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ABSTRACT—  

Accurate and timely disease prediction is a critical component of modern healthcare systems, significantly 

influencing treatment outcomes and patient care. This study explores the application of Support Vector 

Machine (SVM)-based machine learning techniques to enhance disease prediction accuracy. SVM, known 

for its robust classification capabilities, is employed to analyze complex medical datasets and identify 

patterns associated with various diseases. The research involves preprocessing real-world healthcare data, 

feature selection, and tuning SVM parameters to optimize prediction performance. Comparative analyses 

with other machine learning models such as Decision Trees, K-Nearest Neighbors, and Naïve Bayes 

reveal the superior performance of the SVM model in terms of accuracy, precision, and recall. The 

findings demonstrate that SVM can effectively handle high-dimensional data and improve diagnostic 

accuracy, making it a valuable tool for clinical decision support systems. This work contributes to the 

advancement of intelligent healthcare solutions by providing a reliable and scalable approach for early 

disease detection and prevention. 
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1. INTRODUCTION 

The healthcare industry is undergoing a digital transformation, with the integration of advanced 

technologies playing a pivotal role in improving patient outcomes, diagnostics, and preventive care. 

Among these technologies, machine learning (ML) has emerged as a powerful tool in analyzing complex 

and large-scale healthcare datasets to support disease prediction and clinical decision-making [1]. 

Accurate disease prediction not only enhances treatment planning but also contributes to early diagnosis, 

which can significantly reduce mortality rates and healthcare costs [2]. 

Support Vector Machine (SVM), a supervised machine learning algorithm, has shown considerable 

promise in classification tasks, especially in the healthcare domain due to its effectiveness in high-

dimensional data and robustness against overfitting [3]. SVM works by finding the optimal hyperplane 

that maximally separates different classes in the feature space, which makes it particularly suitable for 

binary and multi-class classification problems encountered in medical diagnosis [4]. 

Recent studies have applied SVM for the prediction of various diseases, including diabetes, heart disease, 

cancer, and chronic kidney disease, demonstrating high accuracy and performance compared to traditional 

statistical methods and other machine learning models [5], [6]. For instance, SVM-based models 

outperformed Naïve Bayes and Decision Trees in predicting heart disease using the UCI Cleveland 
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dataset, achieving an accuracy exceeding 85% [7]. Moreover, with advancements in feature selection and 

kernel optimization, the predictive capabilities of SVM models have been further enhanced [8]. 

However, despite its advantages, challenges such as data imbalance, noisy attributes, and interpretability 

of results remain. To address these issues, hybrid approaches and optimized parameter tuning have been 

proposed to improve SVM’s performance and adaptability in clinical settings [9]. This research focuses on 

employing SVM-based techniques to improve disease prediction accuracy using real-world healthcare 

data and compares its performance with other machine learning models. 

The objective of this study is to assess the effectiveness of SVM in disease prediction by applying it to 

benchmark datasets, optimizing its parameters, and evaluating its performance using standard metrics such 

as accuracy, precision, recall, and F1-score. This work aims to contribute to the development of reliable 

decision support systems that can aid healthcare professionals in early diagnosis and personalized 

treatment planning. 

1.2 Objectives of the Study 

The primary objective of this study is to enhance the accuracy and reliability of disease prediction models 

in the healthcare industry by leveraging Support Vector Machine (SVM)-based machine learning 

techniques. The study aims to: 

 Develop an SVM-based predictive model capable of accurately classifying and predicting diseases 

using real-world healthcare datasets. 

 Evaluate the performance of the SVM model using key performance metrics such as accuracy, 

precision, recall, and F1-score. 

 Compare the effectiveness of SVM with other commonly used machine learning algorithms, 

including Decision Trees, K-Nearest Neighbors (KNN), and Naïve Bayes. 

 Implement feature selection and parameter optimization techniques to improve the efficiency and 

predictive power of the SVM model. 

 Demonstrate the applicability of the proposed model in real clinical environments as a decision 

support system for early diagnosis and treatment planning. 

1.3 Scope of the study 

This study focuses on the development, implementation, and evaluation of Support Vector Machine 

(SVM)-based machine learning techniques for disease prediction within the healthcare industry. The scope 

includes the following key areas: 

 Dataset Utilization: The research employs publicly available healthcare datasets (e.g., UCI 

Machine Learning Repository) that contain patient records, clinical symptoms, and diagnostic 

attributes related to diseases such as heart disease, diabetes, and cancer. 

