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Abstract

Heart disease is one of the leading causes of death worldwide, so early diagnosis is essential for effective treatment and
prevention. This study evaluates the performance of five machine learning algorithms, namely Decision Tree, Naive Bayes,
K-Nearest Neighbors (K-NN), Random Forest, and Support Vector Machine (SVM), using a heart disease dataset obtained
from Kaggle. The dataset comprises 14 variables, including 13 attributes and 1 target variable. The models were tested on
data split ratios of 70:30, 80:20, and 90:10, with performance measured by accuracy, precision, recall, and F1-score. The
results showed that Random Forest performed best, achieving the highest accuracy of 98.54% at the 80:20 ratio. Decision
Trees followed, yielding similar results, while K-NN performed the best at the 90:10 ratio, with a precision of 100%. In
contrast, Naive Bayes performed lower due to high false positives. These results are in line with previous studies,
confirming the effectiveness of Random Forest and Decision Trees in predicting heart disease risk. This research
contributes to the development of reliable machine-learning models for early diagnosis and risk assessment of heart disease.
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1. INTRODUCTION

Data from the WHO show that heart disease remains a major global health challenge, with an estimated
19.8 million deaths in 2022, representing approximately 32% of all global deaths. Of these, about 85% were
due to heart attacks and strokes, with more than three-quarters occurring in low- and middle-income countries.
Although conventional diagnostic methods such as Electrocardiogram (ECG), Magnetic Resonance Imaging
(MRI), and angiography are available, the need for rapid, accurate, and affordable early detection systems is
urgent to reduce premature mortality, which reaches 38% among non-communicable disease patients under the
age of 70. Heart disease is a condition involving disorders of the heart and its blood flow [1]. These diseases
range from blood vessel problems to arrhythmias [2]. The diagnosis of heart disease is usually based on the
patient's medical history, blood pressure, blood sugar, and cholesterol tests, as well as tests such as an ECG,
stress test, X-ray, echocardiogram, coronary angiography, and MRI and CT scans [3]. Several risk factors play
a major role in the development of heart disease, including smoking, excessive alcohol consumption, obesity,
inactive lifestyle, chronic stress, and genetic diseases. In addition, people between the ages of 40 and 50 have
an increased risk of heart disease [4], [5]. Heart disease is responsible for 32% of deaths worldwide each year,
killing about 17 million people each year [6]. Therefore, early diagnosis is essential for effective treatment [7].

Supervised learning is particularly suitable for this domain because it uses labeled datasets in which the
'target’ variable, representing the presence or absence of heart disease, serves as the ground truth. By training
on these historical labels, the algorithms can learn a mapping function to predict outcomes for new, unseen
patient data, effectively mimicking the clinical diagnostic process. This approach serves as a reliable decision-
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support system, providing clinicians with data-driven insights to clarify diagnoses and improve treatment
efficacy. In the medical field, data analysis is increasingly used to clarify diagnoses, improve research
techniques, and plan equipment accordingly. Artificial intelligence-based software is now available to analyze
data and predict optimal outcomes [8]. a study by Ali et al. [9] found that the use of supervised learning and
data mining for predicting and detecting heart disease has promising clinical potential, although their
development remains challenging. Early prediction provides important information to doctors, enabling them
to diagnose and treat patients more effectively [10]. In this study, several supervised machine learning
algorithms, such as K-Nearest Neighbors (K-NN), Decision Trees, and Random Forests, were evaluated to find
diagnostic accuracy [9].

In previous research by Sumwiza et al. [11], the Random Forest-based ensemble method, combined
with feature selection techniques, achieved 99% accuracy. This is compared to other models such as Support
Vector Machine (SVM), K-NN, and Logistic Regression. The Random Forest algorithm is very effective
because it can handle complex and imbalanced data, provides reliable results through ensemble methods, and
has flexibility [12]. K-NN also shows superiority in predicting heart disease, achieving the highest accuracy of
99.71%, which can reach 100% after feature extraction using only four attributes. K-NN is the best choice for
predictive analysis based on Health datasets because the kappa statistic of 0.9941 indicates a very reliable
classification [1]. The K-NN algorithm is very useful for dynamic exercise monitoring datasets because it is
very easy to use, flexible, and can recognize local patterns in the data [13].

