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 Cardiovascular diseases 𝐶𝑉𝐷𝑠remain one of the leading causes of mortality worldwide, 
creating a need for accurate and early prediction systems. This study presents a hybrid 

machine learning framework that combines Support Vector Machine 𝑆𝑉𝑀classification 

with Genetic Algorithm 𝐺𝐴-based hyperparameter optimization for cardiovascular 
disease prediction. The proposed model applies preprocessing, normalization, and 
ANOVA-based feature selection to improve classification efficiency and reduce 

redundant features. The optimized GA-tuned SVM model was evaluated using a 

publicly available cardiovascular disease dataset and compared with baseline classifiers 
including Random Forest, K-Nearest Neighbors, XGBoost, and conventional SVM. 

Experimental results demonstrated that the proposed approach achieved superior 

predictive performance with an accuracy of 91.11% and ROC-AUC of 93.20%. The 
findings indicate that the proposed hybrid framework can support intelligent clinical 

decision-making and early cardiovascular disease detection in healthcare applications. 
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1. INTRODUCTION 

One of the leading causes of death globally is thought to be cardiovascular diseases (CVDs) [1]. The World Health Organization (WHO) estimates that 

cardiovascular illnesses cause 17.95 million deaths annually, or over 32% of all fatalities worldwide [2]. The rising number of deaths from cardiovascular diseases 

underscores the need for effective prevention strategies and early diagnostic systems, thus making cardiovascular diseases a major health concern globally [7,9]. 
Cardiovascular illnesses have multiple origins, most of which are associated with different risk factors. Numerous modifiable risk factors, such as dietary practices, 

inactivity, smoking, and excessive alcohol use, have a significant impact on cardiovascular illnesses [4,8]. Cardiovascular disorders are also influenced by non-
modifiable risk variables such as age, gender, and genetics [3]. To identify people who are at a higher risk of cardiovascular diseases, sophisticated analytical tools 

that analyse multiple variables to find hidden patterns in medical data are necessary due to the complex relationship between the various risk factors contributing 

to cardiovascular diseases [10]. The main motivation behind the proposed research work is the identification of the early symptoms of cardiovascular diseases. 
Although the conventional approach is reliable in this regard, it is not always sufficient in cases where the symptoms of the diseases are not clearly visible [21-24]. 

This has created a significant interest in the development of computational approaches that could assist conventional approaches with the aid of data-driven insights 

regarding the health of the patient [11]. 

 
Figure 1. Architecture of improved GA-tuned SVM model [23] 

1.1 Machine Learning Limitation in CVD Detection Approach:Medical clinical data has been subjected to a variety of machine learning techniques, such as 

ensemble methods, Random Forest, multiclass Support Vector Machine, and Neural Networks [11-16]. Fixed loss functions and assessment criteria are typically 
the foundation of traditional machine learning techniques. Regrettably, assessment criteria are frequently insufficient to address learning issues related to class 

imbalance [15]. Due to its excellent performance in addressing binary class learning difficulties, Support Vector Machine has garnered a lot of attention in machine 

learning among the methods created for handling class imbalance learning problems [17-20]. The selection of suitable values for the Support Vector Machine's 
parameters, such as regularisation parameters, kernel types, and gamma values, typically determines the machine's performance [3,4]. Inappropriate parameter 

selection frequently leads to either overfitting or underfitting. Grid search or manual trial-and-error methods are typically used to choose the parameters. The 

manual trial-and-error method typically takes a long time and does not provide the best possible outcome. 
1.2 Contribution of Proposed Research :The main contribution this research will make is that the hybrid method is proposed as a successful combination of 

Support Vector Machine and Genetic Algorithms methods. Genetic Algorithm optimizes the hyperparameters of SVM model which enhances the accuracy, 

reliability and generalizability of the results of the classification. Since the cardiovascular disease prediction issue demands a high level of accuracy and reliability, 
suggested SVM-GA model is rather relevant. The hybrid model that has been proposed can be associated with the principles of precision medicine that focuses on 

making medical interventions specific to the individual characteristics of a patient. The proposed SVM-GA model would help medical professionals to exercise 

informed decision-making that may improve the quality of healthcare services and reduce their prices. The proposed hybrid model of SVM and GA is an innovation 
in the sphere of computational diagnostics since it covers the weakness of the current methods of diagnosis and is highly efficient in early diagnosis of 

cardiovascular disorders. 

