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Abstract

Learning disabilities are conditions that impact an individual's capacity to comprehend or
employ spoken or written languages. This research paper, it is aimed to classify students with
and without learning disabilities using machine learning techniques. A real dataset of 348
students was used for this purpose. It was found that traditional classification methods such as
decision tree, k-nearest neighbors, etc. achieved an accuracy of over 90%, while the support
vector machine (SVM) performed poorly with only 80% accuracy.

In this paper, the main objective is to improve SVM by using the advantage of optimization
techniques. Firstly, a grid search algorithm was applied, resulting in an accuracy of 92.7%.
Furthermore, a global best PSO algorithm was employed, which improved the accuracy to
94.5%, and a local best PSO algorithm, which improved the accuracy to 95.4%. Finally, a new
hybrid PSO algorithm that combined the advantages of both local and global PSO was applied,
resulting in an accuracy of 97.27%.

The outcomes indicate that the hybrid PSO-SVM algorithm is a highly efficient approach for
distinguishing between students with learning disabilities and those without. This could be of
great help to educators in identifying students who may require additional support in their
studies. Additionally, the study highlights the limitations of traditional classification methods
and the potential of machine learning techniques, specifically the use of optimization
algorithms with SVM, in improving classification accuracy.

Keywords— Learning Disabilities, Machine Learning, SVM, Grid search, particle swarm
optimization

I. INTRODUCTION

Learning disabilities [1] represent a prevalent neurodevelopmental condition that can exert a
substantial influence on a child's academic and social well-being. Early identification and
timely intervention are pivotal factors in enhancing outcomes for children grappling with
learning disabilities. In recent years, machine learning algorithms have shown great promise in
identifying and predicting learning disabilities in children. In this study, we aimed to classify
students with and without learning disabilities using a real dataset of 348 students and various
cognitive and academic features. The results unveiled that conventional classification
techniques like decision trees, k-nearest neighbors, and random forests achieved impressive
accuracy rates exceeding 90%. Conversely, the support vector machine (SVM) algorithm
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exhibited subpar performance, achieving only 80% accuracy. Nonetheless, through the
application of grid search and particle swarm optimization (PSO) algorithms, significant

improvements were achieved, and the SVM's performance improved. In addition, a new hybrid
PSO algorithm that combines the strengths of both local and global PSO algorithms was
proposed to optimize the SVM. The hybrid PSO algorithm achieved a maximum accuracy rate
of 97.27%, outperforming all other classification methods. The findings from the study imply
that the hybrid PSO algorithm serves as a valuable tool for identifying students with learning
disabilities. Additionally, they underscore the promise of machine learning techniques in
enhancing classification accuracy within educational contexts.

II. LITERATURE REVIEW

Support Vector Machines (SVM) have long been a cornerstone in the field of machine
learning, providing robust classification capabilities across various domains. Traditional
SVMs, however, often struggle with large-scale data and non-linear decision boundaries.
Recent developments have introduced Quantum SVMs, which leverage quantum computing to
handle complex, high-dimensional datasets more efficiently than classical SVMs (Innan, N.,
Khan, M., Panda, B. et al. (2023)) [2]. Moreover, adaptive kernel SVMs have been proposed to
dynamically adjust to data characteristics, enhancing the flexibility and accuracy of the model
in non-linear classification scenarios (Wainer & Fonseca, 2021) [3].

Particle Swarm Optimization (PSO), known for its efficacy in navigating complex search
spaces, has seen innovative adaptations that improve convergence rates and optimization
accuracy. Adaptive PSO variants now feature dynamic adjustment of parameters such as
inertia and acceleration coefficients, tailored to the specific topology of the search space (Musa
et al.,, 2023) [4]. Furthermore, hybrid PSO models integrating mechanisms from genetic
algorithms and ant colony optimizations have demonstrated superior performance in
maintaining diversity in the search swarm and avoiding local optima (Aggarwal et al., 2020)

[5].

The integration of PSO and SVM into a hybrid framework has been particularly promising for
enhancing SVM’s performance in classification tasks. These hybrid models combine the
global search capability of PSO with the margin maximization of SVM, effectively addressing
the dual challenge of feature selection and hyperparameter optimization. In fields ranging from
bioinformatics to cybersecurity, hybrid PSO-SVM models have outperformed traditional
methods, achieving higher accuracy and stability (Moukhafi, Mehdi & El Yassini, Khalid &
Bri, Seddik,2018) [6].

