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Article history: Cardiovascular health is vital, with heart disease, particularly
No. 981 Coronary Heart Disease (CHD), being a significant health concern in
Rec. July 01, 2025 Indonesia. The 2023 Indonesian Health Survey reported 877,531
Rev. August 19, 2025 cases of heart disease. Traditional CHD diagnosis is often costly and
Acc. August 19, 2025 invasive. Therefore, machine learning-based classification has
Pub. August 19, 2025 emerged as a promising alternative for enhancing the accuracy and
Page. 943 —954 efficiency of detection. This study aims to predict CHD using a hybrid

approach combining the Naive Bayes algorithm with the Bagging
ensemble method. Naive Bayes was selected for its computational
efficiency and effectiveness with high-dimensional data, while
Bagging was employed to mitigate its inherent weaknesses by
reducing variance and increasing prediction stability. The CRISP-
DM methodology was applied to a secondary dataset of 462 rows from
Kaggle. The research process included data preprocessing, method
implementation, and evaluation using a confusion matrix. Results
show the Bagging method with n=2 estimators achieved optimal
performance, with 76.34% accuracy, 65.00% precision, and an fI-
score of 70.27%. This study demonstrates that ensemble techniques
can effectively improve the accuracy and stability of CHD prediction
models, offering a reliable and low-cost solution for initial screening.
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1. INTRODUCTION

Cardiovascular health is paramount to human quality of life, ensuring the vital
distribution of oxygen and essential nutrients throughout the body's cells. Disruptions
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within the cardiovascular system directly impact an individual's well-being and life
expectancy. Recent data from the 2023 Indonesian Health Survey [1] reveals a significant
prevalence of heart disease, with 877,531 diagnosed cases and an average of 0.85% of the
population. Among various cardiac disorders, Coronary Heart Disease (CHD) stands out as
a major concern. CHD, characterized by the narrowing and blockage of coronary blood
vessels due to the accumulation of plaque and pollutants, severely impedes energy
transport and oxygen supply, thereby threatening bodily homeostasis [2].

Traditional CHD diagnosis often involves invasive and high-cost procedures,
presenting a substantial challenge to healthcare systems [3]. This is in line with research [4],
machine learning has emerged as a promising solution to improve the accuracy and
efficiency of medical detection. Through data mining, valuable insights can be extracted
from large medical datasets, enabling the identification of patterns and relationships that
can support more precise clinical decision-making [5]. Specifically, classification methods
within data mining are highly relevant for assigning class labels to data samples, such as
identifying individuals at risk of CHD, thereby bolstering the reliability of the generated
results.

The Naive Bayes algorithm is a widely utilized probability-based classification
method, recognized for its computational efficiency and high accuracy, particularly with
large datasets [6]. This algorithm calculates probabilities based on the frequency and
combination of values within a dataset, making the naive assumption that each feature is
independent of other features if the outcome is known [7]. However, this algorithm has
limitations, including its aforementioned assumption of feature independence and
suboptimal handling of continuous attributes [8] [9]. To overcome the limitations of single
algorithms and improve overall model performance, ensemble learning has proven highly
effective. Bagging (Bootstrap Aggregating), as a key ensemble technique, operates by
creating multiple versions of the training dataset through sampling with replacement to
train several individual classifiers [10]. This approach effectively reduces variance and
enhances prediction stability [11].

