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ABSTRACT: This paper introduces a better method of predicting heart disease, combining advanced preprocessing 

methods of data with a powerful ensemble learning model. This dataset underwent a thorough cleaning process, and the 

issue of class imbalance was solved with the help of the Synthetic Minority Oversampling Technique (SMOTE), which 

was applied solely to the training dataset to ensure that no information is leaked when the model is being tested. The 

ANOVA F-test was used to select the most significant clinically features with SelectKBest method, which identified 

eight clinically significant features, such as age, sex, chest pain type, maximum heart rate, exercise-induced angina, ST 

depression, ST slope, and number of major vessels. 

 

In order to improve predictive performance, a stacking ensemble model was constructed where the base learners were 

Random Forest and Extra Trees and Logistic Regression was the meta-learner to merge the results of the base learners. 

Moreover, the classification threshold was lowered to 0.6, to be more accurate to the medical diagnosis, which is a cost-

sensitive issue. The proposed model had a high accuracy of 97.88, high precision, recall, and F1-score, and a ROC-AUC 

of 99.76, which is higher than the traditional methods. 

 

SHAP (SHapley Additive exPlanations) was used to provide model transparency with the KernelExplainer method and 

the high-dimensional results were rolled into a two-dimensional form to be visualized effectively. The most significant 

predictors identified in the analysis are sex, exercise-induced angina, age, number of vessels, and ST slope, which is in 

line with the known clinical knowledge. In general, the findings indicate that systematic preprocessing, ensemble 

learning, and explainable AI can be used to achieve a high level of prediction reliability and be practically applicable in 

cardiovascular healthcare. Future efforts will be directed at additional optimization of the pipeline and integration of real-

time clinical data to maintain and improve predictive performance. 
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I. INTRODUCTION 

 

Cardiovascular disease (CVD) is the most common cause of death in the world, and it contributes a considerable 

percentage of deaths in the world. It covers a broad spectrum of heart and blood vessel diseases, the most common one 

being coronary artery disease. Heart disease is a multifactorial and a result of interaction between genetic and 

environmental factors [1]. Some of the non-modifiable factors include age, gender and heredity and some of the 

modifiable factors include hypertension, diabetes, smoking, obesity, unhealthy diet and physical inactivity. Moreover, 

atherosclerosis, inflammation, and oxidative stress are underlying mechanisms that play a role in disease progression. 

Although there has been an improvement in diagnosis and treatment, cardiovascular disease continues to be a burden, 

especially in developing areas where early diagnosis is not a common practice. 

 

Artificial intelligence (AI) and machine learning (ML) methods have found more and more applications in healthcare in 

recent years to aid in early diagnosis and risk prediction. Machine learning models are capable of analyzing clinical data 

and identifying complex patterns that may not be captured using traditional statistical approaches [2]. Such developments 

have resulted in predictive systems of heart disease that are more accurate and efficient. Data preprocessing, addressing 
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the problem of class imbalance, feature selection and ensemble learning techniques have also helped in enhancing the 

performance and reliability of the model. 

 

Concurrently, preventive healthcare measures including early screening, lifestyle change, and health awareness in 

communities are still very important in the effort to curb the prevalence of cardiovascular diseases. Thus, prediction 

models that are accurate, efficient, and interpretable are necessary to aid the clinical decision-making, enhance patient 

outcomes, and reduce healthcare expenditures. 

 

II. LITERATURE REVIEW 

 

Sheta et al. [3] paid attention to the enhancement of the diagnostic accuracy with the help of Decision Tree (DT) model 

and feature selection methods. Their work dealt with the difficulties of high dimensionality, uncertainty of the data and 

complicated feature dependencies of medical datasets. They simplified the model, thus making it an effective model with 

an accuracy of 93.78 and ROC value of 0.94, which was better than models such as the Logistic Regression, Support 

Vector machine and Gaussian Naive Bayes. 

 

Pal and Parija [4] used the heart disease prediction algorithm (Random Forest) with a dataset of 303 samples and 14 

attributes. Their model was found to have a 86.9% accuracy, 90.6% sensitivity and 82.7% specificity and an ROC-based 

diagnosis rate of 93.3%. In the investigation, it was revealed that the medical data can be effectively and efficiently 

classified using the Random Forest, especially because this algorithm is capable of processing complex and 

heterogeneous data. 

