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Abstract

Heart disease is one of the most dangerous and deadly diseases in the world, due to the large
number of deaths caused by this disease annually. This paper proposes a hybrid approach that
combines K-means with nine machine learning techniques for predicting heart disease and
forecasting future heart disease occurrences. Two datasets, 1,026 records each, were generated:
a binary infected-uninfected dataset and a three-class (infected/uninfected/likely infected)
dataset, both labeled according to the WHO clinical criteria. The feature space was trans-
formed, the data were clustered using the K-means algorithm, and classification was per-
formed. The trained machine learning algorithms, utilizing the clustered data, included a De-
cision Tree, a random forest, XGBoost, and Gradient Boosting, with the aid of clinical pa-
rameters such as age, blood pressure, and cholesterol level. The Decision Tree achieved the
highest accuracy of 89.27% on the three-class prediction problem, outperforming Gradient
Boosting and Random Forest. The hybrid K-means and machine learning algorithm exhibits
good predictive performance and potential clinical value for identifying patients at risk of fu-
ture heart disease, facilitating early intervention.

Keywords: Heart Disease Prediction; K-means Clustering; Decision Tree; Supervised
Learning; Risk Classification; Machine Learning.

1. Introduction

Heart disease has been the abiding killer of people on earth, as over 17 million deaths are
caused by the disease every year, according to the World Health Organization [1]. Cardio-
vascular diseases represent a serious economic and social burden regardless of the progress in
medicine. The risk of heart disease should therefore be predicted correctly and at an early age
so that timely intervention can be carried out and preventable deaths can be avoided.

Artificial intelligence (AI) and machine learning (ML) have become innovative solutions in
various fields such as the healthcare sector [2,3], agriculture [4], plant diseases [5,6], geog-
raphy [7,8], and more, providing data-driven diagnostic assistance and decision-making op-
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portunities. ML algorithms can be used to identify subtle patterns that cannot be perceived by
the human eye by analyzing complex clinical measurements such as blood pressure, choles-
terol, age, and ECG signals [9]. These methods have been extensively utilized to diagnose heart
diseases using models such as Decision Trees, Random Forests, Logistic Regression, and
Support Vector Machines, enabling early risk prediction and improved clinical outcomes.

It has been demonstrated that supervised machine learning (ML) models can effectively clas-
sify heart diseases and have been employed successfully in numerous studies. For instance,
Anuradha et al. [10] reported high accuracy using conventional classifiers on the UCI reposi-
tory. However, the majority of prior studies have been confined to binary classifica-
tion—distinguishing only between diseased and healthy individuals—while neglecting pa-
tients who may develop the disease in the future [11]. Ahmed et al. [12] proposed a hybrid
K-means approach integrated with a set of ML models to predict future diabetes onset. Such
future susceptibility remains a critical challenge, as it involves modeling intermediate levels of
risk that are typically absent in traditional datasets.

This paper proposes a hybrid predictive framework that combines unsupervised K-means
clustering with supervised ML models to improve risk prediction for heart disease. The main
contributions of this study are as follows:

* To create a new risk class based on clinical thresholds (e.g., high blood pressure and cho-
lesterol levels), enhancing clustering analysis through the introduction of a novel grouping
strategy.

* To perform a comparative analysis of nine ML classifiers—including Decision Tree, Random
Forest, XGBoost, and Gradient Boosting—on binary (two-class) and tertiary (three-class)
prediction problems.

* To evaluate a hybrid architecture integrating clustering-based preprocessing with supervised
classification for enhanced prediction of future heart disease risk.

The remainder of this paper is organized as follows: Section 2 reviews the related literature on
ML-based heart disease prediction. Section 3 presents the proposed methodology, including
dataset description, preprocessing, clustering, and model training. Section 4 reports and dis-
cusses the experimental results. Finally, Section 5 concludes the paper and outlines future
research directions.

2. Related Work
3.1. Studies on Binary Classification

Devansh Shah et al. [13] presented a study in October 2020 that examined multiple supervised
learning algorithms, including Random Forest, Decision Tree, K-Nearest Neighbor (KNN),
and Naive Bayes, to classify heart diseases using the Cleveland Clinic dataset from the UCI
repository. The dataset consisted of 303 cases and 14 clinical features. Their results demon-
strated that the K-Nearest Neighbor algorithm achieved the highest accuracy.

