatke in preference.

1 Introduction

Career planning has been developed for decades,
and the relevant theories have been continuously
improved, but the research on career planning at home
and abroad differs greatly [1]. International research in
the career field has been both extensive and detailed. It
has thoroughly examined various aspects, including
career exploration, job search intensity, job-seeking
success, factors influencing career choices, career
values, professional preferences, work-related values,
personality types, alignment between career paths and
professional choices, as well as job satisfaction. These
areas have been explored in depth, offering a
comprehensive understanding of the factors affecting
career development. [2, 3]. Domestic career research
has only started in recent years, and the research level is
shallow and the research content is single. The research
on college students focuses on the current situation of
career planning and career values, mainly for ordinary
college students, without distinguishing the differences
between students of different professional backgrounds,
and not enough exploration of gender students [4, 5].
For everyone, career is limited, if not effectively
planned, will inevitably lead to a waste of time.

Through the career planning system, users are able to
explore themselves correctly, think about the factors that
may affect their future development in an all-round way,
and rationally make decisions on career development that
suit them. Currently, the more famous ones in career
planning optimization research [6]. Its advantage is that it
can solve the student career planning problem containing
negatively weighted paths, and the code is simple to
implement; its disadvantage is that it wastes a large amount
of time on the v-1 slack operation due to the need to carry
out v-1 slack operations in each loop [7, 8]. The SPFA
(Shortest Path Faster Algorithm), while an improvement
over Bellman-Ford in many cases, still struggles with
worst-case performance, which can degrade to O(VE)
under certain conditions. Moreover, SPFA can be
unpredictable in terms of run time, which poses challenges
for scalability and consistent system performance when
handling large datasets or diverse user inputs typical in
career planning systems. This study is necessary because it
proposes a hybrid approach that combines Dijkstra's
algorithm with genetic algorithms to overcome the
shortcomings of these SOTA techniques. The hybrid
method not only optimizes the computational efficiency
but also enhances the accuracy of career path
recommendations by dynamically adapting to evolving
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data patterns and user preferences, which neither
Bellman-Ford nor SPFA can achieve effectively in this
context [9, 10]. Ford algorithm can handle the student
career planning problem containing negatively
weighted paths as well; however, the time complexity
of the Floyd-Warshall algorithm is very unfriendly [11].

Dijkstra’s algorithm is the most typical and
representative student career planning algorithm for
solving student career planning problems, and its
application in practice is the most numerous. The most
traditional implementation of Dijkstra's algorithm uses
the adjacency matrix to store the data information of the
graph, and uses simple arrays to realize its priority
queue, which cannot adapt to the path query problem
with high real-time requirements in terms of memory
usage and Dijkstra's algorithm in depth, analyze its
performance bottlenecks and improve and optimize the
algorithm using heap data structures and features of the
application scenarios [12, 13]. Dijkstra's algorithm
solves the problem of single-source student career
planning with any point in the graph as the starting
point, which requires that the weights of each edge in
the weighted graph must be non-negative. Using
Dijkstra's algorithm to solve the single-source student
career planning problem starting at vertex 1 in the graph
will result in the student career planning spanning tree
[14, 15]. For any given point in a directed graph,
Dijkstra's algorithm can compute the student career plan
from that point to each of weights from that point to
each of the remaining vertices in the graph. Dijkstra’s
algorithm can also compute the student career plan for
any pair of vertices in the graph by starting at the
beginning and expanding it layer by layer end point [16,
17]. The table provides key metrics, including
efficiency, complexity, and accuracy for each reviewed
method. For instance, while the Bellman-Ford
algorithm offers advantages in specific contexts, it
suffers from higher computational complexity in larger
datasets. Similarly, the SPFA algorithm, although faster
in many cases, lacks robustness in accuracy when faced
with real-world data variations [18, 19].

