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Abstract: In the field of civil engineering education, accurately evaluating the effectiveness of budget courses
is crucial. However, traditional methods of evaluation tend to be cumbersome and subjective. In recent years,
machine learning technology has demonstrated immense potential in educational evaluation. Nevertheless, in
practical application, the machine learning-based evaluation model for civil engineering budget courses faces
the predicament of inadequate evaluation accuracy. To solve this problem, the squirrel search algorithm
technology was used to establish support vector machine parameters and create optimization algorithms.
The performance of the proposed optimization algorithm was tested, and the results showed that the accuracy
of the proposed algorithm was 0.927, which was better than similar prediction algorithms. Then, the empirical
analysis of the proposed civil engineering budget course evaluation model showed that student satisfaction
and student examination scores had increased to 92 and 94 points, respectively. The above results reveal that
the proposed optimization algorithm and course evaluation model have good performance. Therefore, the
implementation of the proposed curriculum evaluation method can significantly improve the learning effi-
ciency of students and the teaching quality of civil engineering budgeting methods courses.

Keywords: squirrel search algorithm, support vector machine, civil engineering, budgeting courses, evaluation
models
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1 Introduction

Civil engineering is a wide-ranging subject area that includes architecture, structures, equipment, and trans-
portation. The civil engineering budgeting course is a crucial part of the engineering curriculum, designed to
develop students’ budgeting skills and maximize the economic impact of engineering projects [1]. Neverthe-
less, teaching this course presents numerous challenges. Its content is varied and practical, requiring a certain
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level of engineering knowledge from students. Traditional teaching methods frequently do not successfully
engage student interest and accurately evaluate their learning outcomes. Curriculum evaluation is of great
help to both teachers and students. It can help students clarify their own room for progress and areas that
need improvement, provide targeted teaching guidance, and thus improve learning outcomes. Common course
evaluation methods include comprehensive evaluation, behavioral evaluation, quantitative evaluation, and
process evaluation. The current models for evaluating curricula are mainly based on customary comprehen-
sive, behavioral, quantitative, and process evaluations [2]. However, these methods often face significant
problems such as high subjectivity, limited indices, and an inability to account for differences in individual
student learning styles. Especially in practical courses such as civil engineering budgeting, conventional
evaluation methods struggle to accurately evaluate students’ practical operation and budget control abilities
in engineering projects. Moreover, various assessment models do not effectively leverage student learning
data, leading to a disconnect between assessment and teaching that impedes timely and effective feedback
delivery. Hence, it is imperative to explore a novel approach to evaluating civil engineering budget courses.
Recently, machine learning has been widely employed in education, introducing innovative ideas and tools for
teaching and learning. By dissecting and analyzing student learning data, machine learning can personalize the
learning experience and equip instructors with more accurate teaching tools, thus enhancing overall teaching
excellence and learning outcomes. Support vector machine (SVM) is a popular machine-learning technique that
uses classification and modeling to predict unknown data [3,4]. In course evaluation, the SVM algorithm can
classify students into different course categories based on their learning behavior and performance, which can
help teachers better understand students’ learning outcomes and provide them with more targeted teaching
guidance [5,6]. The SVM algorithm can also improve the teaching quality of courses by optimizing course settings.

SVM has a strong predictive performance and is widely used in many different fields, but it suffers from the

shortcoming that the model’s predictive accuracy can be reduced due to improper parameter selection [7].

Common optimization algorithms include the squirrel search algorithm (SSA), genetic algorithm, and particle

swarm optimization algorithm. SSA is an optimization algorithm based on random search. It randomly distri-

butes a squirrel in the solution space. In each iteration, the position of the individual is updated according to the

current solution and the position of the flying squirrel so as to accelerate the convergence rate of the individual

and improve the solving efficiency of the optimization problem [8]. Due to the advantages of SSA, such as fast

convergence, strong adaptive ability, and strong ability to process large-scale data, SSA is used to optimize SVM

parameters, and the fusion algorithm is applied to the evaluation model of civil engineering budget course.
The novelty of this study is mainly reflected in the following aspects:

(1) Combining the SSA with the SVM algorithm for the first time creates the SSA-SVM algorithm. This combi-
nation fully utilizes the advantages of the SSA in parameter optimization, improves the performance of the
SVM algorithm, and offers a new and efficient tool for evaluating civil engineering budget courses.

(2) This study not only optimizes the algorithm but also applies it in an innovative manner to the curriculum
evaluation model. Through empirical analysis, the study finds that the model can accurately identify the
strengths and weaknesses of the curriculum and provide guidance for its improvement.

(3) Interdisciplinary collaboration in teaching and technology development: This study seeks to promote
interdisciplinary collaboration between teaching and computer technology development. By optimizing
computer technology, the accuracy and efficiency of teaching evaluation will be improved, and then the
feedback will be given to teaching, and the progress of teaching will be promoted. This forward-looking
and significant research approach is particularly relevant in today’s teaching practices.

(4) Verification of empirical research: Through empirical analysis, the effectiveness and superiority of the
SSA-SVM algorithm and curriculum evaluation model are verified. This empirical research method
increases the reliability and persuasiveness of the research.

The main contributions are as follows:

(1) The application of the SVM algorithm integrating SSA in civil engineering budget course evaluation
is studied, and an SVM algorithm based on SSA is proposed and verified by experiment.

(2) The application of the SVM algorithm integrating SSA in civil engineering budget course evaluation
is studied, and a course evaluation method based on the SSA-SVM algorithm is proposed, which improves
the accuracy and reliability of evaluation results.
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(3) The study also proposes a curriculum evaluation method based on student achievement differences, which
improves the comprehensiveness and fairness of curriculum evaluation. These research results are
of great significance to the course evaluation of the civil engineering budget.

The remainder of this article is structured as follows. The first section discusses the research on course
evaluation models, SVM algorithms, and optimization algorithms. Section 2 introduces SVM and SSAs. Section 3
is the construction of a civil engineering course evaluation model based on the SSA-SVM algorithm. Section 4
is an empirical analysis of the performance comparison of the SSA-SVM algorithm and the civil engineering
budget course evaluation model.