The SVM achieves a maximum accuracy of 93.3%, which is higher than that of other methods reported
by Support et al. [14]. SVM can also effectively reduce error in heart disease prediction and is preferred for its
good generalization, strong theoretical basis, and resilience to dimensionality [15]. Research comparing the
performance of Decision Tree and Naive Bayes algorithms for predicting heart disease shows that Naive Bayes
is superior to Decision Tree because it is better suited to numerical data and exhibits better generalization [16].
In contrast, Decision Tree tends to have lower performance because it is prone to overfitting, especially if its
depth is not set, and is sensitive to data distribution and outliers [17].

However, as shown by previous research [18], a Decision Tree can achieve competitive results, with
99.0% accuracy on heart disease datasets. This success is supported by several factors, such as effective data
preprocessing [19], model parameter tuning [20], and dataset characteristics relevant to rule-based patterns that
the Decision Tree can capture [18]. Based on these studies, this study aims to compare the performance of
supervised learning algorithms in heart disease classification, namely Random Forest, K-NN, Naive Bayes,
SVM, and Decision Tree, with heart disease datasets [10], [12], [14], [16], [18]. It is hoped that the results of
this study can provide insight into the development of more accurate and effective methods for diagnosing
heart disease.

2. MATERIAL AND METHOD

This research methodology is designed to compare the performance of classification algorithms (C4.5,
K-Nearest Neighbor, Naive Bayes, Random Forest, and SVM) in predicting heart disease. These five
algorithms were selected for their proven efficacy and widespread use in medical diagnostic research. Random
Forest and Decision Tree were chosen for their ability to handle complex medical datasets and capture rule-
based patterns. K-NN was included for its reliability in classifying health data and its flexibility in capturing
local patterns. SVM provides a robust solution for binary classification in multidimensional spaces while
avoiding overfitting. Lastly, Naive Bayes was selected for its efficiency in handling numerical data and its
strong generalization capabilities. By comparing these diverse approaches ranging from tree-based ensembles
to probabilistic and distance-based models, this study aims to identify the most stable architecture for heart
disease risk assessment. The stages of the research methodology are described in Figure 1.
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Figure 1. Research Methodology

Performance Comparison of Supervised Learning Algorithms... (Azzahra et al, 2026) 2



ISSN(P): 3024-921X | ISSN(E): 3024-8043

2.1. Data collecting

The dataset used comes from the Kaggle platform, which contains data on patients with risky heart
disease. This dataset contains 14 variables with a total of 1025, each with 13 characteristics, and one class used
to predict heart disease. Demographic information, health test results, and medical history are entered into the
patient data records. Heart disease is the target variable, indicating whether the patient has heart disease (1) or
not (0). This dataset has been used in several studies. One of them is a study by Mohammed Amine Bougentar
et al. (2024), who used this dataset to train various machine learning algorithms, including Decision Trees,
RandomForestst, and Support VectoMachinesne. This study aimed to predict heart disease early with an
accuracy of 92 percent through ten-fold cross-validation. The results showed that this dataset can help in the
development of heart disease prediction models [3].

Tabel 1. DataSet

No Attribute Type Description

1 Age Integer The patient's age in years.

2 Sex Category Gender of the patient (1 = male; 0 = female).

3 Chest Pain Type Category Type of chest pain (1: typical angina, 2: atypical angina,

3: non-anginal pain, 4: asymptomatic).

