
 
                                                                                                                                                Vol 11, No 2, June, 2025 Series  

     
 
 

79 

Heart Disease Prediction Model 
 

*Otaren, Fredrick Enoma & Samuel, Oghenerukevwe Favor  
Department of computer Science 

Benson Idahosa University 
Okha Benin City, Nigeria. 

*Email: fotaren@biu.edu.ng, fredrickotaren@physci.uniben.edu 
*Phone: +2348109161345 

  
 

ABSTRACT 
 

 
Heart disease remains a leading cause of mortality worldwide, emphasizing the need for early 
detection and prevention. This paper presents a predictive model for heart disease using machine 
learning algorithms, aiming to enhance diagnosis accuracy and support timely medical interventions. 
The model leverages algorithms such as Logistic Regression, Decision Tree, and Random Forest to 
analyze patient data, including age, cholesterol levels, blood pressure, and other risk factors. By 
training on historical health records, the model predicts the likelihood of heart disease with high 
accuracy. This machine learning-based approach provides a cost-effective and efficient tool for 
healthcare professionals to identify at-risk individuals and improve outcomes through early 
treatment. The model is trained on a large dataset of historical health records, allowing it to learn 
patterns and correlations between patient characteristics and heart disease outcomes. By evaluating 
key performance metrics such as accuracy, precision, recall, and the area under the ROC curve (AUC-
ROC), the system demonstrates its effectiveness in predicting heart disease with high reliability. This 
machine learning-based approach offers numerous advantages, including scalability, automation, 
and the ability to continuously improve as more data is added. The predictive model can be 
integrated into clinical decision-making systems, providing real-time risk assessments for patients 
and enabling earlier interventions. Ultimately, this technology has the potential to reduce healthcare 
costs, improve patient outcomes, and support preventative care by identifying at-risk individuals 
before symptoms become severe. 
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1. BACKGROUND TO THE STUDY  
 
Heart disease is an umbrella term that covers several conditions related to the heart, including 
coronary artery disease, arrhythmias, and heart failure. The most common type of heart disease in 
the US is coronary artery disease (CAD) . CAD is caused by cholesterol deposits that build up in the 
blood vessels that supply the heart with blood. As these deposits accumulate over time, the blood 
vessels narrow, and blood flow is reduced (Jikutu, 2023).Heart disease remains a leading cause of 
mortality worldwide, responsible for a substantial number of deaths annually. Cardiovascular 
diseases (CVDs) are the leading cause of death globally.  
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An estimated 17.9 million people died from CVDs in 2019, representing 32% of all global deaths. Of 
these deaths, 85% were due to heart attack and stroke. Over three quarters of CVD deaths take 
place in low- and middle-income countries. Out of the 17 million premature deaths (under the age of 
70) due to non-communicable diseases in 2019, 38% were caused by CVDs (WHO, 2023). Worried 
by the rising cases of cardiovascular diseases in the country, especially hypertension, the Nigerian 
Heart Foundation (NHF), cardiologists and nutritionists have advocated review of national guidelines 
for food production. They expressed concerns over a World Health Organisations (WHO) report that 
76.2 million Nigerians are living with hypertension, which poses the highest cardiovascular disease 
burden (NHF, 2022). 
 
In recent years, advancements in data mining techniques have paved the way for leveraging large-
scale healthcare datasets to develop predictive models for identifying individuals at higher risk of 
developing heart disease. With the proliferation of electronic health records (EHRs), wearable 
devices, and health monitoring apps, an abundance of patient data is available for analysis. These 
datasets contain a wealth of information encompassing demographics, physiological parameters, 
medical history, lifestyle factors, and diagnostic tests, offering an opportunity to extract meaningful 
insights through sophisticated data mining algorithms. 
 
Numerous studies like Abdollahiet al.,(2022) have demonstrated the potential of data mining and 
machine learning algorithms in predicting heart disease risk. Their approach integrated feature 
selection techniques and data mining models to accurately predict cardiovascular events based on 
patient data collected from diverse sources. 
 
This study examined the heart disease prediction using KStar, J48, SMO, Bayes Net and Multilayer 
Perceptron through Weka software. The performance of these data mining techniques is measured 
by combining the results of predictive accuracy, ROC curve and AUC value using a standard data set 
as well as a collected data set. Based on performance factor SMO and Bayes Net techniques show 
optimum performances than the performances of KStar, Multilayer Perceptron and J48 techniques 
(Sultanaet al, 2016). The numerous components in patient data for accurate heart disease rediction. 
The most significant attributes for heart disease prediction have been determined using the 
Correlation-based Feature Subset Selection Technique with Best First Search, .Hossain et al (2023). 
 
