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SUBMISSION HISTORY: Optical Coherence Tomography (OCT) greatly facilitates the diagnosis of
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retinal diseases. However, traditional models based on Convolutional Neural
Networks (CNNs) suffer from challenges, most notably high computational

cost, sensitivity to noise, and data imbalance. This study aims to compare three
hybrid deep learning frameworks, all of which rely on feature extraction using
a pre-trained CNN model and then selecting the most important features using
intelligent swarm algorithms: the Dolphin Swarm Optimization (DSO), the
Particle Swarm Optimization (PSO), and the Ant Swarm Optimization (ACO).
The selected features were evaluated using four classifiers: SVM, random
forest, XGBoost, and k-NN. Experiments were conducted on a standard dataset
from the University of California, San Diego (UCSD) and a local dataset. The
comparison results showed that the hybrid framework, which combines the
dolphin swarm algorithm and SVM, outperformed the other combinations,
achieving a classification accuracy of 93% on local data and 95% on standard
data, while also outperforming them in terms of accuracy and computational
efficiency.
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1. INTRODUCTION

Retinal disorders such as drusen, Choroidal Neovascularization (CNV), and Diabetic Macular
Oedema (DME) are mostly responsible for vision impairment worldwide. Therefore, OCT is crucial for
the early detection and diagnosis of various illnesses. The intricacy of OCT images, the variation in disease
characteristics, and noise make accurate categorization difficult. Another issue is that some Deep Learning
(DL) models are biased towards the majority classes due to unbalanced class distributions in medical
datasets, which reduces their ability to identify rare conditions. In the end, the slow learning process,
overfitting issues, and heavy computational demands mainly stem from the high dimensionality of OCT
data and poor hyperparameter tuning, which together make real-time implementation practically
impossible [1]. However, deep learning methods, especially CNNs, have proven highly effective in
medical image analysis. Still, their performance largely relies on how well the model can extract
meaningful features from the data [2]. Swarm intelligence and other evolutionary optimization techniques
are therefore crucial, as they offer practical ways to improve model performance and identify the most
critical elements [3]. The study [4] also highlighted the importance of feature extraction as a crucial step
in enhancing the performance of classifiers, particularly in image- or biosignal-based systems, which
supports the trend towards integrating intelligent processing techniques into modern classification models.

In this study, we seek to assess hybrid frameworks, which exploit a Convolutional Neural Network
(CNN) architecture populated with different intelligent swarm algorithms to increase classification
accuracy and steer clear of artificial overextraction of feature vectors in classic models. Conventional
CNN approaches generally suffer from the problems of feature redundancy and parameter tuning. On the
other hand, swarm optimization techniques like Dolphin Swarm, PSO, and ACO explore the extracted
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feature space dynamically to seek a subset of features that are discriminative and useful. For each hybrid
framework, we apply various classifiers over the provided features to evaluate its performance. This
provides a complete accuracy vs computing efficiency comparison. The main contributions of this
study can be summarized as follows:

e (Conducting a systematic evaluation of 12 hybrid models combining CNN-based feature
extraction with individual swarm intelligence algorithms (Dolphin Swarm, PSO, ACO) and
traditional classifiers (SVM, KNN, Random Forest, XGBoost), across both local and a public
OCT dataset (UCSD)

e Addressing the challenge of feature redundancy by applying intelligent feature selection
strategies to reduce dimensionality and computational cost.

e Emphasizing the Dolphin Swarm Algorithm's consistent and competitive performance
when combined with SVM, which earned the maximum classification accuracy and
computing efficiency in most evaluation settings, with only minor variations noted in
specific instances.

The paper starts with a brief review of swarm intelligence algorithms and OCT image
classification. Then, the datasets, swarm optimization techniques, hybrid methodology,
experimental setup (including feature extraction), evaluation metrics, and implementation details
are described. After that, the findings of the hybrid model are examined. The following report
includes major conclusions, recommendations for further research, and references.