Resting Blood Resting blood pressure in mm Hg upon hospital

Integer

Pressure admission.
Cholestoral Integer Serum cholestoral level measured in mg/dl.
6 FaSt'SnuggSrIOOd Category Fasting blood sugar > 120 mg/dl (1 = true; 0 = false).
Resting electrocardiographic results (0: normal, 1: ST-T
! RestECG Category wave abnormality, 2: left ventricular hypertrophy).
8 Max Heart Rate Integer Maximum heart rate achieved (thalach).
Exercise Induced Presence of chest pain/angina induced by exercise (1 =
9 . Category .n =
Angina yes; 0 = no).
10 Oldpeak float64 ST depression induced by exercise relative to rest.
The slope of the peak exercise ST segment (1: upsloping,
1 Slope Category 2: flat, 3: downsloping).
Vessels Colored .
12 by Fluorescein Category Number of major vessels (0-3) colored by fluoroscopy.
13 Thalassemia Catedo Status of thalassemia blood disorder (3 = normal; 6 =
gory fixed defect; 7 = reversible defect).
14 Target Integer Diagnosis of heart disease (0 = No Heart Disease; 1 =

Heart Disease).

2.2. Pre-processing Data

Data preprocessing is a part of machine learning that transforms raw data into a more organized and
understandable format [21]. This data usually comes from various sources and is not ready for direct analysis,
so it needs to be checked for missing features, outliers, or incorrect information, and then cleaned from the data
set [11]. Before performing analysis on the dataset, it is very important to fill in the missing information [22].

2.3. Splitting data

Data splitting is the process of dividing a dataset into several parts in order to evaluate the performance
of a particular model or algorithm. Generally, a dataset is separated into training data and testing data, where
the training data are used to train the algorithm, while the testing data are used to assess the model’s
performance [23]. In this study, the dataset was divided into three training—testing scenarios with ratios of
70:30, 80:20, and 90:10. Using multiple data split ratios aims to evaluate the stability and consistency of model
performance across different proportions of training data.

The 70:30 ratio was used as a standard split to balance training and testing. The 80:20 ratio was selected
to observe potential performance improvements as the amount of training data increased. Meanwhile, the 90:10
ratio was used to analyze model behavior when trained on the maximum available data and to examine the
potential risk of overfitting. Comparing model performance across these three split scenarios allows for a more
comprehensive evaluation of the model’s generalization capability.

2.4. Decision tree

Decision Tree is a popular and useful algorithm for predicting and classifying medical data[24]. A
decision tree has a tree-like structure for regression and classification. Each internal node is depicted by a
rectangle, and leaf nodes by ovals, with branches representing choices and leaves representing outcomes. A
decision tree is built using a top-down approach with the divide-and-conquer method. This algorithm is popular
because it is easy to understand and use [25]. To divide the data into the most similar subgroups based on the
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outcome variable, attributes at the points are selected in the process [26]. The method uses entropy calculations
and information gain [27].
1. Determine the attribute to be used as the root by determining the lowest entropy value and the highest
gain value. Determine the entropy value using Equation 1 [27] .

Entropy(y) = ¥i.; — Plog,p; 1)

2. Determine the gain value using Equation 2 [27] .
Gain(y, A) = Entropy(y) — Y.  enilai(A) %entropy(ye) (2)

3. Create a branch for each value.
4. Repeat the process for each branch, so that all cases have the same class.

2.5. Naive Bayes Classifier

A naive Bayes (NB) classifier is a classification algorithm based on the Bayes theorem, with the
assumption that each predictor is independent of the others. Since this algorithm is probability-based, it is very
important to study the sample distribution and the type of features used [28]. In the Naive Bayes structure, each
attribute in the training data is conditionally independent and has the same role in determining the class [29].
Equation 3 shows the relationship between these Naive Bayes prediction equations [30].