2 Dijkstra's algorithm

2.1 Dijkstra's algorithm planning and
designing

Same as the data mining process, the educational
model evaluation. Different from the traditional data
mining, the data of EDM comes from the teaching
environment, Equation (1) is used for model evaluation,
and Equation (2) is applied to data mining, and the
obtained data is applied to the construction of teaching
data.

D, :V, >V, (1)

Via =V +Q -q ()

The main role of the model, which generally
includes the processes. Equation (3) establishes
mathematical and statistical models, and Equation (4)
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demonstrates the fundamental mechanism of online pattern
mining, and evaluate each path and rank the candidates
based on their fitness values. Select the most promising
career paths based on fitness. Use techniques like
tournament selection or roulette wheel selection to pick
individuals for the next generation. Perform crossover
between selected pairs of paths to generate new offspring.
This helps explore new potential career trajectories by
combining features of existing paths. Apply mutation to
some individuals by altering a few nodes in the career
paths. This step introduces diversity and ensures the
algorithm doesn't get stuck in local optima. After
generating new paths, use Dijkstra’s algorithm to further
optimize these solutions by adjusting the node sequences
for better cost or relevance. This ensures that the final
solutions are both optimal and diverse.

d<H, <h (3)

C C
C =C1(C—1+C1)+C2(C—2+C2) (4)

2 1

Common models mainly include linear regression,
logistic regression, decision tree model, plain Bayesian
model, neural network model, clustering algorithm and so
on. Equation (5) represents the fundamental formula for
training the model, and Equation (6) represents the
collaborative filtering algorithm, where the model
evaluation phase.

R= S(WICI(%+C1 )+W2C2(%+C2 N+L (5)

Q:maxAtTglN(t) ©6)

Collaborative filtering recommendation algorithms
are based on user-item interaction matrix, which can be
divided into two categories according to the calculation
method: neighborhood-based collaborative filtering
algorithms and collaborative filtering algorithms based on
hidden factor decomposition Equation (7) can improve the
recommendation accuracy, and Equation (8) improves the
hidden nature of the item, begin by initializing a population
of potential career paths or solutions. Each individual in
the population represents a candidate path composed of
multiple nodes. Randomly generate an initial population or
seed it with paths from Dijkstra’s shortest-path search. For
each candidate path in the population, use Dijkstra’s
algorithm to compute the cost. In the context of career
planning, this could represent the efficiency or suitability
of a given career path based on factors such as job
prospects, personal preferences, and professional goals.

N(t)=ENGi.t) (7)

H(i,t) =minH(i,t)+x[maxH(i,t)-minH(i,t)] (8)
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Equation (9) shows the basic idea of TF-IDF
method, Equation (10) can explain the importance of the
occupation in the document, and then count the feature
values; use the TF-IDF method to determine each
feature value. If k also occurs more times in other
documents, it means that k does not contribute much to
document differentiation. TF-IDF is the feature value
determination method that synthesizes these two
considerations.

(% —X)(¥,-7)
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2.2 OSCache framework

Based on the above two assumptions, Equation
(11) shows the neighborhood-based collaborative
filtering algorithm, Equation (12) shows the mechanism
of item scoring. Neighborhood-based algorithms. In
addition, non-numerical coding is beginning to come
into the limelight, and decimal coding has been applied
with many fields.

A, =—(r; =P )0 +2-p, (11)

A =—(r; —p,a ) p, +A-G (12)

Equation (13) demonstrates the choice of encoding
method and Equation (14) allows testing the readability
of the problem domain encoding.

P(O>,)c p(>,|©)p(©) (13)
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When facing some complex problems with large
scale, the problem domain cannot be represented by
discrete sequences at that time, that is, binary coding is
not applicable to that situation Equation (15) can detect
whether the coding is missed or not, and Equation (16)
can explain the problem of career planning in the coding
process.

p(i>, j1©):=0o(f;) (15)

ﬁJij =1, _ﬁjj (16)
Equation (17) demonstrates the generalization of
the crossover approach, Equation (18) represents the
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single-point crossover method. The next step is to
determine the crossover operator. It is known from
previous experience that many practical applications use a
predetermined value as the crossover operator, which does
not change throughout the genetic operation.