All these people analyzed the numerous components in patient data. Their findings showcased the 
effectiveness of such methods in enhancing predictive performance and clinical decision-making. 
Despite significant advancements in medical research and healthcare technology, heart disease 
remains a formidable global health challenge, contributing to a substantial portion of morbidity and 
mortality worldwide. The identification of individuals at risk of developing heart disease at an early 
stage is crucial for implementing preventive measures and personalized interventions. However, 
accurately predicting an individual's susceptibility to heart disease poses a significant challenge due 
to the multifaceted nature of this condition and the complexity of patient-specific risk factors. 
Current risk assessment models often rely on traditional risk factors such as age, gender, blood 
pressure, cholesterol levels, and smoking status. While these factors provide valuable insights, they 
may not fully capture the intricate interplay of various physiological, genetic, lifestyle, and 
environmental factors influencing heart disease risk.  
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The existing predictive models, despite their advancements, encounter limitations in terms of 
predictive accuracy, scalability, and interpretability. Data mining techniques offer a promising avenue 
to analyze vast and diverse healthcare datasets to uncover hidden patterns and associations that 
could enhance the accuracy of heart disease prediction models. However, effectively harnessing 
these techniques to develop robust, interpretable, and clinically applicable predictive models 
remains an unresolved challenge. Hence, the primary problem addressed by this proposed project is 
the development of a highly accurate, interpretable, and ethically sound predictive model for heart 
disease using advanced data mining techniques. This model aims to surpass the limitations of 
existing risk assessment methods by leveraging diverse healthcare datasets to enhance prediction 
accuracy, incorporate novel risk factors, ensure model interpretability, and address ethical concerns, 
thereby empowering clinicians with a robust tool for early identification and intervention in 
individuals at risk of heart disease. 
 
This study aim to develop a predictive model for early identification of individuals at risk of heart 
disease, utilizing data mining techniques applied to diverse healthcare datasets. 
 
1.2 Significance of the Study 
A study utilizing data mining algorithms to predict heart disease holds several significant implications 
and contributions: 

 Early Disease Detection and Prevention: Early Identification: Predictive models can aid in 
early identification of individuals at risk of heart disease based on risk factors, symptoms, 
and medical history, enabling timely intervention and preventive measures. 

 Personalized-Healthcare: Tailored Treatment Plans: Predictive models can assist healthcare 
providers in creating personalized treatment plans and interventions based on an individual's 
risk profile, optimizing patient care. 

 Risk Assessment: Data mining models can stratify individuals into different risk categories 
for heart disease, allowing targeted interventions for high-risk groups while reducing 
unnecessary interventions for low-risk individuals. 

 Resource Allocation: Optimized Resource Utilization: Anticipating heart disease risk through 
predictive models can help healthcare systems allocate resources such as screening tests, 
medications, and preventive services more efficiently. 

 Improved Patient Outcomes:  Reduced Morbidity and Mortality: Early detection and 
intervention can lead toreduced morbidity and mortality rates associated with heart disease, 
enhancing overall patient outcomes. 

 Public Health Planning: Predictive models contribute to public health planning by identifying 
population segments at higher risk, guiding public health campaigns, and promoting lifestyle 
modifications for disease prevention. 

 
The scope of a study utilizing machine learning algorithms to predict heart disease typically 
encompasses the Implementation of the model in selected rural and urban health centers across 
Edo State to identify at-risk individuals. This study set out goal to finding which method would be 
best for predicting the diseases using dataset from four different places. Therefore, this article tries 
to finding which method would be best for predicting the diseases using data of four different 
datasets from four different places. This is a comparative study on the efficiency of different data 
mining techniques such as Decision Tree (DT), K-Nearest Neighbor (kNN), Naive Bayes, Logistic 
Regression in predicting heart diseases.  
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The Data Mining techniques are analyzed and the accuracy of prediction is noted for each method 
used. The result showed that heart diseases can be predicted with accuracy of above 80% (Rafiet al, 
2017). Heart disease is considered as one of the major causes of death throughout the world. It 
cannot be easily predicted by the medical practitioners as it is a difficult task which demands 
expertise and higher knowledge for prediction. This study addresses the issue of prediction of heart 
disease according to input attributes on the basis of data mining techniques. This study examined 
the heart disease prediction using KStar, J48, SMO, Bayes Net and Multilayer Perception through 
Weka software. The performance of these data mining techniques is measured by combining the 
results of predictive accuracy, ROC curve and AUC value using a standard data set as well as a 
collected data set. Based on performance factor SMO and Bayes Net techniques show optimum 
performances than the performances of KStar, Multilayer Perceptron and J48 techniques Sultana et 
al, (2016).   
 