2. LITERATURE REVIEW 

The issue of cardiovascular disease prediction with the help of advanced computational algorithms has been discussed by a great number of research studies in the last few years. 

Fast, precise, and efficient diagnostic technologies are required because cardiovascular disease remains a significant issue in the world population. This section of the study addresses the 

current research in the field of machine learning, optimization, and hybrid methodologies that are used in prediction of cardiovascular disease. 
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2.1 AI Approaches for CVD Prediction:Medical diagnosis has successfully employed a number of machine learning classifiers, such as Support Vector Machine 

(SVM), Random Forest (RF), K-Nearest Neighbor’s (KNN) and deep learning algorithms, due to their ability to scan large datasets and extract underlying patterns 

[20]. Recent research claims that machine learning types of classifiers may enhance early detection of heart diseases. It demonstrated superior results in their 

systematic examination of machine learning as well as deep learning algorithms in predicting heart disease as compared to old fashioned methods. Nonetheless, 

the issues of deploying machine learning classifiers to real-time systems and the interpretability of machine learning classifiers were not discussed in the study in 
detail [1]. The effectiveness of individual and hybrid machine learning classifiers in the detection of cardiovascular diseases in the initial stages of their development 

was validated. Nevertheless, the challenges of optimization of machine learning classifier and imbalance in class in machine learning classifier were not addressed 

in the research [2]. 
2.2 Hyperparameter Tuning in Classification Models :Hyperparameter tuning is also a very important part of the implementation of machine learning model 

performance. Despite being used, the classic methods of hyperparameter optimisation such as grid search and manual tuning are impractical to optimize models, 

particularly in high-dimensional space. Although optimization methods such as random search and Bayesian optimization can be used to optimize models, they 
are limited in their ability to perform a global search. In a recent study, an ensemble-based model to operate an image classification based on the Genetic Algorithm 

is introduced. Their proposed EGACNN model has a 99.91% accuracy and CNN-spiking neural network model had an accuracy of 99.68%. These results made it 

clear that hyperparameter optimization techniques can boost the performance of image categorization accuracy [3]. To optimize a Random Forests model with a 
FOX algorithm and predict cardiovascular disease in another research. In their proposed model, they used the UCI cardiovascular disease dataset with 13 variables 

and 303 samples. One of the preparation tasks included them using SMOTE to balance the data, treating missing values, and normalising the data. Their findings 

showed that they were more reliable than the conventional methods and that the precision was 97.83, recall 97.88, and the F1-score was 97.89 [4]. 
2.3 Genetic Algorithm in Machine Learning Optimization :In this respect, we are motivated by natural selection in the population-based metaheuristic 

optimization strategy called Genetic Algorithm (GA). It is used to determine solutions of optimization problems with a fitness function. Genetic algorithms are a 

widely used approach to optimization and have been successfully used by various scholars in improving the performance of machine learning models. The 
suggested a learning-assisted evolutionary algorithm that improves the performance of small-scale multi-objective optimization tasks. They demonstrated the 

effectiveness of their strategy in the context of other optimization strategies that are currently being used in their study [5]. The study demonstrated the effectiveness 

of their approach to enhance the efficiency of optimization of different optimization problems [6]. As an optimization method, a genetic algorithm can be useful in 
boosting the accuracy of a machine learning model. However, the issues of reliability in health information are beyond the reach of the different methods currently 

in existence of optimization. To make the models of predicting cardiovascular diseases more accurate, a better hybrid approach to machine learning is needed, 

combining feature selection in optimizations. 

3. MATERIALS AND METHODS 

This study presents a proposed hybrid machine learning model, which is founded on predicting the cardiovascular disease (CVD). The method is a combination of 

Support Vector Machine (SVM) and Genetic technique (GA) optimisation, which makes it classified with accuracy and possesses better predictive robustness. The 

proposed framework also avoids the weaknesses that are inherent in the traditional machine learning algorithms, which automatically identify the optimal 
hyperparameters through global search methods. In general, the strategy includes mathematical modelling, kernel-based classification and evolutionary 

optimization algorithms, which are intended to provide a good analysis of medical data. The given proposal applies to the publicly available UCI Heart Disease 

data containing 303 cases of patient experiences and several clinical attributes that can be used to predict cardiovascular disease. The summary of data attributes 
in the present study is presented in Table 1 which shows the sample size, features and classes distribution. 