Inp(®[>,)=Inp(>,|©)p(O) (17)

g o .
Ao = Z:(u,i,j)eoS lre '%ruij —,0 (18)

If crossover then it may result in the following
situation: individuals with high adaptation are subjected to
crossover operation, which does not reflect the advantages
of high adaptation, that is to say, the advantages of
individuals with high adaptation are not well retained,
Equation (19) can filter the individuals with high
adaptation, and Equation (20) demonstrates the
opportunity of individual crossover.

1 1
h,(x)= = 19
() l1+e?  14e D (19)

hy(x)=P(y =1|x;0) (20)

3 Application of D-GA algorithm in
student career system

3.1 Improvements made to the DIJKSTRA

algorithm and its validation

Bayesian personalized ranking algorithm is a
recommendation algorithm with better recommendation
effect and widely used in various scenarios, such as
multimedia item recommendation, friend recommendation
and so on [20, 21]. So, for each user u, the BPR algorithm
has to find his preference ordering for all items. machine
learning algorithms are devoted to studying how to
improve the performance of the system itself through
computational means, experience. p evaluates the
performance of a computer program on a task T [22]. The
performance metrics indicate that D-GA consistently
outperforms both Dijkstra’s and Genetic Algorithms when
applied in isolation. Notably, the integration of Dijkstra's
graph traversal capabilities with the adaptive nature of
Genetic Algorithms leads to improved exploration of the
solution space [23, 24]. While unsupervised learning has
only input data x in the data sample and needs to solve for
the markers y based on the sample features, clustering is
an unsupervised learning method in machine learning
algorithms [25, 26]. Figure 1 shows the initialization state
diagram of Dijkstra's algorithm, and its process is simple
and easy to implement.
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Figure 1: Initialization state diagram of Dijkstra's algorithm

The k-means algorithm employs a greedy strategy
to approximate the solution of Eq. by iterative
optimization [27]. Where line 1 initializes the cluster
centers. Lines 4 to 8 are the cluster partitioning process,
i.e.,, each data object is partitioned into the cluster
closest to it. Lines 9 to 16 are the iterative updating
process all points in the cluster, and if the cluster center
does not change, the clustering result is returned [28,
29]. which can be categorized into cohesive and divisive
types. The cohesive type uses a bottom-up strategy [30].
Figure 2 shows the relationship between the algorithm
execution efficiency and the problem size, while the
split method is the opposite, using a top-down strategy,
initially all the samples are grouped into one cluster, and
then split according to some criterion until a certain
condition is reached or a set number of divisions is
reached. The dataset used for the experiments consists
of career-related information from college students,
including academic background, skills, career
preferences, job market trends, and professional goals.

Client Side

@ Classt

G

® Class2 © Class3

riginal F r
[ Original Feature CONCAT
-

. Topology Embedding

Topology-aware

Local Subgraph G1 O . Node Embedding
Qe 909
@ Cos

Predictor

0.3 LT 0.1

el

Server =
Sampling Graph
: s -

- - - e 8
¢¢ €3 s pal' BB
@:Cos §C05 'Q'Cos s

The data was sourced from institutional career centers, job
portals, and self-reported student profiles. The dataset size
includes  information  from 10,000+  students,
encompassing several hundred features, such as major,
GPA, internships, extracurricular activities, and industry
interests. Each student's profile is linked to potential career
paths and outcomes such as job offers, salaries, and job
satisfaction, making it rich and varied for analysis.
Therefore, this section will introduce machine learning
model evaluation methods in two parts: classification
algorithm evaluation methods and clustering algorithm
evaluation methods. The methodology has been
enhanced to specify the parameters for the Genetic
Algorithm: a population size of 100, a crossover rate of
0.8, and a mutation rate of 0.02. Additionally, we detail
the grid search method employed for hyperparameter
tuning, allowing readers to understand how optimal
settings were derived.
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Figure 2: Plot of algorithm execution efficiency versus problem size

