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ABSTRACT 

Heart disease continues to be one of the world's leading causes of death, making the creation of precise, 

comprehensible prediction models necessary to support risk assessment and early diagnosis. To address 

this need, ensemble learning combines several basic classifiers and has shown significant promise in 

enhancing prediction robustness and performance. In this context, this work assesses the effectiveness and 

interpretability of a voting-based ensemble classifier for heart disease prediction. The dataset utilized 

includes comprehensive health indicators such as age, providing a robust foundation for analysis. Three 

heterogeneous base classifiers were employed: Support Vector Machine (SVM), Multilayer Perceptron 

(MLP), and Extra Trees. These classifiers were integrated into a soft voting ensemble by aggregating 

posterior class probabilities to generate final predictions. As a result, the soft voting ensemble achieved 

superior performance, with an accuracy of 98.03%, an F1-score of 98.01%, and a Receiver Operating 

Characteristic–Area Under the Curve (ROC-AUC) of 98.69%, outperforming individual base classifiers. 

This highlights the benefits of incorporating probabilistic predictions from base classifiers. Consequently, 

the model offers high predictive accuracy and interpretability, enabling its potential application in clinical 

decision-making. These findings suggest that ensemble learning approaches, and particularly soft voting 

mechanisms, can support healthcare providers in early detection and personalized treatment planning for 

heart disease. 

Keywords-heart disease; classification; ensemble learning; soft voting; Extra Trees; Support Vector Machine 

(SVM); Multilayer Perceptron (MLP) 
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I. INTRODUCTION  

Heart disease remains the primary cause of death 
throughout the world, as it leads to approximately 9.1 million 
fatalities each year, which makes it the largest reason for deaths 
linked to cardiovascular conditions [1, 2]. The economic 
impact of heart disease includes direct healthcare expenses and 
costs for long-term treatment, together with the loss of 
productivity that results from the condition, which causes 
worldwide economic damage. Early detection of individuals 
who have a high risk for heart disease provides critical 
advantages because it enables doctors to start preventive 
treatments and select effective treatment methods, while also 
reducing the medical costs that affect both individual patients 
and the entire community. The main method used in traditional 
heart disease risk assessment determines risk through statistical 
models. The population-level risk stratification tools 
demonstrate their usefulness, but they contain multiple built-in 
constraints which limit their ability to work effectively in 
clinical settings. These existing limitations establish a 
requirement for advanced analytical methods which can 
understand complex behaviors that occur within high-
dimensional clinical data. 

The prediction of heart disease risk through Machine 
Learning (ML) methods shows better results because these 
methods can detect intricate connections between multiple risk 
factors without needing researchers to define their 
mathematical relationships [3-5]. The ensemble methods 
outperform other ML techniques through their ability to merge 
various base learners for producing better and more dependable 
output than single models [2, 3, 6]. Voting ensemble classifiers 
use their diverse classifier base to create more accurate results 
because their base learners make different mistakes on various 
datasets which result from their unique inductive biases and 
different learning methods. Soft voting extends this approach 
by weighting predictions according to predicted class 
probabilities, thereby incorporating classifier certainty into the 
aggregation process and theoretically yielding superior 
performance when base learners produce well-calibrated 
probability estimates [3, 6, 7]. The primary objective of this 
study is to develop and assess a high-performance soft voting 
ensemble classifier that predicts the presence of heart disease 
through binary prediction. Recent literature confirms the 
promise of ML for heart disease prediction. Authors in [8] 
created prediction models which can precisely identify 
individuals who face heart disease risk through their 
application of various ML methods to a structured heart disease 
dataset. They created multiple ML models through the 
development of Naïve Bayes and other algorithms. The Naïve 
Bayes classifier emerged as the top model because its accuracy 
reached 90% after testing, and performance evaluation showed 
excellent results.  