 

Nzenwata et al. [5] suggested Extra Trees algorithm to enhance accuracy of prediction. They used a big dataset provided 

by UCI repository as input and utilized recursive feature elimination to trim down the features to 7. Their model was very 

high and the accuracy was 93.1, precision was 94.8, recall was 100 and F1-score was 93.1. It was also mentioned in the 

study that feature importance analysis can assist in identifying the key risk factors and aid clinical decision-making 

systems. 

 

Mohan and Nagarajan [6] proposed an ensemble-based feature selection model that used bagging, random trees and 

wrapper methods. Their approach was useful in eliminating irrelevant features and of selecting the best attributes based 

on probability weighting criteria. The mean classification accuracy of the proposed approach was 92% which is better 

than some of the already existing methods of feature selection. This paper will outline the significance of choosing the 

appropriate features in enhancing the classification results in medical data. 

 

Sultan et al. [7] came up with a stacking ensemble model (NCDG) which combines various base learners, such as Naive 

Bayes, Decision Tree, and CatBoost, with Gradient Boosting as a meta-learner. The researchers dealt with the problem 

of class imbalance by applying SMOTE and Borderline-SMOTE methods and implemented SHAP to explain AI. Their 

model had an 91% accuracy, precision, recall and F1-score, which was tested by K-Fold Cross-Validation. The findings 

show that the use of ensemble learning and explainability methods enhances the accuracy of predictions and the 

interpretability of the model. 

 

III. PROPOSED METHODOLOGY 

 

The objective of this study is to formulate an effective and powerful model to predict heart disease with the help of 

information preprocessing, selection of features, building of a model, and performance assessment methodologies. 

Firstly, raw clinical data is pre-processed to enhance the quality of data, such as missing values, duplicate records, and 

noise reduction. Stratified sampling is then used to split the dataset into training and testing sets so that classes are 

balanced and there is no bias in the evaluation of the models. 

 

Medical datasets frequently have a class imbalance, so Synthetic Minority Oversampling Technique (SMOTE) is used 

on the training data only, producing synthetic samples of the minority. This will improve the model to accurately detect 

cases of the disease and avoid the leakage of data into the test phase. After preprocessing, feature selection is done with 

SelectKBest method and ANOVA F-test, which is used to rank the features according to their statistical significance to 
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the target variable. This procedure helps to reduce the dimensionality, remove non-relevant features and enables the 

model to concentrate on the most informative clinical characteristics. 

 

To develop the models, the tree-based ensemble algorithms are used (Random Forest and Extra Trees) because they are 

effective to work with structured data and capture the complex and non-linear relationships between the features. Further 

to enhance the performance of the model, hyperparameter tuning is performed with the help of RandomizedSearchCV, 

which allows determining the optimal parameter combinations and increasing the level of generalization. The cross-

validation is done on the basis of ROC-AUC scores to choose a model to the extent to which a consistent and objective 

analysis of performance is achieved. 

 

The trained model is measured with all common classification metrics, such as accuracy, precision, recall, F1-score, and 

ROC-AUC, which gives a complete view of the predictive ability. Moreover, a confusion matrix is employed to visualize 

the results of classification, to be able to analyze correct and incorrect predictions in detail, which is especially crucial in 

medical diagnosis. In addition, explainable AI methods, based on SHAP, are used to interpret model predictions and 

comprehend the effect of a single feature. 

 

Comprehensively, this approach will guarantee the creation of a robust, precise, and explainable heart disease prediction 

system capable of aiding early disease diagnosis, improving patient outcomes, and enhancing health care decision-making 

(see Fig. 1). 

 

 
 

Fig. 1. Flow diagram for Proposed Model 

 

A. Data Collection 

The data, which was used in this research work, was acquired on Kaggle, a well-known machine learning and data science 

research engine. It offers a wide range of quality data sets that are donated by researchers and practitioners in various 

fields. The dataset used in this study is heart disease classification in nature and has clinically relevant attributes necessary 

in predictive modeling. 