Previous research has demonstrated the significant potential of ensemble learning
in the medical domain. For instance, applying Bagging and AdaBoost to the C4.5 algorithm
for stroke prediction yielded notable improvements. While the standalone C4.5 algorithm
achieved an accuracy of 92.87%, the use of Bagging boosted accuracy to 95.02%, and
AdaBoost reached 94.63%, indicating substantial increases of 3% and 2%, respectively [12].
In another study, a Bagging method combining K-Nearest Neighbor, Support Vector
Machine, and Naive Bayes for predicting stunting in toddlers achieved an accuracy of
89.77% [13]. Given Bagging's proven effectiveness in enhancing classification performance,
and considering the unique characteristics of the Naive Bayes algorithm, this study aims to
evaluate how the combination of the Bagging method with the Naive Bayes algorithm can
be optimized for Coronary Heart Disease prediction. Therefore, this research will
comprehensively investigate the implementation of Bagging Ensemble Learning on the
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Naive Bayes Algorithm for Predicting Coronary Heart Disease, focusing on improving key
classification metrics such as accuracy (the proportion of correct predictions from the total
data), precision (the model's ability to not misclassify positive results), and fl-score (the
harmonic mean of precision and recall which provides a balanced picture of model
performance).

2. RESEARCH METHOD

This study employed the Cross-Industry Standard Process for Data Mining (CRISP-
DM) methodology, a widely recognized reference model that systematically outlines the
data mining project lifecycle from planning to implementation [14][15]. This method
comprises structured phases that facilitate data management and is frequently utilized in
the field of data science due to its clear, efficient workflow, and its ability to reduce research
costs [16] [17]. The method can be seen in Figure 1.
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Figure 1. CRISP-DM methodology

2.1 Bussiness Understanding

In the Business Understanding phase, the primary objective of this research is to
develop a predictive model for detecting coronary heart disease (CHD) that can assist
healthcare institutions in clinical decision-making. The primary objectives are to filter
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relevant data related to CHD risk and to identify significant patterns for prediction [18]. The
development and diagnosis of CHD are influenced by both internal and external factors.
Internal factors include genetic conditions and patient medical history, such as high blood
pressure, diabetes, obesity, and lifestyle habits like smoking and physical activity levels.
External factors encompass environmental conditions, including air pollution, social stress,
education levels, access to healthcare services, and dietary patterns related to the patient's
lifestyle. In line with previous research [19], this study investigates the relationships
between health factors from patient medical records and CHD using Naive Bayes algorithm
and a combination of Naive Bayes with Bagging. This approach is designed to support
medical decision-making, assist in preventative measures by identifying high-risk
individuals for early intervention, and support ongoing management by monitoring the
effectiveness of therapy and personalizing treatment plans.

2.2 Data Understanding

In this phase, we initiated our data understanding by gathering the initial dataset
and reviewing its structure to identify potential issues within the Coronary Heart Disease
(CHD) dataset. The data was sourced from Kaggle, specifically the "Coronary Heart
Disease" dataset, comprising 462 rows and 9 attributes. The features identified as influential
for CHD prediction include sbp, tobacco, Idl, adiposity, famhist, typea, obesity, alcohol, and age.
The insights gained from this exploration were crucial in determining the criteria for our
model, which involved grouping data based on the values of each feature within the dataset
[20]. A detailed description of the features found in the dataset is provided in Table 1.

Table 1. Description features dataset

Features Description Type
sbp Systolic blood pressure Numeric
tobacco Yearly tobacco use (in kilograms) Numeric
Low-density lipoprotein (LDL) Numeric
ldl
cholesterol level
adiposity Level of body fat Numeric
famhist Family history of CHD (0 =No, 1= Yes) Categorical
typea Type A behavior/personality score Numeric
obesity Body Mass Index (BMI) Numeric
alcohol Alcohol consumption Numeric
age Age of the patient Numeric
Coronary Heart Disease diagnosis (0 = Categorical
chd
No, 1= Yes)

2.3 Data Preparation

The Coronary Heart Disease dataset, obtained from Kaggle in CSV format, served as
the foundation for this study. This dataset comprises 462 patient records, each with 9
attributes, including 1 target attribute. For subsequent analysis and model development, the
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dataset was processed using Python. Prior to classification, a series of data preprocessing
steps were performed. It's important to note that while some researchers consider data
mining synonymous with knowledge discovery in databases, data mining is actually just
one crucial step in that broader process [21]. For instance, quantitative attributes like 'sbp’
(systolic blood pressure) were converted into categorical ranges. The specific conversion
criteria for each attribute are detailed in Figure 2. This transformation was deemed
necessary to align with the chosen classification approach. For this study, 80% of the dataset
was used for training and 20% for testing purposes.