Authors in [9] employed data from the UC Irvine Machine 
Learning Repository. They used multiple ML models for 
performance assessment, which included Random Forest to 
measure accuracy together with other metrics. The Random 
Forest model achieved 94% accuracy at k = 10, whereas it 
reached 92% accuracy at k = 5. The best Receiver Operating 
Characteristic–Area Under the Curve (ROC-AUC) results of 

95% and 94%, respectively, were obtained by Random Forest, 
Bagged Trees, and XGBoost. Authors in [10] assessed 
cardiovascular risk by analyzing demographic and clinical 
information from a sample of 709 Ecuadorian participants. 
They tested eight ML algorithms, which included Decision 
Trees, while they used SMOTE and a hybrid ROS–SMOTE 
method to address class imbalance. The hybrid approach of 
Gradient Boosting produced the highest performance results, 
which included 87% accuracy, 81% precision, 74% recall, and 
75% F1-score. Authors in [11] used the Classification and 
Regression Tree (CART) algorithm for supervised ML to 
predict heart disease and provide input–output decision rules. 
This study ranks heart disease-causing factors according to 
their importance. The model achieves 87% prediction accuracy, 
which establishes its reliability across all performance 
assessment metrics. The proposed method enables healthcare 
providers and patients who have budget and schedule 
limitations to diagnose and treat heart disease. Authors in [12] 
developed an early heart disease detection ML system which 
uses various feature selection techniques. They used Chi-square 
and mutual information to choose feature subsets, and six ML 
models to find the best model and feature combination. The 
Random Forest model performed best with SF3 feature subsets, 
obtaining 94.51% accuracy, 94.87% sensitivity, 94.23% 
specificity, and 0.31 log loss. 

The previous studies achieved positive results. Despite this, 
they still contain several critical research gaps. First, most 
studies examine only single ML models, such as Naïve Bayes, 
Random Forest, Gradient Boosting, CART, and Logistic 
Regression. They do not use ensemble methods to combine 
classifier strengths through soft voting, which can produce 
more reliable and widely applicable clinical predictions. Our 
study develops a soft voting ensemble framework together with 
an upsampling method. This approach aims to improve heart 
disease prediction accuracy, enhance system resilience, and 
increase clinical usefulness. To address the identified research 
gaps, we defined three distinct research objectives:  

1. This study offers a soft voting ensemble classifier to 

predict heart disease. It combines three ML algorithms. 

Each algorithm brings a unique strength and produces 

different results. 

2. We assessed the performance of the soft voting ensemble 

and its base classifiers. We used several metrics: accuracy, 

F1-score, and ROC-AUC. These helped us show the 

statistical significance of our findings. 

3. The study seeks to determine the clinical utility of heart 

disease risk prediction using our proposed approach for 

early risk assessment and clinical decision support. 

II. METHODOLOGY 

Figure 1 illustrates the proposed heart disease prediction 
system workflow, showing its operational design. The dataset 
preprocessing stage successfully eliminated all inconsistencies 
in the data. The dataset was divided into two parts, the training 
set and the test set. The proposed classification technique was 
then evaluated. 
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Fig. 1.  Proposed heart disease prediction framework. 

A. Dataset Description 

Heart disease indicators and risk variables are included in 
the Heart Disease Data for Health Research dataset used in this 
study [13]. This dataset contains 10,000 entries and 21 
columns: 9 are numerical variables (such as blood pressure), 
and 12 are categorical variables (such as smoking behavior and 
other classification-based features) that require encoding into 
numerical format. Initially, missing values in the dataset were 
addressed to ensure data completeness. The distribution of the 
target variable, shown in Figure 2, indicates a class imbalance, 
with the majority of samples labeled as "no disease." This 
imbalance may favor the majority class and reduce heart 
disease prediction accuracy. To mitigate this issue, random 
oversampling was applied, a commonly used ML data 
augmentation method [14]. Figure 3 presents a correlation 
heatmap that illustrates the relationships among input variables 
and the target variable for heart disease prediction. 

B. Machine Learning Models 

We employed a variety of ML techniques, including the 
Support Vector Machine (SVM), a Multilayer Perceptron 
(MLP), and the Extra Trees classifier, to predict heart disease 
[15]. 

1) Support Vector Machine 

It is a supervised ML algorithm [16]. The algorithm 
searches for an optimal boundary, referred to as a hyperplane, 
to separate different classes in the data. It is particularly 
effective for binary classification tasks [17]. 

2) Multilayer Perceptron 

It uses fully connected dense layers to transform input data 
across multiple representations [18]. The architecture consists 
of an input layer, one or more hidden layers, and an output 
layer. The MLP learns complex nonlinear relationships 
between input and output data [19]. 