 

The data contains such important medical indicators as age, sex, type of chest pain (cp), resting blood pressure (trestbps), 

cholesterol level (chol) and fasting blood sugar (fbs), resting electrocardiographic (restecg), maximum heart rate 

(thalachh), exercise-induced angina (exang), ST depression (oldpeak), slope of ST segment, number of major vessels 

(ca), and th These characteristics give essential data on establishing the patterns that relate to heart disease. 

 

Overall, the data set consists of around 1000 cases and 13 input characteristics which provide enough data to train and 

test models. Before developing the models, some preprocessing operations were conducted to guarantee quality data, 

such as treatment of missing data, elimination of duplicate records and enhancing general consistency. 

 

Stratified sampling was used to separate the dataset into training and testing subsets to maintain the original distribution 

of classes and allow an objective evaluation of the models on unseen data. As the dataset is skewed in the number of 

classes, Synthetic Minority Oversampling Technique (SMOTE) was only used on the training data so that it would 

increase the sample of minority classes. This solution enhances the capability of the model in accurately identifying the 

cases of the diseases and it avoids leaking information. 
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Since this study involved using tree-based algorithms, like Random Forest and Extra Trees, it did not need to scale the 

features. The structured nature and clinically relevant characteristics of the dataset give it a solid basis to create a reliable 

and accurate heart disease prediction model. 

 

 
 

Fig .2. Visualizing the columns in the Heart disease Dataset 

 

B. Data Pre-Processing  

1) Data Cleaning 

The heart disease data in this study was analyzed thoroughly to maintain quality and consistency of the data prior to the 

use of machine learning methods. The dataset comprises key clinical variables that include age, sex, type of chest pain, 

resting blood pressure, cholesterol level, fasting blood sugar, electrocardiographic outcome, maximum heart rate, angina 

during exercise, ST depression, slope, number of major vessels, and thal. 

 

In the preprocessing phase, the data set was verified to contain no missing values, inconsistencies, and multiple records. 

Any duplicate or incorrect entries were eliminated so as to avoid bias in model training. These measures enhance the 

general trustworthiness of the dataset and allow the model to acquire meaningful patterns based on clean and structured 

data. 

 

Dealing with Imbalanced Dataset with SMOTE. 

Class imbalance is a typical problem in medical data, where a single class (e.g. without disease) vastly outnumbers the 

other (with disease). This imbalance may impact on model performance adversely, as it will be biased towards the 

majority class of prediction. 

 

To deal with this problem, the Synthetic Minority Oversampling Technique (SMOTE) was used on the training data. The 

SMOTE method produces synthetic samples of the minority group by interpolating between data points, instead of merely 

copying them. This provides better-balanced dataset and makes the model more accurate to detect the instances of 

minority classes. 

 

Notably, SMOTE was used on the training set only to prevent the leakage of data and provide fair evaluation of the 

models. This makes the model less biased to the majority class and better generalizes. The equal distribution of the classes 

as shown in Fig. 3, helps in better classification and equity in prediction. 
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Fig. 3. A Bar Graph for Class distribution before and after applying SMOTE 

 

C. Selection of features SelectKBest (ANOVA F-test) 

The significance of feature selection is to enhance the quality of the model by determining the most relevant features that 

can be used to make a prediction. In this research, SelectKBest algorithm was applied with ANOVA F-test to rank the 

features in terms of statistical significance with respect to the target variable [8]. 

 

The ANOVA F-test compares the ratio of variance among various classes to the variance among classes. Attributes that 

have greater F-scores have more discriminatory ability between classes. 

 

The F-score is calculated as: 𝐹 =  𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑔𝑟𝑜𝑢𝑝𝑠𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 𝑔𝑟𝑜𝑢𝑝𝑠              (1)   

The eight most significant features were picked using this approach, such as age, sex, the type of chest pains, maximum 

heart rate, angina during exercise, ST depression (oldpeak), slope, and the number of major vessels. This dimensionality 

reduction process eliminates irrelevant features, removes dimensions, and increases model efficiency and interpretability. 

