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Abstract- the increasing volume of medical data presents both opportunities and challenges for enhancing classification
methods. While Support Vector Machines (SVMs) are widely recognized for their effectiveness in various classification tasks,
traditional SVM approaches exhibit significant limitations when applied to large-scale datasets. This paper presents a hybrid
feature selection framework designed to enhance the classification performance of medical data by identifying the most relevant
features for Support Vector Machine (SVM) classifiers. The proposed framework consists of two phases. The first phase
combines Information Gain with several optimization techniques, including Particle Swarm Optimization (PSO), Bat Search
Method, Elephant Search Algorithm (ESA), and Firefly Algorithm, to effectively select key features for medical datasets. Our
results show that the hybrid framework significantly improves classification accuracy compared to traditional feature selection
methods, with the ESA Algorithm excelling in their respective categories. In the second phase, we integrate enhancements into
the traditional SVM model to address uncertainties in medical data, resulting in a more adaptable and accurate classifier. The
enhanced SVM refines both training and testing sets, ensuring that the model is trained on the most relevant and accurate data,
thus improving its performance in uncertain or noisy conditions. Overall, the proposed hybrid framework provides a more robust
and efficient solution for medical data classification, improving both the accuracy and adaptability of SVM classifiers in real-
world applications.

Keywords— Machine learning, Medical data classification, KNN, feature selection, optimized method, SVM, Data
uncertainty, Hybrid model, Classification accuracy
I. INTRODUCTION

The rapid expansion of medical data generated through electronic health records, imaging technologies, and
wearable devices presents both significant opportunities and challenges for the healthcare sector. Accurate
classification of this data is crucial for enhancing diagnostic accuracy, personalizing treatment plans, and improving
patient outcomes [1]. Among various machine learning techniques, Support Vector Machines (SVMs) have garnered
attention for their effectiveness in handling classification tasks across different domains, including medicine [2-3].
However, traditional SVM methods face notable limitations when confronted with large-scale datasets and uncertain
data scenarios [4-5].

Large-scale datasets can complicate the training process of SVMs due to increased computational demands and
the risk of overfitting [6]. Furthermore, uncertain data, characterized by noise, missing values, or conflicting class
labels, can significantly hinder the classification performance of standard SVM models. Addressing these issues is
essential for harnessing the full potential of SVMs in medical applications.

Data are growing not only in terms of the sheer number of data objects but also in the dimensionality of features.
This increase in both volume and complexity can significantly impact the accuracy and efficiency of most learning

algorithms [7]. High-dimensional datasets often lead to the "curse of dimensionality," where the distance between

https://google.academia.edu/JournalofComputerScience 1 https://sites.google.com/site/ijcsis/
ISSN 1947-5500


mailto:ahassan@eng.asu.edu.eg
mailto:Khaled.foad@nmu.edu.eg
mailto:alaaeldeen.yassin@fci.bu.edu.eg
mailto:Alaaeldin.yassin@must.edu.eg
mailto:somia.aboelnaga@fci.bu.edu.eg

International Journal of Computer Science and Information Security (IJCSIS),
Vol. 23, No. 1, January-February 2025

data points becomes less meaningful, making it challenging for algorithms to find patterns and make accurate
predictions [8]. In medical data classification, these challenges are particularly pronounced. The variety of features
derived from clinical measurements and patient history can create rich datasets that hold valuable insights. However,
when algorithms are confronted with high dimensionality, the risk of irrelevant or redundant features can dilute the
signal of meaningful patterns, leading to reduced classification performance [9]. Feature selection methods are
essential tools for identifying and removing irrelevant attributes from datasets, which do not contribute to the
accuracy of a classification model. By focusing on the most pertinent features, these methods help streamline the
data, reducing dimensionality and enhancing model performance [10]. Previous studies examining the use of feature
selection in conjunction with classification models consistently conclude that incorporating feature selection as a
preprocessing step yields significant benefits [11]. As a result, models that use feature selection often show higher
accuracy, improved generalization to unseen data, and greater interpretability. In the context of medical data
classification, these advantages are critical, as they lead to more reliable diagnostic results.