Table 1. Dataset description 

Parameter Description 

Dataset Name UCI Heart Disease Dataset 
Source UCI Machine Learning Repository (24) 

Total Samples 303 

Total Features 14 

Selected Features Top 10 (ANOVA-based) 

Target Classes Disease / No Disease 

Data Type Clinical patient records 

3.1 Support Vector Machine Framework:Support Vector Machine (SVM) is a supervised machine learning technique that can handle high-dimensional data and 
has a high degree of generalisation, making it widely useful to classification. Building an ideal hyperplane that maximises the separation margin between different 

classes is the primary goal of SVM. The training dataset will be displayed as follows the labels have been applied: 

𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁                        (1) 

 

where: 𝑥𝑖 ∈ 𝑅𝑑 represents the feature vector of the 𝑖𝑡ℎpatient, 𝑦𝑖 ∈ {−1, +1} is the label of corresponding class 
The classification function of SVM is defined as: 

𝑓(𝑥) = 𝜔𝑇𝜙(𝑥) + 𝑏                        (2) 
 

where: 𝜔 denotes the weight vector, 𝜙(𝑥)represents nonlinear feature transformation, 𝑏 represents bias  
SVM is aimed at maximizing the distance between two classes and reducing errors in classification. This is optimized by the use of the following optimization: 

min 
𝜔,𝑏,𝜀

1

2
∣∣ 𝜔 ∣∣2+ 𝐶 ∑ 𝜀𝑖

𝑁
𝑖=1                      (3) 

 

subject to: 

𝑦𝑖(𝑤𝑇𝜙(𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0                   (4) 
 

where: 𝜀𝑖 are the slack variables, C refers to the regularization parameter of the classification tolerance. This is an expression that allows SVM to address both the 
linearly separable and non-separable data sets. 

3.2 Kernel Function for Nonlinear Classification: When it comes to variables, medical data is typically nonlinear. Kernel functions are used to convert input 

data in a higher-dimensional feature space to solve the nonlinear separability. This study adopts the Radial Basis Function (RBF) kernel due of its versatility and 
ability to handle nonlinear classification problems.  The definition of the RBF kernel is: 

𝐾(𝑥𝑖, 𝑥𝑗) = exp ( −𝛾 ∥ 𝑥𝑖−𝑥𝑗 ∥2)                       (5) 

 

where:  𝛾 is the kernel width parameter, A higher value of 𝛾produces narrower decision boundaries. The RBF kernel is the most common kernel used in medical 
predictions because it can represent the complicated decision surfaces. 

3.3 Genetic Algorithm-Based Hyperparameter Optimization: Genetic Algorithm (GA) is a metaheuristic optimization algorithm which is a population-based 

method based on biological evolution. It works by enhancing candidate solutions with genetic operation like selection, crossover and mutation. In the suggested 
framework, GA is used to optimize such variables of critical SVM hyperparameters as regularization parameter, kernel coefficient, and kernel type. Candidate’s 

solutions are indicated by the use of chromosomes. The structure of the chromosomes is determined as: 

𝜃 = (𝐶, 𝛾, 𝑘)                       (6) 
 
The initial population is generated as: 

𝑃(0) = {𝜃1, 𝜃2, … , 𝜃𝑀}                     (7) 
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where: 𝜃𝑗  represents the hyperparameter vector, 𝑀 denotes population size. The population is changing over many generations to enhance performance of models. 

3.4 Fitness Evaluation Strategy: Each chromosome's performance within the population is evaluated using the fitness function. In the present study, the Receiver 

Operating Characteristic-Area Under Curve (ROC-AUC) and classification metrics are combined to quantify the prediction capacities. The following function: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝜃𝑗) = 𝛼 ⋅ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 + 𝛽 ⋅ 𝑅𝑂𝐶-𝐴𝑈𝐶                                                     (8) 

where: 𝛼 + 𝛽 = 1, 𝛼, 𝛽 ≥ 0. The weighting parameters 𝛼 and 𝛽 are selected to balance classification accuracy and discrimination capability. This combined 
evaluation ensures reliable model selection and prevents bias toward a single performance metric. 

