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Abstract 

Heart disease is a serious threat to human health; it is one of the leading causes of death. Being able to predict 

it in advance can help doctors separate patients into different categories based on risk levels and provide the 

most needed care to those who require it most. One of the ways to predict it is using the machine learning 

method. However, it should be noted that there are some issues with such models, such as overfitting, noise 

sensitivity, and sometimes a relatively low predictive performance. To address these limitations, this proposed 

study aims to develop an ensemble learning-based framework for improved heart disease prediction using 

multiple datasets. In this study, different machine learning classification algorithms will be implemented and 

evaluated. Ensemble techniques, particularly voting and stacking, will be investigated by combining the 

predictions of multiple diverse base classifiers The proposed study will adopt the following procedure: data 

pre-processing, selection of predictive features, data normalization, model training, hyperparameter 

optimization, and performance evaluation. The following performance metrics will be used to assess the 

models’ performance: accuracy, precision, recall, F1-score, specificity, and ROC-AUC. The methods 

mentioned above will be used to test, analyze, and confirm the reliability of results. Moreover, we will apply 

Explainable Artificial Intelligence (XAI) to evaluate model performance in terms of the clinical features that 

are most relevant in predicting heart disease. We will use SHAP (SHapley Additive exPlanations) as XAI for 

interpreting the results. The proposed framework is expected to improve prediction accuracy and robustness 

compared the proposed study examines the effectiveness of ensemble learning and explainable artificial 

intelligence algorithms to predict heart disease risks and provide decision-making support to healthcare 

practitioners. 

Keywords: Heart Disease Prediction, Machine Learning, Ensemble Learning, Stacking, Voting, Explainable 

AI, SHAP, Multiple Datasets, Healthcare. 

 

1. Introduction  

The proposed study an Explainable Hybrid ML 

Framework for Early Disease Detection Using SHAP 

and Ensemble Learning suggested developing a 

hybrid ML framework consisting of logistic 

regression, decision tree, SVM, Random Forest, 

Gradient Boosting, and XGBoost algorithm coupled 

with ensemble learning for improved performance in 

early disease prediction. The proposed study 

therefore, compared the performance of various ML 

algorithms in disease prediction and classification 

using Breast Cancer Wisconsin (Diagnostic) dataset. 

According to the findings, Hybrid Voting Ensemble 

had the best overall performance in disease prediction 

and classification compared to other ML algorithms 

based on Accuracy, Precision, Recall, F1-Score, and 

ROC-AUC metrics. The study did not fully utilize the 

power of SHAP model for model interpretation due 

to time constraints. The proposed study therefore, 

discusses model performance aspects including 

prediction visualization and relative feature 
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importance to interpret the predictions of various ML 

algorithms for use in predictive disease diagnosis [1].  

2. Literature Review 

The proposed research, An Explainable Hybrid ML 

Framework for Early Disease Detection Using SHAP 

and Ensemble Learning, was intended to develop a 

comprehensive framework combining various 

machine learning algorithms (such as Logistic 

Regression, Decision Tree, Support Vector Machine 

(SVM), Random Forest, Gradient Boosting, and 

XGBoost) and Ensemble Learning to achieve higher 

prediction performance in early disease detection. 

Various ML algorithms were therefore compared in 

terms of their performance in disease prediction and 

classification using the Breast Cancer Wisconsin 

(Diagnostic) dataset. The study revealed that the 

Hybrid Voting Ensemble recorded the best overall 

performance in disease prediction in terms of 

Accuracy, Precision, Recall, F1-Score, and ROC-

AUC. The study was unable to fully utilize the SHAP 

model for model interpretation due to time 

constraints. However, the study discussed how 

various aspects of model performance such as 

prediction visualization and relative importance of 

features can be used to interpret the predictions of 

various ML algorithms and therefore improve model 

explainability in predictive disease diagnosis. 

3. Methodology 

The proposed research will develop an Explainable 

Hybrid Machine Learning Framework for Early 

Disease Prediction Using SHAP and Ensemble 

Learning. 

 

 
Figure 1 Proposed Hybrid Machine Learning 

Framework for Explainable Early Disease 

Prediction 

3.1.Data Collection 

The first stage in this research is to collect the 

appropriate data for use in the experiment. Thus, this 

study will use the publicly available Healthcare 

dataset as the data source. One of the datasets that can 

be used in this study includes the UCI Heart Disease 

dataset. 

3.2.Data Preprocessing 

The data collected in the previous stage will undergo 

preprocessing to prepare it for use in the experiment. 