Lakshmi C.N. et al. [14] employed supervised ML models such as KNN, Decision Tree,
Support Vector Machine (SVM), Naive Bayes, and Random Forest on the same Cleveland
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dataset (303 records, 14 features). Their results revealed that different algorithms predicted
heart disease with varying levels of severity depending on the selected features.

Amna Kanwal et al. [15] proposed a model combining several ML techniques to accurately
predict heart disease. Feature selection methods, including Relief and LASSO, were applied to
identify the most relevant attributes, and classifiers such as Decision Tree, Naive Bayes, KNN,
SVM, and Logistic Regression were compared. The Decision Tree achieved the highest ac-
curacy of 85.21%.

Rachana Sani and H.S. Guruprasad [16] analyzed machine learning algorithms, including
Decision Tree, Logistic Regression, Random Forest, and Neural Networks, based on accuracy,
precision, and recall. Their study aimed to determine the most suitable algorithm for each
metric and proposed a machine learning methodology derived from the specified dataset var-
iables.

Guarneros-Nolasco et al. [17] applied ten ML algorithms to four public cardiovascular datasets
(Cleveland, Framingham, Faisalabad, South African Heart), using 70/30 train—test splits and
10-fold cross-validation. They found that Decision Tree, Logistic Regression, and SVM
achieved the best accuracies (80—83%) in binary heart disease diagnosis.

3.2. Studies Utilizing Ensemble and Advanced Methods

Priyanka Gupta and Dambarudhar Seth [18] applied Multilayer Perceptron (MLP) and various
ML classifiers to two datasets (UCI Cardiology and Framingham). After hyperparameter
tuning and feature importance analysis, Random Forest showed superior accuracy of 97.13%
for the Framingham dataset.

Md. Julker Nayeem et al. [19] applied Naive Bayes, KNN, and Random Forest classifiers to
predict heart disease. They enhanced model performance by removing unnecessary features
and handling missing values using mean imputation. Random Forest achieved the highest
classification accuracy (95.63%).

Suman Halder [20] developed a model to predict heart failure probability using clinical at-
tributes such as age, gender, cholesterol, thalach, and ejection fraction. Among Naive Bayes,
Random Forest, Logistic Regression, and SVM, Random Forest achieved the best performance
with 98.05% accuracy, 100% sensitivity, and 96.36% specificity.

Alsubai et al. [21] proposed a quantum-enhanced heart failure detection model using the UCI
Cleveland dataset. Their instance-based Quantum Machine Learning (QML) and Quantum
Deep Learning (QDL) frameworks achieved 83.6% and 98% accuracy, respectively, surpas-
sing traditional ensemble baselines.

Table 1 form highlights the progression of research and clarifies the gap that motivates the
present study—specifically the lack of tertiary (three-class) risk prediction and the limited use
of unsupervised clustering in prior work.

Table 1. Summary of Representative Studies on Heart Disease Prediction Using Machine
Learning
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3.3. Gaps and Motivation for Our Work

Although the binary and ensemble models achieved remarkable accuracies
[13,14,15,16,17,18,19,20,21], most focus solely on retrospective diagnosis without addressing
future risk or intermediate disease stages. Few studies have integrated unsupervised ap-
proaches to reveal latent groupings valuable for preventive care. To address this gap, our work
proposes a hybrid K-means with ML framework capable of distinguishing three risk lev-
els—healthy, likely infected, and infected—thereby extending traditional diagnostic models
toward predictive risk stratification and early-warning cardiology.

3. Methodology

The present work utilizes a comprehensive methodology combining K-means clustering with
nine different machine-learning techniques to forecast future heart disease instances accu-
rately. The methodology is specifically developed to improve the flexibility and accuracy of
prediction models by using both unsupervised and supervised learning approaches. To enrich
the methodology section and provide a high-level overview of the research novelty, Figure 1
presents a conceptual framework illustrating the flow of patient clinical data through the
proposed hybrid system. The diagram summarizes the transitions from data collection, pre-
processing, and K-Means clustering to feature augmentation and final supervised learning
classification. This figure helps readers quickly understand how the hybrid methodology ex-
tends beyond traditional binary prediction and introduces a three-level risk stratification
mechanism.
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Figure 1. Conceptual Framework of the Proposed Hybrid Model.
3.1. Dataset Description
3.1.1. First Dataset (Two-Label Classification)

The Heart Disease Dataset is an extensive compilation of medical and demographic data used
to predict, detect, and diagnose heart disease in individuals. This dataset is widely employed in
data analysis and machine learning research to build predictive models that support the early
diagnosis of cardiovascular diseases. It includes a comprehensive range of features commonly
associated with cardiovascular health, forming a robust foundation for both statistical explo-
ration and predictive modeling.

