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Abstract  

Cardiovascular disease remains a primary contributor to global mortality, underscoring the urgent need for accurate and 

early diagnostic tools. This study aims to develop a robust classification model for heart disease by conducting a comparative 

analysis of six ensemble machine learning algorithms, comprising three from the Bagging family (Random Forest, Bagged 

Decision Tree, Extra Trees) and three from the Boosting family (AdaBoost, Gradient Boosting, XGBoost). The research utilizes 

the publicly available UCI Cleveland Heart Disease dataset, which exhibits a mild class imbalance. To address this, the 

Synthetic Minority Over-sampling Technique (SMOTE) was strategically applied to the training data. The performance of each 

model was rigorously evaluated using accuracy, precision, recall, and F1-score. Experimental results revealed that the Extra 

Trees algorithm, when combined with SMOTE, achieved the highest overall performance with 90% accuracy, 96% precision, 

82% recall, and an 88% F1-score. The primary contribution of this work lies in its comprehensive analysis demonstrating that 

the randomization strategy of Extra Trees provides a superior and more reliable framework for this classification task 

compared to other common ensemble techniques, particularly after data balancing. These findings confirm that an integrated 

approach of ensemble learning and proper data balancing can significantly enhance the development of fair and effective 

diagnostic tools to support medical professionals. 
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Abstrak 

Penyakit kardiovaskular tetap menjadi kontributor utama kematian global, menggarisbawahi kebutuhan mendesak akan alat 

diagnostik yang akurat dan dini. Studi ini bertujuan untuk mengembangkan model klasifikasi yang kuat untuk penyakit jantung 

dengan melakukan analisis komparatif dari enam algoritma pembelajaran mesin ansambel, yang terdiri dari tiga dari keluarga 

Bagging (Random Forest, Baggged Decision Tree, Extra Trees) dan tiga dari keluarga Boosting (AdaBoost, Gradient Boosting, 

XGBoost). Penelitian ini menggunakan kumpulan data UCI Cleveland Heart Disease yang tersedia untuk umum, yang 

menunjukkan ketidakseimbangan kelas ringan. Untuk mengatasi hal ini, Synthetic Minority Over-sampling Technique 

(SMOTE) diterapkan secara strategis pada data pelatihan. Kinerja setiap model dievaluasi secara ketat menggunakan akurasi, 

presisi, ingatan, dan skor F1. Hasil eksperimental mengungkapkan bahwa algoritma Extra Trees, ketika dikombinasikan dengan 

SMOTE, mencapai kinerja keseluruhan tertinggi dengan akurasi 90%, presisi 96%, ingatan 82%, dan skor F1 88%. Kontribusi 

utama dari pekerjaan ini terletak pada analisis komprehensifnya yang menunjukkan bahwa strategi pengacakan Pohon Ekstra 

memberikan kerangka kerja yang unggul dan lebih andal untuk tugas klasifikasi ini dibandingkan dengan teknik ansambel 

umum lainnya, terutama setelah penyeimbangan data. Temuan ini menegaskan bahwa pendekatan terpadu pembelajaran 

ansambel dan penyeimbangan data yang tepat dapat secara signifikan meningkatkan pengembangan alat diagnostik yang adil 

dan efektif untuk mendukung profesional medis. 

Kata kunci: Penyakit Jantung, SMOTE, Pohon Ekstra, Bagging, Boosting 
 

1. Introduction  

In many parts of the world, including Indonesia, heart 

disease continues to rank as the leading cause of death 

as shown in Figure 1. Prevention and early detection are 

crucial steps in reducing the mortality rate associated 

with this condition. While clinical diagnosis remains the 

gold standard, it can be time-consuming and reliant on 

expert availability. In the digital era, data-driven 

approaches using machine learning offer a promising 

avenue to supplement traditional methods, helping to 

automate and improve the efficiency of the diagnostic 

classification process[1]. Numerous studies have applied 

machine learning to medical datasets for disease 

prediction. However, many models face challenges with 

datasets that are not perfectly balanced between classes, 

potentially leading to biased predictions that favor the 

majority class. Furthermore, while many algorithms 

have been tested individually, a systematic comparison 
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between the two primary families of ensemble learning, 

Bagging and Boosting, especially when combined with 

a data balancing technique, remains less explored for the 

well-established Cleveland Heart Disease dataset. This 

creates a research gap in identifying the most robust and 

reliable ensemble framework for this specific, widely 

used benchmark. This research provides a 

comprehensive performance evaluation of these six 

algorithms, comparing their effectiveness before and 

after data balancing. Performance is measured using 

accuracy, precision, recall, and F1-score to determine 

the optimal model for heart disease classification[2], [3]. 