As technology and medical diagnostics become more synergistic, data mining and storing medical 
information can improve patient management opportunities. Therefore, it is crucial to examine the 
interdependence of the risk factors in patients' medical histories and comprehend their respective 
contributions to the prognosis of heart disease. Hossain et al (2023), examined the numerous 
components in patient data for accurate heart disease prediction. The most significant attributes for 
heart disease prediction have been determined using the Correlation-based Feature Subset 
Selection Technique with Best First Search. It has been found that the most significant factors for 
diagnosing heart disease are age, gender, smoking, obesity, diet, physical activity, stress, chest pain 
type, previous chest pain, blood pressure diastolic, diabetes, troponin,  ECG, and target. Distinct 
artificial intelligence techniques (logistic regression, Naïve Bayes, K-nearest neighbor (K-NN), support 
vector machine (SVM), decision tree, random forest, and multilayer perceptron (MLP)) are applied 
and compared for two types of heart disease datasets (all features and selected features). Random 
forest using selected features has achieved the highest accuracy rate (90%) compared to employing 
all of the input features and other artificial intelligence techniques. The proposed approach could be 
utilized as an assistant framework to predict heart disease at an early stage. 
 
As cardiovascular is one of the major causes for deaths there are some data analytical techniques 
that predict the occurrence of cardiovascular disease. It can be achieved through selecting a correct 
combination of prediction models and features. Prediction models were developed using different 
classification techniques based on feature selection and there are certain algorithms which provide 
varied and improved accuracy. Here prediction model is developed using Random Forest 
classification technique - Method for classification, regression by constructing a multitude of 
decision trees at training time. Developed by aggregating tree Avoids over fitting can deal with large 
number of features. Helps with feature selection based on importance where necessary features 
only classified. Pre-processing will be done first considering the clinical data. It will be spited into 
train and test data with which accuracy can be achieved (Balakrishnan et al, 2021). 
 
In the current era of computer science, machines are becoming intelligent and capable of performing 
tasks like humans. To achieve this, a range of tools, techniques, and methods have been proposed. 
Support Vector Machines (SVM) is a statistical and computer science model used for supervised 
learning to analyze data and identify patterns. Logistic regression and random forest methods are 
primarily used for classification and regression analysis.  
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Similarly, the Random Forest Algorithm (RFA) is a classification algorithm that uses training examples 
to classify data. In this study, logistic regression and random forest algorithms are employed to 
classify data and discover hidden patterns in medical patients' nominal data to predict future 
diseases. Data mining is utilized to classify and analyze text in the future (Selvakani et al, 2023). 
Sugendran and Sujatha, 2023 observed that diagnosis of heart disease is a huge challenge capable 
of providing an automated prediction on the stage of heart disease with the intent of proactively 
taking that countermeasure. Therefore, heart disease diagnosis is found to have achieved huge 
focus all over the world among the healthcare sector. Data mining algorithms played a significant 
role in heart disease diagnosis with good efficiency. To overcome the above-mentioned problems, 
EGA (Enhanced Genetic Algorithm) based FWSVM (Fuzzy Weight updating Support Vector Machine) 
algorithm is proposed.  
 
Three major phases are such as preprocessing, feature section and classification. Initially, data is 
pre-processed for enhanced classification accuracy using KMC (K-Means Clustering) followed by 
feature selections where EGA algorithm is used. Finally, classification if heart diseases is done using 
FWSVM algorithm introduces fuzzy weight values to compute and validate the input data (e.g., 
patient id, age, sex, angina, smoking and so on) to predict earlier stage of disease. The experimental 
outcome concluded that the proposed EGA + FWSVM algorithm provides better heart disease 
detection performance for the given heart disease dataset. The performance evaluation metrics are 
accuracy, recall, precision, and f-measure, specificity and time complexity values proposed compare 
than existing techniques. 
 