_ AX)Q©
Qe = 22X ®

The Naive Bayes algorithm consists of several main parts. First, based on the given input, X denotes the
case criteria. Next, C denotes a particular label or class in the dataset, and i denotes the number of available
class labels. If it is known that the class label is C, the probability of the occurrence of class label C based on
the input criteria X is expressed as Q(C|X). On the other hand, Q(X|C) denotes the probability of the input
criteria X occurring if the class label is C. Finally, Q(C) denotes the probability of the class label C appearing
first or earlier in the dataset. Using Bayes' theory, the combination of these elements is used to calculate the
posterior probability.

2.6. K-Nearest Neighbors (K-NN)

The K-Nearest Neighbors (K-NN) algorithm is a robust and supervised machine learning algorithm
[31]. It works by measuring the distance between similar data points and then clustering them based on their
proximity. One of the main goals of the K-NN algorithm is to create a model f that can predict the class label
y for an unknown pattern x [32]. It assigns the majority class label to the closest patterns in the data space and
assigns those patterns to the target x. To determine the similarity in the data space, it uses the Hamming distance
as a metric [3].

dEuclidian = \/Zinzl (Xiz - X11)2 (4)

In the K-Nearest Neighbors (K-NN) algorithm, the Euclidean distance is used to calculate the distance
between the sample data (X i1) and the test data (X i2), based on n attributes. This distance helps determine
the distance between the sample data and the test data, allowing the test data to be classified based on the
majority class among the nearest neighbors. Furthermore, the k parameter in the K-Nearest Neighbors (K-NN)
algorithm was determined using a Grid Search to obtain the optimal configuration. Several values of k were
evaluated on the training dataset, namely k = 1, 3, 5, 7, and 9. The performance of each k value was then
assessed based on accuracy and F1-score metrics to ensure a balanced trade-off between precision and recall

[1].

2.7.  Random Forest

One of the most effective batch-learning methods for large and imbalanced classification problems is
the random forest classifier [33]. To predict new, unseen instances, the random forest algorithm uses the
average of the base models' predictions [34]. Random forest can handle both categorical and continuous
variables and, compared to a single DT model, is less prone to overfitting. Given an instance x with class F,
the final prediction of a batch of N trees can be calculated using the following equation [35]:

H(N(X)) =argarg max (y) — Yx-; 1(Hk(x) =j), untukj=1,..c (5)

Performance Comparison of Supervised Learning Algorithms... (Azzahra et al, 2026) 4
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In the Random Forest algorithm, H(N(x)) is the final decision for input x, which is based on the results
of K decision trees. Each kth tree produces a decision hk(x), and the majority of decisions from these trees
determine the final class. If the condition is true, the indicator function 1 is 1, and C is the total number of
possible classes.

2.8.  Support Vector Machine

Support vector machines have been very good in disease prediction in recent years [36]. Used for
prediction, regression, and classification of linear and non-linear data, the SVM algorithm is a recent solution
to the binary classification problem on multidimensional data [4]. This technique is used in classification,
prediction, and regression, both linear and non-linear [37]. Its ability to maximize the classification margin,
thereby improving accuracy and generalization, is the main advantage of SVM. In addition, SVM avoids the
problems of overfitting and excessive dimensionality, which can increase computational complexity and
prevent getting stuck in local extremes [38]. SVM shows mathematical equality [36].

f(x) = WTX + b (6)

In these equations, X is a vector point, and w is a vector of weights. Therefore, the separated data in
Equation (1) must always be greater than zero, and the separated data in Equation (2) must always be less than
zero. SVM selects the hyperplane that maximizes the distance to all available ones.

2.9.  Model Evaluation

An important part of building a successful machine learning (ML) model is evaluating the model's
performance. Predictive models are evaluated using the confusion matrix performance metric [39]. This matrix
is usually used to evaluate classification performance and determine the performance of the machine learning
model [40]. The classification performance of each method is calculated using the Confusion Matrix to obtain
accuracy, precision, and recall results. This matrix is also used to evaluate the performance of the machine
learning model. Figure 2 shows a diagram of the confusion matrix [41].