3.2 DIJKSTRA algorithm optimization
Cluster assessment is generally based on two
principles: tightness, i.e., the smallest possible
differences between cluster members, and separation,
i.e., the largest possible differences between clusters.
Since the student campus card consumption record is a
campus card consumption flow record, and each student
generates a flow record for each consumption, it is
necessary to initially screen the consumption flow data
first to extract the consumption features that are

convenient for model input. The dataset was split into
training (70%) and testing (30%) sets. The D-GA
algorithm was then applied to predict optimal career paths
based on this data. Dijkstra’s algorithm was used to
compute initial shortest career paths, while the genetic
algorithm  explored potential variations, refining
recommendations over successive iterations. The
performance was evaluated on multiple metrics, including
accuracy of career path matching, computation time, and
memory usage. The dataset was split into training (70%)
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and testing (30%) sets. The D-GA algorithm was then
applied to predict optimal career paths based on this
data. Dijkstra’s algorithm was used to compute initial
shortest career paths, while the genetic algorithm
explored potential variations, refining
recommendations over successive iterations. The
performance was evaluated on multiple metrics,
including accuracy of career path matching,
computation time, and memory usage. The dataset was
split into training (70%) and testing (30%) sets. The D-
GA algorithm was then applied to predict optimal career
paths based on this data. Dijkstra’s algorithm was used
to compute initial shortest career paths, while the
genetic algorithm explored potential variations, refining
recommendations over successive iterations. The
performance was evaluated on multiple metrics,
including accuracy of career path matching,
computation time, and memory usage. The dataset was
split into training (70%) and testing (30%) sets. The D-
GA algorithm was then applied to predict optimal career
paths based on this data. Dijkstra’s algorithm was used
to compute initial shortest career paths, while the
genetic algorithm explored potential variations, refining
recommendations over successive iterations. The
performance was evaluated on multiple metrics,
including accuracy of career path matching,
computation time, and memory usage. The dataset was
split into training (70%) and testing (30%) sets. The D-
GA algorithm was then applied to predict optimal career
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paths based on this data. Dijkstra’s algorithm was used to
compute initial shortest career paths, while the genetic
algorithm  explored potential variations, refining
recommendations over successive iterations. The
performance was evaluated on multiple metrics, including
accuracy of career path matching, computation time, and
memory usage. The dataset was split into training (70%)
and testing (30%) sets. The D-GA algorithm was then
applied to predict optimal career paths based on this data.
Dijkstra’s algorithm was used to compute initial shortest
career paths, while the genetic algorithm explored
potential variations, refining recommendations over
successive iterations. The performance was evaluated on
multiple metrics, including accuracy of career path
matching, computation time, and memory usage. The
dataset was split into training (70%) and testing (30%) sets.
The D-GA algorithm was then applied to predict optimal
career paths based on this data. Dijkstra’s algorithm was
used to compute initial shortest career paths, while the
genetic algorithm explored potential variations, refining
recommendations over successive iterations. The
performance was evaluated on multiple metrics, including
accuracy of career path matching, computation time, and
memory usage. Figure 3 shows the performance
comparison before and after the optimization of the
algorithm, Continuous features, such as GPA and job offer
salary, were normalized to bring all attributes onto a
similar scale, ensuring that no single attribute
disproportionately influenced the algorithm.
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Figure 3: Performance comparison before and after algorithm optimization