3) Extra Trees 

It is an ensemble learning model that integrates multiple 
decision trees using a high degree of randomization. Extra 
Trees generates tree-based splits by selecting random 
thresholds rather than choosing optimal split points. It builds 
each tree using the full dataset while introducing randomness in 
the split selection process, which helps reduce variance and 
overfitting [20]. 

 

Fig. 2.  Distribution before and after the upsampling technique. 

 

Fig. 3.  Correlation heatmap of variables. 

C. Proposed Model 

This study uses a soft voting ensemble classifier to improve 
heart disease prediction accuracy through the combination of 
three different ML systems, including MLP, SVM and Extra 
Trees, as shown in Figure 4. The system aggregates class 
probability outputs from the individual classifiers using a soft 
voting ensemble method. The final prediction uses the 
predicted probabilities to determine the class with the highest 
combined confidence, which improves heart disease prediction 
performance through enhanced model robustness and 
generalization capability [21]. 

D. Hyperparameter Optimization of Machine Learning 

Models 

This study performed model tuning through grid search to 
identify optimal parameters for each distinct model [22]. The 
results of hyperparameter optimization for the three ML 
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models used in the proposed framework are presented in Table 
I. 

TABLE I.  OPTIMAL HYPERPARAMETERS OF THE ML 
MODELS 

Model Parameters 

MLP activation = 'relu', alpha = 0.0001, learning_rate = adaptive 

Extra Trees max_depth = 20, min_samples_leaf = 3, n_estimators = 200 

SVM svm__C = 10, svm__gamma = 0.1, svm__kernel = rbf 

 

 

Fig. 4.  Proposed soft voting ensemble model for heart disease prediction. 

E. Evaluation Metrics 

Multiple evaluations were conducted to assess model 
performance. Accuracy, precision, recall, F1-score, and ROC-
AUC were employed to evaluate the classifier for all ML 
models. In addition, ROC curves were used for each classifier 
to illustrate the trade-off between the true positive rate and the 
false positive rate across different thresholds [22]. 
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III. RESULTS  

This section presents the complete assessment of the soft 
voting classification system, which operates based on an 
ensemble learning approach. The proposed ensemble model 
integrates three diverse base learners, namely SVM, MLP, and 
Extra Trees, combined through soft voting to effectively 
leverage their complementary strengths and improve overall 
predictive performance.  

This study employed cross-validation (k = 5) to assess the 
efficacy of the model and mitigate the risk of overfitting. A 
publicly available dataset sourced from Kaggle was employed 
for all experiments. The dataset was divided into training 
(80%) and testing (20%) subsets using stratified sampling. 
Experiments were conducted in a controlled software 
environment (Python 3.10, scikit-learn 1.3) on Kaggle 
notebooks.  

Furthermore, oversampling was applied exclusively to 
training folds to prevent data leakage. The total training time 
for the proposed model was less than five minutes. The 
evaluation of results was conducted using different standard 
classification metrics to assess diagnostic performance. The 
ROC curves for all models are shown in Figures 5, 6, 7, and 8 
for the binary classification task. Figure 9 demonstrates how 
the models compare to each other. Table II shows the results of 
all models. Finally, the comparison of our proposed model with 
previous work is illustrated in Table III. 

TABLE II.  PERFORMANCE OF THE PROPOSED MODEL 
AND BASE CLASSIFIERS 

Method 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

score 

(%) 

ROC-

AUC 

(%) 

Improvement 

over best base 

(%) 

SVM 94 91.63 97.04 94.26 98.56 - 

MLP 88.98 84.02 96.25 89.72 92.07 - 

Extra 

Trees 
97.34 99.18 95.47 97.29 98.68 - 

Proposed 

model 
98.03 99.19 96.85 98.01 98.69 

+0.71 accuracy / 

+0.01 precision / 

+0.72 F1-score / 

+0.01 ROC-AUC 

TABLE III.  COMPARISON OF THE PROPOSED MODEL WITH 
PRIOR STUDIES 

Study Method Dataset used 
Accuracy 

(%) 

F1-score 

(%) 

[8] Naïve Bayes 
Heart disease 

dataset, Kaggle 
90 93.20 

[9] SVM 

Heart disease 

dataset, UC Irvine 

Machine Learning 

Repository 

83 82 

[11] CART 

Heart disease 

dataset, IEEE 

Dataport 

87.25 86.3 

Proposed 

model 

Soft voting (SVM 

+ MLP + Extra 

Trees) 

Heart Disease Data 

for Health Research, 

Kaggle 

98.03 98.01 

 

 

Fig. 5.  ROC curve of the SVM classifier. 
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Fig. 6.  ROC curve of the MLP classifier. 