Predicted

Positive Negative
(0]
2

_%| TP | FN
S &
o
g2

& FP | TN
4

Figure 2. Confusion Matrix Diagram [42]

Accuracy, precision, recall, specificity, and F1 score are some of the matrices that will be calculated in
the confusion matrix. The formula will be obtained during the calculation [41].

3. RESULTS AND DISCUSSION

To select the best algorithm, five supervised learning methods were applied to a dataset of patients with
heart disease risk obtained from Kaggle. After going through the pre-processing process, the algorithms were
evaluated using five different performance measures. The experimental results are summarized in tables and
graphs to facilitate analysis, and compared with previous studies to determine the best configuration for each
algorithm.

3.1. Preprocessing Data

The first step in data preprocessing is data cleaning. This process includes removing missing values,
outlier detection, outlier handling, model training, and selecting the right model. After loading the dataset and
importing the necessary libraries, the data is divided into three scenarios: 70% training data and 30% test data,
80% with 20%, and 90% with 10%. All these steps are done before applying the classification algorithm to
ensure optimal data. The best model is selected based on evaluation using various performance metrics, and
only that model is used to test the dataset [3].

The last step of the preprocessing process is to apply performance metrics to evaluate the prediction
results. This evaluation determines whether the patient has heart disease or not, as well as assessing the
effectiveness of the proposed computer-aided diagnosis system.
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Table 2. Data

Age Sex Chest Pain Resting Blood Vessels Colored Thalassemia Target
Type Pressure By Flourosopy

52 Male Typical 125 Two Reversable 0
angina Defect
Typical Reversable

53 Male angina 140 Zero Defect 0
Typical Reversable

70 Male angina 145 Zero Defect 0

61 Male Typl_cal 148 .. One Reversable 0
angina Defect

62 Female Typl_cal 138 Three Fixed Defect 0
angina

50 Male Atypical 140 Zero Fixed Defect 1
angina
Typical Reversable

60 Male angina 125 One Defect 0

47 Male Typl_cal 110 One Fixed Defect 0
angina

3.2.  Decission tree

In the Decision Tree algorithm, the model performance shows high accuracy at various data split ratios,
namely 70:30, 80:20, and 90:10, with the best results at the 80:20 ratio, achieving 98.54% accuracy, 98.57%
precision, and 98.54% recall. The absence of false positives (FP) at all ratios indicates the model's ability to
consistently avoid false positive prediction errors. At the 70:30 ratio, the model achieves 97.08% accuracy,
97.32% precision, and 96.98% recall, while at the 90:10 ratio, accuracy remains high at 97.09% with 97.54%
precision and 96.67% recall. These results, as shown in Figures 3, 4, and 5, indicate that the Decision Tree can
provide good and consistent prediction results on the heart disease risk dataset.

Table 3. Decision Tree Evaluation Results

Algorithm Split Evaluation Result (%)
Accuracy 97,08
Precision 97,32
[ 0, [}
70%: 30% Recall 96,98
F1-Score 97,07
Accuracy 98,54
Precision 98,57
04 * 0, 1
C45 80% - 20% Recall 98,54
F1-Score 98,54
Accuracy 97,09
Precision 97,54
04 - 0, [l
90% : 10% Recall 96,67
F1-Score 97,02
Confusion Matrix Confusion Matrix Confusion Matrix

100

50

40

30

True
True
True

-20

Predicted Predicted Predicted

Figure 3. Confusion Matrix with  Figure 4. Confusion Matrix with ~ Figure 5. Confusion Matrix with
Ratio 70:30 Ratio 80:20 Ratio 90:10

3.3.  Naive Bayes
In the Naive Bayes algorithm, the model performance shows a consistent level of accuracy at various
data-sharing ratios, namely 70:30, 80:20, and 90:10. The best results were obtained at the 90:10 ratio with an