Classification is a supervised machine learning method that involves building models capable of assigning objects
to one of several predefined classes or categories. The process typically begins with the preparation of a dataset,
which is divided into two distinct subsets: the training set and the testing set. The training set is used to develop the
classification model; it contains examples of the input features along with their corresponding class labels. During
this phase, the model learns to recognize patterns and relationships within the data, effectively capturing the
underlying structure that distinguishes one class from another. Once the model has been trained, it is validated using
the testing set, which contains new, unseen data. This set is critical for assessing the model's performance and
generalizability. By evaluating how accurately the model classifies the testing set, researchers can determine its
effectiveness and reliability in making predictions on real-world data [12]. In medical data classification, effective
training and validation are paramount, as they directly influence the quality of diagnostic decisions and patient

outcomes.

Support Vector Machines (SVM) is supervised learning algorithms used primarily for classification tasks. They
work by finding the optimal hyperplane that separates data points of different classes in a high-dimensional space.
Support Vector Machines (SVM) has gained significant traction in the medical field for various classification tasks
due to their robustness and effectiveness. Medical datasets often contain a large number of features, such as genetic
markers or imaging pixels. SVM has ability to work effectively even when the number of features exceeds the

number of samples [13].

In this paper, an enhanced classification method for medical data is introduced. The presented approach consists
of two phases. The initial phase employs a hybrid method to identify and select an optimal subset of features. By
integrating various feature selection techniques. This phase aims to enhance the model's efficiency and accuracy,
which is particularly crucial in medical datasets where irrelevant or redundant features can hinder performance. In
the second phase, an enhanced Support Vector Machine (SVM) classifier is developed to manage class imbalances

and dealing with uncertain data. Our contributions are as follows:
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¢ Introducing a hybrid feature selection approach that combines optimized techniques to generate an optimal
set of features. This method significantly enhances model accuracy by focusing on the most relevant data, thus
improving overall performance.

¢ Developing an improved Support Vector Machine (SVM) method capable of addressing uncertainties in the

data. This approach involves updating both the training and testing sets to better manage ambiguities, resulting in
more robust classification outcomes.

The structure of this paper is as follows. The related works are reviewed in Section 2, and then the proposed

model is showed in Section 3. The experimental platform is shown in Section 4. The used medical datasets are

presented in Section 5. The experimental results and a comparison between other models are discussed in Section 6.

Finally, Section 7concludes this study.

II. LITERATURE REVIEW

Several recent works have addressed the issue of feature selection and classification for medical datasets using
hybrid and optimized methods. Eva Tuba et al. [14] proposed a feature selection method for medical datasets based
on the Brain Storm Optimization (BSO) algorithm. The algorithm was used to select the best features and optimize
the parameters of the Support Vector Machine (SVM) classification method. The results showed that the proposed
method not only achieved higher accuracy but also reduced the number of features, making it more efficient.

B. Subanya et al. [15] focused on the classification of cardiovascular disease using the Artificial Bee Colony
(ABC) algorithm. The ABC algorithm was used for feature selection, effectively eliminating irrelevant features. The
SVM method was employed for classification, and when compared to the reverse ranking method, the proposed
method demonstrated superior performance.

Tianyun Xiao et al. [16] proposed a model for diagnosing breast cancer. The proposed framework combined
feature selection method with hyper parameter optimization to improve the accuracy for classification methods.
Multiple linear regression method was used for feature selection. Whale optimization algorithm (WOA) was applied
to optimize the hyper parameters of the model to improve their performance. Comparing with existing model, the
proposed method gave best prediction performance.

Yilmaz Kaya et al. [17] developed a hybrid model for diagnosing breast cancer, lymphography, and
erythematous-squamous diseases. Their approach involved using Factor Analysis for preprocessing to extract
relevant features, followed by classification using an Extreme Learning Machine (ELM). The findings revealed that
this hybrid model significantly outperformed the use of ELM alone.

In [18], a feature selection method based on clustering with the Artificial Bee Colony (ABC) algorithm was
proposed to identify the most relevant features for liver diseases, hepatitis, and diabetes datasets. SVM was then
employed for classification, and the results showed that the proposed method outperformed other existing
approaches in terms of classification accuracy.

