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Abstract 

Formation of a waxy material in the coronary arteries is a sign of heart disease. If nothing else, this 

buildup of plague-like wax in the arteries slows down the flow of blood and, in the worst-case 

scenario, results in death. To predict cardiac disease, this work uses learning models based on k-

nearest neighbour (KNN) and support vector machine (SVM). The effectiveness of the suggested 

model is assessed by an experiment. Furthermore examined is the outcome of the experimental 

assessment of the suggested model's predictive capability. The South Africa Heart Disease Dataset 

is utilized to gather information for the research on heart disease. The source is the South African 

Coronary Risk Factor Study carried out in 1983 by Rousseauw and colleagues. For the existence of 

a myocardial infarction, the dataset contains a binary answer. The target audience is men between 

the ages of 15 and 64. It has 462 observations in total. In myocardial infarction, 160 of these findings 

are consistent. Not a single myocardial infarction is seen in 302 observations. There are several 

factor-level and numerical predictors in the dataset. Lastly, a test set analysis is conducted to 

evaluate the KNN and SVM algorithm performance. Following performance examination, the 

KNN's accuracy is 64.51% and the SVM's accuracy is 73.91% based on experimental findings on 

the South African heart disease data pool. 

Keywords: Cardiac Risk Prediction, Machine Learning, Coronary Artery Disease, Myocardial 

Infarction, Healthcare. 
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1 Introduction 

According to estimates, heart disease causes several million (~17.9) deaths a year, or ~32% of total 

fatalities worldwide (World Health Organization, 2025).  It can be controlled by using good prediction 

and early detection techniques.  The use of ML algorithms to convert complicated healthcare datasets 

into useful information has grown in recent years (Shetty & Kapoor, 2024). It helps physicians assess 

risk and make decisions (Giordano et al., 2021; Chakraborty et al., 2024; Fahim et al., 2025; Aravazhi 

et al., 2025; Liu & Tripathy, 2025; Rossouw et al., 1983; Lugito et al., 2022) conducted a systematic 

investigation on the role of Lactobacillus on blood pressure by a meta-analysis of randomized controlled 

trials as hypertension is One of the major risk factors of cardiovascular disease (Das & Kapoor, 2024). 

The findings showed that Lactobacillus exerted significant systolic and diastolic blood pressure lowering 

effect compared to placebo. 

ML can efficiently manage and understand large amounts of medical data (Nayyar et al., 2021; 

Habehh & Gohel, 2021). Furthermore, it can show some hidden relationships that are not easy to find 

through normal statistical methods (Freitas, 2023; An et al., 2023; Sadr et al., 2025). Some authors 

believe that there is a need to improve and forecast cardiovascular diseases and pressures for their 

treatment (Dileep et al., 2023; Anusha et al., 2024). To reduce deaths, (Bhatt et al., 2023) taught ML 

algorithms to forecast various cardiovascular diseases (Chong et al., 2025; Gupta & Verma, 2025). Some 

of the tools utilized were XGBoost, random Forest, multilayer perceptrons, and decision trees. 

Rahman et al., 2024 were always the first to incorporate transformer models with self-attention to 

heart disease prediction. For the first time, they were able to notice accurate patterns and appreciated a 

high 96.51% accuracy with the Cleveland dataset, While other models failed. (Najim & Nasri, 2024) 

utilized AI to perform imputation as well as prediction of heart disease. Extreme Learning Machines 

(ELM) which they devised, executed the fastest, and achieved the lowest average estimation error, thus 

evidencing the best performance. To achieve an accuracy between 97.57% to 99.06% with missing data, 

200 hidden neurons were employed. This resulted in exceptional performance. 

Heart disease prediction has proved successful the first time in history, when (Jain et al., 2023) 

blended big data with images and a self-constructed LV-Convolutional Neural Network (CNN) & a 

Sunflower Optimization Algorithm. This model yielded 95.74% accuracy and 0.96% specificity with an 

error rate of 0.35 and took 9.71 seconds. The use of AI and machine learning is rapidly growing in 

sectors such as finance, healthcare, animal husbandry, and legume crops. The private sector’s machine 

learning impact on mental health is studied by (Kumar et al., 2023), with focus on the healthcare industry 

(Shenoy & Menon, 2021; Hamouda, 2025). 