The problem of class imbalance in the dataset, where the 

number of healthy patients is more dominant, was 

addressed using the Synthetic Minority Over-sampling 

Technique (SMOTE). This technique creates synthetic 

data for minority classes so that the class distribution 

becomes more balanced, allowing the model to learn the 

patterns of both classes more fairly[4]. 

This research aims to evaluate and compare the 

effectiveness of six algorithms in classifying heart 

conditions using processed and balanced data. 

Evaluation was carried out using overall accuracy, 

classification precision, sensitivity (recall), and 

harmonic mean score (F1-score) metrics to determine 

how well the model detected the patient's condition as a 

whole[5].  

 

Figure 1.The Number One Cause Of Death In The World 

2. Research Methods 

2.1. Research Stages 

This study was conducted through a systematic sequence 

of stages, beginning with data acquisition, 

preprocessing, class balancing, model training, and 

finally performance evaluation. The overall workflow is 

illustrated in the research stages (Figure 2), outlining 

each step from the initial stage to the final review [6], 

[7]. 

 

Figure 2. Research Stages 

2.2. Load Data 

The dataset used is Heart Disease Cleveland, which is 

publicly available through the Kaggle platform. This 

dataset contains 303 patient data and has 14 clinical 

attributes. These attributes consist of 13 predictor 

variables (features)—which include demographic, 

symptom, and clinical measurement data—as well as 

one binary target variable, 'Num (disorder)', which 

indicates the patient's heart disease status (0 = no 

disease, 1 = disease). A detailed explanation of the 14 

attributes is presented in Figure 3. 

 

Figure 3. Attribute 
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2.3. Pre-processing and Data Balancing 

The preprocessing stage involved cleaning the dataset 

from missing and duplicate values, transforming 

categorical variables into numerical form using label 

encoding, and normalizing all numerical features with 
StandardScaler to ensure uniform scaling across 

attributes. 

Since the dataset exhibited an imbalanced target class 

distribution (0 = no disease, 1 = heart disease detected), 

the Synthetic Minority Over-sampling Technique 

(SMOTE) was applied to equalize the minority and 

majority classes[8] - [10]. Importantly, SMOTE was 

applied only to the training data to prevent data leakage 

into the test set. The class distribution before and after 

applying SMOTE is shown in Figure 4. 

 

Figure 4. Condition Attributes 

2.4 Data Splitting 

A stratified random split was employed to preserve class 

distribution across training and test sets. Specifically, 

80% of the data was allocated for model training, while 

the remaining 20% was reserved for testing.This ensured 

that the models were trained on sufficient data while 

retaining an unbiased test set for performance 

evaluation[11] - [13]. 

2.5 Ensemble Learning Algorithms 

This research explored two main ensemble learning 

approaches: Bagging and Boosting. The algorithms 

employed, along with their configurations and 

mathematical formulations, are summarized below: 

Random Forest, to decide the best way to split the data 

at each node of a tree, it uses a metric called Gini 

Impurity. The goal is to find splits that make the 

resulting groups as "pure" or homogenous as possible. A 

lower Gini value signifies a better, less impure split as 

shown in Equation 1: 

𝐺𝑖𝑛𝑖(𝐷)1 = 1 − ∑ 𝑃2𝑖1𝑐

𝑖=1
                                          (1) 

Bagged Decision Tree The final prediction is determined 

democratically through a process called majority voting. 

Each of the individual trees gets one "vote" for a 

classification outcome, and the class that receives the 

most votes becomes the final prediction for the entire 

model[14], [15].The model prediction is determined by 

aggregating the majority vote of all trees. The 

mathematical formulation for the ensemble output in 

classification is shown in Equation 2. 

ý = 𝑚𝑜𝑑𝑒 ({ℎ𝑡(𝑥)}𝑇 = 1                                              (2) 

Extra Trees,It uses Entropy as its splitting criterion, 

which is a way to measure the amount of disorder or 

uncertainty in a data split. The algorithm aims to perform 

splits that reduce this uncertainty as much as possible (a 

process known as maximizing "information gain") is 

shown in Equation 3. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆)1 =  − ∑ p𝑖1 log2 𝑝𝑖1𝑛

𝑖=1
                       (3) 

AdaBoost works by learning from its mistakes. It 

sequentially adds simple models (weak learners), and in 

each step, it pays more attention to the data points that 

were misclassified by the previous models. The formula 

below calculates how much "say" or influence (αt) each 

weak learner has in the final outcome, based on its 

classification error rate (εt). Models with lower error 

rates are given more influence, calculated using 

Equation 4. 