The dataset contains demographic information such as age and sex, as well as key clinical
measurements and health indices. For instance, age is a continuous variable representing the
patient’s age in years, while sex is a binary variable (1 indicates male, 0 indicates female). Core
clinical parameters include resting blood pressure, serum cholesterol concentration, and
maximum heart rate achieved during exercise — all of which provide valuable insights into
cardiovascular condition. Additionally, the dataset includes qualitative (categorical) variables
such as chest pain type and thalassemia status, which represent different chest pain categories
and hereditary blood conditions, respectively.

The dataset comprises a total of 1026 patient records, of which 499 correspond to individuals
without heart disease and 527 to those diagnosed with heart disease. Thus, the target variable is
balanced, ensuring unbiased learning and evaluation across both classes. The distribution of
the two classes is illustrated in Figure 2.
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Figure 2. Number of classes for first dataset.
3.1.2. Second Dataset (Three-Label Classification)

The second dataset used in this study was obtained from the Kaggle machine learning repos-
itory and corresponds to the well-known Cleveland Heart Disease dataset, which is widely
employed for predictive cardiovascular diagnosis using supervised ML algorithms. It com-
prises a total of 1026 patient records and includes multiple demographic and clinical attributes.
Most prior studies have utilized a subset of fourteen features for prediction, including demo-
graphic parameters (age, gender) and vital health indicators such as resting blood pressure,
serum cholesterol, fasting blood sugar, and other relevant cardiovascular metrics.

With guidance from reports published by the World Health Organization [22,23], related sci-
entific literature [24,25,26], and consultations with specialized cardiologists at the Cardiac
Surgery and Catheterization Hospital in Diwaniyah, the dataset was categorized into three
classes:

(1) not infected (coded as 0),
(2) infected (coded as 1), and
(3) likely to be infected in the future (coded as 2).

This three-level labeling was based on key clinical thresholds, including systolic blood pres-
sure greater than 140 mmHg, total cholesterol exceeding 200 mg/dL, and additional medical
indicators of cardiovascular stress. The resulting class distribution is visualized in Figure 3.

count

1
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Figure 3. Number of classes for second datasets.
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3.2. Preprocessing

Preprocessing is a crucial stage in preparing the Heart Disease Dataset for efficient analysis
and modeling. Its primary objective is to cleanse and transform the raw data into a suitable
format for machine learning algorithms. This stage ensures the reliability, consistency, and
interpretability of the dataset through several essential steps:

* Initial Data Inspection:

This step involves loading and exploring the dataset, examining variable types and ranges, and
identifying missing or abnormal values that require correction. Missing values can be handled
through imputation methods such as replacing them with the mean, median, or using more
sophisticated approaches like the K-Nearest Neighbors imputer.

* Feature Encoding and Transformation:

Since many ML algorithms require numerical input, categorical features must be converted
into numerical form. For example, the categorical feature ChestPainType can be one-hot en-
coded, while binary variables such as Sex and FastingBloodSugar can be verified for accuracy
and consistency.

* Feature Scaling:

Features with large numeric ranges (e.g., MaxHeartRate, RestingBloodPressure) are scaled to
ensure equal influence on model performance. Standardization (zero mean, unit variance) or
normalization (range 0—1) helps prevent any single feature from dominating the learning
process.

* Managing Outliers:

Outliers can distort model performance and must be addressed through removal, transfor-
mation (e.g., logarithmic or square root), or capping. For instance, abnormally high or low
SerumCholesterol readings are validated to distinguish genuine cases from data entry errors.

* Dataset Partitioning:

To evaluate model performance objectively, the dataset is divided into training and testing
subsets—typically 80% for training and 20% for testing—ensuring generalization on unseen
data.

* Feature Selection:

This step enhances model efficiency by retaining only the most influential attributes using
correlation analysis or feature-importance metrics, thereby reducing dimensionality and over-
fitting.

Overall, preprocessing transforms unstructured data into a clean, logical, and consistent form
suitable for accurate heart disease prediction models.

3.3. K-Means Clustering

K-Means is a partition-based clustering algorithm that iteratively assigns data points to clusters
by minimizing intra-cluster variance [27]. It is widely used in exploratory data analysis due to
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its simplicity, scalability, and computational efficiency. In the context of heart disease predic-
tion, K-Means groups patients based on clinical similarities, enabling the identification of la-
tent patterns and risk clusters.