2 Related works

More and more techniques are being used to assess the quality of instruction as teaching intelligence grows. In
response to the challenges of frequent issues in the evaluation of teachers’ teaching quality, Dong et al.’s team
suggested a mathematical fuzzy hierarchical analytic method to evaluate teachers’ teaching quality in a
scientific and objective way [9]. To address the challenge of evaluating the effectiveness of simulation instruc-
tion in nursing education, Yang et al. suggested a fuzzy integrated assessment method. The method was used in
the actual evaluation, and the results showed that the model evaluation results were very similar to the actual
results, indicating that the evaluation method provided a scientific method of evaluation for the improvement
of simulation teaching [10]. Another method for evaluating the difficult to measure the quality of simulation
instruction in nursing school was also put up by Ls et al.’s team, combining Delphi and hierarchical analysis.
The conclusions showed that the method can guide high-quality simulation teaching and is an effective tool for
evaluating the quality of nursing simulation teaching [11]. To improve the quality of offline and online hybrid
physical education courses, Bao and Yu proposed a teaching quality evaluation method based on mobile edge
computing. They used a fuzzy integrated evaluation model to successfully implement the quality evaluation of
offline and online hybrid physical education courses. The results showed that the strategy improved both the
effectiveness of evaluation and the quality of hybrid teaching [12]. To improve the assessment of teachers’
instructional quality, Harrison et al. designed and executed an anonymous online survey evaluation method
using student teaching assessment and Qualtrics. The researchers then conducted an empirical analysis of this
method. The findings indicated a practical application value with a 92.3% accuracy rate of the evaluation
results [13]. To enhance the quality of teaching, Lee and Johnes proposed a new model that combined DEA and
TEF frameworks for evaluating teacher performance. The evaluation results demonstrate that the proposed
model is effective for enhancing teaching quality in practice [14].

Hca et al.’s team proposed an SVM-based classification model for retrospective data to reduce drilling costs
and improve drilling operations. The results showed that the optimization model improved the accuracy of
field development data and provided new ideas for improving drilling operations [15]. To solve the issue of
inadequate clustering detection results, Zhang et al. developed a clustering detection method for network
intrusion features based on SVM and least common ancestors (LCA) block algorithm. The findings demon-
strated that the strategy effectively decreased the average clustering detection time while also producing
improved clustering detection outcomes [16]. The problem of inadequate accuracy of field-instrumented
seismic warning models was addressed by Song et al.’s team by suggesting a least-squares SVM prediction
model. The outcomes demonstrated that the model’s standard deviation of prediction error tended to be the
same on the training and test sets, demonstrating the model’s ability to generalize [17]. In addition, the
application of the parameter optimization method is becoming more and more extensive. Basu proposed a
parameter optimization method based on SSA to solve the complex multi-regional cogeneration economic
dispatching problem. Compared with the gray wolf optimization method, particle swarm optimization
method, and differential evolution method, the results showed that the proposed parameter optimization
method based on SSA can provide a higher-quality economic dispatching scheme. It had higher practical
significance [18]. To better optimize the mixed process, Khare and Agrawal proposed the mixed SSA, the
whale optimization algorithm based on opposition and the discrete gray Wolf optimization algorithm to
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optimize the parameters in the mixed process scheduling. The actual performance of the three proposed
algorithms was tested, and the results showed that the optimization ability of the three proposed algorithms
was relatively strong. All have good practical application value [19]. Zhang et al. developed an objective
evaluation model centered around Laramie County Community College (LCCC) for national policies aimed
at alleviating poverty. They explored the link between land resources and poverty. Geographical correlation
coefficients were utilized to examine the relationship between poverty incidence and LCCC. The findings
suggest a close correlation between LCCC and poverty incidence. The LCCC evaluation model can facilitate
targeted poverty reduction in specific regions, thereby assisting impoverished individuals to achieve sustain-
able local development goals [20]. To enhance gesture classification, the Neethu et al.’s team devised an SVM-
based classification method and validated it using a gesture dataset. The method’s sensitivity and accuracy

were 96.5 and 96.9%, respectively, indicating practical value [21].

Table 1 can be obtained by summarizing the above-related studies.

Table 1: Recent research progress in related fields

Research team

Method

Application scenario

Experimental result

Team of
directors
Yang et al. [10]

Ls et al.’s
team [11]

Bao and Yu [12]

Harrison

et al. [13]

Lee and
Johnes [14]

Hca et al’s
team [15]

Zhang et al. [16]
Song et al’s

team [17]
Basu [18]

Khare and
Agrawal [19]
Zhang et al. [20]

The Neethu et
al.’s team [21]

Mathematical fuzzy analytic hierarchy
process

Fuzzy comprehensive evaluation
method

Delphi method and analytic hierarchy
process

Teaching quality assessment method
based on moving edge computing

An anonymous online survey
assessment method using student
teaching assessment and quality
Combining DEA and TEF framework

Retrospective data classification
model based on SVM

Network intrusion feature clustering
detection method based on SVM and
LCA block algorithm

Least squares SVM prediction model

Parameter optimization method
based on SSA

Hybrid SSA, opposition-based whale
optimization algorithm, and discrete
gray Wolf optimization algorithm
An objective evaluation model for
national poverty alleviation policies
with LCCC as the center
Classification method based on SVYM

Teacher teaching quality
evaluation

Quality evaluation of nursing
education

Nursing school simulation
teaching quality evaluation

Evaluation of teaching
quality of mixed physical
education course
Teacher teaching quality
assessment

New model for evaluating
teacher performance
Improves teaching quality
Reduce drilling costs and
improve drilling operations

Improved clustering
detection results

Field instrument earthquake
early warning

Complex economic
dispatching problem of
multi-zone cogeneration
Optimize parameters in
hybrid process scheduling

Explore the link between
land resources and poverty

Gesture classification

It provides a scientific and objective
evaluation method

The evaluation results are very close
to the actual results, which provides
a scientific evaluation method

for improving simulation teaching

It can guide high-quality simulation
teaching and is an effective tool for
evaluating the quality of nursing
simulation teaching

It improves the effectiveness of
evaluation and the quality of mixed
teaching

The accuracy of the evaluation results
was 92.3%

This model is effective for improving
teaching quality

It improves the accuracy of field
development data and provides a new
idea for improving drilling operations
The average cluster detection time is
effectively reduced, and the result of
cluster detection is improved

Model accuracy improvement Model has
generalization ability

It is of practical significance to provide a
higher quality economic dispatching
scheme

The three proposed algorithms have
strong optimization ability and good
practical application value

The LCCC evaluation model can promote
targeted poverty alleviation in specific
areas

The enhanced sensitivity and accuracy are
96.5 and 96.9%, respectively, which has
practical value
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The above research clearly shows that SVMs have been used in many fields, and there are different ways
to evaluate the quality of teaching. However, there are few research studies combining SVM with a teaching
quality evaluation system. Therefore, this study refines the SVM method, establishes the SSA-SVM algorithm,
and integrates it into the teaching quality evaluation model of civil engineering budget course. The innovation
of this method improves the model’s generalization ability and prediction accuracy, making it more suitable
for teaching quality evaluation tasks. Furthermore, it integrates the SSA-SVM algorithm into the model for
evaluating the teaching quality of civil engineering budget courses, which meaningfully expands the applica-
tion field of SVM. Additionally, a new teaching quality evaluation model for civil engineering budget courses is
created. The model takes into account the features of the civil engineering budget course and employs the SSA-
SVM algorithm to assess the teaching quality more accurately and effectively. In conclusion, this research
demonstrates the development of innovative algorithms, the expansion of application fields, the construction
of evaluation models, and the promotion of intelligent teaching, among other contributions. These advances
not only expand the scope of SVM applications but also provide novel insights and methodologies for the
assessment of civil engineering budget courses.