According to Chandrasekhar and Peddakrishna (2023), early identification of cardiovascular issues 
poses a significant challenge. This study enhances heart disease prediction accuracy using machine 
learning techniques. Six algorithms (random forest, K-nearest neighbor, logistic regression, Naïve 
Bayes, gradient boosting, and Ada-Boost classifier) are utilized, with datasets from the Cleveland and 
IEEE Dataport. Optimizing model accuracy, Grid search CV, and five-fold cross-validation are 
employed. In the Cleveland dataset, logistic regression surpassed others with 90.16% accuracy, 
while Ada-Boost excelled in the IEEE Dataport dataset, achieving 90% accuracy. A soft voting 
ensemble classifier combining all six algorithms further enhanced accuracy, resulting in  93.44% 
accuracy for the Cleveland dataset and 95% for the IEEE Dataport dataset. This surpassed the 
performance of the logistic regression and Ada-Boost classifiers on both datasets. This study’s 
novelty lies in the use of Grid SearchCV with five-fold cross-validation for hyper-parameter 
optimization, determining the best parameters for the model, and assessing performance using 
accuracy and negative log loss metrics. This study also examined accuracy loss for each fold to 
evaluate the model’s performance on both benchmark datasets. The soft voting ensemble classifier 
approach improved accuracies on both datasets and, when compared to existing heart disease 
prediction studies, this method notably exceeded their results. 
 
1.1. Research Approach  
This study proposes a hybrid predictive model combining Genetic Algorithm (GA) for feature selection 
and two classification techniques, K-Nearest Neighbors (KNN) and Support Vector Machine (SVM). 
The process begins with data acquisition from the UCI heart disease dataset, followed by 
preprocessing and standardization. The GA is used to optimize the subset of features that yield the 
best classification performance. After selecting relevant features, both KNN and SVM are trained on 
the reduced dataset.  
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The classifiers are evaluated based on accuracy, precision, recall, and F1-score. The GA plays a 
crucial role by discarding irrelevant or noisy features, improving efficiency. ROC curves are generated 
for comparative analysis of model performance. This methodology enhances both interpretability and 
model speed. The ultimate goal is to identify the most predictive features and classifier combination 
for heart disease detection. Confident that they are releasing a high-quality product because testing 
is performed throughout development. This provides the opportunity to make changes as needed 
and alert teams to any potential issues (Brush. and Silverthorne, 2024). 
 
2.. REVIEW OF EXISTING MODEL 
 
2.1. Support vector machine (SVM) Model for Heart Disease Prediction 
Support Vector Machine (SVM) is a supervised machine learning algorithm used primarily for 
classification tasks. In the context of heart disease prediction, SVM plays a crucial role in 
distinguishing between patients with and without heart disease based on various clinical attributes 
(e.g., blood pressure, cholesterol levels, age, etc.). It is especially valued in medical applications for 
its high accuracy, ability to handle high-dimensional data, and robustness against overfitting. By 
learning the optimal boundary (or decision surface) that best separates the two classes—presence or 
absence of heart disease—SVM helps predict outcomes reliably from historical medical data. It is 
particularly effective in binary classification problems like diagnosing whether a patient is at risk of 
heart disease or not. 
 
How SVM Works 
SVM works by finding the optimal hyperplane that maximizes the margin between two classes in a 
feature space. In heart disease prediction, the two classes could be labeled as "disease" and "no 
disease". The support vectors are the critical data points that lie closest to the hyperplane and 
directly influence its position and orientation. 

 If the data is linearly separable, SVM finds the straight line (in 2D), plane (in 3D), or 
hyperplane (in higher dimensions) that separates the classes with the largest possible 
margin. 

 If the data is not linearly separable (which is common in medical datasets), SVM uses a 
kernel function to transform the data into a higher-dimensional space where a separating 
hyperplane can be found. 
 

Mathematical Framework of SVM 
Let the dataset consist of n training samples: 
 
{(x1, y1),  (x2, y2),...,(xn, yn)  
 
Where  xi ∈Rd   is a feature vector (e.g., patient data) and yi ∈ {−1,+1} is the class label (e.g., disease 
= +1, no disease = -1). 
 