 

Fig. 7.  ROC curve of the Extra Trees classifier. 

 

Fig. 8.  ROC curve of the soft voting classifier. 

IV. DISCUSSION 

The proposed soft voting ensemble model outperforms all 
individual base classifiers across all evaluation metrics, 

demonstrating its effectiveness for heart disease prediction. 
Among standalone models, SVM achieved strong performance 
with 94% accuracy and 97.04% recall. MLP showed 
comparatively lower performance, with 88.98% accuracy and 
an F1-score of 89.72%. In contrast, the Extra Trees classifier 
exhibited superior performance among individual models, 
achieving an ROC-AUC of 98.68%, 99.18% precision, and 
97.34% accuracy. The proposed soft voting ensemble model 
performed best, with 98.03% accuracy, 99.19% precision, 
96.85% recall, 98.01% F1-score, and 98.69% ROC-AUC.  

 

 

Fig. 9.  Accuracy comparison of the different models. 

Although the ROC-AUC values are similar, indicating 
comparable discriminative capability, variations in accuracy 
arise due to threshold dependence and sensitivity to class 
imbalance. For instance, MLP achieves higher recall but lower 
precision, reducing overall accuracy, whereas Extra Trees and 
the ensemble maintain a better precision–recall balance. This 
highlights the importance of using multiple evaluation metrics 
for comprehensive performance assessment.  

Table III shows performance metrics from previous studies 
along with the performance metrics of the proposed model. 
Several ML approaches have been applied in the literature for 
heart disease prediction. For instance, authors in [8] employed 
the Naïve Bayes algorithm on a heart disease dataset obtained 
from Kaggle, achieving an accuracy of 90% and an F1-score of 
93.20%. Similarly, authors in [9] utilized SVM with the widely 
used heart disease dataset from the UCI Machine Learning 
Repository, reporting an accuracy of 83% and an F1-score of 
82%. In another study, authors in [11] applied the CART 
model on a dataset obtained from IEEE Dataport, achieving an 
accuracy of 87.25% and an F1-score of 86.3%.  

In contrast to these individual models, our proposed 
approach integrates multiple classifiers (SVM, MLP, and Extra 
Trees) within a soft voting ensemble framework. The model 
was evaluated using the Heart Disease Data for Health 
Research dataset available on Kaggle. Experimental results 
demonstrate that the proposed ensemble model achieved an 
accuracy of 98.03% and an F1-score of 98.01%, significantly 
outperforming the previously reported methods. All metrics 
improved, indicating that the ensemble efficiently combines the 
complementary strengths of SVM, MLP, and Extra Trees while 
mitigating their individual limitations. These results 
demonstrate that soft voting ensembles are more accurate and 
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clinically relevant than single classifiers, making the proposed 
model a promising choice for intelligent heart disease diagnosis 
and risk assessment systems. 

V. CONCLUSION 

This study developed a soft voting ensemble classifier, 
which achieved outstanding predictive accuracy for heart 
disease identification using a public dataset. The ensemble 
achieved an accuracy of 98.03% and an F1-score of 98.01% 
through the combination of Support Vector Machine (SVM), 
Multilayer Perceptron (MLP) and Extra Trees base learners. 
The proposed model shows better performance than the base 
classifiers, indicating that soft voting with probability-based 
aggregation brings benefits to binary classification of clinical 
data. The results demonstrate that soft voting ensemble 
methods provide effective medical prediction solutions that 
handle complex and diverse medical data.  

Further research should focus on developing improved 
methods that enhance the interpretability of ensemble modeling 
techniques. The combination of local explanation methods with 
feature importance analysis, providing global insights, will 
enable better risk assessment and increase clinician confidence.  
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