3 Preliminaries

3.1 SVM

A supervised learning algorithm is the SVM. The SVM algorithm has demonstrated outstanding performance in
handling high-dimensional data with small sample sizes, leading to its widespread adoption in the areas of
pattern recognition, classification, and regression analysis [22]. In the assessment of civil engineering budget
estimation courses, the use of the SVM algorithm offers several advantages, including the capacity to process
high-dimensional features, the ability to learn from limited sample sizes, and the capability to perform non-
linear classification. Therefore, utilizing the SVM algorithm in evaluating the civil engineering budget estimate
course is fitting. This approach enables accurate classification of the evaluation indicators, providing insight
into the course’s strengths and weaknesses and offering decision support for future course improvement
efforts. Figure 1 depicts the structural layout of SVM.

In Figure 1, positive samples are shown by red solid circles, whereas negative samples are represented by
green solid triangles. Line G indicates the plane closest to the optimal classification plane; the red hollow
circles on line G1 indicate the support vectors in the positive samples. The green hollow triangles on line G2
indicate the support vectors in the negative samples. The expressions for the optimal classification plane and
lines G, G1, and G2 are shown in the following equation:

f(x) =wlx + b, @

Figure 1: Schematic representation of the SVM structure.
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In the above equation, w is the normal vector and b is the bias. Where all classified samples of (x;, y, ), ..,
(X2, ¥5),...(Xi, J;) need to satisfy the equation conditions as shown in the following equation:

y.(wx; + b) 21, %))

Different w and b can determine different location planes, and the optimal classification plane is calcu-
lated as shown in the following equation:

1 I
max —— = min —||w||
vl 2

s.t,y(wx+b)z1, i=123.n

©)]

In the above equation, min% |lw|* represents the minimization confidence range. Equation (3) can
be converted to

1
min = ||w][*
in - ||w]|
s.t,y,—wx;-b<e @

Wxi_))i +bSE, i=1,2y3“'!n!

where min % ||lw||? can be used as a precondition for the optimization problem. When the preconditions cannot
be satisfied, it is necessary to introduce slack variables &, & will relax the range of preconditions when
the objective of the function is the minimum confidence range in the following equation:

1 il .
min E||W|| +CYE+E
i=1

Sty —wxi-b<e+§ ©
wx; -y +bse+§, i=123.n
&iz0

&2 0.

In the above equation, C is the penalty factor, which is the degree of penalty for out-of-range data.
The aforementioned shows how effectively the SVM performs in classification regression, but the effect of C on
the function is greater. The effect of C on the SVM is shown in Figure 2.

In Figure 2, when C is large, regression may not be possible; when the penalty factor C is small, regression
errors may occur again. Therefore, obtaining a suitable C not only improves the accuracy of the SVM, but also
speeds up its operation.

\
\

(a) (b)

Figure 2: Effect of the penalty factor on the SVM. (a) Higher penalty factor, and (b) small penalty factor.
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3.2 SSA

The SSA is a novel and powerful global swarm intelligence optimization algorithm. Penalty conditions and
seasonal detection conditions are based on the algorithm’s inspiration, which is the natural foraging behavior
of flying squirrels on various trees in the forest [23]. The workflow of the algorithm is shown in Figure 3.

As shown in Figure 3, during initialization, the number of flying squirrels is set to FS, and each flying
squirrel position is randomized with its position representing a vector bit. Form all flying squirrel positions
into a matrix as shown in the following equation:

FSi1 FSiy .. FSinm
Fs = |FS21 FSz2 . FSym ®)

FSpi FSpz - FSum

In the above equation, the position of each flying squirrel is randomized, and the squirrels can change
their position at will to find food for the purpose of searching for the optimal solution. Using a uniform
distribution to initialize the position of each flying squirrel, the initialization equation is shown in the
following equation:

FS;; = FS + U(0,1) x (FSy - FSy). o)

In the above equation, FS;; denotes the position of the ith flying squirrel in the jth dimension. FSy denotes
the upper boundary of the flying squirrel guard position. FS; denotes the lower boundary of the flying squirrel
position. U(0, 1) denotes a random value in the interval [0, 1]. Even in the same environment, each flying
squirrel acquires different amounts and types of food due to individual differences. Calculating the quantity
and quality of food consumed by each flying squirrel can be used to assess the degree of acclimatization
of flying squirrels in a particular area. Equation (8) shows how to calculate the degree of acclimatization

fi ([FSy1 FSiz ... FSyml)
f= fz ([FSa1 FSyp .. FSym)) | ©)

fn ([an,l FSn,Z FSn,m])

In the above equation, the food sources are classified as superior, medium, and average, and the three
food sources correspond to the optimal, sub-optimal, and feasible solutions, respectively. The results of the
adaptations calculated by equation (8) are ranked in ascending order, with the flying squirrels with the

Refresh follower position End
7'y
Initialization
A
Randomly select a certain Global optimal flying
it el Tfing proportion of alerts mouse position
mouse types for the masses

Il Y

Update discoverer location

f N

Figure 3: Flow chart of the SSA work.
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smallest adaptations being located on the superior food source. The medium flying squirrels were located on
the medium food source and had a tendency to fly toward the superior food source. The top-tier flying
squirrels were found at the median food source. Moreover, flying squirrels with their satiety needs met
gravitated toward the top-tier food source, while flying squirrels with unmet food needs veered toward the
intermediate food source. All flying squirrels also adjust their flight direction to the food source according to
the probability of predator presence. This process of repositioning is called location updating, and there are
three main types of location updating. The first is when the flying squirrels fly from a medium food source
to a high food source, and the equation for this is shown in the following equation:

FSL + dg x G, x (FS}, - FSirand > Py,
Random location otherwise.