3.5 Genetic Operations: Genetic operations are taken in a repetitive manner to transform the population of candidate solutions to optimal hyperparameter values. 

These operations are the simulation of biological evolution mechanisms and enhance the performance of models over generations. Selection, crossover, and 
mutation are the primary genetic processes used in this work.  

3.5.1 The Process of Selection : Based on their fitness value, the selection procedure will identify the most suitable parent chromosomes. The likelihood that a 

chromosome will be selected for use in reproduction increases with its fitness value. The selection of parents is described as: 

𝜃𝑝𝑎𝑟𝑒𝑛𝑡 = arg max 
𝜃∈𝑃

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝜃)                    (9) 

This operation helps to make sure that the best solutions are taken for the next generation to enhance the efficiency of convergence. 

3.5.2 Crossover Operation: New offspring chromosomes are produced using crossovers so that it mixes features of two parent chromosomes. The operation 
increases diversity of the population and increases the likelihood of finding the best solutions. The crossover operation will be given as: 

𝜃𝐶ℎ𝑖𝑙𝑑 = 𝜆𝜃𝑝1 + (1 − 𝜆)𝜃𝑝2                      (10) 

where: 𝜃𝑝1, 𝜃𝑝2 represent parent chromosomes, 𝜆 denotes crossover coefficient. The step facilitates exchange of genetic information among parent solutions. 

3.5.3 Mutation Operation: Mutation leads to the introduction of random changes in the chromosomes to ensure there is a variation in the chromosomes to avoid 

converging early. It is defined that the mutation will be performed as follows: 

𝜃∗ = 𝜃 + 𝜀, 𝜀 ∼ 𝒩(0, 𝜎2)                           (11) 

where: 𝜀 represents a random mutation variable, 𝜎2represents mutation variance  
Mutation guarantees the search of new solution spaces and enhances the ability to search globally. 
3.6 Optimized Hyperparameter Selection: The most successful chromosome is chosen after several generations of genetic development through the highest 

fitness value. The optimal set of hyperparameters for training the final model is this chromosome. The chosen optimised parameters are expressed as follows: 

𝜃∗ = arg max 
𝜃∈𝑃

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝜃)                 (12)       

This step determines the hyperparameters that are optimized globally to give the classification performance maximum. 

3.7 Final Optimized SVM Classification Model: The final Support Vector Machine model is trained to do classification using the optimised hyperparameters 

found by the Genetic Algorithm. The definition of an optimised decision function is: 

𝑓∗(𝑥) = ∑ 𝛼𝑖
𝑁
𝑖=1 𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏                  (13) 

where: 𝛼𝑖represents support vector coefficients, 𝑦𝑖 represents class labels, 𝐾(𝑥𝑖 , 𝑥)is the kernel function, 𝑏 𝑖𝑠 𝑡ℎ𝑒 bias. Combination of Genetic Algorithm and 
Support Vector machine will make it possible to optimize and globalize the hyperparameters as the classification accuracy and predictive reliability is enhanced. 

This hybrid structure is especially applicant when dealing with nonlinear and imbalanced cardiovascular data, which enhances the ability of the early detection in 
the clinical decision-making system. 

3.8 Summary of Proposed Hybrid Framework : The methodology that would be recommended in the study would involve the use of the efficiency of the 

Support Vector Machine classification and the Genetic Algorithm optimisation to develop an effective prediction model. The SVM component gives a high 
performance of learning correct classification according to the margin and the GA component will optimize the performance automatically by automatically optimizing the 

hyperparameters. These combination techniques result in stronger generalization, reduction of classification errors and prediction of cardiovascular diseases. 

3.9 Data Processing and Experimental Setup: The proposed hybrid GA-tuned SVM model would be implemented on Jupyter Lab on Python language. The 

implementation process comprised the data set acquisition, its preprocessing, feature selection, model training and performance assessment. The objective of the 

workflow was to ensure reproducibility and reliable execution of the workflow on the task of cardiovascular disease prediction. 
3.9.1 Dataset Description: The proposed system will be based on a publicly available cardiovascular dataset that was acquired through the UCI Machine Learning 