2. BACKGROUND AND RELATED WORK

Recent deep learning architectures have emerged as robust methodologies for OCT image
classification, producing clinically significant results in corneal and retinal diseases. The features
that are spatial in nature can be directly read from high-resolution OCT images by a CNN to enable
early detection of diseases like CNV and DME. Developed in the 1980s, swarm intelligence
algorithms represented a new paradigm in Al and have since blossomed into a major area of
research. Of course, these algorithms have gotten a lot of buzz given their promise of being able to
solve complicated problems. Most practical optimization tasks are high-dimensional, which are
called large-scale optimization problems. Problems of this form arise in several scientific and
engineering disciplines, such as high-dimensional function optimization, large-scale electronic
system design, resource scheduling, large-scale traffic management, and bioinformatics, in which
gene identification is involved.

Over the past few decades, numerous meta-heuristic algorithms have been proposed to
enhance the accuracy and efficiency of solving these large-scale problems. However, as the number
of variables increases, the search area expands considerably, leading to much higher computational
demands, especially in high-dimensional optimization processes. Therefore, developing improved
heuristic algorithms based on existing technologies is essential to effectively address these complex,
large-scale challenges [5]. In this context, extensive research has yielded a wide range of effective
solutions, including traditional feature selection techniques such as relevance-based selection and
information gain, as well as population-based intelligence optimization algorithms, as summarized
in Table 1.

A significant gap, however, is that while swarm intelligence algorithms have been successfully
adapted for feature selection in many domains, evaluations in the context of medical OCT datasets
are limited. In particular, none of the previous research has managed to compare multiple swarm
techniques (DSO, ACO, PSO) across various classifiers. Effective feature selection is highly important
for classification accuracy and real-time application in intelligent healthcare systems because of the
high dimensionality of the features and the diagnostic importance of OCT images. Therefore, to
overcome this problem, this work critically examines various hybrid models on local (OCT-HRF)
and benchmark (OCT) datasets.
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Table 1. Summary of prior research

Proposed Model Improvement o
Year Source Dataset Model Strategy Accuracy%
CNN+
2025 [3] Ucsb DWT+ACO  (ACO)(Hyperparameters) 93.20
Determine the optimum
feature extraction
2020 [6] OCT GP&SVM method combination 90.65
(Gabor, LBP, GLCM,
Histogram, SURF)
COVID-19 chest
2021 [7] X-ray collection CNN GA (Hyperparameters) 94.93
The CTSA swarm 95.90
DIARETDBO algorithm was used to
2022 [8] DIARETDB1 SAE+CTSA djust the weights in 95.48
SAE.
2022 [9] NTHU-DDD ANN+GWO GWO (Weights & Bias 97.60
Optimization)
2022 [10] Voice c.la.taset (16 ANN+GWO GWO (We1ght§ & Bias 90.05
participants) Optimization
HAM10000 98.66
ISIC 2017 92.66
2023 [11] ISIC 2018 CNN+GA GA (Hyperparameters) 95.96
ISIC 2019 93.57
Soonchunhyang ResNet-50, ACO
2023 [12] University InceptionV, 99.10
Bucheon Hospital Denzsgi\let- (Feature Selection)
2024 [13] Iris images AG t\l/)VSzjlc\)/elet (Feature Selection) 82.70
APTOS 2019
Blindness
2024 [14] Detection CNN+AG GA (Hyperparameters) 97.45
Dataset
2024  [15] OCTID GLCM+AG+RF  GA (Feature Selection) 100
(ECG) MIT-BIH,
2024 [16] Arrhythmia. CNN+ PSO PSO (Hyperparameters) 99.58
(TSA)
2024 [17] Images of skin DLSTM (Pgrgme.ter 95
diseases optimization)

3. METHODOLOGY

This work employs a hybrid extensive framework for the classification of retinal images using
deep learning approaches and smart evolutionary algorithms. Our methodology represents a
systematic arrangement of three correlated stages: starting with the extraction of deep features
from a pre-trained CNN model, followed by the selection of optimal features using a swarm
algorithm as a representative of swarm intelligence methods, and finally a set of classical classifiers
to evaluate the classification performance based on the selected features system, which will be
described in detail below. Each stage outlines a specific phase with respect to the study focus,
beginning with the data, swarm algorithms, classifiers, hybridization mechanism, comparison
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conditions, metrics used, and testing the effectiveness of the results on various classifiers. This
method attempts to reduce the number of features used without compromising accuracy. This helps
build a model that works well and is easy to use, as shown in Fig. 1.