 Data Preprocessing: The study involves data cleaning, normalization, and feature selection to 

ensure high-quality input data for model training and testing. 

 Model Development: An SVM classifier is designed and optimized using various kernels (linear, 

polynomial, RBF) to identify the most effective configuration for disease classification. 

 Comparative Analysis: The performance of the SVM model is benchmarked against other standard 

machine learning algorithms including Decision Trees, K-Nearest Neighbors, and Naïve Bayes. 

 Evaluation Metrics: The effectiveness of the models is assessed using classification metrics such as 

accuracy, precision, recall, F1-score, and ROC-AUC. 

 Healthcare Application: The study emphasizes practical applicability, demonstrating how the 

proposed SVM-based model can be integrated into clinical decision support systems to assist 

healthcare professionals in early diagnosis and preventive care. 

 Limitations Acknowledged: The scope is limited to structured datasets and binary or multi-class 

disease prediction tasks. It does not address real-time data streaming, unstructured clinical text 

data, or deep learning approaches. 
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2. LITERATURE REVIEW 

Recent advancements in healthcare analytics have seen the integration of SVM with other intelligent 

systems such as fuzzy logic, neural networks, and ensemble methods to further enhance predictive 

capabilities. For example, Patil and Kumaraswamy [10] developed a hybrid SVM and fuzzy inference 

system that improved the interpretability and classification accuracy for heart disease detection. This 

integration allowed the system to manage both numerical and linguistic variables efficiently, mimicking 

clinical reasoning more closely. 

 

Another emerging trend is the use of ensemble learning with SVM to overcome its limitations in handling 

highly imbalanced or heterogeneous datasets. Alshamlan et al. [11] introduced a hybrid gene selection and 

ensemble SVM classifier for cancer classification using microarray data. Their results demonstrated 

significant performance improvement in terms of sensitivity and specificity compared to standalone SVM 

and other classifiers, proving the potential of ensemble methods in complex biomedical data analysis. 

 

With the rise of electronic health records (EHRs) and big data, scalable versions of SVM have been 

proposed to handle high-volume, high-velocity clinical datasets. Xu et al. [12] applied a distributed SVM 

framework on Apache Spark to predict chronic diseases, achieving efficient model training while 

preserving high accuracy. This approach is particularly valuable for real-time disease surveillance and 

decision support systems in large hospitals and public health settings. 

 

Furthermore, recent studies have focused on kernel optimization for SVM, as the choice of kernel 

significantly affects model performance. Tzeng and Hwang [13] demonstrated that using a radial basis 

function (RBF) kernel, when appropriately tuned, can significantly enhance the model's capacity to 

capture non-linear patterns in healthcare data. Kernel engineering remains a key area of research for 

improving SVM generalization in various medical diagnostic tasks. 

 

In addition, explainability and interpretability of machine learning models have gained attention in clinical 

AI. While SVM is often criticized for its "black-box" nature, efforts have been made to integrate 

explainable artificial intelligence (XAI) approaches. Ribeiro et al. [14] proposed LIME (Local 

Interpretable Model-agnostic Explanations) as a method to interpret SVM predictions, offering clinicians 

transparency and trust in ML-assisted decisions. 

 

Finally, in a comprehensive review by Deo [15], the role of SVM and other machine learning methods in 

predictive healthcare was analyzed. The review highlighted SVM’s consistent performance across diverse 

medical domains but also pointed out the need for domain-specific tuning and the incorporation of domain 

expertise for optimal performance. 

 

These studies collectively affirm that while SVM is a robust and adaptable algorithm for disease 

prediction, its effectiveness can be further enhanced through hybrid models, ensemble techniques, 

distributed computing, kernel optimization, and model interpretability enhancements. This research aims 

to build upon these methodologies to deliver a high-performance, scalable, and clinically useful SVM-

based disease prediction system. 
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Table 1: Comparison table based on previous year research paper based on methodologies and findings 

 