AI’s impact in ichthyology in fish species identification was in great part the work of (Villasante & 

Rasheed, 2024; Min et al., 2024) AI for animal health has potentials and it’s impact is appreciated. (Kim 

& AlZubi, 2024) focus on the use of blockchain and AI for the organic legumes supply chain, particularly 

its certification. There is a considerable amount of research focusing on the prediction of heart diseases 

employing machine learning and deep learning techniques. However, there seems to be a reliance on 

public domain datasets, frequently, the data suffers from the lack of granularity, particularly, in the data 

pertaining to the socio-economic state of the country. This poses a challenge in the deployment of the 

available models on the South African population given their unique risk factors and data distributions. 

On top, most of the approaches focus on the model development stage rather than put emphasis on how 

the model may inform or augment clinical practice (Hasan, 2024). 

To address these issues, this study aims to develop and evaluate SVM and KNN models using the 

South Africa Heart Disease Dataset, assess their predictive performance, compare them with benchmark 
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studies, and highlight the importance of dataset-specific feature selection and model optimization for 

improving region-specific cardiovascular risk prediction. 

2 Materials and Methods 

1) Dataset 

This study utilized the South Africa Heart Disease Dataset, which was first recorded from men from the 

Western Cape province aged 15 to 64 years (Rousseauw et al., 1983). The dataset comprises 462 records, 

which contain the following variables: age, systolic blood pressure, blood cholesterol levels, alcohol 

intake, tobacco use, adiposity, obesity, type A behavior, family history of heart disease, and the presence 

vs absence of coronary heart disease. The presence of myocardial infarction was the outcome variable 

and was binary (1 = present, 0 = absent). Out of 462 cases, 160 were confirmed cases of myocardial 

infarction, while 302 were cases with no myocardial infarction. Given that the dataset consists of both 

continuous and categorical variables, effective preprocessing becomes necessary for machine learning 

modelling. 

2) Data Preprocessing 

The quality of the input data, from which the machine learning model learns, also determines the model's 

performance. This is the justification for the structured preprocessing pipeline. 

Data Cleaning: Multiple records were systematically removed. In order to preserve the data integrity 

within the dataset, for the categorical variables, the most frequently occurring value was used to 

substitute for the missing data, whereas for continuous variables, the midpoint was applied. 

Feature Selection: The final feature set was determined using RFE in conjunction with domain 

expertise and correlation analysis. To reduce the number of features and to account for multicollinearity, 

features with strong correlation were removed (correlation coefficient > 0.85). 

Feature Engineering: The polynomial and interaction features were also made to better capture 

certain non-linear relationships. The Principal Components Analysis (PCA) method was used to reduce 

the number of dimensions to keep 95% of the variance. 

Scaling: The method of Z-score Normalization was used to continuous data to improve the efficacy 

of distance and kernel based algorithms (SVM, KNN, etc) of Z-score Normalization. 

Outlier Removal: The Interquartile Range (IQR) method was used to drop extreme outliers to ensure 

the most predictive outcomes are possible. 

Data Splitting: The cleaned data set was stratified and then randomly sampled to keep the class 

distributions the same as in the original data set, 70% of the set was used to train the model and 30% 

was used for testing. 5-fold cross validation was used in hyper parameter tuning to reduce the risk of 

overfitting. 

3) KNN and SVM ML Techniques 

Two supervised learning algorithms were used to categorize the occurrence of cardiovascular diseases. 