The goal of K-Means is to form clusters where points within each group are highly similar,
while points in different clusters are dissimilar. Each cluster center (C) represents the mean of
all data points assigned to that group, and the Euclidean distance between a data point (P) and
its cluster center is calculated as:

d(C,P)=IC — P (1)

In this study, the dataset was divided into three clusters corresponding to the three health states.
Among the 1026 records, 212 patients were assigned to Cluster 1, 526 to Cluster 0, and 287 to
Cluster 2. Effective feature selection significantly improves clustering performance by em-
phasizing the most informative variables.

Thus, K-Means serves not only as a clustering tool but also as a preprocessing stage to simplify
data and provide structured inputs for subsequent supervised models.

3.4. Machine Learning Models

Machine learning (ML), a subfield of artificial intelligence (Al), enables computers to learn
patterns from data and make predictions without explicit programming. Recent advances in
computational power have allowed ML algorithms to be applied in healthcare for disease
prediction, diagnosis, and personalized treatment [28,29]. In this study, nine supervised ML
models were implemented for the predictive diagnosis of heart disease, as outlined below.

» Random Forest (RF):

An ensemble learning method that builds multiple decision trees and combines their outputs to
improve predictive accuracy and reduce overfitting [30]. RF is robust to noise and provides
insights into feature importance.

* Decision Tree (DT):

A tree-based model that recursively splits data based on feature thresholds [31]. It is inter-
pretable and well-suited for identifying nonlinear relationships between clinical indicators and
disease outcomes.

* XGBoost:

An optimized gradient-boosting framework that integrates regularization for better generali-
zation [32]. It delivers strong performance with efficient computation and is highly effective
for structured medical data.

* Gradient Boosting (GB):
A sequential ensemble method that adds weak learners to correct errors of previous models
[33]. It improves prediction accuracy through iterative refinement.

» K-Nearest Neighbors (KNN):
A simple, non-parametric algorithm that classifies a sample based on the majority label of
its k nearest neighbors [34]. It is intuitive and effective for small to medium-sized datasets.
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* Support Vector Machine (SVM, RBF Kernel):

A robust classifier that separates classes by maximizing the margin between them [35]. The
radial basis function (RBF) kernel enables nonlinear decision boundaries and requires careful
tuning of C and y.

* Logistic Regression (LR):
A statistical model commonly used for binary classification [36]. It estimates the probability of
heart disease occurrence and provides interpretable coefficients for clinical features.

» Multinomial Naive Bayes (MNB):
A probabilistic classifier based on Bayes’ theorem [37]. It assumes feature independence and
performs efficiently with categorical health indicators.

* Support Vector Machine (Linear Kernel):
A linear version of SVM that identifies the optimal hyperplane for classification [38]. It is
computationally efficient and well-suited for linearly separable datasets.

Each of these models was trained and evaluated on both binary (two-class) and ternary
(three-class) versions of the dataset to assess their predictive performance.

4. Results and Discussion
4.1. K-Means Clustering Results

Based on the proposed methodology, nine machine learning techniques were integrated with
the K-Means clustering algorithm, including Decision Tree, K-Nearest Neighbors (KNN),
Random Forest, Support Vector Machine (linear and RBF kernels), XGBoost, Gradient
Boosting, Logistic Regression, and Multinomial Naive Bayes. The K-Means algorithm was
employed to group the patients into clusters prior to supervised classification in order to en-
hance data organization and predictive accuracy.

To determine the optimal number of clusters, the Elbow Method was applied. This method
plots the relationship between the number of clusters (k) on the x-axis and the within-cluster
variance (inertia or sum of squared distances) on the y-axis. At the beginning, when k is small,
the variance is large because the data points are widely dispersed within a few clusters. As k
increases, the variance decreases sharply since the data become more finely partitioned, re-
ducing intra-cluster dispersion.

The elbow point corresponds to the stage where the rate of variance reduction slows signifi-
cantly—indicating that adding more clusters offers minimal improvement. In this study, the
elbow was observed at k = 3, as shown in Figure 4. Therefore, the optimal number of clusters
for this dataset is three, corresponding to the following patient groups:

1. Uninfected: Individuals with normal clinical readings and no signs of heart disease.
2. Infected: Individuals diagnosed with heart disease based on medical indicators.