S. No Author(s) Year Title Methodology Findings Dataset 

Used 

1 Polat & Güneş 2007 An expert 

system 

approach for 

diabetes 

diagnosis 

SVM with 

PCA 

94.16% 

accuracy in 

diabetes 

classification 

UCI 

Diabetes 

Dataset 

2 Akhil & Ravi 2020 Optimized 

SVM for breast 

cancer 

detection 

SVM with 

parameter 

tuning 

Outperformed 

Logistic 

Regression 

and Naïve 

Bayes 

Wisconsin 

Breast 

Cancer 

Dataset 

3 Kavakiotis et al. 2017 ML and data 

mining in 

diabetes 

Comparative 

ML study 

SVM showed 

high precision 

and sensitivity 

Multiple 

datasets 

4 Shilaskar & 

Ghatol 

2013 Feature 

selection for 

heart disease 

SVM with 

Genetic 

Algorithms 

Improved 

accuracy and 

reduced 

computation 

UCI Heart 

Disease 

Dataset 

5 Zhang et al. 2013 Liver disease 

prediction 

using PSO-

SVM 

SVM with 

PSO and 

kernel 

entropy 

Enhanced 

classification 

performance 

Liver 

Patient 

Dataset 

6 Abdar et al. 2017 Early detection 

of liver disease 

Multiple ML 

methods 

including 

SVM 

SVM 

performed 

well in 

accuracy 

Indian 

Liver 

Patient 

Dataset 

7 Uddin et al. 2018 Breast cancer 

prediction 

Comparative 

ML analysis 

SVM showed 

good balance 

in 

performance 

metrics 

Wisconsin 

Dataset 

8 Patil & 

Kumaraswamy 

2010 Hybrid SVM-

fuzzy system 

for heart 

disease 

SVM with 

fuzzy logic 

Enhanced 

interpretability 

and accuracy 

Heart 

Disease 

Dataset 

9 Alshamlan et al. 2015 Gene selection 

with ensemble 

SVM 

Ensemble 

SVM 

Improved 

sensitivity and 

specificity 

Microarray 

Cancer 

Dataset 

10 Xu et al. 2018 Distributed 

SVM using 

Spark 

Distributed 

SVM 

Efficient for 

big clinical 

data 

Chronic 

Disease 

EHRs 

11 Tzeng & 

Hwang 

2010 Fuzzy-

weighted SVM 

Fuzzy SVM Improved 

classification 

with weighted 

kernel 

Clinical 

Data 

12 Ribeiro et al. 2016 LIME: 

Explainable 

ML 

SVM with 

LIME 

Improved 

model 

transparency 

Generic 

Medical 

Dataset 

13 Deo 2015 ML in 

medicine 

Review SVM is 

reliable across 

domains 

Multiple 

datasets 

14 Vapnik 1998 Statistical 

Learning 

Theoretical 

basis of SVM 

Foundation 

for SVM in 

N/A 
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Theory ML 

15 Kavakiotis et al. 2017 Comprehensive 

review of 

diabetes 

prediction 

Survey SVM among 

top performers 

Multiple 

 

3.  METHODOLOGY 

 

This study adopts a structured machine learning workflow centered around the Support Vector Machine 

(SVM) algorithm to enhance disease prediction accuracy within the healthcare industry. The methodology 

involves multiple stages: data collection, preprocessing, feature selection, model training, and evaluation. 

The workflow is designed to ensure accuracy, robustness, and clinical relevance of the predictions. 

 

3.1 Data Collection 

The research utilizes publicly available healthcare datasets, such as: 

 

UCI Heart Disease Dataset 

 

Wisconsin Breast Cancer Dataset 

 

PIMA Indian Diabetes Dataset 

 

These datasets include various clinical and demographic features such as age, blood pressure, cholesterol 

levels, blood sugar, BMI, insulin levels, and diagnostic results. They were selected due to their wide 

acceptance and comprehensive attribute coverage relevant to disease classification. 

 

3.2 Data Preprocessing 

Data preprocessing is a critical step to ensure the integrity and quality of the input for machine learning 

algorithms. It includes: 

 

Handling Missing Values: Imputation techniques like mean/mode filling or k-NN imputation are used. 

 

Normalization: Feature scaling using Min-Max or Z-score normalization to standardize input values. 

 

Encoding Categorical Variables: Label encoding or one-hot encoding for nominal data. 

 

Outlier Detection: Isolation Forest or IQR method to detect and optionally remove extreme values. 

 

3.3 Feature Selection 

To improve the SVM model's efficiency and reduce overfitting, feature selection is applied using methods 

such as: 

 

Recursive Feature Elimination (RFE) 

 

Mutual Information Gain 

 

Principal Component Analysis (PCA) 

 

These methods help in identifying the most influential features contributing to disease classification, 

reducing dimensionality and enhancing generalization. 
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3.4 Model Development 

The core classifier used in this study is the Support Vector Machine (SVM). It is chosen for its ability to 

handle high-dimensional data and its effectiveness in binary and multiclass classification problems. 