sbp sbp

160 Hipertensi Tahap Kedua
144 ‘ Hipertensi Tahap Pertama
118 Kondisi Normal

170 Hipertensi Tahap Kedua
134 Pra-Hipertensi

Figure 2. Data Transformation

2.4 Modelling

In this research phase, the dataset was analyzed using two distinct models: Naive
Bayes and a combined Naive Bayes with Bagging approach. We conducted a comprehensive
comparison between the actual testing data and the predicted outcomes generated by both
the trained Naive Bayes model and the integrated Naive Bayes with Bagging model. This
comparison aimed to assess their respective performances in predicting the target variable
on the testing dataset.

2.5 Evaluation

In this phase, the performance of the developed models was rigorously evaluated to
ensure they met the predefined research objectives. The classification report provided a
comprehensive summary of the predicted data's evaluation, offering insights into accuracy,
precision, recall, and Fl-score for each class [22]. This report, along with the confusion
matrix, provides a detailed breakdown of prediction outcomes. Specifically, the confusion
matrix categorizes predictions into four unique combinations of predicted results and actual
conditions: true positive, true negative, false positive, and false negative [23]. The confusion
matrix served as a crucial performance evaluation tool, presenting a detailed overview of
the models' prediction outcomes and was instrumental in analyzing how accurately each
model recognized and correctly classified every category within the dataset. The final step
involved a comparative analysis between the Naive Bayes model and the combined Naive
Bayes with Bagging model to determine which approach yielded superior performance in
predicting coronary heart disease.
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2.6 Deployment

This research demonstrates that the combination of the Naive Bayes algorithm with
Bagging is a superior method for predicting the likelihood of an individual suffering from
coronary heart disease. This research [24] supported by a specific review of how machine
learning predictive models are an effective and promising solution for diagnosing chronic
diseases, including heart disease. Specifically, the Bagging method, with an estimator
configuration of n=2, achieved an optimal accuracy of 76.34%. This performance indicates
that Bagging effectively reduces model variance and enhances its generalization capability
for coronary heart disease prediction. For instance, by leveraging the trained Bagging
model, if patient data indicates a low-risk profile, it can be predicted that the individual is
likely not suffering from coronary heart disease.

3. RESULTS AND DISCUSSION

This study explores the capabilities of two machine learning approaches, namely the
Naive Bayes algorithm and a combination of Naive Bayes with Bagging, in predicting the
occurrence of coronary heart disease. Model performance was evaluated using accuracy,
precision, recall, and F1-score metrics on a dataset comprising 462 instances.

3.1 Naive Bayes Algorithm Classification

The Naive Bayes classification model was tested on the pre-processed dataset,
comprising 462 instances. This evaluation aimed to assess the model's performance in
accurately classifying the target variable.

Naive Bayes

90,00%
80,00% 75,27% 76,47%

69,33%

70,00% 63,41%
60,00%
50,00%
40,00%
30,00%
20,00%
10,00%
0,00%

Akurasi Presisi Recall F1-Score

Figure 3. Naive Bayes Algorithm Classification
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As illustrated in Figure 3, the Naive Bayes algorithm yielded an accuracy of 75.27%,
indicating a reasonably good prediction capability. Additionally, the model achieved a
precision of 63.41%, a recall of 76.47%, and an Fl-score of 69.33%. The higher recall value
compared to precision suggests that the model is quite effective at correctly identifying
positive class instances, despite some remaining misclassifications. Overall, these results
indicate that the Naive Bayes method provides adequate classification performance on the
dataset used in this study.