Saba Bashir [19] utilized various feature selection methods, including filters, wrappers, and embedded
approaches, to identify the most relevant features from medical datasets. The SVM classification method was then
applied to the selected features, resulting in high classification performance. The proposed model demonstrated

exceptional effectiveness.
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In [20], Particle Swarm Optimization (PSO) was used as a wrapper method for feature selection to identify the
most informative features and eliminate redundant ones, thereby improving the classification accuracy for medical
datasets. The experiments, which used five medical datasets from the UCI repository, showed that the proposed
method yielded high accuracy across different classification algorithms.

Zhou Tao et al. [21] proposed an optimized feature selection method that combined K-means clustering and
hybrid techniques, such as Genetic Algorithm (GA) and Principal Component Analysis (PCA), along with Particle
Swarm Optimization (PSO) and PCA. The method was used to select optimal features and tune the parameters of the
SVM classification model. The proposed method achieved superior classification results compared to other methods.

Moloud Abdar et al. [22] conducted experiments on four microarray datasets with high dimensionality and
relatively small sample sizes. They applied five different feature selection algorithms to reduce the dimensionality of
the datasets. The proposed technique incorporated Bagging in the feature selection process, resulting in significant
improvements in selection stability. Finally, the work of Saba Bashir et al. [23] aimed to enhance breast cancer
detection using a hybrid ensemble classifier combining Confidence Weighted Voting (CWV) with Boosting
Artificial Neural Networks (BANN) and SVM. The CWV-BANN-SVM model demonstrated improved accuracy in
breast cancer detection when compared to traditional ANN or SVM methods alone, highlighting the potential of

hybrid ensemble classifiers in medical data classification.

III. METHODOLOGY

In this section, we introduce two phases of the proposed algorithm to address the unique challenges presented by
medical data. One significant challenge is the small number of samples relative to the large number of features,
which necessitates careful feature selection to enhance model performance. The first phase of the algorithm focuses
on producing the optimal features, which serve as inputs for the second phase. By identifying and selecting the most
relevant features, this phase lays the groundwork for more effective analysis.

Firstly, the model undertakes several preprocessing steps to enhance the accuracy of the results. This includes
removing any missing data to ensure a complete dataset and scaling the features to normalize all values. These
preprocessing steps are crucial for preparing the data, as they help to improve the overall performance of the model.
Then, we generate ten subsets of data using 10-fold cross-validation, ensuring that the subsets are divided equally
and randomly. This technique is commonly used to assess the model's performance and reduce bias. For each subset,
we apply a hybrid feature selection method combined Information Gain with an optimization technique to identify
the best features (f). The optimized methods use accuracy of SVM method as fitness function. This approach allows
us to effectively evaluate the performance of the proposed method while ensuring that only the most relevant
features are utilized in the analysis. This hybrid method aims to reduce the number of input features while
maintaining high classification accuracy. It begins with a filter method, such as information gain, to rank the
features based on their relevance. Following this, various optimized search methods are employed to select the best
subset of features. This combination ensures that we retain only the most informative features, ultimately enhancing
the model's performance without compromising accuracy. Finally, the best features are aggregated using a voting

method, which consolidates the most relevant features identified in the previous steps. These selected features are
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then used as inputs for the second phase of the algorithm, ensuring that the subsequent analysis is based on the most
informative and impactful data Figure 1.

The second phase implements an enhanced Support Vector Machine (SVM) algorithm to effectively address
uncertain data while performing classification.

The process of developing an enhanced Support Vector Machine (SVM) model begins with the collection of
features from Phase 1, which consists of pre-processed and relevant data attributes. The dataset is partitioned into
two subsets: the training set (Train_set) and the testing set (Test_set). This partitioning is crucial for evaluating the
model's performance on unseen data.

Initially, an SVM model is trained using the selected features from the Train_set, establishing a baseline model.
The algorithm then identifies uncertain objects in the Test_set, where uncertainty is quantified by a classification
confidence score. Objects with a confidence score below a predefined threshold are flagged as uncertain.