Repository.  The data set is a combination of clinical variables, which are associated with the diagnosis of cardiovascular disease, and demographic and 

physiological variables. It was trained and tested on 303 records of patients who had numerous clinical features (24). 
3.9.2 Data Preprocessing: Data preprocessing is required to enhance model performance and come up with a sound prediction output. First, the encoding of the 

category variables sex, type of chest pain (cp), thal, and slope into numerical numbers were performed through the use of label encoding methods. The change 
allowed even categorical data to be processed by machine learning algorithms.  Two methods of statistics that were used to determine the outlier include Z-score 

analysis and box plot visualisation. There were numerical variables that were scrutinized under scrutiny, which are cholesterol level (chol), the maximal heart rate 

(thalach), and the ST depression (oldpeak). Extreme values that fell out of the three standard deviations were verified and further processing was done to keep the 
extreme values that were clinically important. This was done through feature scaling in which numerical attributes were standardized with the use of normalization methods. 

Standardization also ensured that the contribution of all the features in the classification process was equal as well as it increased convergence during model training. 

3.9.3 Feature Selection Using ANOVA: The Analysis of Variance (ANOVA) F-test was employed in determining the most relevant variables to make a prediction 
of cardiovascular illness. The SelectKBest method was used to identify the ten most significant features in relation to the target variable in terms of their statistical 

value. The characteristics that were selected to be used in the proposed model are indicated in Table 2. The characteristics selected made the classification more effective and reduced 

the dimensions and eliminated the redundant variables. The computation performance and the model complexity were also enhanced by the process. 
Table 2. Features of Data Set 

age sex smoke years ldl chp height weight fh active ihd hr dm bpsys bpdias htn ivsd 

65 0 0 0 69 4 168 111 1 0 1 98 1 120 80 1 0 
54 1 0 0 117 2 145 81 0 0 0 85 0 130 80 0 0 

61 0 1 45 86.2 2 160 72 0 0 0 63 1 150 70 1 0 

57 0 0 0 76 2 176 78 1 0 1 74 1 120 70 0 0 

62 1 0 0 160 3 154 61 0 0 0 89 1 110 70 0 0 

52 1 0 0 125 2 146 95 1 0 1 85 1 110 60 1 0 
53 1 0 0 260 4 158 74 0 0 0 118 1 170 90 1 0 

50 1 0 0 121 1 160 79 1 0 0 69 0 120 80 1 0 

3.9.4 Dataset Splitting Strategy: The dataset was divided into training and testing sets using stratified sampling in order to assess the model's performance. To 

ensure that the distribution of classes in both subsets was uniform, stratified splitting was employed. The distribution of the dataset consisted of:  

 Approximately 80% of the training data  

 Approximately 20% of the testing data  
The dataset of 297 valid records after preprocessing included an equal number of the two classes of non-disease and disease cases (approximately 54% and 46% 

respectively). 

3.9.5 Genetic Algorithm Parameter Configuration 

The SVM hyperparameters, including the kernel coefficient (γ) and regularisation parameter (C), were optimised using a genetic algorithm. To find the best set of 

parameters to maximise classification performance, the algorithm was run on multiple generations. 
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Figure 2. Flowchart of the proposed improved GA-tuned SVM model 

Algorithm Steps: 
1. Initialization: Create an initial chromosomal population at random.  

2. Fitness Evaluation: Use cross-validation to gauge each chromosome's performance (fitness). 

3. Selection: Use methods like tournament selection to pick the fit individuals for procreation.  
4. Crossover: To produce kids, portions of two parental chromosomes are combined.  

5. Mutation: To preserve variety, randomly modify genes.  

6. Replacement: Select the best individuals from both the current population and the most recent offspring to form a new population.  
7. Termination: Repeat steps 2 through 6 for a predetermined number of generations or until convergence.  

The flow diagram will be expanded with all the steps, including the data preparation and model evaluation. The workflow of the proposed model is shown in Figure 2. 

3.9.6 Model Training and Evaluation 

The SVM classifier was optimized using the selected characteristics and the optimized hyperparameters obtained with the help of the Genetic Algorithm. The 

model performance was assessed based on conventional performance measurements such as accuracy, precision, recall, F1-score, and ROC-AUC. These assessment 

measures have given an overall understanding of diagnostic effectiveness and reliability of classification. Reproducibility and computational efficiency Python-
based machine learning frameworks were used to perform preprocessing, optimizations and classification. 