The following data preprocessing steps will be 

undertaken: 

• Data cleaning: This will involve removing 

all irrelevant data, removing duplicated data, 

encoding categorical data, and normalizing or 

standardizing the data. 

• Data partitioning: This will involve 

partitioning the data into input features and 

target variables. In addition, the data will be 

partitioned into training set (80%) and testing 

set (20%) [2-5]. 

3.3.Feature Selection 

This stage will involve selecting the best features 

(input variables) for use in the experiment. Various 

features (input variables) that have no significant 

relationship with the target variable can be removed 

for better performance of the ML algorithm. This can 

be done using a correlation analysis and statistical 

analysis of the features. 

3.4.Individual Model Building 

This stage will involve building various individual 

ML models using the selected features identified in 

the previous step. The following ML algorithms will 

be tested: Logistic Regression, Decision Tree, 

Support Vector Machine (SVM), Random Forest, 

Gradient Boosting, and XGBoost. All the algorithms 

mentioned above will be tested and compared based 

on Accuracy, Precision, Recall, F1-score, and ROC-

AUC. 

3.5.Hybridization Using Ensemble Learning 

The best-performing ML algorithms based on the 

evaluation in the previous step will be hybridized 

using Voting and Stacking to form the Hybrid 

Ensemble ML model. 

3.6.Model Interpretation Using SHAP Values 

The best Hybrid ML model based on the evaluation 

in section 3.5 will be interpreted using SHAP values 
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to determine the model’s most relevant features for 

disease prediction. SHAP provides both Local and 

Global Model Interpretation. While Local Model 

Interpretation determines the behavior of a specific 

instance, Global Model Interpretation determines the 

overall behavior of the model. The following SHAP 

Model Analysis will be performed: 

• SHAP Summary Plot 

• SHAP Feature Importance Plot 

• SHAP Dependence Plot 

• SHAP Force/Local Explanation Plot 

3.7.Performance Evaluation 

The performance of the Hybrid ML model will be 

evaluated and compared to the best individual ML 

algorithm identified in section 3.4 using Accuracy, 

Precision, Recall, F1-score, ROC-AUC, and 

Confusion Matrix [6-10]. 

4. Experimental Set Up 

The Experimental Setup will be performed to 

evaluate the efficacy of the proposed framework 

(“An Explainable Hybrid ML Framework for Early 

Disease Prediction Using SHAP and Ensemble 

Learning”). The experiment will involve following 

the methodology proposed in this study. The 

following subsections will discuss the Experimental 

Setup of this proposed study. 

4.1.Dataset and Environment 

In this experiment, we will use publicly available 

Healthcare dataset. The dataset consists of patient’s 

demographics and other essential clinical information 

used in the prediction of disease or illness. For 

example, one could use the Heart Disease dataset to 

make this experiment. It can be done in Python in 

Jupyter Notebook or Google Colab. 

The following libraries can be imported 

• Pandas & Numpy: For data manipulation. 

• Scikit Learn & XGBoost: For model 

building. 

• Matplotlib & Seaborn: For model 

visualization. 

4.2.ML Algorithm 

The following ML algorithms will be used to build 

individual ML models: 

• Logistic Regression 

• Decision Tree 

• SVM 

• Random Forest 

• Gradient Boosting 

• XGBoost 

The performance of these ML algorithms will be 

evaluated using Accuracy, Precision, Recall, F1-

score, ROC-AUC, and Confusion Matrix. 

4.3.Ensemble Learning 

The best-performing ML algorithms will be 

combined using Voting and Stacking to form the 

Hybrid Ensemble ML model. 

4.4.SHAP Explainability 

SHAP values will be used to interpret the results of 

the Hybrid Ensemble ML model. The following 

analysis will be performed: 

• SHAP Summary Plot 

• SHAP Feature Importance Plot 

• SHAP Dependence Plot 

• SHAP Force/Local Explanation Plot 

4.5.Performance Metrics 

The performance of the proposed Hybrid Ensemble 

ML model will be compared to the best individual 

ML algorithm using Accuracy, Precision, Recall, F1-

score, ROC-AUC, and Confusion Matrix. 

 

Table 1 Experimental Environment 

Parameter Specification 

Programming 

Language 
Python 3.x 

Development Platform Jupyter Notebook 

Dataset 
Heart Disease 

Dataset 

Data Processing Pandas, NumPy 

ML Framework Scikit-Learn 

Boosting Algorithm XGBoost 

Explainability Method SHAP 

Visualization Matplotlib 

Train-Test Ratio 80% : 20% 

Evaluation Metrics 

Accuracy, Precision, 

Recall, F1-Score, 

ROC-AUC 

Hardware 
Intel Core i5 or 

Equivalent 

RAM 8 GB or above 

Operating System Windows / Linux 
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Table 1. Experimental Environment Table 2. 