Categorical variables like academic major and
industry interest were encoded using one-hot encoding,
while ordinal features such as job satisfaction were
assigned numerical values. Only the most relevant
features, such as skills, academic background, and
career goals, were retained to reduce noise and improve
the efficiency of the algorithm. Figure 3 highlights the
tangible benefits of optimizing the career planning
system through the D-GA. The improvements in
accuracy, reduction in computation time, and enhanced
user satisfaction underscore the effectiveness of this

hybrid approach. Such enhancements not only make the
system more robust but also align it more closely with the
needs of college students, facilitating more informed
career choices. These factors in terms of gender, family
background, and personal ability all affect the employment
choices of graduates. Therefore, this section analyzes the
employment patterns of students from different
backgrounds in three main areas. Table 1 shows the
performance comparison of the seed clustering algorithms,
in order to distinguish the employment patterns of students
with  different professional abilities and family
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backgrounds, students with good academic
performance generally choose to continue their studies
and the proportion of those who choose to go abroad for
further study is small. In order to avoid the above
situation of the genetic algorithm, so that the genetic
algorithm does not converge prematurely and produce
the phenomenon of early maturity, in this research, this
paper adopts the adaptive crossover operator, that is, the
crossover operator is no longer fixed, and can be
adjusted adaptively with the changes in the population.

Table 1: Performance comparison of clustering

algorithms
. . Contour -

Clustering algorithm coefficient Time (s)
K-mear)s partitiqning 0415 0085
clustering algorithm
Cohesn_/e hlerarc_hlcal 0.360 0.069
clustering algorithm

DBSCAN density clustering 0.029 0013

algorithm

A crucial aspect of configuring a genetic algorithm
involves establishing its termination criteria. This
entails defining the conditions under which the solution
produced by the algorithm is deemed acceptable within
the problem domain. Additionally, if the genetic
algorithm fails to find a suitable solution, it is essential
to establish a maximum number of generations for
iterations. This means the algorithm should cease
operation after reaching a specified number of
generations, regardless of whether the solution is
optimal, to avoid unnecessary expenditure of time and
resources. The selection of these termination conditions
plays a significant role in the efficiency of the genetic
algorithm and the quality of the outcomes. If the
termination criteria are not aligned with the actual
circumstances, even a well-crafted genetic operation
may not yield satisfactory results. Figure 4 shows the
assessment of the match between students' interests and
careers.
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Figure 4: Assessment of student interests and
career match
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4 Design and implementation of
optimization model for students' career
planning based on  Dijkstra's
Algorithm

The Graduate Employment Recommendation section
is designed to calculate the students' ratings of employment
organizations, and then recommend employment
organizations to the students according to the ratings from
high to low. Graduates' ratings of employment units
consisted of three main components: group employment
unit choice, students' preferences for employment unit
attributes, and students' preferences for employment unit
location. Figure 5 shows the career path shortest distance
assessment map, and the group employment unit selection
is solved by the traditional BPR algorithm. Then students'
preferences for employment unit attributes are
incorporated into the solution objective of the BPR
algorithm to obtain a new optimization objective function.
A binary Gaussian distribution is used to fit the student
preference function for the location. The last section of this
chapter describes the process of solving the objective
function using stochastic gradient descent method. Dijkstra’
s algorithm is a classical algorithm used to find the student
career plan. The algorithm uses breadth-first search to
compute the student career plan from any node in a non-
negative weighted directed graph to any other store node,
ie., the single-source student career planning problem.
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Figure 5: Assessment of shortest distance for career
paths

Dijkstra's algorithm is currently extensively utilized
and has established itself as a fundamental theory for
addressing  students' career planning challenges.
Researchers frequently adapt Dijkstra's algorithm to suit
the specific issues they encounter while investigating these
types of problems. The core concept of Dijkstra's algorithm
can be summarized as follows: it involves a set represented
by S, which initially contains only the source point, SO.
The algorithm subsequently adds the shortest paths to the
set S from the remaining vertices, denoted as V-S. The set
S represents the vertices for which the shortest paths have
been identified. Initially, the set S consists solely of the
source point SO, which then extends to each point,
progressively adding the point with the shortest path to S
and designating the remaining points as V-S. This process
continues until a comprehensive career plan for a student
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is formulated, with the relevant points being included in
S and removed from V-S until all nodes in the directed
graph are incorporated into S, signaling the completion
of the algorithm.