4. RESULTS AND DISCUSSION 
The next section demonstrates the performance study of proposed improved GA-tuned Support Vector Machine (SVM -GA) model in cardiovascular disease 

prediction. The model's performance was evaluated using standard classification measures and compared to baseline machine learning methods like Random 

Forest, Support Vector Machine (SVM), K-Nearest Neighbours (KNN), XGBoost, and CatBoost.  

4.1 Metrics for Performance Evaluation  

Standard evaluation metrics like accuracy, precision, recall, and F1-score have been used to assess the suggested model. 

Accuracy is calculated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                      (14) 

 

Precision is defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                      (15) 

 

Recall (Sensitivity) is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                   (16) 
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The F1-score, representing the harmonic mean of Precision and Recall, is calculated as: 

𝐹1 =
2(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                      (17) 

 These measures are an overall assessment of the accuracy of classification and prediction reliability. 

4.2 Cross-Validation Outcome Analysis:The suggested enhanced GA-tuned SVM model attained an accuracy of 91.11%, that is indicative of high level of 
generalization in terms of validation datasets. The model achieved a precision of 91.77%, this implies that the model makes fewer false positive forecasts and this 

is of great value in medical diagnosis to avoid misdiagnosis of the target disease on a healthy person The model's ability to accurately identify true positive situations 
is demonstrated by its recall value of 91.11%. Additionally, the correctness of the suggested model is demonstrated by the F1-score of 91.02%, which shows an 

equal trade-off between precision and recall. 

Table 3. Comparative performance analysis 

Model Precision (%) Recall (%) Accuracy (%) ROC–AUC (%) 

Random Forest 84.60 84.44 84.44 86.10 

SVM 90.88 90.00 90.00 91.40 

KNN 89.48 88.89 88.89 90.20 
XGBoost 82.22 82.22 82.22 84.00 

CatBoost 83.02 82.22 82.22 84.60 

Improved GA-Tuned SVM 91.77 91.11 91.11 93.20 

The results shown in Table 3 demonstrate that the recommended GA-tuned SVM model outperforms all baseline classifiers across all assessment metrics.  

4.3 Comparison of Graphical Performance 

 
Figure 3. Graphical comparative performance analysis 

The relative performance of different machine learning models is shown in Figure 3. Particularly in classifier performance and ROC-AUC rates, the recommended 

GA-tuned SVM model consistently outperforms the other models. 
4.4 Confusion Matrix Analysis:The confusion matrix of the suggested GA-tuned SVM model and the traditional machine learning model are compared in Figure 

4. When compared to other examined models, the suggested model had the lowest false positive (FP = 1) and false negative (FN = 7). Reduced false negativity 

lowers the frequency of cases of missed diseases, which makes false negatives particularly crucial for disease diagnosis. These results imply that the proposed 
approach would have higher diagnostic reliability and clinical utility. 

 
Figure 4. Confusion matrix comparison of classification models 

4.5 ROC Curve Analysis: The classification performance at various threshold values were obtained by drawing Receiver Operating Characteristic (ROC) curves. 
The maximum ROC-AUC of 93.20%, was obtained with the proposed model of GA-tuned SVM, and this means that it has a high ability to discriminate between 

disease and non-disease classes. The ROC curve of the proposed model seems the closest to the top-left corner that is the ideal classifier performance. 

 

 
Figure 5. ROC curves for evaluated classification models 
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5. CONCLUSION 

This study proposed a combined machine learning model that combines Support Vector Machine (SVM) classification and hyperparameter search using Genetic 

Algorithm (GA) to predict cardiovascular diseases. It was found that the suggested approach outperforms the traditional machine learning framework in terms of 

classification accuracy (91.11) and ROC -AUC (93.20). Evolutionary optimization made it possible to effectively tune the parameters, which led to a higher degree 
of model stability and prediction consistency. The developed framework is a scalable and reliable solution to cardiovascular disease early detection by doing feature 

selection with optimized classification. The results of the present research show that hybrid machine learning can be an essential part of the creation of intelligent 

healthcare systems and the assistance of clinical decision-making processes. The combination of data balancing strategies like Synthetic Minority Oversampling 
Technique (SMOTE) and ensemble learning strategies can be further employed in the future to improve on prediction performance, especially with imbalanced 

medical data. 
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