Application-specific enhancements have also been reported, with hybrid PSO-SVM models
deployed for neurological disease prediction and automated speech recognition systems. These
applications underscore the model's adaptability and potential in processing complex signals
and images, where conventional SVMs often falter due to their linear limitations and
sensitivity to hyperparameter settings (Zemmal et al., 2020) [7].

Jothi Prabha, A. et al [8] proposed a model which proposed Particle Swarm Optimization
model for the prediction of dyslexia in individuals and proposed statistical methods for the
differentiation of dyslexia and non-dyslexia individuals and used Principal Component
analysis (PCA) to identify eye movements by the eye tracker raw data.
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Looking forward, the application of hybrid PSO-SVM models could be extended beyond
supervised classification tasks to include unsupervised and reinforcement learning scenarios.
These models' capability to refine feature selection and hyperparameter tuning autonomously
makes them suitable candidates for complex learning tasks where manual parameter
adjustments are impractical.

III. MATERIALS AND METHODS
A. Dataset and Implementation

The study used a real-time dataset consisting of various cognitive and academic features of
children, including age, gender, class, academic performance, and skills related to reading,
writing, spelling, copying, language, decoding, fine motor skills, maths, attention,
hyperactivity, impulsivity, processing speed, auditory discrimination, auditory memory, visual
memory, visual discrimination, and visuomotor skills. Table 1. shows the details of the
attributes. The dataset included 348 rows, and the target variable was binary, indicating
whether a child has a learning disability (LD) or not. The model was trained to predict LD
status as yes or no.

Table 1. Dataset attributes

Attributes Explanation

Age Child's chronological
age.

Academic Child's overall

performance academic achievement.

Reading skills Ability to read and
understand text.

Writing skills Proficiency in written
expression.

Spelling Accuracy in spelling
words.

Copying skills Accuracy in replicating
written or visual
information.

Language skills Competence in
language use.

Decoding skills Ability to decipher
written words.

Fine Motor Skills Coordination and
dexterity of small
muscles.

Mathematical Skills Proficiency in math
concepts and
operations.
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Attention Ability to focus and
sustain attention.

Hyperactivity Excessive motor
activity or restlessness.

Impulsivity Tendency to act
spontaneously.

Processing Speed Speed of perceiving
and responding to
information.

Auditory Ability to distinguish

Discrimination between sounds.

Auditory Memory Capacity to retain and
recall auditory
information.

Visual Memory Ability to remember

visual information.

Visual Discrimination | Ability to perceive
differences in visual
stimuli.

Visuomotor Skills Coordination between
visual perception and
motor skills.

Top of Form

This work is carried out in different stages. First, the dataset is analyzed and performs data
preprocessing tasks such as dropping irrelevant columns, integer encoding categorical
variables, and oversampling to address the class imbalance. The dataset is then split into
training and testing sets, and it is standardized using a StandardScaler. The mean values
obtained are very small and are close to zero, which indicates that the data has been centered
around zero. Also, the standard deviation of all 19 features is equal to 1 after the
standardization process is done. That means the data has been scaled to a similar range across
all the features. Subsequently, the algorithm undergoes training using the designated training
dataset and is assessed through cross-validation. Following this, the algorithm is applied to
make predictions on the testing dataset, and its performance is evaluated by measuring
accuracy and Cohen's kappa score. Additionally, the algorithm's effectiveness is further
assessed through the calculation of the ROC curve and the computation of the Area Under the
Curve (AUC) score. Together, these metrics offer a comprehensive assessment of the
algorithm's performance.

Summarizing overall work as follows:
¢ Data collection

e Data preprocessing
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e Splitting the dataset

¢ Training and testing ML models

e Tuning and optimization techniques

¢ Evaluate the performance metrics of each model

¢ Data visualization

B. Classification Techniques Used for Prediction [9,10]
1)Decision Tree (DT) [11]

Training:

o Select the best feature to split the data based on some criterion.