3. Likely to be infected: Individuals at elevated risk of developing heart disease in the fu-
ture.
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This tripartite clustering aligns with the clinical understanding of cardiovascular risk stratifi-
cation and provides a structured foundation for subsequent supervised model training.

le6
7

> 4

Figure 4. Elbow Method showing optimal 3 for K-Means clustering.
4.2. Machine Learning Results

Nine supervised machine learning algorithms were evaluated on the test set, each represented
by a bar in the accuracy chart. The horizontal axis (X) lists the models—KNN, SVM (RBF),
Gradient Boosting, XGBoost, Random Forest, Decision Tree, Logistic Regression, SVM
(Linear), and Multinomial Naive Bayes—while the vertical axis (Y) shows their corresponding
accuracies, ranging between 0.80 and 1.00 (80-100%).

Among all algorithms, the Decision Tree achieved the highest accuracy, approximately 0.89
(89%), demonstrating the strongest classification performance, as shown in Figure 5. Random
Forest, Gradient Boosting, and XGBoost followed closely with accuracies between 0.87 and
0.88, confirming their reliability in predicting heart disease.

Conversely, KNN produced the lowest accuracy (below 0.85), suggesting that it may not be
optimal for this dataset without parameter optimization. The remaining algorithms—SVM
(RBF), SVM (Linear), Logistic Regression, and Multinomial Naive Bayes—performed mod-
erately, all with accuracies below 0.85.

Overall, the Decision Tree outperformed all other models, effectively partitioning the data and
yielding the highest predictive accuracy. Ensemble and boosting-based algorithms (Random
Forest, XGBoost, and Gradient Boosting) also achieved competitive results, while simpler
models such as SVM and KNN may require further hyperparameter tuning to improve per-
formance.
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Figure 5. Results of classification models.
4.3. Machine Learning Accuracy and Training Time

Machine learning techniques were applied to evaluate and test the heart disease dataset using
nine different algorithms: KNN, SVM (Linear), XGBoost, Naive Bayes, Logistic Regression,
Decision Tree, Random Forest, SVM (RBF), and Gradient Boosting. The performance of each
model was measured in terms of accuracy and training time, as summarized in Table 2 and
Figure 6.

The results show that the Decision Tree algorithm achieved the highest accuracy of 0.8926
(89.26%) with a training time of only 0.01 seconds, making it both fast and highly effective for
this dataset . Gradient Boosting and XGBoost achieved similar accuracies of 0.8861 (88.61%),
though their training times were longer—0.74 and 0.52 seconds, respectively. Random Forest
followed closely with an accuracy of 0.8845 (88.45%) and a training time of 0.20 seconds.

KNN achieved moderate performance, with an accuracy of 0.8260 (82.60%) and a rapid
training time of 0.01 seconds, indicating efficiency in computation. SVM (RBF) and Logistic
Regression recorded accuracies of 0.6813 (68.13%) and 0.6796 (67.96%), respectively, with
training times of 0.24 and 0.08 seconds. SVM (Linear) performed slightly worse, achieving
0.6715 (67.15%) accuracy in 0.52 seconds. The Multinomial Naive Bayes classifier had the
lowest performance, with an accuracy of 0.6536 (65.36%) and a training time of 0.01 seconds.

In summary, Decision Tree, Gradient Boosting, and XGBoost were the most accurate models,
with the Decision Tree standing out as the best balance between accuracy and speed. Algo-
rithms such as KNN and Naive Bayes trained extremely fast but at the cost of lower precision,
while SVM-based and logistic regression models underperformed, achieving less than 70%
accuracy. If the objective is to maximize predictive accuracy, the Decision Tree, Gradient
Boosting, and XGBoost algorithms are the most suitable choices. However, if computational
efficiency and rapid model training are prioritized, Decision Tree and KNN offer the best
compromise between speed and accuracy.
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Table 2. Performance comparison of machine learning algorithms on the three-class classifi-

cation task.

Model

Accuracy scaling

Training time (sec)

Decision Tree
Gradient Boosting
XG Boost
Random Forest
KNN

SVM (RBF)
Logistic Regr.
SVM (Linear)
Multinomial NB

0.8926
0.8861
0.8861
0.8845
0.8260
0.6813
0.6796
0.6715
0.6536

0.01
0.74
0.52

0.2
0.01
0.24
0.08
0.52
0.02

Value

W jraining hime (s)

Figure 6. Accuracy and Training Time Comparison Across Models.

4.4. Discussion

A hybrid framework combining K-Means clustering with machine learning techniques was
implemented to enhance the classification of heart disease cases. Nine algorithms were eval-
uated, including KNN, SVM (Linear), SVM (RBF), Multinomial Naive Bayes, Gradient
Boosting, Logistic Regression, Decision Tree, XGBoost, and Random Forest. The integration
of K-Means improved data organization and revealed latent patient groupings prior to super-

vised classification.