Different kernel functions are explored: 

 

Linear Kernel 

 

Polynomial Kernel 

 

Radial Basis Function (RBF) Kernel 

 

Hyperparameters such as C (regularization), gamma, and kernel type are optimized using Grid Search 

with Cross-Validation (GridSearchCV). 

 

3.5 Model Evaluation 

To evaluate the performance of the trained SVM model, multiple metrics are considered: 

 

Accuracy 

 

Precision 

 

Recall 

 

F1-Score 

 

Area Under the ROC Curve (AUC) 

 

A k-fold cross-validation technique (typically 10-fold) is used to ensure the reliability and consistency of 

the results across different subsets of data. 

 

3.6 Comparative Analysis 

The SVM model's performance is compared with other machine learning classifiers, such as: 

 

Logistic Regression (LR) 

 

Random Forest (RF) 

 

k-Nearest Neighbors (k-NN) 

 

Decision Tree (DT) 
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4. RESULT 

The experimental evaluation was conducted on three healthcare datasets: UCI Heart Disease, PIMA 

Indian Diabetes, and Wisconsin Breast Cancer. The SVM model was compared with other machine 

learning models such as Logistic Regression (LR), Random Forest (RF), and k-Nearest Neighbors (k-NN). 

The following table summarizes the performance metrics including Accuracy, Precision, Recall, F1-Score, 

and AUC. 

Table 2. Classification Accuracy Comparison 

Dataset Classifier Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

AUC 

UCI Heart 

Disease 

SVM 

(RBF 

Kernel) 

88.52 89.10 87.60 88.34 0.91 

 Logistic 

Regression 

83.69 84.20 82.30 83.24 0.87 

 Random 

Forest 

85.41 86.00 84.00 85.00 0.89 

 k-NN 80.32 81.10 79.20 80.14 0.84 

PIMA 

Diabetes 

SVM 

(RBF 

Kernel) 

82.29 83.20 81.00 82.09 0.86 

 Logistic 

Regression 

77.08 78.30 76.00 77.13 0.80 

 Random 

Forest 

79.10 80.10 78.20 79.14 0.83 

 k-NN 75.65 76.80 74.00 75.38 0.79 

Breast 

Cancer 

(Wisconsin) 

SVM 

(Linear) 

96.48 97.00 96.00 96.49 0.98 

 Logistic 

Regression 

92.70 93.30 92.10 92.70 0.94 

 Random 

Forest 

94.38 95.10 94.00 94.54 0.96 

 k-NN 91.85 92.40 91.00 91.69 0.93 

Key Observations 

 SVM consistently outperformed other classifiers across all datasets. 

 The highest accuracy was achieved on the Wisconsin Breast Cancer dataset using a linear SVM 

(96.48%). 

 RBF Kernel proved effective for non-linear data like heart disease and diabetes. 

 Random Forest performed well but lacked consistency across all datasets. 

 Logistic Regression and k-NN showed lower predictive power, especially in complex datasets. 

 

5. CONCLUSION  

This study demonstrated the effectiveness of Support Vector Machine (SVM) techniques in enhancing 

disease prediction accuracy within the healthcare industry. By leveraging carefully preprocessed clinical 

datasets and optimized SVM models, the research achieved consistently high classification performance 

across multiple diseases, including heart disease, diabetes, and breast cancer. 

The comparative analysis revealed that SVM, particularly with the RBF kernel for non-linear data and the 

linear kernel for linearly separable datasets, outperforms several traditional classifiers such as Logistic 

Regression, Random Forest, and k-Nearest Neighbors. This highlights SVM’s robustness and adaptability 

in handling complex and high-dimensional medical data. 
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Furthermore, the use of feature selection techniques helped improve model efficiency and generalizability, 

demonstrating the importance of preprocessing in machine learning workflows for healthcare applications. 

Future work can explore integrating SVM with ensemble methods or deep learning architectures to further 

boost prediction accuracy and interpretability. Additionally, deploying these models in real-time clinical 

decision support systems can potentially improve patient outcomes by enabling timely and accurate 

diagnosis. 

Overall, SVM-based machine learning provides a promising approach to augmenting disease diagnosis, 

contributing to more reliable, data-driven healthcare solutions. 
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