¢ Partition of the data based on the selected feature into subsets that maximize the separation
of the classes.

e Iterate through the process recursively for each subset until a predetermined stopping
criterion is satisfied.

e Assigning class labels to leaf nodes means finding the most common class among the
instances in that node

Testing:

e To classify a new instance with feature vector X, follow the tree's branches from the root
node to a leaf node using X's values for each split feature
o Assign the class label of the leaf node to the new instance

2)Random Forest (RF) [12]
Training:

e Generate a "bootstrapped" dataset by randomly selecting a subset of the training data with
replacement.

e For each decision tree within the forest, randomly pick a subset of features to consider for
splitting at each node during tree construction.

e Train each decision tree using the bootstrapped dataset and the chosen subset of features.
The training process follows the same methodology as a standard decision tree but with these
specific variations.

e For each leaf node in every decision tree, determine its class label by identifying the majority
class among the instances contained within that particular node. This ensures that each leaf
node provides a class prediction based on the dominant class within its associated data subset.

Testing:

e To classify a new instance represented by a feature vector X, you would navigate through
each decision tree within the forest, starting at the root node and proceeding to a leaf node by
evaluating the feature values in X at each split node along the way.

e Assign the class label of the new instance based on the majority vote of the class labels
assigned by all the decision trees in the forest.

3)Extra Trees (ET)

Training:
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e Create a "bootstrapped" dataset by randomly sampling a subset of the training data with
replacement.

e For every decision tree within the forest, randomly pick a subset of features to consider when
making splits at each node.

e Randomly choose a threshold for splitting for each feature and split the data based on the
threshold that maximizes the separation between classes.

e Continue splitting iteratively until a stopping condition is met, like reaching a max tree depth
or a minimum instance per leaf.

e Assign a class label to each leaf node by determining the majority class among the instances
contained within that node

Testing:

e For a new instance with feature vector X, traverse each decision tree in the forest from the
root node to a leaf node based on the values of X for each split feature.

e Assign the class label of the new instance based on the majority vote of the class labels
assigned by all the decision trees in the forest.

4)K-Nearest Neighbors (KNN) [13]
Training:

¢ The training data's feature vectors and corresponding class labels are stored.

e Prior probability P(Y) for each class is calculated, which is the frequency of each class label
in the training data.

¢ Conditional probability P(Xi|Y) is calculated for each feature Xi and each class Y, which is
the frequency of the feature Xi occurring in the training data for class Y.

e The learned hypothesis is formed by the set of prior and conditional probabilities calculated
in the training phase.

Testing:

e For a new instance with feature vector X, the distance between X and all training feature
vectors is calculated.

¢ Based on the calculated distances, the k nearest neighbors to X are selected.

e The classification of the new instance is determined by identifying the majority class label
among its k nearest neighbors.

5)Support Vector Machines (SVM) [14]
Training:

e In SVM, to find a hyperplane that maximizes the margin between two classes in the training
data, effectively separating them.
e The learned hypothesis consists of the support vectors that define the hyperplane.

Testing:

e For a new instance with feature vector X, calculate the distance to the hyperplane.
¢ Classify the new instance based on which side of the hyperplane it falls

To enhance SVM's performance, it is planned to use a hyperparameter tuning technique grid
search to identify the optimal hyperparameter values for the SVM model.
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C. Hyperparameter tuning using a grid search

The most frequently employed technique for hyperparameter optimization is grid search.
This method entails establishing a grid of values for each hyperparameter and assessing each
combination on a validation set using a performance metric. The set of hyperparameters that
achieve the best performance metric is then selected as the optimal hyperparameters for the
model [15]. From some studies, it is noted that random search was faster than grid search, but
grid search was more stable in selecting hyperparameters across different runs [16]. In this
study for enhancing the SVM model grid search tuning method is selected. The generalized
performance of a grid search for hyperparameter tuning of a support vector machine (SVM)
model can be summarized as follows:

Input:

Hyperparameter grid: Dictionary defining hyperparameters and their values or ranges.
Training data: Features and labels for model training.

Validation data: Features and labels for performance evaluation.

Performance metric: Metric used to evaluate model performance.

Cross-validation folds: Number of folds for cross-validation.

Output:

e Optimal hyperparameters: Best-performing hyperparameter values.
e Best model: Model trained with optimal hyperparameters.
e Performance score: Score of the best model on validation data.

D. Hyperparameter tuning using PSO Algorithm.

Particle Swarm Optimization (PSO) is a metaheuristic optimization algorithm that leverages a
group of candidate solutions, known as particles, to explore and find the optimal solution [17].
PSO is inspired by bird flock behavior, with each particle representing a solution navigating the
search space using its position and velocity [18]. PSO is a more powerful and efficient method
for hyperparameter tuning compared to grid search, especially for complex problems with
high-dimensional search spaces and interdependent hyperparameters.