𝛼𝑡 =
1

2
1𝑛

1−£𝑡

£𝑡
                                                               (4) 

Gradient Boosting constructs models sequentially by 

minimizing the residual errors of previous models using 

a Gradient descent optimization approach. It employs 

100 estimators, a learning rate of 0.1, and a maximum 

tree depth of 3, with a deviance loss function. The update 

function for adding new learners is defined as Equation 

5. 

𝐹𝑚(x) =  𝐹𝑚 − 1(x) + v ∙ ℎ𝑚 = (x)                 (5) 

XGBoost is not a fundamentally new algorithm, but a 

highly efficient and regularized implementation of the 

Gradient Boosting framework. It enhances performance 

by trying to achieve a balance between two things: being 

accurate and keeping the model simple to avoid 

overfitting. This balance is measured by its objective 

function. The function has two parts: the first part (l) 

measures the prediction error, while the second part (Ω) 

is a penalty for model complexity. The algorithm's goal 

is to minimize the combined value of this function using 

Equation 6. 

𝑂𝑏𝑗(0) = ∑ 𝑙(y1 ) + ∑ Ω(ƒk )              𝐾
𝑘=1

𝑛

𝑖=1
            (6) 

2.6  Model Training and Hyperparameter Tuning 

In this study, each algorithm was evaluated using the 

GridSearchCV technique to find the optimal 

combination of parameters after the data was balanced 

with the SMOTE method[12], [16] . The selection of 

optimal parameters is essential because it can affect the 

performance of the model in performing 
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classification[13]. The results of the parameter search 

are shown in Figure 5. 

 

Figure 5. Customization of the GridSearchCV Model 

2.7 Evaluation Metrics 

Model performance was evaluated on the unseen test set 

to ensure unbiased results. The evaluation metrics 

included accuracy, precision, recall, and F1-score are 

shown in Tables 1 and 2. These metrics were chosen as 

they collectively provide a comprehensive assessment of 

classification performance, particularly in imbalanced 

datasets[17]. 

Table 1. Before SMOTE 

Algorithms 

 

Accuracy Precision Recall F1-

Score 

Random 

Forest 

88% 96% 79% 86% 

Bagged 

Decision Tree 

80% 86% 68% 76% 

Extra Trees 88% 96% 79% 86% 

AdaBoost 85% 95% 71% 82% 

Gradient 

Boosting 

87% 92% 79% 85% 

XGBoost 85% 88% 79% 83% 

Table 2.After SMOTE 

Algorithms Accuracy Precision Recall F1-

Score 

Random Forest 88% 96% 79% 86% 

Bagged Decision 

Tree 

80% 86% 68% 76% 

Extra Trees 90% 96% 82% 88% 

AdaBoost 83% 88% 75% 81% 

Gradient Boosting 85% 91% 75% 82% 

XGBoost 85% 88% 79% 83% 

An illustration of the results after the SMOTE above can 

be seen from Figures 6 to 11. 

 

               Figure 6. Model Evaluation Graphics Random Forest 

 

               Figure 7. Model Evaluation Graphics Bagged Decision Tree 

 

       Figure 8. Model Evaluation Graphics Extra Trees 

The technique is applied to equalize the distribution of 

data between minority and majority classes[18]. 

Categorization of heart condition status (0 = no disease, 

1 = heart disease detected). Some of the equations of the 

metrics that will be used are Equations 7 to 10. 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                     (7) 

  𝑃𝑟𝑒𝑠𝑖𝑐𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                          (8) 
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   𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                            (9) 

   F1 − Score = 2 x 
𝑃𝑟𝑒𝑠𝑖𝑐𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙

𝑃𝑟𝑒𝑠𝑖𝑐𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙
                       (10) 

TP(True Positive)  refers to the number of correct 

predictions of positive cases; TN(True Negative) refers 

to the number of correct predictions of negative cases; 

FP(False Positive) indicates the count of incorrectly 

predicted positive cases among actual negative 

instances; and FN(False Negative) represents the 

amount of positive data that was erroneously identified 

as a negative category 

 

Figure 9. Model Evaluation Graphics AdaBoost 

 

   Figure 10. Model Evaluation Graphics Gradient Boosting 

 

   Figure 11. Model Evaluation Graphics XGBoost 

3. Results and Discussions 

The performance of the six ensemble models was 

evaluated both before and after applying SMOTE to the 

training data. The results, summarized in Table 1 and 

Table 2, indicate that the data balancing step had a 

notable and selective impact on model performance. 