(€)]

FS! =

In the above equation, the flying squirrel’s position on a medium food source is represented by FSy,
its position on a superior food source by FSy, its glide step is represented by dj, its glide constant is represented
by G, the number of iterations is represented by ¢, and the likelihood of encountering a predator is repre-
sented by Pyp. The second type is the flying squirrel flying from a general food source to a medium food source,
and its position update equation is shown in the following equation:

FSL, + dg % G x (FSL, - FSiorand > Py,

Random location otherwise.

FSiil = (10)

In the above equation, the flying squirrel’s location on a general food supply is represented by FSy,
and that on a random value in the range [0, 1] by rand. Equation (11) depicts the position update equation for
the third type of flying squirrel, which flies from a lower food source to a higher one

FSL, + dy x G x (FSf, — FSirand = Py,

S =
nt . .
Random location otherwise.

(11)

In the above equation, FSy; indicates the location of the flying squirrel on a general food source. FSy,
indicates the location of the flying squirrel on a superior food source. Flying squirrel foraging is influenced not
only by food sources and predators, but also by seasonal changes in climate. Therefore, introducing a seasonal
detection condition into the algorithm can prevent the algorithm from having a locally optimal solution.
The mathematical expression for seasonal detection is shown in the following equations:

m
Sc[ = \/Z(Fsét,k - FSgt’k)z. (12)
k

In the above equation, S} represents the seasonal constant

10E76

Smin = (365)2'5t/td-. 13)

In the above equation, Sy, is the minimum value of the seasonal constant. The relationship between the
magnitude of S¢ and Sy, values is used to determine whether it is winter. When winter is over, flying squirrels
that have not received food on the general food source will have their position updated, as shown in the
following equation:

FSi'l = FS; + Levy x (FSy - FSp). (149

Levy stands for the Levy flight acquisition step approach in equation (14). The SSA method finishes
running and outputs the result once it has found the best solution or gone through the predetermined
maximum number of iterations.
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4 Construction of a course evaluation model based on an
improved algorithm

4.1 SSA-SVM

The SSA can be used to perform optimization of the SVM due to its good convergence and the fact that it is not
easily trapped in a local optimum solution. The classification accuracy and calculation speed of the SVM
algorithm can be enhanced by achieving the optimal value. Figure 4 depicts the workflow of the enhanced
SVM algorithm using SSA.

In Figure 4, the flying squirrel’s position is initialized using the penalty factor as the optimization objec-
tive, and it is determined whether to update its position based on the calculated SSA adaptation value. The
seasonal detection value is then calculated to avoid the situation of a local optimum solution. If the seasonal
detection values do not satisfy the seasonal change conditions, the SSA adaptation values must be recalculated.
Once the seasonal detection value has been satisfied, the location of the flying squirrel is updated once more.
At this juncture, it is determined that the maximum number of iterations has been attained. In order to obtain
the optimal response for the SVM parameters, it is necessary to sustain the method’s iterations until the
requisite number of iterations has been reached, or conversely, until the maximum number of iterations
has been attained.

4.2 Construction of quality evaluation index system for civil engineering budget
course

In the course quality evaluation model, the quality evaluation index system of the civil engineering budgeting
course needs to be constructed before the overall quality of the course can be evaluated. In view of this, the
study has constructed a curriculum evaluation system for the civil engineering budgeting course, as shown in
Table 2, by reviewing relevant data.

The assessment index system for the civil engineering budgeting course developed by the study, as
indicated in Table 1, consists of a total of 6 primary indicators and 20 supplementary indicators. The six level
1 indicators are teacher teaching skills and attitudes, teacher teaching style, course content, course design,
student learning behavior, and student learning outcomes. Once the indicators of the evaluation system of the
course have been established, the study can employ the fusion algorithm to evaluate each secondary indicator
of the teaching evaluation system, thereby identifying any issues in the civil engineering budgeting course.
Subsequently, in order to enhance the overall quality of the civil engineering budgeting course and,

Start Initialization Calculate SAA .| Update Flying
parameters fitness value "1 squirrel location

A

N

A

Is the seasonal
variation condition
met?

v Has the maximum
number of iterations
been reached?

| Obtaining optimal |_
SVM parameters

Update Flying

End squirrel location

Figure 4: Flow chart of the SSA optimized SVM algorithm.
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Table 2: Curriculum evaluation system for civil engineering budget course

Evaluation index system Primary indicators Secondary indicators Indicator number
Curriculum evaluation indicators for civil  Teacher’s teaching skills and  Language expression Z1
engineering budget course attitude Pre class preparation 72
Value orientation 73
Teacher’s teaching method ~ Highlighting key and difficult 74
points
Inspiring 75
Detailed explanation 76
Content Complete z7
Frontiers Z8
Example demonstration 29
Course Novelty 210
Representativeness mn
practicability 212
Course updates 713
Student learning behavior Exchange and discussion 714
Review 715
Sharing communication 716
Self-evaluation 217
Student learning Practical operation 718
effectiveness Proficient mastery 719
Deep learning 720

consequently, the professional competence of civil engineering students, the evaluation system must be
reinforced in order to address the shortcomings inherent in the evaluation system.

4.3 Evaluation model of improved budget course based on SSA-SVM

Civil engineering budgeting is the study of investment decisions for civil engineering projects. The discipline
focuses on the budgeting and control of project costs based on the actual requirements of engineering design,
materials and equipment, personnel and management [24,25]. In addition, the course’s also examines invest-
ment decisions for civil engineering projects, determining the cost of the project and developing the corre-
sponding budget proposal. Civil engineering budgeting is a fundamental course that must be mastered by civil
engineering and construction students. Through the analysis and calculation of these contents, the course
assists students in mastering the fundamental knowledge and skills of civil engineering budgeting. The course
focuses on the construction cost, project revenue, and profit of civil engineering projects. The quality of
teaching in the civil engineering budgeting course is critical for civil engineering students. It enables them
to select suitable financing methods and enhance the efficiency and effectiveness of construction projects
through the estimation and financial analysis of the civil engineering budget. The study incorporates the SSA-
SVM algorithm into the evaluation model of the civil engineering budgeting course in order to more accurately
assess the teaching effectiveness of the current course. The teaching quality evaluation model that the study
proposes is displayed in Figure 5.