Phase 1: Feature Extraction

Input Data

}

CNN Model (Feature Extraction)

Phase 2: Feature Selection v

Swarm Algorithms

RF KNN SVM XGB

Figure 1. Methodology for comparing and integrating swarm algorithms with classifiers
3.1 Dataset

We used two datasets: the UCSD OCT dataset [18], which is one of the most popular databases
for classifying retinal diseases and has optical coherence tomography (OCT) images of the retina.
There are 84,484 pictures in the dataset, divided into four groups: CNV, DME, DRUSEN, and
NORMAL. Fig.2. shows how many pictures are in each group. In addition, a local dataset was
collected from Al-Karama Hospital in Baghdad, consisting of 4,558 images of three classes (DME,
CRVO, and OTHER), and the size of each class is shown in Fig. 2. The dataset was divided into 70%
training, 15% testing, and 15% validation sets.
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Figure 2. Data size (a) for the UCSD OCT dataset and (b) for the local dataset
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3.2 Swarm Optimization

In this section, we talk about the swarm algorithms used in this study, how they work, the main
factors that affect their performance, and how they can be used to choose features.

3.2.1 Dolphin Swarm Optimization (DSO)

The features are selected using the DSO, and a specific classifier is then trained on the selected
features. The algorithm begins by generating random binary masks representing the dolphin
locations in the search space. For each mask, the accuracy of the validation is calculated as a fitness
function. The search, call-receive, and prey phases are then repeated for a fixed number of
iterations. Finally, the best global mask is used to filter the datasets, and all performance metrics,
such as accuracy, log-loss, execution time, and so on, are calculated for comparison between
classifiers. The special transactions are listed in Table 2.

Table 2. Dolphin swarm Optimization parameters

Variable Value Description

M 8 Number of directions searched per dolphin

T1 10 Maximum number of searches

speed 2 Signal propagation speed

A 5 Acceleration coefficient for signal transmission
e 5 Siege radius reduction factor

3.2.2 Particle Swarm Optimization (PSO)

The feature selection process is performed using the PSO algorithm, followed by training a
classifier on the selected subset. Initially, a population of binary masks is randomly generated to
represent feature selection states, and each individual is assigned a small random velocity. For each
generation, the algorithm updates the velocities and positions using inertia and both cognitive and
social learning components. The sigmoid function is applied to convert velocities into selection
probabilities. Personal and global best solutions are updated based on fitness, which is calculated
using the validation accuracy. After the final iteration, the best global mask is used to select features,
train the classifier, and calculate performance metrics such as accuracy, record loss, and runtime.
Table 3 shows the special parameters.

Table 3. Particle Swarm Optimization parameters

Variable Value Description

w 0.7 Inertia weight controlling momentum
Cc1 1.5 Cognitive learning factor

C2 1.5 Social learning factor

3.2.3 Ant Colony Optimization (ACO)

Feature selection is based on an ant colony optimization (ACO) algorithm. Each ant builds its
feature subset, where features are chosen stochastically according to a pheromone matrix, which is
updated in each iteration. The pheromone evaporates, and the attributes identified in the best
solution of the current iteration are strengthened. Once the algorithm has converged, it remembers
the best solution found up to that point during all iterations until the end of its lifespan. Ultimately,
the classifier is applied to the newly identified features for training, verification, and testing of the
resulting model. The special transactions are shown in Table 4.