These uncertain objects are incorporated into the training data by adding them to the Train_set. This augments the
learning process with challenging examples, enhancing the model’s ability to generalize. To preserve the integrity of
the testing phase, these uncertain objects are removed from the Test_set.

Subsequent to the data update, the SVM model is retrained on the augmented Train_set. This retraining allows the
model to refine its decision boundaries based on the newly included uncertain objects. The model’s performance is
then reassessed on the updated Test set, providing insights into the impact of active learning on the model’s
generalization capability. Finally, the performance of the enhanced SVM model is compared with other methods to

validate the effectiveness see Figure 2.
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Figure. 1. Steps for first phase in the proposed methods
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Figure. 2. Steps for second phase in the proposed methods

IV. EXPERMENTAL PLATFORM
The proposed method was implemented using the R programming language to generate results. The
implementation was conducted on a 64-bit operating system, specifically Windows 7 Ultimate, with 4 GB of RAM

and an Intel® Core™ i5 processor.

V. DATA SAMPLE
In this study, we utilize various medical datasets to evaluate the performance of the proposed method. These
datasets, characterized by high dimensionality and small sample sizes, are critical for assessing the robustness and
effectiveness of our approach. They are publicly available in the Feature Selection @ ASU repository. A summary

of the datasets used is provided in TABLE I.
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TABLE L USED DATASETS
Data set #objects #eatures Keywords
Blood 89 2759 Discrete, binary
Colon 62 2000 Discrete, binary
Leukemia 72 12584 Discrete, binary

VI. EXPERIMENTAL RESULTS

Te proposed framework is evaluated and discussed in this section. Methods consists of two phases, the first phase
is to select the optimal features from many irrelevant. The second phase is to classify the data with enhanced SVM
classification method. In order to show enhanced method, we carried out an empirical study of some of chosen
medical datasets.

A. Results from Optimized Feature selection with traditional SVM

In the first phase of our analysis, we used feature selection method to enhance the accuracy of our model. We
employed a combination of Information Gain and optimized search methods such as PSO, Bat search method;
Elephant search method and Firefly search method to identify the most significant features from our dataset.

First, some preprocessing steps are performed such as handling missing values to ensure integrity of data and
normalization to make features more comparable. Then data are divided into ten subsets, and then for each subset,
best features are selected using the hybrid methods. Finally, features using voting are shown in TABLE II,

TABLE III and TABLE IV.

https://google.academia.edu/JournalofComputerScience

TABLE IL BLOOD DATASET RESULTS

Method used for features # features
PSO + 1G 29
Bat+ IG 31
Elephant + IG 32
FireFly +IG 32

TABLE IIL. COLON DATASET RESULTS
Method used for # features
features
PSO + 1G 28
Bat+ IG 28
Elephant + IG 30
FireFly +IG 33

TABLEIV. LEUKEMIA DATASET RESULTS
Method used for # features
features
PSO + 1IG 197
Bat+ IG 212
Elephant + IG 228
Firefly +IG 231
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After selecting the most significant features, traditional SVM classification method is used through 10-fold cross-

validation to evaluate the classification performance.

The summarized results of the classification accuracy for each four feature selection methods are presented for

three medical datasets in Figure 3, Figure 4 and Figure 5.

Blood: SVM
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Figure. 3. Blood datasets results
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Figure. 4. COLON datasets results
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Figure. 5. Leukemia datasets results

By conducting a comparison between the four optimized feature selection methods using SVM classification, the

results show that the Elephant algorithm outperforming the other methods.

B. Results for enhanced SVM

In this section, we explore enhancements to the traditional SVM algorithm to address its limitation. Traditional

SVM method can’t handle uncertain data. This can do by updating both training set and testing set. If uncertain

object found, both training set and testing set are rebuild. This strategy can help SVM handle uncertain data more

effectively, improving its accuracy and reliability. By comparing the obtained results from enhanced SVM with

other methods listed in [22] also with enhanced KNN [24], and with SVM with features selection obtained in phase

1, we find that the value of accuracy of enhanced SVM get the best performance as shown in Figure. 6.
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Figure. 6. Comparision with other methods
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From the results provided, the enhanced Support Vector Machine (SVM) model demonstrates superior
performance compared to other methods across all three datasets—blood, colon, and leukemia.