In Figure 5, the first stage of the evaluation model is to collect information about the civil engineering
budgeting course and then construct an evaluation index system for the course. In the second step, the
evaluation indicators from the teaching quality evaluation sample are collected and pre-processed before
being fed into the SVM classification model. At the same time, the SSA is used to optimize the SVM classification
model until the SVM model reaches the optimal parameters. The optimized SVM model is then used to evaluate
the evaluation indicators in the test sample to obtain the evaluation results of the test sample. To determine
the strengths and weaknesses of the course and to come up with effective solutions to improve the civil
engineering budgeting course as a whole, the evaluation model is used to evaluate the indicators of the course.
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v
Constructing a Using SSA Algorithm for
Cumtsiii Bralimiion Parameter Optimization
of SVM Models

Index System

Collect various evaluation
indicators from the
sample of teaching
quality evaluation

Optimal SVM
parameters?

Model evaluation

Preprocess the

collected evaluation
indicator data

Input the preprocessed
data into the SVM

model for training Output results

Figure 5: Classroom quality evaluation model flow based on the SSA-SVM algorithm.

The SSA-SVM algorithm has potential value in evaluating civil engineering budget courses. However, its
practical application comes with several costs. Implementing an evaluation model based on the SSA-SVM
algorithm involves five potential costs. First, the algorithm needs extensive data processing and model
training, which requires significant computer resources. This may require high-performance computers or
multi-core processors, especially when working with large datasets. There are costs associated with pur-
chasing and maintaining these hardware devices. Data collection is necessary prior to applying the SSA-
SVM algorithm for the civil engineering budget course. Relevant data from various sources must be collected,
which can involve human and time costs. Additionally, data cleaning and pre-processing are critical tasks that
require time and manpower to process missing values, outliers, and noisy data to guarantee data quality and
availability. Implementing SSA-SVM algorithms and applying them to evaluation models may necessitate
specialized programming skills and machine learning knowledge. The developers need to spend time custo-
mizing, debugging, and fine-tuning algorithms to guarantee optimal performance and accuracy. The expense
of model validation and testing constitutes the fourth point. A significant number of experiments and tests are
necessary to confirm the effectiveness and performance of the SSA-SVM algorithm. Techniques such as cross-
validation, hyperparameter tuning, and others help optimize the model. Verification and testing entail costs in
terms of computational resources and time. The final consideration to take into account is the expenses
associated with training and learning. Since the SSA-SVM algorithm comprises intricate mathematical and
machine learning concepts, it may be necessary to incur additional expenses to guarantee that the team
possesses adequate expertise to utilize the algorithm effectively. To conclude, when assessing the utilization
of the SSA-SVM algorithm, it is crucial to fully assess these costs and establish a reasonable implementation
strategy in compliance with the project’s budget and resources.

5 Experimental validation and empirical analysis

To verify the effectiveness of the improved SSA-SVM algorithm proposed in the study, its performance was
compared and analyzed using four indicators: accuracy, precision, recall, and F1 value. Comparing the algo-
rithm with the Back Propagation (BP) algorithm, genetic algorithm SVM (GA-SVM), and traditional SVM
algorithm. The experimental environment was Matlab simulation software, and the training set and testing
were UCI (University of California) datasets. The URL (Uniform resource location) of the UCI dataset is https://
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archive.ics.uci.edu/ml/datasets.php. The research pertains to the use of machine learning algorithms, predo-
minantly the SSA-SVM algorithm, for enhancing and optimizing the assessment efficacy of civil engineering
budget courses. The verification of algorithmic effectiveness necessitates the comparison and analysis of their
performance across different algorithms. Hence, it is crucial to select appropriate evaluation indicators and
datasets. The UCI dataset has been chosen based on its rationality. The UCI dataset is a public dataset provided
by the University of California. It is extensively used by researchers and developers to assess and validate the
proficiency of machine learning algorithms. The UCI dataset is highly regarded in the machine learning
domain, enhancing the credibility of the research. The second reason is that the UCI dataset has an extensive
range of datasets covering different areas and issues. This allows for the selection of appropriate datasets for
the study’s topic, which can simulate real-world scenarios and allow for testing of algorithm performance.
Additionally, UCI datasets commonly have annotated data available for training and testing. To align with the
study’s theme, the relevant dataset “Civil Engineering Budget” was chosen. The dataset includes a significant
number of budget cases of civil engineering, each marked with several characteristics and corresponding
budget outcomes. This provides comprehensive information perfect for training and testing algorithms.
Additionally, there are thousands of samples in the dataset, making it ideal for algorithm performance evaluation.
The dataset comprises diverse elements that relate to civil engineering budgets, including project type, location,
materials, and design complexity, amongst others. The features are represented as numerical data for straightfor-
ward processing by algorithms. However, before utilizing the data from this dataset, pre-processing is necessary.
Initially, data cleaning is performed to remove samples with missing or incorrect values to ensure data accuracy
and completeness. Feature normalization is then applied to scale all feature values between [0,1]. This eliminates
dimensional disparities between different features. Afterward, the dataset will be split into a training and test set to
both train the algorithm and evaluate its performance. The training set will comprise 70%-80% of the data, while
the test set will account for the remaining 20% to 30%. The feature engineering component of this study principally
includes conducting correlation analyses. Calculating the correlation between features, highly correlated features
are deleted to reduce feature redundancy and improve algorithm efficiency. Next, the feature selection algorithm
selects the most relevant features to optimize the model’s performance. These pre-processing and feature engi-
neering steps enhance the utilization of UCI datasets and verify the effectiveness of the SSA-SVM algorithm
in evaluating civil engineering budget courses.

5.1 Comparative performance analysis of the improved SSA-SVM algorithm
5.1.1 Determine the optimal parameters of the SVM model

The performance and accuracy of SVM is significantly impacted by its parameter settings. Varying parameter
combinations can yield vastly different model performance. Therefore, prior to model training, parameter
optimization is essential to achieve optimal SVM performance and success in future tasks. To ensure the
accuracy of the SVM, certain parameters like the penalty coefficient C and kernel function parameters must
have a reasonable range of values established. To provide an example, the study considered a penalty
coefficient range of [0.1, 1000]. Utilizing the SSA, internal data structures can be analyzed to find the optimal
parameter combination to enhance parameter exploration efficiency and attain the ideal combination for
SVM. To ensure the accuracy of the parameter combination, the three-way cross-validation method is adopted.
The dataset is divided into three parts — two for training and one for validation. This division is done three
times, with a different part selected as the verification set each time. This generates a more precise evaluation
of the performance of the model on various data subsets. Along with programming experiments, the accuracy
of the training set is established to guarantee that the selected parameters are not only reasonable in theory
but also applicable in practice. The penalty coefficient C is a crucial parameter in SVM, governing the penalty
for misclassification. A higher value of C commands a greater penalty for erroneous or false samples, resulting
in minimal classification errors. Conversely, a lower value of C implies that the classifier may not be as
concerned about misclassification. In this study, the range of values for C is set to [0.1, 1000]. To allow the
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Figure 6: Fitness curve of the genetic algorithm during testing.