1. Objective Function 
 
The goal is to find a hyperplane defined by: 
 
wTx  +  b=0 
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That separates the two classes with maximum margin, where: 

 w is the weight vector. 
 b is the bias term 

. 
Applications in Heart Disease Prediction: 
Support Vector Machine (SVM) has proven to be a powerful tool in medical diagnostics, particularly in 
predicting heart disease. Its ability to handle complex, high-dimensional, and non-linear datasets 
makes it well-suited for analyzing patient health records and identifying those at risk. Below are key 
applications of SVM in heart disease prediction: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
      
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 1.   UML Diagram of Logistic Regression Model for Heart Disease Prediction 
 
 

Import 

Analyze 

Train Test 

Support Vector 
machine 

Check Accuracy 
Score 

Import patience 



 
                                                                                                                                                Vol 11, No 2, June, 2025 Series  

     
 
 

86 

2.2 K-Nearest Neighbour Model for Heart Disease Prediction: 
The K-Nearest Neighbors (KNN) algorithm is a non-parametric, instance-based learning method used 
for classification and regression tasks. In the context of heart disease prediction, KNN classifies a 
patient as having or not having heart disease based on the similarity of their health data to that of 
other patients in the dataset. 
 
How it Works: 

1. Feature Selection: Input features like age, cholesterol level, blood pressure, etc., are chosen 
to represent the data points. 
 

2. Distance Calculation: The algorithm calculates the distance between the target patient and 
all other data points in the dataset. Common distance metrics include:   

            
Euclidean Distance: d (p, q) =    ∑n (pi−qi)2       

         i =1 
3. Finding Neighbors: Identify the k-nearest neighbors (e.g., the 5 closest data points). 
4. Majority Voting: For classification, the model assigns the target patient to the class most 

common among the k nearest neighbors (e.g., heart disease or no heart disease). 
5. Output: The predicted class (presence or absence of heart disease) is returned. 

 
  Key Components: 

 Value of k: Determines the number of neighbors to consider. A small k can lead to over-
fitting, while a large k may over smooth the decision boundaries. 

 Feature Scaling: Since KNN relies on distance metrics, features should be normalized or 
standardized to ensure fair comparisons. 

 Distance Metric: The choice of distance metric affects the performance of the algorithm. 
 

Limitations: 
          i. Computationally expensive for large datasets. 
          ii. Sensitive to irrelevant or noisy features. 
          iii. Performance depends on the choice of k and distance metric. 
 
Applications in Heart Disease Prediction: 

i. KNN can predict heart disease by analyzing a patient’s similarity to historical data. 
ii. ii.It is particularly useful for datasets with well-defined clusters of patients with similar health 

characteristics. 
iii. Effective for small to medium-sized datasets. 
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                          Fig 2. UML Diagram K-Nearest Neighbour Model for Heart Disease Prediction 
 
3. THE  PROPOSED SYSTEM 
 
Heart disease remains a leading cause of mortality globally. Predicting heart disease using machine 
learning requires not only accurate models but also effective feature selection to eliminate noise and 
enhance interpretability. This project implements a hybrid model that uses: 

 Genetic Algorithm (GA) for selecting the most relevant features. 
 K-Nearest Neighbors (KNN) and Support Vector Machine (SVM) as predictive classifiers. 

 
Data Preprocessing: Standardization and Train-Test Splitting 
Data preprocessing ensures the raw dataset is clean and suitable for machine learning. The UCI 
heart disease dataset is first loaded and structured using defined column headers. Missing or 
irrelevant data columns are dropped to maintain dataset integrity. Features are standardized using 
Standard Scaler to ensure uniform scaling, which is essential for distance-based models like KNN 
and gradient-based models like SVM. Standardization centers data around the mean with unit 
variance. The dataset is then split into training and testing sets using an 80/20 ratio. This split 
enables unbiased performance evaluation. The training set is used for GA-based feature selection 
and model training. The testing set remains unseen during training and is used strictly for final 
evaluation. This approach helps prevent overfitting. Preprocessing significantly boosts the stability 
and reliability of the predictive model. 
 