Performance Comparison of Supervised Learning Algorithms... (Azzahra et al, 2026) 6
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accuracy of 79.61%, a precision of 72.22%, and a recall of 86.67%. At the 70:30 ratio, the model achieved
79.55% accuracy, 76.54% precision, and 83.22% recall, although there were quite high false positives (FPs) of
38, indicating incorrect positive predictions. For the 80:20 ratio, accuracy was 78.05%, precision 76.36%, and
recall 81.55%. The confusion matrix results for each ratio, as shown in Figures 6, 7, and 8, indicate that Naive
Bayes can provide fairly good predictions, although it is more susceptible to false positives than other
algorithms. Overall, this model shows balanced and reliable performance for the prediction case on the heart
disease risk dataset.

Table 4. Naive Bayes Evaluation Results

Algorithm Split Evaluation Result (%)
Accuracy 79,55
Precision 76,54
04 * 0, !
70% - 30% Recall 83,22
F1-Score 79,74
Accuracy 78,05
. Precision 76,36
04 - 0, ’
Naive Bayes 80% : 20% Recall 8155
F1-Score 78,87
Accuracy 79,61
Precision 72,22
04 - 0, ’
90% - 10% Recall 86,67
F1-Score 78,79
Confusion Matrix Confusion Matrix Confusion Matrix

120
a0

100 s

30

80
25

True
True
@
8
True

- 60

- 40

Figure 6. Confusion Matrix with  Figure 7. Confusion Matrix with  Figure 8. Confusion Matrix with
Ratio 70:30 Ratio 80:20 Ratio 90:10

3.4. K-Nearest Neighbors (K-NN)

In the K-Nearest Neighbors algorithm with the best parameter value (best k) of 3, the model
performance shows very good results in various data sharing ratios: 70:30, 80:20, and 90:10. At the 70:30 ratio,
the model achieves an accuracy of 89.29% with a precision of 89.19% and a recall of 88.59%. Although there
are 16 false positives (FP), these results reflect the model's ability to provide reliable predictions. At the 80:20
ratio, accuracy increases to 90.73%, with precision 90.38% and recall 91.26%. The high F1 Score of 90.82%
indicates a balance between precision and recall, making the model effective at classifying test data.

The best results were obtained at a 90:10 ratio, with an accuracy of 97.09%, a precision of 100.00%,
and a recall of 93.33%. The absence of false positives (FP) at this ratio confirms the model's ability to avoid
false positive prediction errors. The confusion matrix results illustrating the model’s performance for each
data-split scenario are presented in Figures 9, 10, and 11. Overall, the K-NN algorithm exhibits consistent and
excellent performance in predicting heart disease risk. Furthermore, the parameter evaluation results indicate
that k = 3 yields the most stable and optimal performance across different data-splitting scenarios, particularly
in improving precision and F1-score. Therefore, k = 3 was selected as the optimal parameter and used across
all K-NN experiments in this study, consistent with previous research showing that performance-based
selection of k enhances the reliability and generalization capability of K-NN models for medical data analysis.

Table 5. K-Nearest Neighbors Evaluation Results

Algorithm Split Evaluation Result (%)
Accuracy 89,29
Precision 89,19
- 04 * 0, [l
K-NN 70%:30% Recall 88,59
F1-Score 88,89
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Algorithm Split Evaluation Result (%)

Accuracy 90,73
. Precision 90,38
80%: 20% Recall 91,26
F1-Score 90,82
Accuracy 97,09

Precision 100

04 - 0,

90% : 10% Recall 93,33
F1-Score 96,55

Confusion Matrix

0 1
Predicted

Figure 9. Confusion Matrix with
Ratio 70:30

3.5. Random Forest

Confusion Matrix

True

I
0 1
Predicted

Figure 10. Confusion Matrix
with Ratio 80:20

Confusion Matrix

50

40

30

True

-20

-10

'
0 1
Predicted

Figure 11. Confusion Matrix
with Ratio 90:10

In the Random Forest algorithm, the model performance shows excellent results in various ratios. With
a ratio of 70:30, the model achieves an accuracy of 98.05% with, a precision of 98.12%, and a recall of 98.05%.
The absence of false positives (FP) in all ratios confirms the model's ability to produce accurate predictions
with minimal errors, as shown in Figures 12, 13, and 14.