Table 4. Ant Colony Optimization parameters

Variable Value Description

P 0.05 Pheromone evaporation rate

a 0.8 Influence of pheromone strength on selection
Q 2.0 Pheromone update factor




Al-Jubouri and Jasim., Enhancing Optical Coherence Tomography Image Classification ...

3.3 Hybridization Mechanism

Our mechanism is based on three-layer hybridization, which incorporates deep learning,
crowdsourcing algorithms, and traditional classifiers in a single approach. It starts with the deep
feature extraction process. OCT images are fed into a model that has already been trained, and the
vectors from the dense layer just before the output are obtained. Thus, each tissue structure in the
images can be represented by an extensive, high-dimensional vector. Then, feature selection is
performed using a feature selection swarm algorithm (DSO, PSO, ACO). Binary masks with the same
length as the features are generated by the swarm algorithm. A mask has features activated (1) and
deactivated (0) to define a subset of variables. Each mask is evaluated using a measure of the
validation accuracy achieved with a particular classifier, known as the fitness function.

The rules of the algorithm (such as pheromone in ACO or velocity in PSO) indicate that the
search and update processes are repeated until the global mask with the highest accuracy is
determined. Finally, in the classification stage, the best-found mask is applied to the filtered feature
vectors, which are divided into training, validation, and test sets. One of four classifiers (SVM,
Random Forest, XGBoost, or KNN) is trained on the selected features. Performance metrics are then
calculated, including training, validation, and test accuracy; log loss to measure the quality of
probabilistic predictions; the number of selected features and execution time to assess
computational efficiency; and graphs to compare the best performance among different groups. In
this sequence, the CNN is responsible for extracting representations. At the same time, the swarm
algorithm is assigned to the task of dimensionality reduction and discrimination improvement, and
the conventional classifier then evaluates the final performance. This hybridization results in a less
complex and more accurate model than using a single component alone.

3.4 Experimental Setup

To make sure that each combination of swarm algorithms and classifiers could be fairly
compared, all experiments were done under the same controlled conditions. We used the following
settings for all of the experiments:

3.4.1 Feature Extraction

Deep features were extracted using a pre-trained CNN model. Features were taken from the
last dense layer immediately preceding the output layer. To ensure reproducibility, random seeds
were set to 42 across all libraries used, including Python, NumPy, and TensorFlow.

3.4.2 Swarm Algorithm Settings

A fixed configuration swarm algorithm was used, as follows: For the UCSD OCT data, the
number of individuals was 10 and the number of iterations was 5. For the local data, we set the
number of agents and iterations to 30 and 50, respectively. We then randomly generated binary
feature masks so that each mask had at least one active feature. SVM with a linear kernel, Random
Forest with 50 trees (UCSD OCT data and local data with 100 trees), XGBoost classifier performing
multiclass log loss, and KNN with k = 5 were used. Validation accuracy was used to assess the
suitability. The best mask was applied to the test data. The performance measures were
classification accuracy, log loss, number of selected features, and runtime.

3.5 Evaluation Metrics

In this study, a set of quantitative performance metrics was utilized to evaluate the efficiency
of each combination of swarm algorithms and classifiers. These metrics are:

Accuracy: is the percentage of samples that are correctly classified. It is used to show how well
the model is learning [20].

TP+TN
TP+TN+FP+FN

Accuracy = ( ) ~ (D[19].
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Where:
¢ True Positive - TP: Correctly predicted positive data.
¢ True Negative - TN: Correctly predicted negative data.
+ False Positive - FP: Correctly predicted negative data.
+ False Negative - FN: Correctly predicted positive data.

¢ Log-Loss: This metric compares the model's predictions to the actual classifications. A lower
loss indicates that the model's predictions are closer to the true values, meaning the
classification is more accurate and the results are more reliable.

log loss = —=~¥, ¥, y; ;log(p;,;) . (2)[21]

¢ Runtime: It is the time taken to run the swarm algorithm and test the classifier. It is
measured in seconds and helps to gauge the speed and resource efficiency of the model. We
computed all these metrics by separately considering all data experiments, which allowed us
to perform a comprehensive assessment based on both accuracy and computational
efficiency.