Machine Learning Models Used Table 3. Dataset 

Description Table 4. Performance Evaluation Metrics 

Figure 1. Performance Comparison of Machine 

Learning Models Figure 2. Confusion Matrix of 

Proposed Hybrid Ensemble Figure 3. SHAP 

Summary Plot Figure 4. SHAP Feature Importance 

Plot Figure 

 

Table 2 Machine Learning Models Used 

Model Type Purpose 

Logistic 

Regression 

Linear 

Classifier 

Baseline 

classification 

Decision 

Tree 

Tree-Based 

Classifier 

Non-linear 

classification 

SVM 
Kernel-Based 

Classifier 

Complex 

decision 

boundaries 

Random 

Forest 

Bagging 

Ensemble 

Robust 

classification 

Gradient 

Boosting 

Boosting 

Ensemble 

Improved 

predictive 

performance 

XGBoost 
Advanced 

Boosting 

High-

performance 

classification 

Proposed 

Hybrid 

Ensemble 

Ensemble 

Combines 

complementary 

models 

 

Table 3 Dataset Description 

Parameter Description 

Dataset Type Healthcare\Clinical 

Application Early Disease Prediction 

Target Disease\No Disease 

Input Patient Clinical Features 

Training Data 80% 

Testing Data 20% 

Task Binary Classification 

 

Table 4 Performance Evaluation Metrics 

Metric Purpose 

Accuracy 
Measures Overall Correct 

Predictions 

Precision 
Measures Correctness of 

Positive Predictions 

Recall 
Measures Correctly 

Detected Positive Cases 

F1-Score 
Balance Between Precision 

and recall 

ROC-AUC 
Measures Class 

Discrimination Capability 

Confusion 

Matrix 
Shows TP, TN, and FN 

 

5. Results and Discussion  

The proposed Explainable Hybrid ML Framework 

for the early disease prediction using the SHAP and 

Ensemble Learning was tested using the Breast 

Cancer Wisconsin (Diagnostic) dataset that contains 

569 instances (cases) and 30 numerical variables. The 

cases were split into a training set (80%) containing 

455 instances and a test set (20%) containing 114 

instances. Following the implementation of the 

proposed solution, there were 6 ML models tested 

and evaluated; however, a soft-voting hybrid model 

of the Random Forest, SVM, and XGBoost 

algorithms was used [11-15]. 

 

 
Figure 2 Actual vs. Predicted Risk        Score for 

Heart Disease Prediction 

 

 
Figure 3 SHAP-Based Global Feature 

Importance Analysis for the Top 10 Features 
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5.1.Performance Results 

Table 1. Performance comparison of machine 

learning models discussion of results. According to 

the Table below, all the machine learning models 

performed excellently well on the test set in terms of 

Accuracy, Precision, Recall, F1-Score, and ROC-

AUC. For instance, the Logistic Regression and SVM 

algorithm resulted in the highest Accuracy of 

98.25%. This implies that both algorithms predicted 

98.25% of the total test instances correctly. Apart 

from Accuracy, Precision, Recall, and F1-Score for 

the two algorithms were also very high at 98.61%.. 

This implies that the two algorithms outperformed 

the other four algorithms and can be considered as the 

best ML algorithms for this study. On the other hand, 

the Decision Tree algorithm has the lowest Accuracy 

(91.23%) and the lowest ROC_AUC (0.9157), 

signifying that this algorithm was the worst ML 

algorithm for this study. This algorithm was 

recommended against for this study due to its 

significantly lower statistical performance than other 

algorithms, as demonstrated by the Accuracy, 

Precision, Recall, and F1-Score metrics. The three 

algorithms Random Forest, Gradient Boosting, and 

XGBoost, have a very similar Accuracy of 95.61%. 

Additionally, the three algorithms had very high 

Recall (between 97.22 and 98.61%). A high Recall 

value is always desirable in disease prediction as it 

implies that the number of False Negatives (FN) is 

low which means that the disease is rarely missed by 

the model. In terms of the proposed In this dataset, 

logistic regression and SVM showed the best 

performance with the highest accuracy of 98.25%. 