1)Global-best Particle Swarm Optimization (Global-best PSO)

Global-best PSO, commonly known as gbest PSO, represents a variant of PSO employing a
star topology. In this configuration, every particle is attracted toward the swarm's
best-performing particle, termed the global best position. In each iteration, the position and
velocity of each particle undergo updates according to the following equations [19]:

Position update: x;(t+1) = xi(t) + vi(t+1) (1)

Here, xi(t) represents the position of each particle at time t, and vi(t) represents the velocity of
the particle at time t. The new position of each particle at time t+1 is calculated by adding the
computed velocity at that time.
Velocity update: vii(t+1) = w*v(t) + 2)
cry[yi(t) - xg)] + cary()* (1) - xy(t)]

where vij(t+1) is the velocity of particle j along dimension 1 at time t+1,'w' controls momentum
(high explores, low exploits).'cl' and 'c2' influence personal and global effects.'r1j(t)' and
'r2j(t)' guide direction randomly. Adjust parameters to customize PSO for specific problems.

The idea behind using SVM with Global PSO is to enhance the SVM model's performance by
fine-tuning its hyperparameters through the Global PSO algorithm. Hyperparameters such as C
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(the penalty parameter) and gamma (the kernel coefficient) need to be tuned for optimal
performance when using SVM. In this approach, the objective function is the SVM model's
cost function, and the hyperparameters to be optimized are C and gamma. The bounds for these
hyperparameters can be set, and 8 the Global PSO algorithm can be used to search for the best
values of C and gamma that minimize the SVM model's cost function.

2)Local-best Particle Swarm Optimization (Local-best PSO)

Ibest PSO is a PSO variation that employs a ring topology rather than a star topology. In Ibest
PSO, each particle is drawn towards its specific neighborhood instead of the global best
position. Similar to global-best PSO, this algorithm updates each particle's position using
calculated velocity, and velocity adjustments are made using cognitive and social parameters
[18,19].

Position update: x;(t+1) = xi(t) + vi(t+1) 3)

Velocity update: vi(t+1) = m*v;(t) + 4)
crii@[yi(t) - xi()] + corz®)*[yi(1) - xi(1)]

The concept of using Local PSO with SVM is similar to that of using Global PSO with SVM,
except that the algorithm is optimized for local search rather than global search. The objective
function remains the SVM model's cost function, with the hyperparameters for optimization
still being the penalty parameter 'C' and the kernel coefficient 'gamma’. However, instead of
searching the entire parameter space, Local PSO only searches within a neighborhood of each
particle.

Compared to global-best PSO, local-best PSO converges more slowly but explores more
effectively due to its ring topology and neighbor comparisons.

3)Hybrid Particle Swarm Optimization (Hybrid PSO)

Hybrid PSO combines elements of both Global and Local PSO algorithms to strike a balance
between exploring and exploiting the search space effectively. In Hybrid PSO, the algorithm
starts with Global PSO to explore the search space and find good regions. It switches to Local
PSO to exploit the good regions found in the previous step and refine the search toward the best
solution. By combining the strengths of both algorithms, Hybrid PSO can provide better
convergence to the global optimum while avoiding premature convergence to local optima.

When using Hybrid PSO with SVM, the objective is to optimize the hyperparameters of the
SVM model using a combination of global and local search.

The following algorithm is used for getting the result.

Input:

- Training dataset (x_train, y_train) and testing dataset
(x_test, y_test)

- Bounds for hyperparameters: lower bound, upper bound

- Number of particles N

- Number of dimensions (hyperparameters) D

- PSO parameters for global and local search: inertia

weight w, cognitive coefficient cl, social coefficient c2
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- Number of iterations for global and local search:
max_iter_global, max_iter local
Output:
- Best hyperparameters found by the HPSO-SVM algorithm
Algorithm:
1. Define the objective function:
-Input: List of hyperparameters h
-Output: Cost of the SVM classifier trained with hyperparameters h on the training dataset
2. Define the bounds for the hyperparameters: lower bound, upper bound
3. Initialize global and local PSO optimizer options:
- Number of particles: N
- Number of dimensions: D
- PSO parameters: inertia weight w, cognitive coefficient
cl, social coefficient c2
4. Initialize global and local PSO optimizers with the options and bounds:
- Global optimizer with parameters: N, D, w, c1, c2,
max_iter_global, bounds (lower bound, upper_bound)
- Local optimizer with parameters: N, D, w, c1, c2,
max_iter_local, bounds (lower bound, upper bound)
5. Loop through 10 iterations:
a. If the current iteration is less than 5:
- Use global search mode with the global optimizer for
max_iter global iterations
b. If the current iteration is greater than or equal to 5:
- Use local search mode with the local optimizer for
max_iter local iterations
c. Print the current iteration number, best cost found so far,
and corresponding best hyperparameters