Extra Trees model emerged as the clear top performer, 

achieving the highest accuracy (90%) and F1-Score 

(88%). Its superior performance can be attributed to its 

dual-randomization mechanism. By randomizing both 

the feature subset and the split threshold at each node, 

Extra Trees builds more diverse trees, which effectively 

reduces model variance and makes it less susceptible to 

overfitting on this dataset. This finding is consistent with 

literature suggesting that increased randomness can lead 

to more robust models in complex classification tasks. 

The application of SMOTE provided a meaningful 

improvement for Extra Trees, increasing its recall from 

79% to 82% without compromising its high precision of 

96%. 

 This shows SMOTE successfully helped the model 

identify more true positive cases,Random Forest model 

also demonstrated strong and stable performance, 

maintaining its accuracy at 88% and F1-Score at 86% 

both before and after SMOTE.This stability suggests 

that Random Forest is inherently robust to the mild class 

imbalance present in the original dataset. Similarly, 

XGBoost The boosting algorithms showed varied 

responses to SMOTE,AdaBoost saw a trade-off: its 

accuracy slightly decreased from 85% to 83%, but its 

recall improved from 71% to 75%.  

This indicates that while SMOTE made the model 

slightly less accurate overall, it became more balanced 

in its ability to detect positive cases,Gradient Boosting 

performance remained largely unchanged, suggesting 

that its internal mechanism of correcting residual errors 

was not significantly enhanced by the oversampling 

technique, Bagged Decision Tree consistently remained 

the weakest algorithm, with an accuracy of 80% and the 

lowest recall of 68%, indicating a persistent difficulty in 

avoiding false negatives [19], [20]. 

Table 4 is the result of the confusion matrix after the 

implementation of SMOTE and the selection of the best  

parameters via GridSearchCV. 

Table 4. Confusion Matrix Model After SMOTE 

Algorithms 

 

Confusion Matrix (TN, FP, FN, TP) 

Random Forest [[96, 8], [ 7, 110]] 

Bagged 

Decision Tree 

[[94, 10], [ 9, 108]] 

Extra Trees 

AdaBoost 

Gradient 

Boosting 

XGBoost 

[[97, 7], [ 8, 109]] 

[[92, 12], [11, 106]] 

[[95, 9], [ 8, 109]] 

 

[[96, 8], [ 7, 110]] 
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Figure 12 illustrates the age distribution of patients in the 

dataset. The histogram shows that the majority of  

patients fall within the age range of 50–60 years, with 

the highest frequency observed around 58 years old. This 

indicates that middle-aged and older individuals 

constitute the largest proportion of cases, which is 

consistent with clinical evidence suggesting that the risk 

of heart disease increases with age. In contrast, the 

number of patients under the age of 40 is relatively 

small, highlighting that heart disease tends to be less 

common in younger populations. This age distribution 

provides important context for the study, as it reflects the 

demographic characteristics of patients most affected by 

the condition and may influence the performance of 

predictive models. 

 

Figure 12. Age Distribution of Patients 

4. Conclusions 

This study conducted a comprehensive comparative 

analysis of six ensemble learning algorithms for heart 

disease classification, with a focus on the impact of the 

SMOTE data balancing technique. The key finding is 

that the Extra Trees algorithm, after the application of 

SMOTE on the training data, delivered the most optimal 

and reliable performance, achieving 90% accuracy and 

an 88% F1-Score. This demonstrates that a model 

leveraging high randomization is particularly effective 

for this type of clinical dataset. 

The application of SMOTE had a selective impact. It 

provided a clear benefit to Extra Trees by improving its 

recall by 3% without sacrificing precision. However, for 

inherently robust algorithms like Random Forest and 

XGBoost, their performance remained stable, indicating 

that data balancing is not universally required for all 

models on this mildly imbalanced dataset. The results 

confirm that the combination of a suitable ensemble 

method and a careful data balancing strategy is crucial 

for developing effective clinical decision support 

systems. Future work could involve applying these 

models to larger, more diverse datasets and exploring 

advanced feature selection techniques to further enhance 

predictive accuracy.  
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