GA-Based Feature Selection 
The Genetic Algorithm is used to find an optimal subset of features for heart disease prediction. 
Each individual in the population represents a binary mask corresponding to feature inclusion (1) or 
exclusion (0). The fitness of each individual is evaluated using cross-validated accuracy of an SVM 
classifier trained on selected features. Two parents are chosen based on their fitness scores and 
undergo crossover and mutation to form a new generation. Crossover allows mixing of feature 
subsets, while mutation introduces random changes to maintain diversity. Over several generations, 
the population evolves to maximize classification performance. The best-performing individual 
(feature subset) is selected for final training. This process helps eliminate redundant and noisy 
features. GA ensures efficient model performance with fewer features. Ultimately, the selected 
feature subset is used for both KNN and SVM classification. 
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Individuals Represent Binary Masks of Features 
In the GA framework, each solution (individual) is encoded as a binary vector. Each bit in the vector 
corresponds to a feature from the dataset. A bit value of 1 indicates the inclusion of that feature, 
while 0 indicates exclusion. This binary mask allows flexible representation of various feature 
combinations. The size of the binary vector equals the total number of features. This encoding 
method simplifies implementation and supports genetic operations like crossover and mutation. It 
enables easy interpretation of feature selection. The binary representation ensures computational 
efficiency. During evolution, these masks help explore diverse feature subsets. By evaluating fitness 
on each mask, the algorithm learns which features are most predictive. This format is ideal for 
feature selection tasks involving combinatorial search 
 
Fitness is Accuracy Using SVM on Training Data 
The fitness function evaluates the effectiveness of each individual’s feature subset. For this, an SVM 
classifier is trained using only the selected features on the training dataset. The model is validated 
using 5-fold cross-validation to ensure robustness. The average accuracy from cross-validation is 
used as the fitness score. A higher accuracy score indicates a better-performing feature subset. This 
score guides the selection of parents for the next generation. SVM is chosen for fitness evaluation 
due to its strong generalization capabilities. The use of SVM provides a stable measure of feature 
relevance. Individuals with low fitness are less likely to reproduce. Over generations, this fitness-
driven approach helps converge on an optimal subset. This methodology ensures that only the most 
informative features are retained. 
 
The Best Feature Subset is Used by Both Classifiers 
Once the GA completes its evolution process, the best-performing individual (feature subset) is 
selected. This subset contains only the most predictive features, reducing dimensionality. These 
selected features are then used to train both KNN and SVM classifiers. Using the same feature 
subset ensures a fair and consistent comparison. This also reduces overfitting by eliminating 
irrelevant inputs. It improves training time and simplifies the model. Feature consistency across 
models enables reliable benchmarking. Both models are evaluated using the same test set. Using a 
GA-optimized subset maximizes classifier efficiency. The approach enhances the interpretability of 
results. It ultimately leads to more accurate and computationally efficient prediction models. 
 
Classification 
The classification stage involves training KNN and SVM models using the GA-optimized features. 
KNN, a distance-based method, assigns class labels based on the majority vote among nearest 
neighbors. SVM, on the other hand, finds an optimal hyperplane to separate the classes. Both 
models are trained on the same training data and evaluated on a held-out test set. Their 
performance is assessed using accuracy, precision, recall, and F1-score. ROC curves are plotted to 
visualize true positive rates against false positive rates. KNN performs well with small datasets but 
may struggle with noisy data. SVM is robust to high-dimensional data and generally offers better 
generalization. Together, they offer complementary insights. This dual-model approach enhances 
confidence in the classification results. 
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KNN and SVM Are Trained on Selected Features 
Once the optimal features are selected by GA, both KNN and SVM classifiers are trained. The training 
data is restricted to the selected features only. This step ensures model simplicity and focuses only 
on the most informative predictors. KNN uses Euclidean distance to determine class based on 
nearby instances. SVM constructs a decision boundary that best separates the target classes. Both 
classifiers benefit from reduced input space, leading to faster training and inference. Using the same 
feature set allows objective performance comparison. Training accuracy and generalization are 
expected to improve due to fewer irrelevant variables. The models are then evaluated on the same 
testing set. This ensures reproducibility and fairness. Final predictions are assessed using multiple 
performance metrics. 
 
Results Are Compared Using Standard Metrics 
Model performances are compared using accuracy, precision, recall, and F1-score. These metrics 
provide a holistic view of how well the classifiers predict heart disease. Accuracy measures the 
overall correctness, while precision focuses on true positives among predicted positives. Recall 
captures the proportion of actual positives correctly identified. F1-score balances both precision and 
recall. In this experiment, SVM slightly outperforms KNN in most metrics, indicating better 
generalization. ROC curves further visualize the classifiers' discriminative abilities. The area under 
the curve (AUC) quantifies performance, with higher values indicating better separation between 
classes. Both models show acceptable performance, validating the effectiveness of GA-based 
feature selection. These metrics support data-driven decisions in medical diagnosis. They provide a 
comprehensive evaluation for the model selection process. 
 