6. Return the best hyperparameters found by the algorithm

Combining both HPSO and SVM can potentially find the optimal hyperparameters of the
SVM model more quickly and accurately than using either approach alone.

IV. RESULTS AND DISCUSSION

Various tests and their results have been carefully studied in this section. The main objective of
the study was to improve the performance of the SVM algorithm compared to other machine
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learning models such as Decision Trees, The Random Forest, Extra Trees, and K-nearest
neighbor. initially, the SVM shows lower performance than other models, and hence grid
search is used.

Grid Search was effective but can be quite computationally intensive, particularly when it
deals with numerous hyperparameters. Hence, the study examined the use of optimization
algorithms like Global and Local PSO to find optimal SVM hyperparameters more efficiently.

Global and local PSO can further improve the SVM algorithm performance when it is
compared with the combination of Grid search and SVM, according to the study. However, the
study suggested a new approach: the hybrid PSO algorithm that combines the benefits of global
and local PSO algorithms to further, improve efficiency

The hybrid PSO algorithm is a high-performance algorithm, that can efficiently balance the
exploration and exploitation of the search space, leading to the discovery of optimal
hyperparameters for the SVM model. Using hybrid PSO algorithms, the performance of the
SVM algorithm was much improved compared with grid search and other optimization
algorithms.

A. Evaluation matrices

To measure the system's performance, various parameters are used, such as precision, recall,
fl-score, accuracy,[20] AP (Average Precision) score, kappa measurement, ROC-AUC
(Receiver Operating Characteristic- Area Under the Curve) score, TPR (True Positive Rate),
and FPR(False Positive Rate). [21,22]

1)Precision:
Precision=true positive/ (true positive + false (5
positive) )
2)Recall:
Recall=true positive/ (true positive + false (6
negative) )
3)F1-score:

F1-score=2*(precision*recall)/ (precision + (7
recall) )

4)Accuracy:

Accuracy= (true positive + true negative)/  (8)
(true positive + true negative + false positive
+ false negative)

5)TPR
TPR=true positive/ (true positive + false 9)
negative)
6)FPR
FPR=false negative/ (false positive + true (10
negative) )
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7)Average Precision (AP)

This score quantifies the precision-recall trade-off by averaging precision values at different
recall levels in precision-recall curves.

8)Kappa measurement

It assesses agreement between observed and expected classifications, accounting for the
possibility of chance agreements, with higher coefficients indicating stronger agreement or
better performance.

9)ROC-AUC score

It evaluates binary classifier performance by plotting True Positive Rate against False Positive
Rate at various thresholds, with higher values representing superior performance.

B.  Result analysis

1)Comparison of classification models

In this case, various parameters are used for calculating the performance of models. Table 2.
shows the results of various parameter calculations done in the models for the evaluation.

Algorith  Precis Recal F1-Sc Kappa AP ROC-A TPR FPR Accuracy

m ion 1 ore value ucC
Random 97 96 96 92.71 99 98.30 9333 0 96.36
forest

96 95 95 90.79 95 95.10 90.19 0 95.45
Decision
tree

97 96 96 92.64 96 96.10 92.15 0 96.36
KNN

96 95 95 90.78 100 99.70 93.65 0.021 9545
Extra tree

80 80 80 60.01 86 85.60 78 0.185 80
SVM

Table 2. Performance Evaluation Metrics of the classification models

When comparing the performance metrics of the algorithms in the given Table 2., the
following observations can be made.