3.2 Combined classification of the Naive Bayes Algorithm with bagging

The classification model was also tested using a combination of the Naive Bayes
algorithm and Bagging on the pre-processed dataset of 462 instances. The Bagging
algorithm was implemented by first generating bootstrap samples using the sampling with
replacement method, creating new training data subsets, each with the same number of
instances as the original dataset. In this study, 10 such subsets were generated. Statistically,
approximately 63.2% of unique data points appeared in each sample, with the remainder
being duplicates or unselected instances. Subsequently, in the modeling phase, each training
data subset was used to train an individual Naive Bayes classification model. Finally, during
the aggregation/voting prediction stage, the predictions from all 10 individual Naive Bayes
models were combined using a majority voting method to determine the final class output.

Accuracy

77,00%
76,34%

76,00%
75,27% 75,27%

75,00%
74,19% 74,19% 74,19% 74,19%
74,00%
73,12% 73,12% 73,12%
73,00%
72,00% I I
71,00%

Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging
(n=1) (n=2) (n=3) (n=4) (n=5) (n=6) (n=7) (n=8) (n=9) (n=10)

Figure 4. Accuracy of Naive Bayes and Bagging Combination

As shown in Figure 4, the classification accuracy using the combined Naive Bayes
and Bagging algorithm was evaluated across a range of estimator numbers (n) from 1 to 10.
The results consistently demonstrated that Bagging improved accuracy compared to using
a single base model (n=1). The highest accuracy of 76.34% was achieved with n=2 estimators.
After peaking at n=2, the accuracy fluctuated, generally remaining within the 73% to 75%
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range. However, adding too many estimators (e.g., at n=9 or n=10) led to a decrease in
accuracy. This suggests an optimal point exists, and excessive estimators could potentially
lead to minor overfitting or limitations in addressing bias.

Precision

66,00%
65,00%
65,00%
64,10%

64,00%
0 63,16% 63,16% 63,16% 63,41%
63,00% 62,50%
62,16%

62,00% 61,54% 61,54%
61,00%

60,00%

59,00%

Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging
(n=1) (n=2) (n=3) (n=4) (n=5) (n=6) (n=7) (n=8) (n=9) (n=10)

Figure 5. Precision of Naive Bayes and Bagging Combination

As depicted in Figure 5, the precision results for the combined Naive Bayes and
Bagging classification show the most significant improvement at the Bagging configuration
with n=2 estimators, achieving a peak precision of 65.00%. This represents an increase of
approximately 3.46% compared to n=1. While numerically modest, this improvement is
considered effective in reducing false positives and enhancing the accuracy of positive class
identification compared to other estimator configurations. This finding underscores the
existence of an optimal point for precision when using Bagging, suggesting that a higher
number of estimators does not consistently translate to better performance.

Recall

78,00% 76,47% 76,47%

76,00%
1005 73,53% 73,53%
i3 0
72,00%  70,599% 70,59% 70,59% 70,59% 70,59%
70,00%
I 67,65%
A o
66,00%
64,00%
62,00%

Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging
(n=1} (n=2) (n=3) (n=4) (n=5) (n=6) (n=7) (n=8) (n=9) (n=10)

Figure 6. Recall of Naive Bayes and Bagging Combination
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As shown in Figure 6, the recall results for the combined Naive Bayes and Bagging
classification indicate that Bagging is effective in reducing false negatives, meaning the
model is better at identifying all true positive instances within the dataset. Two identical
optimal recall values of 76.47% were observed at n=2 and n=8 estimators. This phenomenon
likely stems from the variations in bootstrap samples and how these subsets influence the
base model's ability to capture difficult-to-recognize positive cases.

F1-Score
71,00% 70,27%
70,00% 69,33%
69,00% 68,49%
68,00% 67,57%
67,00% 66,67% 66,67% 66,67%
6005 ©75% 65,75%
/] ]
64,79%

65,00%
64,00%
63,00%

62,00%
Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging Bagging
(n=1) (n=2) (n=3) (n=4) (n=5) (n=6) (n=7) (n=8) (n=9) (n=10)

Figure 7. F1-score of Naive Bayes and Bagging Combination

As presented in Figure 4.5, the F1-score for the combined Naive Bayes and Bagging
classification shows that the Bagging model with n=2 estimators achieved a score of 70.27%.
This indicates that the addition of just one estimator can significantly impact achieving a
good balance between precision (reducing false positives) and recall (reducing false
negatives). Similar to the patterns observed in previous metrics (accuracy and precision),
the Fl-score tended to decrease with a higher number of estimators.