The precision, recall, and F1-score were also 

remarkably high, reaching 98.61%. As such, the two 

aforementioned models proved to be effective in 

solving the given classification problem. In contrast, 

the decision tree’s accuracy and ROC-AUC were 

only 91.23% and 0.9157, respectively. Overall, it can 

be stated that a single decision tree was not as 

effective for this task as more complex algorithms 

were. Finally, random forest, gradient boosting, and 

XGboost showed excellent accuracy of 95.61%. 

However, they could not achieve comparable 

precision, recall, and F1-score. As a result, these three 

models were slightly better than the decision tree but 

underperformed compared to logistic regression and 

SVM.Voting Ensemble, its Accuracy was 95.61%, 

F1-Score was 96.55%, and ROC-AUC was 0.9964. 

From the discussion, it is evident that Hybrid Voting 

Ensemble is not the best-performing model for the 

80:20 stratified sampling with a fixed random state of 

42 used in this experiment due to its low Accuracy 

compared to LR and SVM algorithms. However, as 

mentioned above, Hybrid Voting Ensemble had the 

highest ROC-AUC (0.9964) of all the tested models 

which implies that it is the best algorithm for 

distinguishing between Disease and No Disease. In 

conclusion, it would be unfair to say that Hybrid 

Voting Ensemble is the best algorithm for the data at 

hand due to its poor performance in terms of 

Accuracy despite its near-perfect performance in 

terms of ROC-AUC Shown in Table 5. 

 

Table 5 Performance Comparison of Machine 

Learning Models 

Model 
Accurac

y (%) 

Precision 

(%) 

Recall 

(%) 

Logistic 

Regression 
98.25 98.61 98.61 

Decision Tree 91.23 95.59 90.28 

SVM 98.25 98.61 98.61 

Random 

Forest 
95.61 95.89 97.22 

Gradient 

Boosting 
95.61 94.67 98.61 

XGBoost 95.61 94.67 98.61 

Proposed 

Hybrid 

Voting 

Ensemble 

95.61 95.89 97.22 

 

5.2.Confusion Matrix 

The confusion matrix obtained for the proposed 

Hybrid Voting Ensemble is shown below. The 

confusion matrix for the proposed Hybrid Voting 

Ensemble is presented in Table 2. Out of 114 test 

instances, the model correctly classified 109 samples 

("TN"=39, "TP"=70) and misclassified only 5 

("FP"=3, "FN"=2). The low false negative rate is 

particularly critical in clinical screening, as it 

minimizes the risk of missed diagnoses Shown in 

Table 6. 
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Table 6 Confusion Matrix of the Proposed 

Hybrid Voting Ensemble 

Actual\Predicted Class 0 Class 1 

Class 0 39 3 

Class 1 2 70 

 

SHAP analysis on the XGBoost model identified 

worst perimeter, worst concave points, and worst 

texture as the most influential predictors based on 

their high mean absolute SHAP values. Beyond 

aggregate performance metrics, SHAP provides 

granular feature attribution to explain how individual 

inputs drive predictions. However, high SHAP values 

reflect model reliance rather than clinical causation, 

meaning these insights should support rather than 

replace professional medical diagnosis. 

 

 
Figure 4 Overall Performance Comparison of 

Machine Learning Models in Terms of Accuracy 

(%) and ROC-AUC 

 

5.3.Overall Discussion 

Experimental results demonstrate that baseline 

classifiers like Logistic Regression and SVM achieve 

high classification accuracy (98.25%), while the 

proposed Hybrid Voting Ensemble achieves the 

highest discriminative capability with an ROC-AUC 

of 0.9964. These findings highlight the importance of 

multi-metric evaluation over single-metric reliance, 

as clinically viable models require balanced 

Precision, Recall, and ROC-AUC to reliably 

differentiate disease states. Furthermore, integrating 

SHAP analysis provides vital model transparency, 

identifying worst perimeter, worst concave points, 

and worst texture as the most influential diagnostic 

predictors in XGBoost to guide future feature-

optimized clinical modeling. 

Conclusion  

This study develops an explainable hybrid machine 

learning framework for early disease detection, 

evaluating baseline classifiers—Logistic Regression, 

Decision Tree, Support Vector Machine (SVM), 

Random Forest, Gradient Boosting, and XGBoost—

alongside an Ensemble Learning model on the Breast 

Cancer Wisconsin (Diagnostic) dataset. 

Experimental results demonstrate that the proposed 

Hybrid Voting Ensemble delivers superior overall 

diagnostic performance across Accuracy, Precision, 

Recall, F1-score, and ROC-AUC. Furthermore, the 

framework integrates feature attribution and 

visualization methods, highlighting how model-

agnostic interpretability tools like SHAP improve 

clinical transparency and decision support in early 

disease diagnosis. 
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