Random Forest achieved a precision score of 97%, indicating a high proportion of correctly
predicted positive instances. It also had a recall score of 96% and an Fl-score of 96%,
suggesting effective capturing of actual positive instances. The Kappa value of 92.71 reflects a
substantial level of agreement between predicted and actual classifications. Additionally, it
achieved high scores in Average Precision (AP) and ROC-AUC, indicating excellent precision
and discrimination performance.
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In a similar vein, Decision Tree and KNN both performed well overall. They identified positive
cases accurately, as evidenced by their strong recall, precision, and F1 scores. There is good
agreement between the Kappa values of 90.79 and 92.64 and the actual classifications. In
addition, these algorithms performed competitively when it came to AP, ROC-AUC, and total
accuracy.

The Extra Tree algorithm also demonstrated notable performance with precision, recall, and
F1-scores of 96% and 95%, along with a Kappa value of 90.78. It achieved a perfect AP score
and a high ROC-AUC score, indicating exceptional precision and discrimination capabilities.
The TPR of 93.65% suggests accurate identification of positive instances, while the low FPR
of 0.021 signifies minimal misclassification of negative instances.

In contrast, the SVM algorithm had lower performance metrics across precision, recall,
F1-score, and Kappa value. It exhibited relatively lower precision and recall scores of 80% and
a moderate Kappa value of 60.01. However, it achieved reasonable scores in AP and
ROC-AUC, indicating acceptable precision and discrimination performance. The TPR of 78%
suggests a lower ability to correctly identify positive instances, while the higher FPR of 0.185
indicates a higher misclassification rate of negative instances. The overall accuracy score of
80% is lower compared to the other algorithms.

. Comparison of TPR, FPR, Accuracy & Kappa Value Across Models

0.00
Random Forest Decision Tree Extra Trees
Classification Models

Fig. 1. Comparison of TRP, FPR, Accuracy, and kappa value across models.

The bar chart provides in Fig. 1. Shows a comparative visualization of performance metrics
across five classification models: Random Forest, Decision Tree, K-Nearest Neighbors
(KNN), Extra Trees, and Support Vector Machines (SVM). It distinctly illustrates each model's
True Positive Rate (TPR), False Positive Rate (FPR), Accuracy, and Kappa Value.

Received: August 05,2025 177



International Journal of Applied Mathematics

Volume 38 No. 10s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Receiver Operating Characteristic

w1
-~

08 -
& P
¢ 06 ’_.-’
8 -
3 -7
z 04 /«'
= e

-~
02 -
7
/" —— Random Forest (AUC = 0.98)
0.0
[ 02 04 06 08 10

False Positive Rate

a) Random forest

Receiver Operating Characteristic

10 e
o
-~
08 -~
-
gos
b=} "
& e
5 04 -
= L
7
02 L
-~
',—" = Decision tree (AUC = 0.95)
0.0
00 02 04 06 08 10

False Positive Rate

b) Decision tree

Receiver Operating Characteristic

10 =
e
-
-~
08 L
u e
kel -
= -
w 06 e
B -~
] -
& -~
u 04 L
= -
L
-
0.2 L
L
L —— K_NN [AUC = 0.96)
oo
0.0 02 04 06 08 10
False Positive Rate
c) KNN
Receiver Operating Characteristic
10 -
L
J
-
0& =
o 7
] -
& -
o 06 /.—’
] -~
& -~
& -
u 04 ’/'
= o
-~
0z L
-~
/—" = Extra tree (AUC = 1.00)
0o
0o 0z 0.4 06 0.8 10

False Positive Rate

d) Extra tree

Receiver Operating Characteristic

08

=
@

Positive Rgte

The Fig.2. shows the ROC-AUC s of Random Forest, Decision
Treg -~ A.

e = svm [AUC = 0.86)

00
0.0 0z 04 0.6 08 10
False Positive Rate

Received: August 05,2025 178



International Journal of Applied Mathematics

Volume 38 No. 10s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)
2)Performing Grid search on Support Vector Machines (SVM)

SVM is a popular algorithm for classification and regression analysis. The main
hyperparameters to tune in SVM are [23]:

e C: Regularization parameter. Determines the trade-off between finding a decision boundary
that correctly classifies training data points and a smooth decision boundary.

e Kernel: Specifies the kernel function used for data transformation into a higher dimensional
space.

e Gamma: Parameter for kernel function. Controls the shape of the decision boundary.

To perform a grid search on SVM, define a parameter grid with different values for 'C',
'gamma’, and 'kernel'. Use GridSearchCV with the SVM estimator, and the parameter grid, and
specify cross-validation with accuracy scoring to find the best hyperparameters. Create a new
SVC model with the best hyperparameters and evaluate its performance using 3-fold
cross-validation.