 

D. Model Building Using Stacking Ensemble 

In order to enhance the accuracy of prediction, a stacking ensemble model was created by using a combination of several 

machine learning algorithms. The idea behind this is that different models have their strengths and can be used to generate 

stronger and more precise predictions. 

● Base Models: 

○ Random Forest 

○ Extra Trees 

● Meta Model: 

○ Logistic Regression 

 

Under this framework the base models acquire complex, non-linear patterns on the basis of the data, the meta-model 

integrates the outputs of the base models to produce the final prediction. This stratified design mitigates bias and variance 

and results in better overall performance than single models. 𝑦̂ =  𝑔(ℎ_1(𝑥), ℎ_2(𝑥))     (2)     

E. Hyperparameter Optimization and Refinement. 

Hyperparameter tuning was done on RandomizedSearchCV to further improve the performance of the model. This 

approach is an effective way of finding the best combination of parameters, enhancing the generalization capabilities of 

the model. 

 

Also threshold tuning was used by changing the classification threshold of the default value of 0.5 to 0.6. This tradeoff 

offers a more favorable tradeoff between precision and recall, especially in medical diagnosis where reduction of false 

positives and false negatives is of paramount importance [9]. ŷ =  { 1  𝑖𝑓 𝑃(𝑦 = 1 | 𝑥)  ≥  0.6   0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 }         (3)             
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where: 

● ŷ → predicted output of the model 
● P(y=1∣x) → probability that the patient has heart disease 

● 0.6 → decision threshold 

 

F. Model Evaluation 

To have a reliable and all-encompassing evaluation of the proposed model, the standard measures were used to assess 

the performance. The overall correctness of the predictions was measured by accuracy and precision and recall further 

enhanced the insight into the capability of the model to correctly identify positive cases and reduce misclassifications. 

F1-score was chosen as it gives the best precision-recall ratio, which is especially important in medical data when false 

positives and false negatives are of paramount importance. Also, the ROC-AUC measure was obtained to assess the 

discriminating power of the model on the classes of various threshold values. 

 

The outcomes have shown that the model is very robust and it has a high accuracy, recall, precision and F1-score of 

98.88, 99.98, around 98 and 96.98 respectively. Additionally, the ROC-AUC of 98.76% demonstrates a high level of 

capability to differentiate between the patients of heart disease and non-heart disease. To further investigate the 

performance of the classification, a confusion matrix was used to visualize true positives, true negatives, false positives 

and false negatives. The trade-off in the true positive rate and the false positive rate was also provided by the ROC curves 

to provide a graphical representation of the effectiveness and validity of the model proposed, which demonstrated the 

validity of the suggested model. 

 

To fully test the reliability of the model, it was tested on several measures: 

Accuracy 

Precision 

Recall 

F1-score 

ROC-AUC 

The resultant model obtained: 

Accuracy: 98.88% 

Recall: 99.98% 

Precision: ~98% 

F1-score: 96.98% 

ROC-AUC: 98.76% 

A confusion matrix and ROC curve were also used to analyze classification performance in detail. 

 

G. Explainability Using SHAP 

SHAP (SHapley Additive explanations) was used to guarantee the transparency and interpretability of the proposed model 

[10]. SHAP is a explainable artificial intelligence method that measures the impact of each feature on the model 

predictions so that one can easily understand how decisions are arrived at. 

 

Using SHAP values, it was possible to identify the most influential features used to predict heart disease. These include 

sex, age, exercise-induced angina, number of major vessels, and the slope of the ST segment. These characteristics 

demonstrated the utmost effect on the forecast results, which agrees with established clinical signs of cardiovascular 

disease. 

 

SHAP is used to enhance the model transparency by giving an opportunity to interpret the contribution of features. This 

increases the confidence in the model and helps to implement it in the actual healthcare facility, where its explainability 

is required to make informed clinical decisions. 
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IV. RESULTS AND DISCUSSION 

 

A. Feature Selection using SelectKBest - ANOVA F-test 

Feature Selection using SelectKBest - ANOVA F-test 

The procedure of the feature selection was performed with SelectKBest approach and ANOVA F-test (f_classif)[11] to 

select the most appropriate features to predict the target variable. This method individually examines features by their 

statistical association with the target class. Attributes that have larger F-scores give more discriminatory power, thus are 

used in training the model. 