Table 6. Random Forest Evaluation Results

Algorithm Split Evaluation Result (%)
Accuracy 98,05
Precision 98,12
04 - 0, !
70%: 30% Recall 98,05
F1-Score 98,05
Accuracy 98,54
Precision 98,58
04 * 0, ’
Random Forest 80% : 20% Recall 9854
F1-Score 98,54
Accuracy 97,09
Precision 97,23
04 * 0, !
90% : 10% Recall 97,09
F1-Score 97,07

Confusion Matrix

True

1

Predicted

Figure 12. Confusion Matrix
with Ratio 70:30

Confusion Matrix

True

.
0 1
Predicted

Figure 13. Confusion Matrix
with Ratio 80:20

Confusion Matrix

True

'
0 1
Predicted

Figure 14. Confusion Matrix
with Ratio 90:10

Performance Comparison of Supervised Learning Algorithms... (Azzahra et al, 2026) 8



ISSN(P): 3024-921X | ISSN(E): 3024-8043

3.6. Support Vector Machine (SVM)

In the Support Vector Machine (SVM) algorithm, with a 70:30 split, the model achieves an accuracy of
91.56%, precision of 91.93%, and recall of 91.56%, although there are 20 false positives (FP). The confusion
matrix results in Figures 15, 16, and 17 show that the SVM algorithm can provide reliable and consistent
predictions.

Table 7. SVM Evaluation Results

Algorithm Split Evaluation Result (%)
Accuracy 91,56
Precision 91,93
04 - 0, Il
70% - 30% Recall 91,56
F1-Score 91,55
Accuracy 88,78
Support Vector o - 900 Precision 89,23
Machine (SVM) 80%: 20% Recall 88,78
F1-Score 88,75
Accuracy 91,26
Precision 91,76
04 - 0, 1
90% - 10% Recall 91,26
F1-Score 91,3
Confusion Matrix Confusion Matrix Confusion Matrix

140 50

120

40

100

30
80

True
True
True

- 60
-20
- 40

-20

. .
0 1 0 1
Predicted Predicted Predicted

Figure 15. Confusion Matrix Figure 16. Confusion Matrix Figure 17. Confusion Matrix
with Ratio 70:30 with Ratio 80:20 with Ratio 90:10

3.7.  Algorithm comparison

The results of the comparison of these five algorithms show that Decision Tree has the best performance
in all data-sharing ratios, with the highest accuracy at the 80:20 ratio (98.54%) and a balance between precision
(98.57%) and recall (98.54%). Naive Bayes yields lower results, especially at the 70:30 and 80:20 ratios, with
accuracies of 79.55% and 78.05%, but improves at the 90:10 ratio to 79.61%. K-NN shows very good results
at all ratios, with the best accuracy at the 90:10 ratio (97.09%) and a precision of 100%. Random Forest also
shows excellent performance, achieving over 98% accuracy at the 70:30 and 80:20 ratios and 97.09% at the
90:10 ratio, with very consistent precision and recall. SVM achieved good results, with 91.56% accuracy at the
70:30 ratio and 91.26% at the 90:10 ratio, although there was a slight decrease at the 80:20 ratio (88.78%).
Overall, Random Forest and Decision Tree proved to be the most effective algorithms for heart disease
prediction on this dataset, as shown in Figure 18.