In this case, the mean cross-validation score is 0.924, which indicates that the model has high
accuracy. The standard deviation of 0.009 indicates that the model is consistent in its
performance across the folds. The cross-validation score of the simple SVM model is 0.798
with a standard deviation of 0.014. Overall, the model's performance is moderate

Fig. 3. shows the comparison of the cross-validation score of both the SVM model and the
tuned SVM model.

Cross-validation scores

0815

0310

0.805

0.800

Score

0.795

0.790

0.785

0.780

100 125 150 175 200 235 250 275 300
Fold

a) cross-validation score SVM
Cross-validation scores

0,935

0930

Score

0925

0.920

100 125 150 175 200 225 250 275 300
Fold

b) cross-validation score tuned SVM

Fig. 3. The comparison of the cross-validation score of both
the SVM model and the tuned SVM model

In comparison to the SVM model, the grid-searched SVM model has a significantly higher
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mean cross-validation score and a lower standard deviation. This suggests that the
grid-searched SVM model is more accurate and consistent in its predictions. Therefore, the
grid-searched SVM model is the better model in this case.

3)Performing Global best PSO on Support Vector Machines (SVM)

The Global Best PSO algorithm is used with SVM to optimize hyperparameters C and gamma
for maximum SVM performance. The objective function calculates the cost based on accuracy,
and the PSO algorithm searches for the best hyperparameter values within specified bounds.
The resulting best hyperparameters are used to create and evaluate a new SVM model using
cross-validation.

In this case, the mean cross-validation score is 0.933, which indicates that the model has high
accuracy. The standard deviation of 0.014 indicates that the model is consistent in its
performance across the folds.

4)Performing Local best PSO on Support Vector Machines (SVM)

The performance of the Local best PSO is similar to the Global best PSO but there is a slight
difference in the options and parameters provided to the two algorithms. In the Local best PSO
algorithm additional options k and p are provided. These parameters are specific to the Local
Best PSO algorithm's implementation and represent the number of neighbors to consider (k)
and the power parameter (p) for determining the neighborhood’s best position. These
parameters allow for more localized search behavior and can affect the convergence speed and
exploration capabilities of the algorithm.

In this case, the mean cross-validation score is 0.933, which indicates that the model has high
accuracy. The standard deviation of 0.013 indicates that the model is consistent in its
performance across the folds.

5)Performing Hybrid PSO on Support Vector Machines (SVM)
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The hybrid Particle Swarm Optimization (HPSO) algorithm is used to find the best
combination of hyperparameters for a given objective function. The algorithm consists of two
search modes: global and local. In the global search mode, the algorithm explores a wide range

of the search space using a global PSO optimizer. In the local search mode, it refines the search
around promising regions using a local PSO optimizer. The algorithm iterates for a set number
of steps, with the first half for global search and the second half for local search. It identifies the
best cost and corresponding hyperparameters in each iteration. Then the iteration number, best
cost, and best parameters for each iteration were found to allow for tracking the optimization
progress. By combining both strategies, the algorithm aims to find the optimal
hyperparameters that minimize the cost of the objective function and improve the model
performance.

Using the best hyperparameters, a new SVM model is created and evaluated using
cross-validation. The model achieves a mean cross-validation score of 0.958, indicating high
accuracy and consistent performance across the folds. The model's stability and reliability are
confirmed by the low standard deviation of 0.009 in predicting the target variable. Refer to Fig.
5 for the cross-validation score of the Hybrid PSO-SVM model.

Cross-validation scores

0.a70

0.965

Score

0.960

0.955

100 125 150 175 200 225 250 275 3.00
Fald

Fig. 5. Cross-validation score of Hybrid PSO-SVM model

In all these scenarios, cross-validation is utilized. It entails partitioning the available dataset
into multiple subsets, often referred to as "folds," for both training and evaluation.
Cross-validation estimates the model's generalization to new data by simulating its
performance on different test sets, providing a robust evaluation and mitigating overfitting
concerns.[24]

6)Results of hyperparameter tuning done on SVM using Grid Search and PSO

Table 3. displays the performance metrics of different algorithms applied to SVM for a specific
problem. The algorithms include Grid Search-SVM, Global Best PSO-SVM, Local Best
PSO-SVM, and Hybrid PSO-SVM. The metrics evaluated are precision, recall, F1-score,
Kappa value, average precision (AP), ROC-AUC score, true positive rate (TPR), false positive
rate (FPR), and accuracy.