algorithm to find the optimal value within a wide range that takes into account the possible variations in C
from small to large. A C value that is too large may lead to overfitting, while a too small value may result in
underfitting. Additionally, the kernel function is a crucial parameter in SVM that determines the representa-
tion of the data in a high-dimensional space. The chosen y value for this dataset is 0.075, based on accumulated
experiments and experience as the kernel function for this study. The SSA’s exploration and development
capacity is dependent on its cross-probability. The study’s crossover probability value is 0.7, indicating a 70%
chance of performing a crossover operation during each iteration. This probability assists the algorithm in
preserving strong exploration ability and avoiding local optimums. The selected value is informed by the
experiment’s observations and is determined to balance exploration and exploitation, thereby enhancing the
algorithm’s efficiency in obtaining optimal solutions. The variation probability improves the local search
capabilities of the SSA and prevents falling into local optima. The mutation probability value for this study
is 0.1, indicating a 10% probability of mutation operation in each iteration. This low probability maintains the
current solution most of the time, but small random perturbations are made in some cases to prevent the
algorithm from falling into a local optimal solution. The selection of this parameter is informed by the out-
comes of numerous experiments, indicating that a mutation probability of 0.1 effectively prevents premature
convergence of the algorithm to suboptimal solutions while maintaining search efficiency. The results of the
genetic algorithm fitness change curve during testing are shown in Figure 6.

During the testing of SSA-SVM, the fitness curve depicts the changes in the SVM’s performance as the
algorithm advances. The fitness mainly depends on accuracy, which is computed by dividing the number of
correctly classified samples by the total number of samples. The accuracy of the SVM model under different
specific parameters is illustrated by the fitness. Figure 6 shows that as the number of population evolution
generations increases, both the average fitness curve and the best fitness curve show an overall upward trend,
and the final fitness of the best fitness curve is stable at 95.6. In addition, it can also be concluded from Figure 6
that the optimal penalty coefficient obtained through training is 31.216, at which point the accuracy of the
model classification reaches 95.6%. To build the model using the SSA-SVM algorithm, the determined optimal
parameters were added to the initial SVM model.

5.1.2 Verifying the effectiveness of SSA-SVM prediction models using public datasets

After obtaining the SSA-SVM algorithm model, use the training set to train the SSA-SVM model and obtain the SSA-
SVM prediction model. Figure 7 displays the outcomes of the SSA-SVM algorithm on both the training and test sets.

The regression model’s performance is commonly evaluated using the square correlation coefficient and
the mean square error. The square correlation coefficient, also referred to as the coefficient of determination,
determines how well the model comprehends the data. The squared correlation coefficient is computed by
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Figure 7: Square correlation coefficient and mean square error test results of the training set and test set. (a) Prediction results of
training samples and (b) prediction results of test samples.

subtracting the residual sum of squares from one and dividing the result by the total sum of squares quotient.
The coefficient’s range is between 0 and 1. A value closer to 1 indicates a stronger correlation between the
predicted and actual model values and a better fit for the model. The mean square error measures the average
squared discrepancy between the model’s predicted value and the actual value. The calculation method involves
three steps. First, the squared difference between the predicted value and the actual value of each sample is
calculated. Then, the sum of all the squared differences is divided by the number of samples, n, resulting in the
mean squared error. A smaller mean squared error indicates a higher level of accuracy in the model’s predictions.
From Figure 7(a), the value of the squared correlation coefficient of the SSA-SVM algorithm in the training set is
0.9189 and the value of the mean squared error is 0.00628, both of which indicate that the SSA-SVM algorithm has a
high accuracy in the training set. As the value of the squared correlation coefficient is greater than 0.85, this result
also indicates that the SSA-SVM algorithm has a high generalization ability in the training set. According to Figure
7(b), the mean squared error and squared correlation coefficient of the test sample for the SSA-SVM algorithm were
0.8709 and 0.01309, respectively. According to the above results, the SSA-SVM algorithm proposed in this article
performs better on the training and test sets.

5.1.3 Performance comparison and analysis of SSA-SVM prediction models

The study used comparison experiments with the Genetic Algorithm-Back Propagation (GA-BP), GA-SVM, and
Back Propagation-Support Vector Machine (BP-SVM) algorithms on Matlab simulation software and evaluated
the performance with accuracy, precision, recall, and F1 value as the comparison index in order to confirm the
efficacy of the SSA-SVM technique suggested in the study for analysis [26,27]. The reasons for selecting these
comparison algorithms are as follows: The BP algorithm is a frequently used an artificial neural network
algorithm that is widely used in classifying and solving regression issues. It has a relatively simple principle
and implementation and shows improvement in many problems. This article compares the SSA-SVM algorithm
with the BP algorithm to demonstrate the superiority and improvement of the former over the latter in terms
of traditional neural network algorithms. SVM is a well-established machine learning algorithm with excep-
tional performance in solving both classification and regression problems. It serves as the foundation for the
SSA-SVM algorithm, which aims to demonstrate the degree of improvement attained by introducing SSA
fusion. The GA-SVM algorithm, a hybrid optimization algorithm that combines a genetic algorithm with
SVM, is capable of performing a powerful global search and can effectively optimize SVM parameters. The
efficacy and superiority of the SSA in SVM parameter optimization can be verified when compared to the GA-
SVM algorithm. Figure 8 displays the accuracy outcomes for the four methods in the same training set.
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Figure 8: Comparison of prediction accuracy of four algorithms in the same dataset.

In Figure 8, among the four algorithms, the SSA-SVM algorithm has the highest overall accuracy, and its
highest accuracy is 0.927, which is higher than the GA-SVM algorithm’s 0.803, the BP-SVM algorithm’s 0.679,
and the GA-BP algorithm’s 0.646. According to the above results, the SSA-SVM method performs better in terms
of accuracy than the three algorithms studied.

5.1.4 Comparison of Receiver Operating Characteristic (ROC) and Precision-Recall (PR) curves of SSA-SVM
prediction model

Further performance comparison and analysis of the algorithms proposed in the study, the results of the ROC
curves and precision-recall (PR) curves for the four algorithms are shown in Figure 9.