The experimental results demonstrated that the Decision Tree algorithm achieved the highest
accuracy (0.89), outperforming all other models in the three-class classification task. Ensemble
and boosting-based models such as Gradient Boosting, XGBoost, and Random Forest also
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achieved competitive accuracies, confirming their robustness for structured medical datasets.
These findings suggest that tree-based learning methods are particularly effective for heart
disease prediction due to their capability to handle nonlinear interactions and mixed data types.

As illustrated in Figure 7, the confusion matrix of the Decision Tree model shows strong di-
agonal dominance, with 106, 110, and 59 correct predictions for the three classes, indicating
reliable classification performance and minimal misclassification.

Confusion Matrix - Decision Tree 100

2
80
m - 60

= 2

=
40
2 10 9

F20

0 1 2

Predicted

Figure 7. Confusion Matrix for Decision Tree.

The class-wise evaluation shown in Figure 8 provides a clearer understanding of how the De-
cision Tree model performs across the three target categories. For the not infected class, the
model achieved a precision of 0.855 and a very high recall of 0.964, indicating that it correctly
identified almost all true negative cases, with minimal false classifications. The corresponding
F1-score of 0.906 confirms a balanced and reliable performance, which is consistent with the
confusion matrix where 106 out of 110 samples were correctly predicted.

Similarly, the infected class demonstrated strong performance, with precision and recall values
0t 0.909 and 0.917, respectively, resulting in the highest F1-score 0.913. This indicates that the
model is highly capable of detecting infected cases while maintaining a low false-positive rate,
an important factor in medical diagnosis. The confusion matrix supports this result, showing
110 correct classifications with only a few misclassifications.

In contrast, the likely class showed a different pattern. Although it achieved the highest pre-
cision 0.937, meaning predictions for this class are generally correct, the recall dropped to
0.756, indicating that the model missed a notable number of actual “likely” cases. The F1-score
of 0.836 reflects this imbalance, and the confusion matrix confirms that 19 samples were
misclassified into other classes.

Overall, these results show that the Decision Tree model performs very well on clearly defined
classes not infected and infected, while the intermediate likely category remains more chal-
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lenging due to overlapping characteristics. This highlights the importance of class-level anal-
ysis in multi-class medical prediction tasks.

10 Precision, Recall, and Fl-score per Class
’ B Precision

s Recall
mmm Fl-score

0.8

0.6

Score

0.4

0.2

0.0

Not infected Infected Likely

Figure 8. Class-wise Precision, Recall, and F1-score of the Decision Tree model.
5. Conclusions and Recommendations

This study applied a hybrid K-Means and machine learning framework to predict heart disease
across three risk categories. Nine algorithms were evaluated in terms of accuracy and training
efficiency, leading to the following conclusions and recommendations.

The Decision Tree algorithm demonstrated the best overall performance, achieving an accu-
racy of 0.8927 (89.27%) with the shortest training time of 0.01 seconds. This result indicates
that the Decision Tree model was the most effective in segmenting and classifying the dataset,
making it the optimal choice for this type of medical prediction task.

Gradient Boosting and XGBoost also performed well, both achieving an accuracy of 0.8862
(88.62%). Although their training times were slightly longer, these algorithms remain strong
candidates when higher accuracy is prioritized over computational speed. Random Forest
achieved an accuracy of 0.8845 (88.45%), confirming its robustness for complex and nonlinear
data.

In contrast, KNN and Multinomial Naive Bayes recorded the lowest accuracies, 0.8260
(82.60%) and 0.6536 (65.36%), respectively, suggesting that they are less suitable for this
dataset in their current form. However, KNN was among the fastest to train (0.01 seconds),
highlighting its efficiency for rapid model prototyping.

For future applications, the Decision Tree is recommended as the primary algorithm due to its
high accuracy and low computational cost. When maximum precision is required, Gradient
Boosting or XGBoost can be employed despite their longer training times. Further improve-
ments can be achieved through hyperparameter tuning of XGBoost, Random Forest, and KNN,
as well as optimizing data preprocessing and feature scaling to reduce computation time while
maintaining predictive performance.
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Repeated evaluation on new or partitioned datasets is encouraged to validate model stability
and generalization. Continuous refinement and retraining will ensure that these predictive
models remain reliable tools for early diagnosis and risk assessment of heart disease.
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