Reasons for this Combination 
Component     Role                          Justification 
Genetic Algorithm 
(GA)   

    Feature             
selection 

Selects the most important attributes from the dataset, 
reducing dimensionality and over-fitting. 

KNN   Classification A simple, instance-based learner that benefits from reduced 
dimensionality. 

SVM   Classification Effective in high-dimensional spaces, and capable of 
handling nonlinear decision boundaries. 

 
Together, they form a powerful pipeline where GA reduces the complexity, and KNN/SVM maximize 
predictive accuracy. 
 
 
 
 
 
 
 
 
 
 
 



 
                                                                                                                                                Vol 11, No 2, June, 2025 Series  

     
 
 

90 

 
Figure 3: Architecture of the proposed system 

 
3.1 Output design 
 
Input design 
The dataset used for heart disease prediction consist of   14 attributes: 
#   Column                   Non-Null Count  Dtype 
---  ------        --------------  -----   

0. age           1025 non-null   int64   
1. sex                        1025 non-null   int64   
2. cp (chest pain type)         1025 non-null   int64   
3. resting blood pressure    1025 non-null   int64   
4. serum cholesterol level     1025 non-null   int64   
5. fasting blood sugar                     1025 non-null   int64   
6. resting electrocardiographic  

results                 1025 non-null   int64   
7. maximum heart rate achieved    1025 non-null   int64   
8. exercise-induced angina                   1025 non-null   int64   
9. depression induced by exercise  

relative to rest      1025 non-null float64 
10. slope of the peak exercise ST  

segment    1025 non-null int64   
11. number of major vessels colored 

by fluoroscopy                       1025 non-null int64   
12. thalassemia type                     1025 non-null int64   
13. target                 1025 non-null int64   

 
Figure 3.3 Structure of the dataset 
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The structure of the dataset (figure 3.3) shows the different fields that is required to be processed 
and used for the machine learning application required for heart disease prediction 
 
Output design 
The format in which output from the program will be expressed is known as classification report as 
follows: 
 
Machine Learning Model :xxxxxxxxxxxxxxxx 
 
                       Precision     recall    f1-score   support 
 
   0         xxxx       xxxx     xxxx            xxxx 
   1         xxxx       xxxx     xxxx            xxxx 
 
accuracy                    xxxx            xxxx 
macroavg       xxxx       xxxx     xxxx            xxxx 
weightedavg           xxxx       xxxx     xxxx            xxxx 
 
AUC-AOC :`xxxxxx 

Figure 4: Output form design 
 

When the data has been processed using different machine learning algorithms, evaluation of the 
performance of the various algorithms will be displayed in the form as shown in figure 4 
 
Functionality of the System 

 
 

Figure 5: Functionality of the system 
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Use case diagrams are used to gather the requirements of a system including internal and external 
influences. These requirements are mostly design requirements. So when a system is analyzed to 
gather its functionalities use cases are prepared and actors are identified.  (Yashwant, 2023). The 
said functionalities is as shown in figure 5 
 
4. RESULT AND DISCUSSION 
 
Test run of the python application shows the following results 
Generation 1 - Best Score: 0.8296 
Generation 2 - Best Score: 0.8296 
Generation 3 - Best Score: 0.8444 
Generation 4 - Best Score: 0.8444 
Generation 5 - Best Score: 0.8444 
Generation 6 - Best Score: 0.8444 
Generation 7 - Best Score: 0.8444 
Generation 8 - Best Score: 0.8444 
Generation 9 - Best Score: 0.8444 
Generation 10 - Best Score: 0.8444 
Generation 11 - Best Score: 0.8444 
Generation 12 - Best Score: 0.8444 
Generation 13 - Best Score: 0.8444 
Generation 14 - Best Score: 0.8444 
Generation 15 - Best Score: 0.8444 
Generation 16 - Best Score: 0.8444 
Generation 17 - Best Score: 0.8444 
Generation 18 - Best Score: 0.8444 
Generation 19 - Best Score: 0.8444 
Generation 20 - Best Score: 0.8444 
Generation 21 - Best Score: 0.8556 
Generation 22 - Best Score: 0.8556 
Generation 23 - Best Score: 0.8556 
Generation 24 - Best Score: 0.8556 
Generation 25 - Best Score: 0.8556 
Generation 26 - Best Score: 0.8556 
Generation 27 - Best Score: 0.8556 
Generation 28 - Best Score: 0.8556 
Generation 29 - Best Score: 0.8556 
Generation 30 - Best Score: 0.8556 
 