Figure 9(a) shows that the SSA-SVM approach has a significantly higher area under the PR curve than the
other algorithms, with an area under the PR curve line of 0.78. In Figure 9(b), the area under the ROC curve of
the SSA-SVM algorithm is also significantly higher than the other algorithms, with an area under the ROC curve
line of 0.84. The above results show that, in terms of PR curve and ROC curve dimensions, the performance
of the SSA-SVM algorithm is superior to that of the GA-SVM, BP-SVM, and GA-BP algorithms.
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Figure 9: ROC and PR curves of four algorithms. (a) PR curve and (b) ROC curve.
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5.1.5 Comparison of percentage error and mean absolute error of SSA-SVM prediction model

The results of the mean absolute error and the maximum absolute percentage error of the four algorithms
with the number of iterations are shown in Figure 10.

In accordance with Figure 10(a), the SSA-SVM approach has the lowest average absolute error among the
four algorithms at 0.00147, which is lower than that of the GA-SVM algorithm at 0.00618, the BP-SVM algorithm
at 0.00824 and the BP algorithm at 0.00889. From Figure 10(b), the maximum absolute percentage error is
the lowest among the four algorithms at 4.8%, which is lower than the 5.1% of the GA-SVM algorithm, 5.4% of
the BP-SVM algorithm, and 5.9% of the GA-BP algorithm. These results showed that the SSA-SVM algorithm
outperformed the comparison algorithms in terms of the error dimension. Combining the results of the above
dimensions, the prediction performance of the SSA-SVM algorithm proposed in the study is much better than
that of other similar algorithms. Therefore, the study applies it to the evaluation model of the civil engineering
budgeting course, which is expected to improve the accuracy of the evaluation model and provide data
support for the improvement of the civil engineering budgeting course.
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Figure 10: Compare the average absolute error and maximum absolute percentage error of four algorithms. (a) Mea absolute error, and
(b) maximum absolute percentage error.

5.1.6 Comparison of accuracy rate and recall rate of SSA-SVM prediction model

Then, the accuracy rate and recall rate of the four algorithms in the UCI dataset are compared, and the
comparison curve is shown in Figure 11.

Figure 11(a) shows that the accuracy curves of the four SSA-SVM algorithms are higher than those of the
other three comparison algorithms. The average accuracy is 95.6%, which exceeds that of the GA-SVM algo-
rithm (90.3%), BP-SVM algorithm (79.9%), and GA-BP algorithm (73.5%). As shown in Figure 11(b), the recall rate
curves of the SSA-SVM algorithm are higher than those of the other three comparison algorithms. The average
recall rate of the SSA-SVM algorithm is 92.2%, which surpasses the GA-SVM algorithm (87.5%), the BP-SVM
algorithm (84.3%), and the GA-BP algorithm (81.9%). These findings indicate that the SSA-SVM algorithm
outperforms the three comparison algorithms in terms of accuracy and recall rate.

5.1.7 Analysis of F1 comparison results of SSA-SVM prediction model
The F1 value results of the four algorithms are shown in Figure 12.

Figure 12 shows that the F1 value curves of SSA-SVM are higher than those of the other three comparison
algorithms. In addition, its highest recall rate is 0.94, compared to the GA-SVM algorithm (0.92), the BP-SVM
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Figure 11: Comparison results of accuracy and recall rate of four algorithms in UCI dataset. (a) Precision comparison results, and (b)
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1.00 Il Ga-BP Bl casvm
095 L [ Bp-svMm B ssa-svMm
0.90
0.85
0.80

0.75

F1 value

0.70

0.65
0.60
0.55

0.50
0 100 200 300 400 500 600 700 800 900

Number of experiments

Figure 12: Comparison results of F1 values of the four algorithms.

algorithm (0.87), and the GA-BP algorithm (0.65). Based on the above dimensions, the proposed SSA-SVM
algorithm has better prediction performance than other similar algorithms. Therefore, the study applied it
to the evaluation model of the civil engineering budget estimate course, hoping to improve the accuracy of the

evaluation model and provide data support for the improvement of the civil engineering budget estimate
course.

5.2 Empirical analysis of the evaluation model

The study examined five classes of civil engineering students at a university as research subjects. These classes
were selected due to their representation of the previous year’s course performance and inclusion of students
from various grades, enabling a thorough evaluation of the model’s aptness for students at different levels. To
ensure the credibility and validity of the data, the classes with incomplete or clearly anomalous data are
excluded. The process for collecting data is as follows. Initially, a set of evaluation indicators were determined
based on the characteristics of the civil engineering budget course. After determining the evaluation indica-
tors, the University’s academic Affairs Office provided the specific values of each indicator for each student in
the five classes. The original data was then collected, followed by data cleaning, pre-processing, and
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normalization, including processing missing values and outliers. According to the mentioned feature engi-
neering method, the correlation analysis and feature selection of the selected evaluation indicators are carried
out to further optimize the performance of the model. By comparing the actual results of various indicators of
the budget course with the evaluation results of traditional budget courses, the evaluation performance of
the improved budget course cost-effectiveness model proposed by Padula et al. is analyzed [28].

5.2.1 Analysis of the application effect of the improved budget course evaluation model

Five classes of students at a university with a civil engineering major served as research subjects to investigate
the practical applicability of the civil engineering budgeting course evaluation model that utilized the SSA-SVM
algorithm. Both the SSA-SVM algorithm-based evaluation model and the conventional course evaluation model
were applied to evaluate the civil engineering budgeting course in these five classes. The precise evaluation
findings are displayed in Table 3.

The evaluation results for each indicator of the civil engineering budgeting course are shown in Table 3
using two different evaluation models. The standard evaluation methodology for the Civil Engineering Bud-
geting course is often less accurate than the SSA-SVM course evaluation model proposed in the study, as shown
in Table 3. Based on these results, the SSA-SVM course evaluation model has a better evaluation performance.
SSA-SVM is a superior model.