These were SVM and KNN models. Both were implemented in Python using the Scikit-learn (version 

1.5) library and hyperparameter optimization was done using automated grid search with 5-fold cross 

validation. 
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• SVM Model 

The SVM method is usually effective for tasks that require classifying and subsequently performing 

regression. The goal is to widen the margin and minimize the classification error in order to strike the 

right bias-variance tradeoff. The SVM seeks to solve the optimisation problem shown in Equation (1): 

𝑚𝑖𝑛⏟ 
1

2
 ‖𝑤‖2

𝑤,𝑏,𝜉

+ 𝐶 ∑ 𝜉𝑖

𝑛

𝑖=1
 

(1) 

The orientation of the hyperplane is given by the vector of weights defined as w, while b is the bias 

term. The value of the regularization parameter C controls the trade off between the optimization of the 

margin and the classification error. In comparison, the slack variables, ξi are used to soft-margin the 

classification in order to deal with the class overlap. The RBF kernel can be expressed as follows in 

Equation (2): 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−𝛾 ∣∣ 𝑥𝑖 − 𝑥𝑗 ∣∣2), (2) 

Where γ determines the influence of an individual training example. If γ is small, the decision 

boundary is smoother, and if larger, the boundary is more complex and susceptible to overfitting. 

In order to achieve the optimal balance between bias and variance, grid search was implemented for 

hyperparameter optimization on various values of C and γ. Using 5-fold cross-validation, the grid search 

assessed each combination by segmenting the data into 5 parts, training on 4 and validating on the 

remaining one, then cycles through the validation set. The best performing model was then refitted to 

the entire training set. 

The final decision function for classification is expressed in Equation (3): 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(𝑤𝑇𝜙(𝑥) + 𝑏), (3) 

Where ϕ(x) is the function that represents the non-linear transformation of the input features into a 

higher dimension. In this research, SVM was shown to outperform the KNN. This is because SVM was 

able to create a smoother decision boundary, and generalize better, especially in the higher dimensions 

of the blood pressure, cholesterol, and tobacco use interaction. 

• K-Nearest Neighbour (KNN) 

K-Nearest Neighbour (KNN) as an algorithm is a non-parametric approach which classifies a new 

instance based on the majority class of its k nearest neighbours in the feature space. In this research 

work, the closeness of data points to one another is measured in terms of Euclidean distance, which is 

given by Equation (4): 

𝑑(𝑥𝑖, 𝑥𝑗) = √∑ (𝑥𝑖𝑙 − 𝑥𝑗𝑙)2
𝑚

𝑙=1
 

(4) 

For a given test sample 𝑥, the KNN algorithm identifies the 𝑘 closest training samples and assigns 

the class most frequently represented among them. The decision function can be expressed as Equation 

(5): 

𝑦 =  𝑎𝑟𝑔𝑚𝑎𝑥𝑗 ∑ 𝑤𝑖

𝑘

𝑖=1
. 𝐼(𝑦𝑖 = 𝑗) 

(5) 
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Where 𝑦 is the predicted class label, 𝑗 iterates over all possible class labels, 𝑤𝑖 represents the distance-

based weight assigned to each neighbor (with closer points receiving higher weights), and 𝐼(𝑦𝑖 = 𝑗) is 

the indicator function that returns 1 if the label of the ith neighbor matches 𝑗, otherwise 0. An important 

hyperparameter in KNN is the number of neighbors (k). The optimal value of k was determined using 

5-fold cross-validation. Higher k values mean the model is less likely to overfit and the decision 

boundary is smoother. However, the model can also underfit. Smaller k values mean the decision 

boundary is more complex and can fit the training data better. This can also lead to overfitting shown in 

Equation (6): 

𝑤𝑖 =
1

𝑑(𝑥, 𝑥𝑖) + 𝜖′
 

(6) 

Where, 𝜖 is a small constant to prevent division by zero, which was applied to assign higher influence 

to closer samples. Since KNN depends on distance calculations that are sensitive to feature magnitudes. 

Before application, all continuous variables were normalized using z-score scaling. 

In this study, KNN was able to provide a classification method that was clear and easy to understand. 

This made visualizing the decision boundaries in the lower dimension feature spaces easy. However, on 

the test set, it performed worse than SVM in predicted accuracy because of its learning method and 

susceptibility to noisy data. KNN is simply a slower method. Figure 1 shows the two computer 

approaches' categorization procedure. 