Throughout the execution of the algorithm, it is
ensured that the shortest distance from the source point
SO to each vertex in S remains less than or equal to the
distance from SO to any vertex in V-S. In its most
straightforward application, Dijkstra's algorithm
primarily focuses on the distances between nodes,
represented by the weights of the directed graph.
However, in practical scenarios such as logistics,
distribution, and bus routing problems, it becomes
increasingly crucial to consider the time and costs
associated with transporting goods or individuals
between various nodes. In this research, this paper also
improves the traditional Dijkstra's algorithm, which is
finally applied with the students' occupation in water. In
nature, a variety of biological generations, similar but
different, the children inherited the advantages of the
father's generation, in the process of biological
reproduction, left behind is always high quality, those
less adaptable must be eliminated in the competition,
that is, the survival of the fittest. At present, the scope
of application of genetic algorithm has been quite
extensive, due to the good parallelism of genetic
algorithm, suitable for solving complex nonlinear
problems, has been applied with combinatorial
optimization problems, artificial intelligence very
popular research direction in the field of computer. The
specific content of genetic algorithm can be described
as follows: imitating the situation of biological
evolution in nature, modeling the problem to be solved
as a biological population, choosing a certain coding
technique to code the population, and determining the
initialized population size, in nature, chromosomes are
the most basic representation of biological
characteristics, different chromosomes can be combined
into different biological characteristics, usually, in the
case of the When coding, the coding methods that can
be chosen are binary coding, decimal coding and so on.
First of all, a group of individuals of a certain size is
randomly generated, and the individual with good
fitness is superior, so that the new generation of
individuals will be more adapted to the environment
compared with the individuals of the parent generation,
and the confusion matrix of the classification results is
shown in Table 2.

Table 2: Confusion matrix for classification results

The real Standard Projected results
situation practice Counter-example
Standgrd TP (true FN (false negative)
practice example)

Counter- FP (false TN (true
example positive) counterexample)

In the application process of genetic algorithm, the
original genetic is considered to select random
individuals, while in the D-GA algorithm, this paper
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adopts the idea, which plays well with the advantages of
Dijkstra algorithm, in addition, in the specific
implementation of genetic algorithms, some improvements
are also made, the specific enhancements are outlined as
follows: the design of student career paths aligns with the
adaptation function. The initial population is generated
based on the principles of Dijkstra's algorithm. This
involves executing selection, crossover, and mutation
processes on the initial population, utilizing an adaptive
crossover method during the crossover phase. Unlike
traditional genetic algorithms that often employ random
methods to establish the initial population—an approach
that can lack direction—Dijkstra's algorithm focuses on
identifying the path with the lowest cost and the
subsequent node that completes the current shortest route.
In the context of the student career paths explored in this
project, this means identifying a group that optimally
schedules hydraulic resources at minimal cost. Figure 6
illustrates the evaluation of student skills against job
requirements, significantly reducing the randomness
associated with the original algorithm.
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Figure 6: Assessment of student skills and job
requirements

According to these constraints to solve the solution of
the objective function, and then optimization combined
with the actual conditions to finally get the optimal
scheduling plan suitable for the student occupation. In the
genetic algorithm, this paper refers to the fitness function,
the individuals in the group are determined by the fitness
function, i.e., it can be calculated which individuals have
better adaptability and which individuals should be
eliminated. It can be said that the significance of the fitness
function in the genetic algorithm is irreplaceable, and the
goodness of the fitness function can ultimately determine
whether the solution obtained by the genetic algorithm can
satisfy the problem domain, which determines the quality
of the optimal solution obtained. Figure 7 is assessment of
frequency of visits to career development nodes, in
summary, all the calculations and judgments are centered
around the fitness function. Moreover, the fitness function
does not have too many constraints, it does not need to be
continuous or derivable, but it must be guaranteed that the
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function value is non-negative in the problem domain,
so that it is possible to judge and compare the fitness
function values of different individuals.
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Figure 7: Assessment of frequency of visits to career development nodes