5.2.2 Improving the evaluation model of budgeting curriculum and its impact on students

Student learning efficiency and student satisfaction were used as evaluation indicators before and after the
course was improved by the evaluation model in the 3-week experiment in order to compare the effects of the

Table 3: Evaluation results of various evaluation indicators for civil engineering budget course courses

Primary indicators Secondary indicators Index Actual The evaluation model Traditional
number results results in this article  evaluation model
results
Primary indicators Language expression 21 0.81 0.77 0.75
Pre-class preparation 72 0.79 0.76 0.7
Value orientation 73 0.82 0.80 0.75
Teacher’s teaching  Highlighting key and difficult 74 0.77 0.75 0.80
skills and attitude points
Inspiring 75 0.85 0.84 0.89
Detailed explanation 76 0.86 0.87 0.92
Teacher’s teaching ~ Complete 77 0.91 0.89 0.85
method Frontiers Z8 0.92 0.91 0.86
Example demonstration 79 0.91 0.89 0.81
Content Novelty 210 0.88 0.91 0.85
Representativeness YAl 0.85 0.85 0.78
Practicability 712 0.93 0.91 0.83
Course updates 713 0.86 0.91 0.81
Course Exchange and discussion 214 0.88 0.89 0.81
Review 715 0.90 0.90 0.82
Sharing communication 716 0.91 0.91 0.79
Self-evaluation 217 0.86 0.85 0.75
Student learning Practical operation 718 0.93 0.92 0.86
behavior Proficient mastery 219 0.86 0.85 0.80

Deep learning 720 0.84 0.89 0.82
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Figure 13: Student learning satisfaction and exam score results within 3 months. (a) Student satisfaction ad (b) student learning
efficiency.

proposed evaluation model on the course. The results of student learning efficiency and student satisfaction
scores over 3 weeks are shown in Figure 13.

Figure 13 shows the specific changes in student satisfaction and exam scores within 3 months of the
improvement of the civil engineering budgeting course using the GA-BP course evaluation model proposed
in the study. In Figure 13, student satisfaction and student examination scores increased significantly within 3
months of the improvement of the Civil Engineering Budgeting course using the proposed course evaluation
model. The student satisfaction and academic performance scores are found to be 92 and 94, respectively,
representing a significant improvement over the previous scores. From the above results, it is clear that the
SSA-SVM course evaluation model proposed in the study has made a great contribution to the civil engineering
budgeting course. As a result, the model can be used to improve the civil engineering budgeting course, which
will improve the teaching effectiveness of the course and the overall aptitude of the students. The features
employed in the assessment model are widely available and can be applied to other courses and disciplines.
The SSA-SVM algorithm primarily assesses course quality by estimating features in the evaluation model,
facilitating its use in evaluating other courses.

6 Conclusion

The SSA-SVM algorithm, which was created by combining the SSA and SVM algorithms, was then incorporated
into the civil engineering budgeting course evaluation model in order to increase the accuracy of the model.
This study employs the SSA-SVM algorithm to assess each evaluation index of the evaluation model for the civil
engineering budget estimation course to identify strengths and weaknesses and enhance it. The experimental
results indicated that the proposed algorithm was effective in improving the accuracy of the model, and its
accuracy reached 0.927, which surpassed GA-SVM, BP-SVM, and GA-BP algorithms. In terms of performance
comparison, the SSA-SVM algorithm obtained an average absolute error of 0.00147, which was lower than that
of the GA-SVM algorithm of 0.06, which further proves the superiority of the SSA-SVM algorithm. Based on
empirical analysis, it was found that after the course evaluation model of civil engineering probabilistic
budgeting proposed in this study was adopted for course improvement, the students’ satisfaction scores
and examination scores were significantly improved, from 70 to 92 and from 75 to 94, respectively. The
findings revealed that the evaluation model had practical guidance significance and application value for
curriculum improvement. Additionally, the model’s performance was found to be closely related to the quality
of the input data. High-quality data can enhance the model’s predictive accuracy and stability, while outliers,
noise, or erroneous data may negatively impact its performance. When using the SSA-SVM algorithm, it is
crucial to fully pre-process the data to enhance the model’s performance. The main conclusions drawn from



20 — Yanging He et al. DE GRUYTER

the study include the following efficacy of the SSA-SVM algorithm in evaluating civil engineering budget
courses, while also guiding future research in this field. The accuracy of the SSA-SVM algorithm was found
to be 0.927, higher than that of the GA-SVM algorithm at 0.803, the BP-SVM algorithm at 0.679, and the GA-BP
algorithm at 0.646. The performance of the SSA-SVM algorithm was compared with the GA-SVM, BP-SVM, and
GA-BP algorithms. In addition, the mean absolute error of the optimization algorithm was lower than that of
the GA-SVM algorithm, which was 0.06, at 0.00147 compared to 0.006. The results of the empirical analysis of
the course evaluation model of the civil engineering probabilistic budgeting method proposed in the study
then showed that after the course improvement using the course evaluation model, the students’ satisfaction
score increased from 70 to 92; the students’ examination score increased from 75 to 94. After comparing the
evaluation model with the experimental results, it was determined that the civil engineering budget estimate
course evaluation model performed better than the comparison model. The findings indicate that the proposed
optimization algorithm and evaluation model outperformed the alternatives. The superior performance of the
evaluation model proposed in this study primarily results from the effective optimization achieved by inte-
grating the SSA and SVM algorithms. The SSA adjusts the parameters of the SVM algorithm, resulting in the
improved performance of the SSA-SVM algorithm, consequently leading to an accurate classification. This
optimization approach enhances the precision and robustness of the model. The research above illustrates a
successful improvement of the precision of the evaluation model for civil engineering budget courses through
the integration of the SSA and SVM algorithms. However, there exist some limitations in the study. For
instance, although the SSA-SVM algorithm demonstrated good performance in this study, its effectiveness
cannot be guaranteed in all scenarios and datasets. The algorithm’s general applicability needs testing under
varying environments and datasets. Additionally, the SSA-SVM algorithm may encounter overfitting problems.
Overfitting can lead to poor performance of the model on new data. In addition, the quality of the input data
significantly affects the performance of the SSA-SVM evaluation model. If there are noise, outliers, or errors in
the data, the model’s performance may suffer. Therefore, future studies utilizing the SSA-SVM algorithm
should consider various factors, including model complexity, data volume, data quality, and parameter set-
tings. Adopting appropriate strategies and methods is crucial to avoid overfitting and bias and to ensure
accurate and stable evaluation results.

Corresponding meaning of the symbol
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w Normal vector

b Bias

min % lwlP? Minimization confidence range
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C Penalty factor

ES;; Position of the ith flying squirrel in the jth dimension
i Flying rat serial number

j Dimension of the flying squirrel

FSy Upper boundary of the flying squirrel guard position
FS, Lower boundary of the flying squirrel position
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Py Likelihood of encountering a predator
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st Seasonal constant
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Levy The Levy flight acquisition step approach
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