By comparing the algorithms, Grid Search-SVM achieves a precision, recall, and F1-score of
93, with a Kappa value of 85.18. Global Best PSO-SVM improves the precision, recall, and
F1-score to 95, with a Kappa value of 88. Local Best PSO-SVM further enhances the precision,
recall, and Fl-score to 96, with a Kappa value of 90.63. Finally, the Hybrid PSO-SVM
algorithm demonstrates the best performance with precision, recall, and F1-score of 97, and a
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Kappa value of 94.33.

All algorithms achieve high average precision (AP) and ROC-AUC scores, indicating their
ability to rank positive samples higher than negative samples. The true positive rate (TPR)
remains consistently high across all algorithms, indicating their effectiveness in identifying
positive samples. The false positive rate (FPR) decreases as the algorithms improve, A
decreasing FPR is desirable because it indicates a higher level of specificity in the
classification model. A lower FPR means that the algorithm is making fewer false positive
errors and is better able to identify true negative samples. This is particularly important in
applications where the cost or impact of false positives is high, such as in medical diagnoses or
fraud detection.

Furthermore, as the algorithms improve and the FPR decreases, the accuracy of the algorithms
also improves. Accuracy measures a classification model's correctness. In the case of the
Hybrid PSO-SVM algorithm, an accuracy of 97.27% indicates a high level of overall
correctness in the classification results.

These results highlight the effectiveness of the different optimization algorithms (Grid Search,
PSO) in improving the performance of SVM, with the Hybrid PSO-SVM algorithm achieving
the highest overall performance.

- Comparison of TPR, FPR, Accuracy & Kappa Value for SVM Tuning Models

100
80
5 60
40

20

Grid Search-SVM Global Best PSO-SVM Local Best PSO-SVM Hybrid PSO-SVM
SVM Tuning Models

mm TPR W FPR MMM Accuracy WEN Kappa Value |

Fig. 6. Comparison of TRP, FPR, Accuracy, and kappa value for SVM Tuning models.

The bar chart shown in Fig. 6. shows how effectively delineates the performance metrics of
four SVM tuning models: Grid Search-SVM, Global Best PSO-SVM, Local Best PSO-SVM,
and Hybrid PSO-SVM, focusing on True Positive Rate (TPR), False Positive Rate (FPR),
Accuracy, and Kappa Value. All models exhibit an identical TPR of 97.72%, illustrating their
effectiveness in identifying true positives. However, distinctions emerge in their FPR,
Accuracy, and Kappa metrics, highlighting the varying efficiencies and reliabilities. The
Hybrid PSO-SVM model demonstrates superior performance with the lowest FPR (0.03%) and
the highest Accuracy (97.27%) and Kappa Value (94.33), indicating its robustness and
consistency in classification tasks.
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Table 3. Performance evaluation metrics of SVM tuning models
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The Fig.7. shows the ROC-AUC score plotting for the models of Grid Search-SVM, Global

Best PSO-SVM, Local Best PSO-SVM, and Hybrid PSO-SVM.
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V. CONCLUSION AND FUTURE WORK

In conclusion, the study conducted a comparative analysis of various optimization techniques
applied to the SVM algorithm for classifying children with and without learning disabilities.
The optimization methods evaluated comprised Grid Search, Global Best PSO, Local Best
PSO, and Hybrid PSO. While Grid Search yielded moderate results, Global Best PSO and
Local Best PSO exhibited enhancements in precision, recall, Fl-score, and reduced false
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positive rates (FPR). Notably, the Hybrid PSO technique emerged as the most effective,
achieving the highest precision, recall, F1 score, and accuracy across all methods. Furthermore,
Hybrid PSO demonstrated superior discrimination capabilities, with a significantly lower false
positive rate (FPR) compared to other optimization approaches. These findings highlight
Hybrid PSO's effectiveness in improving SVM model performance for classifying children
with learning disabilities. The outcomes suggest that the Hybrid PSO-SVM algorithm is a
highly efficient method for distinguishing between students with learning disabilities and those
without. This capability could greatly benefit educators in identifying students who may
require additional support in their studies. Future research avenues may explore fine-tuning the
parameters of the Hybrid PSO-SVM algorithm, extending its applicability to other
classification problems, and assessing its performance on large-scale datasets.
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