 

Figure 1: Classification process for both computational methods 

4) Workflow of Prediction 

 

Figure 2: Flowchart of machine learning detection technique 

Figure 2 shows the workflow for predicting cardiac diseases in steps. the initial raw dataset, on which 

the model was built, came from the south african coronary risk factor studies. steps taken prior to training 
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the model included the eliminating of irrelevant and erroneous samples from the dataset, feature scaling, 

feature selection, imputation of missing values, and removal of outliers in order to appropriately balance 

the dataset and to preserve the integrity of the data. in the feature engineering step, new interaction and 

polynomial features were created to model the variables’ non-linear relationships, and principal 

component analysis was conducted to eliminate redundancy and increase efficiency. 

KNN and SVM models were then trained on the training dataset. Hyperparameter optimization was 

performed with grid search and 5-fold cross validation to find the best parameter values for each 

technique. Having obtained the optimal models, the researchers predicted the training dataset’s classes 

and deployed the models on the test dataset to predict the presence of a myocardial infarction. To assess 

models’ the robustness and predictive power of the models, the researchers computed the confusion 

matrices, accuracy measures, precision and recall, F1 scores, and other metrics, which provide a 

complete measure of the models’ ability to predict cardiac disease. 

5) Software and Implementation 

For experimentation, Python version 3.10 has been used. The scikit-learn, pandas, and NumPy libraries 

were used for the categorizations. For the visualizations, Matplotlib and Seaborn were used, and 

hyperparameter tuning was done with GridSearchCV. 

3 Results and Discussion 

For the SVM with a linear kernel, the model was able to optimize a gamma value of their choosing. The 

SVM model was able to get a TN (No Disease) and a TP (Disease) of 51 and 18, respectively, while it 

got 9 (False Positive) and 15 (False Negative) and a total of 74.19% of the matrix was classified correctly 

(i.e. it was able to get more than three-quarters of the elements correct). In this model, the accuracy was 

73.91% and with 85% of the people having the disease were able to be correctly classified as having the 

disease (i.e. it was able to get a Recall of that). These are the results that show us the SVM model 

managed to correctly classify people that are at risk of a myocardial infarction. 

 

Figure 3: Confusion matrix obtained from SVM and KNN models 

The KNN classifier with K = 5, a leaf size of 60 resulting in a TN of 49, a TP of 11, 11 FP, and 22 

FN shown in Figure 3 amounted to an accuracy of 64.52%. The evaluation results from KNN is 0.500 

precision, 0.333 recall, 0.817 specificity, and 0.400 F1 score. Out of SVM and KNN, KNN was relatively 

less sensitive and less predictive in the model. It is implied that the SVM was the model less robust to 

noise, and class boundaries were overlapping for the dataset as it had lower sensitivity. 
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All evaluation parameters for SVM and KNN Models including accuracy, recall, and specificity are 

illustrated and summarized in Table 1 with SVM considered as the best model. KNN of the models had 

low specificity. 

Table 1: Comprehensive performance metrics of SVM and KNN models 

Metric SVM KNN 

Accuracy 0.7419 0.6452 

Precision 0.667 0.500 

Recall (Sensitivity) 0.545 0.333 

Specificity 0.850 0.817 

F1-score 0.600 0.400 
 

 

Figure 4: Accuracy, Precision and Recall parameters of  models 

More K-Folds (5 Fold) Cross Validation was conducted in order to assess the model's consistency. 

Figure 4 presents the mean K-Folds boxplots revealing, that the accuracy of KNN VR is 65.01 with low 

variance indicating accuracy stability. However, SVM model demonstrated an impressive accuracy 

consistency. SVM's stability and accuracy over the folds of cross validation imply that SVM generalized 

well for the dataset as opposed to KNN. 

The current accuracy rates for predicting cardiact disease using different models is shown in Table 

2. A few of the top-performing machine learning models include Deep Learning and Ensemble Machine 

Learning models including XGBoost (Ogunpola et al., 2024), KNN (Lohachab & Kumar, 2023), and 

InceptionNet (Pal et al., 2025), which have all achieved high accuracies of 96.1% to 98.89%. Explainable 

AI Ensemble models also achieved good levels of accuracy and were explained well (El-Sofany et al., 

2024). Also, more traditional ML classifiers such as Random Forest (Chang et al., 2022) and BayesNet 

(Spencer et al., 2020) had clearly lower accuracy rates with an 83% to 85% accuracy range; however, 

the importance of employing more sophisticated techniques and algorithms for feature selection was 

highlighted. These differences were clearly seen in the achieved accuracies. 