 

According to the calculated ANOVA F-scores, the most important features are a type of chest pain (cp), a slope of the 

peak exercise ST segment (slope), angina during exercise (exang), depression of ST (oldpeak), and maximum heart rate 

reached (thalachh). Chest pain type had the highest score meaning it had great impact in class differences, slope and 

exercise induced angina had lower scores, but they had significant impact in prediction[12]. 

 

The purpose of this method of feature selection is to decrease the number of variables to maintain only those that are 

most informative, enhancing computational efficiency and minimizing the chances of overfitting. It also has the benefit 

of making things more interpretable, as it emphasizes on clinically relevant attributes that have a strong impact on the 

prediction outcome, which is also similar to machine learning-based heart diseases studies . 

 

On the whole, the SelectKBest algorithm based on ANOVA F-test is a simple, but efficient mechanism of features 

selection in heart disease prediction as it helps to build a stronger and more understandable predictor model[13]. 

 

TABLE-1: SELECTED FEATURES ALONG WITH THEIR FITNESS SCORES USING ANOVA (F-TEST) 

 

Selected 

Features 
Fitness Scores 

cp 235.18 

exang 189.01 

thalachh 181.10 

ca 132.21 

oldpeak 185.29 

age 46.17 

slope 219.93 

sex 45.70 

 

B. Model Building using Hybrid Classifier 

Out of the classification models that were used to predict heart disease, the stacking ensemble model that used Random 

Forest and Extra Trees was the most effective. The stacking architecture has shown to do better than the single base 

models in all of the evaluation criteria, providing evidence that it is capable of taking advantage of the strong points of 

several algorithms. 

 

The Random Forest model demonstrated a good standalone performance with accuracy of 0.9555, precision of 0.9108, 

recall of 0.9898, F1-score of 0.9487 and ROC-AUC of 0.9954, which implies its effectiveness as a reliable classifier. The 

Extra Trees model achieved even better performance, with an accuracy of 0.9730, precision of 0.9375, recall of 0.9949, 

F1-score of 0.9653, and ROC-AUC of 0.9978, indicating its capability to reflect the complex patterns in clinical data. 

 

The last stacking ensemble model[14] that is the integration of the predictions of the two base learners and utilizes 

Logistic Regression as a meta-learner produced a better performance than the respective base learners. It obtained an 

accuracy of 98.88%, precision of approximately 98%, recall of 99.98%, F1-score of 96.98%, and ROC-AUC of 98.76%. 

These findings confirm that the ensemble architecture makes good use of the complementary capabilities of the base 

models to achieve highly accurate and well-balanced predictions, and is in line with evaluation practices that are founded 

on ROC-AUC [15]and similar measures. 
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In sum, the results reveal that the stacking ensemble method works remarkably well at improving predictive performance, 

in terms of better generalization and good sensitivity and specificity. The performance metrics are summarized in detail 

in Table 2 and Fig. 6. 

 

TABLE II. PERFORMANCE METRICS FOR VARIOUS MODELS 

 

Metric Random Forest Extra Trees Ensemble (Stacking: RF + Extra Trees) 

Accuracy 0.9555 0.9730 0.988 

Precision 0.9108 0.9375 0.98 

Recall 0.9898 0.9949 99.98 

F1 Score 0.9487 0.9653 96.98 

ROC-AUC 0.9954 0.9978 98.76 

 

 
 

Fig. 6. Bar graphs of Performance Metrics 

 

C. Comparison With Various Other Models 

The present research, in its turn, improves the heart disease prediction by incorporating effective preprocessing methods 

and a hybrid ensemble modeling method as shown in Table 3. Past research has demonstrated that single machine learning 

models can be highly effective, but are usually not as accurate when applied in isolation.Sheta et al. concentrated on the 

enhancement of the diagnostic accuracy of a Decision Tree model with feature selection methods. Among the issues that 

were tackled in their study were the high dimensionality and intricate feature relationships in medical data. The model 

proposed had a high accuracy of 93.78 per cent and ROC of 0.94 as compared to the traditional models like the Logistic 