3.8. Discusion

This study demonstrates that both the Random Forest (RF) and Decision Tree (DT) algorithms are
effective for heart disease detection, with the RF consistently achieving superior classification performance.
The experimental results indicate that the ensemble learning mechanism employed by Random Forest enables
the model to capture more complex decision boundaries while reducing the risk of overfitting compared with
a single Decision Tree. This finding suggests that combining multiple decision trees improves model
robustness, particularly when handling medical datasets that contain complex relationships among clinical
variables. In a study conducted by Reddy et al. [16], although Naive Bayes achieved the highest accuracy,
Decision Tree remained a competitive classifier with an accuracy of 82%, confirming its capability as an
interpretable prediction model. Similarly, Zrigat et al. [18] reported that Random Forest slightly outperformed
Decision Tree while maintaining consistently high predictive performance. These findings collectively indicate
that tree-based algorithms remain reliable and practical solutions for heart disease prediction, as they offer high
predictive accuracy and transparent decision-making.
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The superior performance of Random Forest can be attributed to its ensemble learning strategy, in which
multiple decision trees are generated from different bootstrap samples and combined via majority voting. This
mechanism effectively reduces model variance and minimizes the influence of noisy observations, leading to
better generalization on unseen patient data. Furthermore, Random Forest can model nonlinear relationships
among clinical variables without extensive data preprocessing or feature transformations. Research conducted
by Minnoora and Bath [12] supports these findings, reporting that Random Forest achieved an accuracy of
99.30% while significantly reducing false-negative predictions, an essential factor in medical diagnosis
because undetected heart disease may delay treatment and increase patient risk. The current study also indicates
that Random Forest performs well even with relatively small datasets, making it a practical option for
healthcare institutions with limited patient records. Therefore, the algorithm offers not only high predictive
performance but also operational advantages for real-world clinical implementation.

Another important finding is the influence of feature selection on classification performance. Clinical
datasets often contain redundant or less informative variables that may reduce model efficiency and prediction
accuracy. By selecting only the most relevant features, machine learning algorithms can focus on significant
clinical indicators while minimizing unnecessary computational complexity. This observation is consistent
with the study by Sumwiza et al. [11], which demonstrated that Random Forest achieved approximately 99%
accuracy after applying an effective feature selection strategy. These results emphasize that the quality of input
features is equally important as the choice of classification algorithm. Consequently, integrating feature
selection techniques into the machine learning pipeline can substantially improve prediction reliability while
reducing computational costs.

Overall, the findings confirm that Random Forest is the most suitable algorithm among the evaluated
models due to its high accuracy, stability, and ability to reduce false-negative classifications. Although
Decision Tree remains an effective and highly interpretable model, its predictive performance is generally
lower because it relies on a single-tree structure that is more sensitive to data variation. The comparison with
previous studies further strengthens the conclusion that ensemble learning methods provide more reliable
performance than conventional single-tree approaches in medical diagnosis. From a practical perspective,
implementing Random Forest in clinical decision-support systems could assist healthcare professionals in
identifying high-risk patients more accurately and consistently. Nevertheless, this study is limited by the
relatively small dataset and the absence of external validation using patient data from different healthcare
institutions. Future research should therefore evaluate the proposed model on larger multicenter datasets,
investigate advanced hyperparameter optimization techniques, and explore explainable artificial intelligence
(XALI) methods to enhance both predictive performance and clinical interpretability.
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Figure 18. Result of Comparison Models

4. CONCLUSION

Based on the evaluation results of five supervised learning algorithms, namely Decision Tree, Naive
Bayes, K-Nearest Neighbors (K-NN), Random Forest, and Support Vector Machine (SVM), it can be
concluded that Decision Tree and Random Forest provide the best performance in predicting the risk of heart
disease in this dataset. Decision Tree shows the highest accuracy with a very good balance of precision and
recall, while Random Forest also provides consistent results with an accuracy of more than 98%. K-NN
provides good results at a ratio of 90:10 with an accuracy of 97.09%, but decreases at other ratios, while SVM
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shows good performance despite a slight decrease at a ratio of 80:20. Naive Bayes provides lower results,
especially at ratios of 70:30 and 80:20. Overall, Decision Tree and Random Forest are the best choices based
on accuracy and balance of evaluation metrics.
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