In the process of student occupation scheduling, to
assess the benefit of scheduling stage, the benefit is
usually calculated based on the objective function, in
general, the objective function can be set up one, or can
be a group of functions composed of multiple functions.
Some of the role of the student occupation is targeted,
in this study, this paper chooses to ensure that the
maximum amount of power generation can be used as
the ultimate goal, in addition to setting some auxiliary
constraint functions. In general, after analyzing and
studying the requirements of the fitness function as a
genetic algorithm, and make appropriate improvements
to the objective function, for example, to meet the non-
negativity of the fitness function and other requirements,
in order to more closely match the implementation of
the genetic algorithm. In the research process of this

project, this paper adopts the sequence of state information
that represents the state information of students' career
planning to describe the scheduling decision information
of students' careers for the specific content of students'
careers. In nature, chromosomes are considered to
represent the characteristics of life, therefore, in the
process of student career scheduling, the sequence
information that represents the planning state corresponds
to the chromosomes in biological evolution. Figure 8
shows the graph of students' background and industry
demand assessment, therefore, the process of applying
genetic algorithms to the scheduling of students' careers
can be thought of as follows: first, that size are selected,
which serve as the initial population, in student careers,
would mean selecting a certain size of the initial planning
sequence.
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Figure 8: Student background and industry needs assessment

Then the objective function of the student's
occupation, and it is obvious that the fitness of the new
sequences obtained is higher than that of the parent
generation, and in the crossover operation, this paper
adopts adaptive crossover algorithm, which improves
the efficiency of the algorithm, and the newly obtained
sequences are Then the mutation operation is carried out,
which improves the diversity of the species, and at the
same time, a new generation of population is obtained.

Repeat the above steps until the newest generation of
population meets the termination conditions of the
algorithm. When facing the application process of genetic
algorithm, after determining the initial conditions and the
fitness function, the first thing to be obtained is the
planning sequence, that is, the planning sequence should
be expressed into the form of coding. With people's
continuous research and study, several encoding methods
have been developed that are known to the public,



Design and Implementation of an Optimized Career Planning...

including binary encoding, decimal encoding, gray code,
etc. Among them, binary encoding is the most popular.
Among them, binary coding is one of the simplest
coding methods. It is also the most widely used at
present. Binary coding, as the name suggests, uses only
{0,1} for encoding, i.e., all information is represented
using only {0,1}. Although binary coding is very simple
to understand, but there are some shortcomings and
limitations, in the face of some complex problems, the
ability of binary coding appears to be somewhat
insufficient, cannot well respond to the root of the
problem, in the application, with the help of other
coding features and binary coding is simple and easy to
implement the characteristics. It still retains the simple
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and easy to understand the characteristics of binary coding,
at the same time the binary coding is extended, broadening
the field of application.

5 Experimental analysis

A framework for a personalized preference-based
graduate employment recommendation algorithm is
demonstrated, Figure 9 shows the preference assessment
map for career planning path selection, and then calculates
the employment choice of the student group by referring to
the results of the group delineation; and finally calculates
the graduates' scores.
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Figure 9: Career planning pathway selection preference assessment