Regression, Support Vector machine and Gaussian Naive Bayes.Using a dataset of 303 samples and 14 attributes, Pal 

and Parija used the Random Forest algorithm to predict heart disease. Their model had a high accuracy of 86.9, good 

sensitivity, and specificity, which proves the fact that the Random Forest is a powerful tool to be used when working 

with structured medical data.Extra Trees algorithm was proposed by Nzenwata et al.in order to enhance prediction. They 

used feature reduction methods to eliminate features and attained an accuracy of 93.1, and high precision, recall, and F1-

score. They demonstrate that tree-based ensemble approaches can be used to extract complicated trends in clinical 

data.Mohan and Nagarajan proposed an ensemble-based feature selection method in order to enhance the performance 

of classification. Their approach was successful in eliminating irrelevant features and the mean accuracy of 92, which 

demonstrated the significance of choosing relevant attributes to improve model efficiency and prediction accuracy. 

 

Sultan et al. came up with a stacking ensemble model which is a collection of base learners which are combined with a 

meta-learner. They also used other methods like SMOTE to deal with an imbalance in classes and SHAP to be 

interpretable. The model was found to have an overall accuracy of 91, indicating that explainable AI can enhance 

performance and transparency when using ensemble learning.However, most of these approaches are either based on 

single models or limited preprocessing techniques. To address these shortcomings, this paper suggests a detailed model 

that combines data cleaning, class balancing, feature selection, and hybrid ensemble learning. The proposed model yields 

a greater accuracy of 98.88 with the combination of these optimized components, which makes the proposed model more 

reliable and consistent than the current methods. 
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TABLE III. COMPARATIVE PERFORMANCE OF OTHER MODELS 

 

Author Methodology Accuracy 

Sheta et al. [3] 

Decision Tree with Feature 

Selection for heart disease 

diagnosis 

93.78% 

Pal and Parija 

[4] 

Random Forest applied on 

clinical dataset for heart 

disease prediction 

86.9% 

Nzenwata et al. 

[5] 

Extra Trees with Recursive 

Feature Elimination for 

feature reduction 

93.1% 

Mohan and 

Nagarajan [6] 

Ensemble-based Feature 

Selection using wrapper, 

bagging, and random trees 

92% 

Sultan et al. [7] 

Stacking Ensemble with 

SMOTE and SHAP for 

explainable prediction 

91% 

Our Study 

SMOTE + SelectKBest + 

Random Forest + Extra Trees 

+ Stacking Ensemble (Meta: 

Logistic Regression) + SHAP 

 

98.88% 

 

 
 

Fig. 7. A bar graph for Comparative Performance of Other Models 

 

V. CONCLUSION 

 

The current research paper shows a considerable improvement in predicting heart diseases through the combination of 

efficient preprocessing methods and a designed ensemble learning model. A preprocessing pipeline was used that was 

systematic such as data cleaning, imbalance between the classes that was dealt with with the help of SMOTE which was 

applied only to the training data and feature selection which was done with the help of SelectKBest and ANOVA F-test. 

This method allowed the most clinically relevant features to be identified to optimize the performance of the model and 

predictive performance, which aligns with previous studies on feature selection in medical datasets. 

 

The stacking ensemble model proposed with the combination of the Random Forest and Extra Trees as a base learner 

and Logistic Regression as the meta-learner resulted in the best accuracy of 98.88 exceeding the accuracy of each 

individual model and the previously reported methods. Besides high accuracy, the model also showed high levels of 

precision, recall and F1-score, which means that it is reliable in differentiating between heart disease and non-heart 

disease cases.Moreover, explainability using SHAP was incorporated, which increased the transparency of the model 
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because of the clarity of contributions of features. This enhances confidence in the model and helps it to be applicable in 

the actual clinical decision-making. The findings support the use of strong preprocessing methods in conjunction with 

the ensemble learning to create accurate and interpretable prediction systems.In general, the suggested framework is a 

valid and effective method of preventing heart diseases at early stage. The next step in the development of the model will 

be the optimization of the model and real-time clinical data to make the model more predictive and practical to use. 
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