3.6 IMPLEMENTATION DETAILS
All experiments were conducted on a personal computer with the following specs.

e Hardware: AMD Ryzen 7 3700X (8 cores, 16 threads, 3.6 GHz), 64 GB DDR4 RAM, and
NVIDIA RTX 3080 GPU (12 GB, CUDA 11.0).

¢ Software: Python 3.9.10, Jupyter Notebook, and Visual Studio Code.
¢ Libraries:(TensorFlow, Scikit-learn, NumPy, Pandas, OpenCV, and PIL).

4. RESULTS AND PERFORMANCE ANALYSIS

Combining slightly modified swarm algorithms with four commonly used classification
methods and features from a CNN model to investigate the effectiveness of classification models. In
each experiment, the swarm-based algorithm selected the optimal features from the feature set,
which were then given to the classifier to test its accuracy. We measured the results according to
training accuracy, validation accuracy, test accuracy, log loss, number of selected features, and total
execution time. This part introduces the datasets used in the experiments: the local dataset and the
UCSD OCT dataset. In this paper, twelve hybrid configurations based on swarm intelligence
algorithms and classifiers are explored. The experiments were divided into two parts:

4.1 Results on Local OCT Dataset

We conducted twelve tests on the local dataset. For each of the three swarm algorithms (DSO,
PSO, ACO), we analyzed their performance when combined with four classical classifiers (SVM, KNN,
RF, XGB). In Tables (5, 6, 7) and Figures (3, 4, 5), we present the results of these combinations in
terms of classification accuracy, number of selected features, and execution time.

Table 5. Performance of the DSO algorithm with the four classifiers on the local data.

Classifier Selected Train Val Test Train ValLog Test Runtime
Features Accuracy Accuracy Accuracy LogLoss Loss LogLoss sec
SVM 31 1.0 0.9371 0.9298 0.0017 0.2268 0.2610 86.88
KNN 36 1.0 0.9356 0.9210 0.0001 2.0332 2.1499 856.26
RF 27 1.0 0.9415 0.9152 0.0034 0.3713 0.3507 30068.88
XGB 39 1.0 0.9312 0.9137 0.0004 0.3231 0.3415 1884.59
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Figure 3. The performance of the DSO algorithm with the four classifiers on local data, specifically
in terms of feature selection, test accuracy, and processing speed.

Table 6. Performance of the PSO algorithm with the four classifiers on the local data

Classifier Selected Train Val Test Train Val Log Test Log Runtime
Features Accuracy Accuracy Accuracy LogLoss Loss Loss sec
SVM 25 1.0 0.9356 0.9254 0.0021 0.2423 0.2774 46.56
RF 27 1.0 0.9400 0.9254 0.0034 0.3682 0.3851 402.08
KNN 25 1.0 0.9371 0.9210 0.0001 2.0344 2.1993 98.09
XGB 41 1.0 0.9239 0.9152 0.00043 0.3906 0.3554 219.14
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Figure 4. The performance of the PSO algorithm with the four classifiers on local data in terms of
feature selection, test accuracy, and processing speed.

Table 7. Performance of the ACO algorithm with the four classifiers on local data.

e Selected Train Val Test Train val Test Runtime
Classifier Features Accuracy Accuracy Accurac Log Log Log sec
y y y Loss Loss Loss
SVM 4 0.9990 09122 0.9108 0.0049 0.3575 0.3836 508.15
XGB 5 0.9996 0.9078 0.9078 0.0023 0.5425 0.5655 336.98
RF 4 1.0 0.9093 0.8976 0.0039 1.7493 1.7000 267.01
KNN 5 0.9921 0.9078 0.8932 0.0378 2.229 2.3016 46.86
Test Accuracy Selected Features Runtime (sec)
0.91 0.90 0.91 0.89 5 > > s00 ] 1398:13
N 41 4 4 400
; 0.4 E % :
g 2 4 2001

Figure 5. The performance of the ACO algorithm with the four classifiers on local data in terms of
feature selection, test accuracy, and processing speed.
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Table 8 and Fig. 6 show a comparison of the performance of three swarm algorithms (DSO,
PSO, and ACO), along with the best classifier for each algorithm in terms of classification accuracy

on local data.