For blood dataset, the enhanced SVM outperforms the other methods for the blood dataset, with a slight
improvement over SVM with feature selection (2%) and a more noticeable improvement over KNN (5%) and
previous work (9%). For the colon dataset, the enhanced SVM achieves a higher accuracy (95.3%) compared to
SVM with feature selection (93%) and shows a considerable advantage over the previous work (83%) and KNN
method (86%). In the case of the leukemia dataset, the enhanced SVM achieves the highest accuracy (98.7%), which
is slightly better than SVM with feature selection (98.3%), and considerably better than the previous work (97%)
and KNN method (97.9%).

This indicates that the enhanced SVM model, especially in terms of its adaptability and feature selection process,
provides more robust and accurate results compared to other compared methods like SVM with feature selection

obtained from phasel, previous work, and KNN for these datasets.

VIL. DISCUSSION

In this study, we proposed a hybrid feature selection framework aimed at enhancing the classification
performance of medical data by identifying the most relevant features for SVM classifier. We employed a
combination of Information Gain with several optimization techniques, including PSO, Bat Search Method,
Elephant Search Algorithm, and Firefly Algorithm, to identify and select the most significant features for the
datasets.

Our results demonstrated that the performance of the feature selection methods varied depending on the
classification algorithm used. Specifically, the Elephant Search Algorithm outperformed the other optimization
methods when coupled with the SVM classifier, while the Firefly Algorithm achieved the best results with the KNN
classifier. These findings suggest that different optimization techniques may be more suitable for different
classification models, highlighting the importance of selecting the right feature selection method based on the
specific classification task.

The use of 10-fold cross-validation for model evaluation provided a robust assessment of the classification
performance, ensuring that our results were not biased by overfitting. By comparing the accuracy, stability, and
efficiency of the optimized feature selection methods, we were able to show that the proposed hybrid framework
significantly improves classification accuracy compared to traditional feature selection methods, with the Elephant
Search Algorithm and Firefly Algorithm leading the performance in their respective categories.

The improvements in classification accuracy observed in our experiments can be attributed to the effective feature
selection process, which reduced the dimensionality of the data while retaining the most informative features. This is
particularly important in medical datasets, where the number of features often exceeds the number of samples,
creating challenges for traditional machine learning algorithms. Our approach helps mitigate the curse of

dimensionality and enhances the classifier's ability to generalize from the data.
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In second phase, the results presented highlight the significant improvements made to the traditional Support
Vector Machine (SVM) model through the incorporation of enhancements that address the challenges posed by
uncertain data. These results suggest that the enhanced SVM is particularly effective when handling uncertain or
noisy data. The improvements in performance can likely be attributed to the model's ability to adaptively refine both
training and testing sets, ensuring that the classifier is trained on more relevant and accurate information. The
combination of uncertainty handling and feature selection boosts the performance of the SVM. While SVM with
feature selection alone provides good results, the enhanced SVM leverages an additional layer of adaptability that
allows it to better handle varying data conditions.

VIII. CONCLUSIONS

This study proposes a hybrid method to enhance the performance of the Support Vector Machine (SVM)
classification method for large-scale medical data. The proposed approach addresses the challenges faced by
traditional SVMs when working with extensive medical datasets. The technique consists of two main phases. In the
first phase, we aim to identify the optimal subset of features from the available data. This is achieved through a
combination of four optimized methods along with Information Gain, ensuring the selection of features that
contribute the most to model performance. In the second phase, the SVM method is improved to effectively handle
uncertain data. The proposed model addresses potential confusion arising from class imbalances by updating both
the training and testing sets with instances that contribute to this imbalance. Our results demonstrate that the
proposed framework outperforms existing methods, showcasing its effectiveness in managing uncertainty in medical
data classification.

While accuracy is the primary evaluation metric used in this study, in future work, it would be valuable to assess
the proposed model using other metrics such as precision, recall, F1-score. Also, future research could investigate
more advanced uncertainty management techniques, such as fuzzy logic to further enhance the model’s robustness

in the presence of noisy or imbalanced data.
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