It was analyzed that there are great differences in
the employment choices of students with different
academic performances and family economic
conditions. Therefore, the academic performance and
family economic conditions of graduates are selected as
the reference characteristics for the division of student
groups. The distribution of graduates' family economic
condition index and academic performance index is
shown. Figure 10 shows the evaluation of the analysis

of students' career change cost, the problem is an
unsupervised learning, so the clustering method is used to
divide the groups. Dijkstra’s algorithm, with its space
complexity, requires considerable memory, especially
when applied to large graphs. The D-GA, while
introducing additional storage requirements for multiple
candidate solutions (population), is designed to work
efficiently in parallel, reducing bottlenecks by pruning less
relevant solutions over time.
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Figure 10: Evaluation of students' career change cost analysis
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The D-GA hybrid balances Dijkstra’s efficiency in
finding the shortest paths with the exploratory
capabilities of Genetic Algorithm (GA). While Dijkstra
alone computes the shortest path quickly, it can struggle
with scalability in large datasets. The D-GA introduces
population-based search, which increases computation
time due to crossover and mutation steps, but it
ultimately reduces the number of iterations needed by
optimizing paths dynamically. Figure 11 shows the
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assessment of students' career planning decisions, while
the cohesive hierarchical clustering algorithm and the
DBSCAN algorithm do not divide the data samples, and
the distinction between academic performance and family
economic conditions is not obvious between some groups,
especially in the case of the DBSCAN algorithm, which
has no obvious distinction between the groups and the
division is not homogeneous.
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Figure 11: Assessment of student career planning decisions

Therefore, this study uses k-means clustering
algorithm to classify student groups. Graduates' ratings
of employment units consist of three main components:
group employment unit choice, students' preferences for
employment unit attributes, and students' preferences
for employment unit location. Group employment unit
choice indicates the group's rating of the employment
unit. Employment unit attribute preference indicates
graduates' preference for some specific employment
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unit characteristics; for example, some students prefer
stable careers such as teachers and civil servants, while
others prefer positions requiring high professional
competence such as engineering and technology. Figure 12
shows the graph of the assessment of the association
between career advancement speed and educational
background, which is used in this paper to solve the group
employment choice using Bayesian personalized ranking
strategy.
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Figure 12: Assessment of the association between speed of career advancement and educational background

6 Conclusion

Dijkstra algorithm is a classical algorithm for finding
college students' career planning. It adopts a breadth-first
search to calculate college students' career planning from
any node in the non-negatively weighted directed graph to
any other storage node, the single-source student career
planning problem. The Dijkstra algorithm has been widely
used and has become a fundamental theory. This paper
analyzes some problems in students' career planning,

analyzes some existing optimization measures, and
establishes a mathematical model for problems related to
optimization models in combination with mathematical
modelling. The Dijkstra algorithm efficiently finds the
shortest path in graphs with non-negative weights, making
it highly reliable in structured problems. However, its
greedy nature limits its ability to adapt to complex,
evolving datasets, such as those encountered in career
planning. It works best in static environments but
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struggles when dealing with larger, dynamic datasets. The
D-GA combines the precision of Dijkstra’s algorithm with
the exploratory power of GA. This integration allows D-
GA to quickly narrow down optimal solutions through
Dijkstra’s efficient traversal, while GA’s population-
based approach ensures that it explores a wider range of
possibilities. This results in faster convergence and better
performance in dynamic environments like career
planning systems. By balancing Dijkstra’s exactness and
GA'’s adaptability, D-GA outperforms both in terms of
efficiency, scalability, and accuracy, making it ideal for
personalized and evolving career recommendation
systems.

Among the students who chose employment
companies, the most significant proportion of students
chose other enterprises, about 31 per cent, followed by
students who chose state-owned enterprises, about 16 per
cent. After graduation, about 80% of students choose to
work in computer-related jobs, of which about 62%
choose to work in development, and about 17% choose to
work in other professional and technical personnel.
Among other non-computer jobs, clerical and related
personnel accounted for the largest share at 7.8%.
Students chose a wide range of industries as employment
units, covering 16 industries. Among them, about 63 per
cent of students choose to work in industry, followed by a
large number in manufacturing, accounting for about
8.8%. The number of college students who chose the
remaining 14 fields was small, less than 5 per cent.
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