However, the accuracies of the SVM (linear kernel, gamma auto) and KNN (k=5, leaf size=60) 

models were 74.19% and 64.52%, respectively. Our results emphasize the need for careful feature 

engineering and model calibration, including population variability and small sample size. 
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Table 2: Accuracy of different heart disease prediction models 

Author(s) Dataset / Focus Model 
Accuracy 

(%) 

Pal et al., 2025 Heart Disease Dataset InceptionNet 98.89 

Shamna & 

Maheswaran, 2024 
Heart Disease Dataset Improved SVM 96.10 

Ogunpola et al., 2024 
Cardiovascular / Myocardial 

Infarction Dataset 
XGBoost (optimized) 98.50 

Sakyi-Yeboah et al., 

2025 
Kaggle Heart Disease Dataset Adaptive Boosting 93.70 

El-Sofany et al., 2024 
Private + Public Heart Disease 

Datasets 

XGBoost (Explainable AI + 

SHAP) 
97.57 

Spencer et al., 2020 Four public heart disease datasets 
BayesNet + Chi-Squared 

Feature Selection 
85.00 

Chang et al., 2022 
Heart Disease Dataset (Python-based 

healthcare app) 
Random Forest Classifier 83.00 

Lohachab & Kumar, 

2023 
Three diverse cardiovascular datasets K-Nearest Neighbors (KNN) 97.82 

Rehman et al., 2025 NHANES Dataset Hybrid PSO–ANN Model 97.00 
 

Data studies have shown that feature variety, demographic diversity, and data imbalance can 

significantly complicate regional data sets. Subsequent studies should employ explainable AI, hybrid 

optimization, and ensemble learning to predict more accurately within a given local context. 

4 Conclusion 

This research dealt with the South Africa Heart Disease Dataset and utilized the SVM and KNN 

algorithms to classify heart disease. The preprocessing steps that took place included data cleansing, 

feature selection and scaling, outlier removal, and missing value handling. KNN, on the other hand, 

finds hyperplanes with the biggest margins, and uses the nearest neighbors to determine the class labels. 

SVM, on the contrary, succeeded with 74.19% accuracy, and 73.91% precision with 85% recall, in 

comparison to KNN with 64.52% accuracy 81.67% precision and recall. KNN showed fluctuation in 

accuracy across the validation folds for KFold cross-validation; which indicated the fact that it is 

sensitive to changes in the dataset. The research shows the SVM and KNN models, and their tendencies 

in predicting heart disease, advantages and disadvantages. 

Heart disease risk may be assessed using both SVM and KNN; SVM is more accurate but KNN has 

greater recall. When deciding which of the two models to use for predicting heart disease, it is important 

to consider the specific characteristics of the dataset and the requirements of the problem at hand. Each 

model has its pros and cons. 

Limitations and Future Work 

• The findings are only pertinent to the South African Heart Disease Dataset and may consequently 

suffer from lack of generalizability. 

• Choices of parameters, such as the type of kernel, the number of neighbours, and so on, may affect 

the results of SVM and KNN models. 



Exploring the Effectiveness of Computational Methods in 

Detecting Heart Disease 

                                   Sofiene Mansouri et al. 

 

707 

• While accuracy is one of the metrics assessed, this one metric cannot accurately portray the clinical 

relevance of the findings. 

• Assessing SVM and KNN on a broader spectrum of datasets may better depict the extent of their 

efficacy. More sophisticated approaches such as grid search may effectively enhance the 

performance of the SVM and KNN. 

• Combination of approaches, SVM and KNN included, may lead to better predictive accuracy and 

is referred to as ensemble techniques. 

• Working on feature engineering may enhance the described techniques, KNN and SVM, in terms 

of their discriminative power. 

• Real-life clinical contexts would benefit from SVM and KNN in providing guidance and may be 

served by prospective studies aimed at validating these techniques. 
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