Selected features: ['cp', 'trestbps', 'chol', 'fbs', 'thal'] 
KNN Accuracy: 0.6851851851851852 
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                      precision    recall  f1-score   support 
 
       1                      0.75         0.73       0.74        33 
       2                      0.59         0.62       0.60        21 
  accuracy                                               0.69        54 
  macro avg            0.67         0.67       0.67         54 
  weighted avg       0.69         0.69       0.69        54 
 
 
SVM Accuracy: 0.7592592592592593 
                          Precision    recall   f1-score   support 
 
       1                      0.79        0.82       0.81           33 
       2                      0.70        0.67       0.68           21 
 accuracy                                               0.76           54 
 macro avg            0.75         0.74       0.74           54 
weighted avg         0.76        0.76        0.76           54 
 
K Nearest Neighbour 
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Support Vector Machine 
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5. RESULTS INTERPRETATIONS 
 
Support Vector Machine (SVM) Summary 

 Accuracy: SVM achieved an accuracy of 0.76, which indicates that it correctly classified 76% 
of the test samples. 

 Precision & Recall: It had a precision of 0.79 and recall of 0.82 for Class 1 (heart disease 
presence), meaning it's effective at identifying positive cases with minimal false positives. 

 Class 2 Performance: With a precision of 0.70 and recall of 0.67 for Class 2 (absence), it still 
performed reasonably but slightly weaker compared to Class 1. 

 ROC Curve: The SVM’s ROC curve has an AUC of 0.93, which reflects excellent discriminatory 
ability between classes. 

 Interpretation: SVM excels in balancing sensitivity and specificity, making it suitable for 
medical diagnosis where identifying true positives is critical. 

 
K-Nearest Neighbors (KNN) Summary 

 Accuracy: KNN reached an accuracy of 0.69, indicating slightly lower performance than SVM. 
 Precision & Recall: Class 1 showed precision of 0.75 and recall of 0.73, indicating 

reasonable performance in detecting disease presence. 
 Class 2 Weakness: The classifier had lower precision (0.59) and recall (0.62) for Class 2, 

which points to more false positives and false negatives. 
 Confusion Matrix: Shows 30 true positives, 14 true negatives, 7 false negatives, and 3 false 

positives, supporting the metrics. 
 ROC Curve: The KNN model also had a strong AUC of 0.92, nearly on par with SVM. 
 Interpretation: Although slightly less accurate than SVM, KNN still shows good potential and 

is simple to implement but might struggle more with borderline cases. 
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6. SUMMARY 
 
This project developed a hybrid machine learning pipeline using Genetic Algorithm (GA) for feature 
selection, combined with K-Nearest Neighbors (KNN) and Support Vector Machine (SVM) classifiers 
to predict heart disease. GA effectively reduced dimensionality by selecting the most relevant 
features, which were then used to train both models. Performance evaluation showed that SVM 
outperformed KNN, achieving higher accuracy (76% vs. 69%) and a superior AUC (0.93 vs. 0.92), 
particularly excelling in detecting positive cases. The KNN confusion matrix indicated more 
misclassifications, especially for non-disease instances. Overall, the GA-SVM combination offered the 
best results, demonstrating how evolutionary feature selection and robust classifiers can enhance 
predictive accuracy in healthcare applications. 
 
7. RECOMMENDATION 
 
Based on the performance of the GA-SVM-KNN hybrid model for heart disease prediction, the 
following recommendations are proposed: 

1. Use Genetic Algorithm for Feature Selection: GA effectively improves model performance by 
selecting the most relevant features and reducing data noise—ideal for medical prediction 
tasks. 

2. Prioritize SVM for Accuracy-Critical Predictions: SVM outperformed KNN, especially in 
detecting positive cases, making it the preferred classifier for high-stakes health diagnostics. 

3. Apply KNN as a Supporting Model: KNN offers solid baseline performance and can 
complement SVM in ensemble methods or comparative evaluations. 

4. Enhance Model Reliability with More Data: Expand the dataset and apply cross-validation 
techniques to improve generalizability and reduce over-fitting. 

5. Explore Advanced Techniques and Real-World Deployment: Test non-linear kernels or 
ensemble models, integrate explainability tools, and prepare for deployment in clinical 
decision support systems. 
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