Table 8. Comparison of the performance of the three algorithms on local data

swarm Classifier Selected Features Test Accuracy% Runtime sec
DSO SVM 31 92.98 86.88
PSO SVM 25 92.54 46.56
ACO SVM 4 91.08 508.15
I Selected Features Test Accuracy
35 93.5
30 93
25 ~ 92.5
20 92
15 91.5
10 91
5 90.5
0 [ 90
SVM SVM SVM
DSO PSO ACO

Figure 6. A comparison between the number of selected features and the test accuracy for DSO,
PSO and ACO on local data.

4.2 Results on UCSD OCT Dataset

Twelve experiments were conducted on the UCSD OCT dataset, where the performance of each
of the three algorithms (DSO, PSO, ACO) was evaluated separately when combined with four legacy
classifiers (SVM, KNN, RF, XGB). For budget usage Tables (9, 10, 11) and Figures (7, 8, 9), the results
of these combinations were presented in terms of classification discrimination, number of choices,
and execution time.

Table 9. Performance of the DSO algorithm with four classifiers on UCSD OCT data

Selected Train Val Test Train Val Test Runtime

Classifier Log Log Log
Features Accuracy Accuracy Accuracy Loss Loss Loss sec
SVM 26 0.9963 0.9514 0.9511 0.0111 0.3234 0.3273 775.88
RF 31 0.9981 0.9520 0.9508 0.0049 0.8098 0.8892 2823.29
KNN 36 0.9960 0.9509 0.9506 0.0073 1.3593 1.3346 6396.44
XGB 42 0.9981 0.9513 0.9495 0.0028 0.4117 0.4172 3552.85
Test Accuracy Selected Features Runtime (sec)
§ 0.4 E’ 201 § 3000 - 2823.30 -

Figure 7. The performance of the DSO algorithm with the four classifiers on UCSD OCT data in terms
of feature selection, test accuracy, and processing speed
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Table 10. Performance of the PSO algorithm with the four classifiers on UCSD OCT data.

Classifier Selected Train Val Test Train ValLog Test Runtime
Features Accuracy Accuracy Accuracy LogLoss Loss Log Loss sec
RF 35 0.9981 0.9509 0.9507 0.0049 0.8088 0.8615 367.60
KNN 41 0.9962 0.9511 0.9506 0.0078 1.2794 1.2770 836.98
SVM 22 0.9959 0.9509 0.9502 0.0116 0.3397 0.3468 92.32
XGB 33 0.9981 0.9507 0.9494 0.0028 0.4113 0.4141 457.88
Test Accuracy Selected Features Runtime (sec)
0.95 0.95 0.95 0.95 a0 4 41 a00 836,99
0.8 | 35 3 33 700
& 307 600
.. 0.6+ 2 25 4 w 500
g E 22 'g 457.88
; 0.4 é 27 § 00 367.60
£ 15 300
0.2 101 200
5 100 92.32
0.0 T T T T 0 T u T T 0

T T T T
svC RF XGB KNN SVC RF XGB KNN svC RF XGB KNN

Figure 8. The performance of the PSO algorithm with the four classifiers on UCSD OCT data in terms
of feature selection, test accuracy, and processing speed

Table 11. Performance of the ACO algorithm with the four classifiers on UCSD OCT data.