3.3 Comparison Test Results

After evaluating individual classification metrics, a comprehensive comparison of
all obtained results was performed, as presented in Table 2.

Table 2. Comparison test results

Method Accuracy Precision Recall F1-Score

Naive Bayes 75,27% 63,41% 76,47% 69,33%
Bagging (n=1) 73,12% 61,54% 70,59% 65,75%
Bagging (n=2) 76,34% 65,00% 76,47% 70,27%
Bagging (n=3) 74,19% 63,16% 70,59% 66,67%
Bagging (n=4) 73,12% 62,16% 67,65% 64,79%
Bagging (n=5) 74,19% 63,16% 70,59% 66,67%
Bagging (n=6) 74,19% 63,16% 70,59% 66,67%
Bagging (n=7) 75,27 % 64,10% 73,53% 68,49%
Bagging (n=8) 75,27 % 63,41% 76,47% 69,33%
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Bagging (n=9) 74,19% 62,50% 73,53% 67,57%
Bagging (n=10) 73,12% 61,54% 70,59% 65,75%

Overall, the implementation of Bagging with Naive Bayes demonstrated varied
performance improvements depending on the number of estimators (n). Bagging with n=2
emerged as the most optimal configuration across all evaluated metrics, achieving an
accuracy of 76.34%, precision of 65.00%, recall of 76.47%, and an F1-score of 70.27%.

Analyzing the classification results with optimal values, the accuracy metric clearly
shows Bagging at its peak, effectively reducing variance and enhancing the model's
generalization capability. For precision, Bagging proved highly effective in mitigating false
positives and improving the relevance of positive predictions. However, a notable
observation was the identical highest recall values (76.47%) found for both the standalone
Naive Bayes algorithm and the combined Naive Bayes with Bagging at n=2 and n=8
estimators. This indicates that while Bagging successfully maintained the true positive
detection ability of Naive Bayes, even after potential initial decreases due to bootstrap
samples, it did not consistently improve recall beyond what was already achieved by the
base Naive Bayes algorithm. Regarding the Fl-score, Bagging, at its optimal configuration
(n=2), achieved a slightly better balance between precision and recall. Nevertheless, it's
important to note that most other Bagging configurations yielded lower F1-scores compared
to the standalone Naive Bayes algorithm.

4. CONCLUSION

This research successfully applied the Bagging ensemble learning method to Naive
Bayes classification for predicting coronary heart disease. The dataset utilized was sourced
from Kaggle, titled "Coronary Heart Disease," comprising 462 data instances and including
key features such as sbp, tobacco, 1dl, adiposity, famhist, typea, obesity, alcohol, and age.
The Bagging implementation involved independently training multiple base Naive Bayes
classification models on different bootstrap samples of the original dataset, followed by
combining their predictions through a majority voting process.

The performance comparison revealed that Bagging with 2 estimators (n=2)
achieved the most optimal results, yielding an accuracy of 76.34%, precision of 65.00%, recall
of 76.47%, and an F1-score of 70.27%. In contrast, the standalone Naive Bayes algorithm
achieved an accuracy of 75.27%, precision of 63.41%, recall of 76.47%, and an F1-score of
69.33%. Thus, the application of the Bagging method to the Naive Bayes algorithm
effectively improved classification performance, particularly across accuracy, precision, and
F1-score metrics. This process proved successful in reducing the variance of the Naive Bayes
algorithm and making the predictions more robust. Although Naive Bayes relies on a naive
assumption of feature independence, Bagging can help mitigate this limitation by providing
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diverse data perspectives to each base model, leading to better collective decisions and
addressing the weaknesses of a single-assumption model.
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