Trai 1 T
. Selected Train Val Test ram Va est Runtime
Classifier Features Accuracy Accuracy Accurac Log Log Log sec
y y y Loss Loss Loss
SVM 3 0.9940 0.9482 0.9491 0.0208 0.3351 0.3311 1144.17
XGB 5 0.9928 0.9440 0.9447 0.0211 0.3268 0.3378 198.88
RF 3 0.9979 0.9453 0.9441 0.0087 09172 09562 144.67
KNN 4 0.9881 0.9407 0.9416 0.029 1.3943 1.4303 49.28
Test Accuracy Selected Features 1200 Runtime (sec)
0.95 0.94 0.94 0.94 5 ] > 1144.18
0.8 ol a 10004
. os ] % N s s i 800
% 10- g 600
g o4l 5 &
0.4 ; 2 w00
0.2 4 1 200 198.88
144.67

T T T T
sVC RF XGB KNN SVC RF XGB KNN SVC RF XGB KNN

Figure 9. The performance of the ACO algorithm with the four classifiers on UCSD OCT data in terms
of feature selection, test accuracy, and processing speed

Table 12 and Fig. 10 presenta comparison of the performance of three swarm algorithms (DSO,
PSO, ACO) in conjunction with the best classifier for each algorithm, in terms of classification
accuracy on UCSD OCT data.

Table 12. Comparison of the performance of the three algorithms on UCSD OCT data.

swarm Classifier Selected Features Test Accuracy% Runtime sec
DSO SVM 26 95.11 775.88

PSO RF 35 95.06 367.60

ACO SVM 3 94.91 1144.17

10
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40 r 95.15
35 - L 95.1
30 - 95.05
15 F 94.95
10 F 94.9
5 I 94.85
0 _— L 94.8

SVM RF SVM

DSO PSO ACO

I Selected Features Test Accuracy

Figure 10. Comparison between the number of selected features and the test accuracy for DSO, PSO,
and ACO on UCSD OCT data.

4.3 Performance analysis

On comparing the performances in both of these two sets, the DSO + SVM combination
resulted in the highest accuracy, 92.98% on the local data (Table 5) and 95.11% on the UCSD (Table
9), while keeping a good trade-off between the number of features and time. Finally, PSO showed
equal performance for SVM locally (92.54%) and RF globally (95.06%) whilst requiring shorter run
time (Tables 6 and Table 10). At the same time, ACO did well in feature optimization (3-4) with a
resulting lower accuracy (Tables 7 and Table 11). These results are summarized in Tables 8 and 12,
and confirm DSO is most accurate, PSO is a balanced performer, and ACO is the optimal choice for
dimensionality reduction.

5. CONCLUSION AND RECOMMENDATIONS

The best performance on local and global datasets was shown by the SVM classifier and DSO
algorithm, where the test accuracy for each study result is verified in all situations. The ACO
algorithm excelled in feature selection since it selected a relatively smaller number of features as
expected, but it performed poorly in terms of classification accuracy. Likewise, the trade-off
between accuracy and execution speed for PSO + SVM was appropriate, also highlighting how
selecting the appropriate algorithm is strongly based on the application needs. This study
contributes to providing a systematic comparison between several hybrid combinations of swarm
algorithms and traditional classifiers. The study offers empirical proof of the DSO algorithm's
efficacy in striking a balance between accuracy and execution time, a goal that hasn't been
adequately addressed in earlier research in this area.

The hybrid model (DSO + SVM) is therefore proposed to demonstrate its applicability in
medical practices that require highly accurate diagnoses within a reasonable time frame (e.g., smart
doctor assistance systems). However, there are also some limitations. Swarm algorithms are both
computationally time-consuming and require high processing power due to the exponential
increase in computational time with the increase of data size (at least up to October 2023). The
model mightalso perform based on the hyperparameters chosen for this model setup. Additionally,
the number of datasets in which the study was replicated is only two; thus, the conclusions cannot
be completely extended to other applications and domains. As plans, it is suggested to test the
hybrid algorithm on multi-modal data (such as combined medical images and text), or experiment
with different swarm algorithms or multiple hybrid methods. It is also possible to combine features
extracted from various CNN models to enhance the diversity of feature representation and achieve
higher accuracy and better generalization.
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