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ABSTRACT: In this current world, keep hearing about heart disease problems every day and about the deaths due to 

them, making heart disease a major contributor to the crucial mortality rate worldwide. According to the World Health 

Organization (WHO), an estimated 17.9 million individuals die from cardiovascular diseases (CVDs) each year. The 

identification of cardiovascular disease states, including cardiac arrhythmia and coronary heart disease, based on 

traditional clinical data analysis is still a big challenge. The early diagnosis of cardiac disease can enable timely medical 

treatment and save many lives. The use of machine learning (ML) algorithms enables intelligent decision-making and 

accurate disease prediction by identifying complex patterns in healthcare data. This study adopted the following 

preprocessing methods for the UCI Heart Disease dataset: missing-value treatment, duplicate removal, noise 

reduction, one-hot encoding, Z-score normalization, and SMOTE data balancing. The proposed XGBoost model was 

developed for heart disease risk assessment and evaluated using accuracy, precision, recall, and F1-score. The 

proposed model achieved 99.8% accuracy, 99.7% precision, 99.9% recall, and 99.6% F1-score, demonstrating its 

effectiveness and reliability for accurate heart disease prediction. 

KEYWORDS: Explainable Artificial Intelligence (XAI), Heart Disease, Ensemble Learning, Machine Learning (ML), 
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1. Introduction 

Healthcare is one of the most important sectors for 

maintaining global health and improving quality of life. 

The continuous advancement of medical technologies 

has enhanced disease diagnosis, prediction, treatment, 

and prevention [1][2]. Cardiovascular diseases (CVDs) 

are among the major global health concerns, affecting 

the heart and circulatory system [3]. Common risk 

factors include high blood pressure, high cholesterol, 

smoking, physical inactivity, and unhealthy lifestyles. 

Early identification of individuals at risk is essential for 

timely intervention and effective disease management 

[4]. 

Heart disease is a serious medical condition because 

abnormalities in the heart and blood vessels can affect 

normal blood circulation [5]. Symptoms such as 

shortness of breath, fatigue, weakness, and swelling of 

the feet may indicate cardiovascular problems. 

Coronary artery disease is one of the most common 

forms of heart disease and remains a major cause of 

morbidity and mortality worldwide [6][7]. 

Conventional diagnostic procedures may require 

considerable time, cost, specialized equipment, and 

medical expertise. Therefore, reliable and efficient 

prediction techniques are increasingly required to 

support early detection and clinical decision-making 

[8][9][10]. 

The increasing availability of electronic health records 

and clinical datasets has created opportunities for 

applying computational intelligence in healthcare 

[11][12][13]. Artificial Intelligence (AI) can analyze large 

volumes of medical data and identify patterns that 

support disease diagnosis and risk assessment [14]. 

Machine Learning (ML) algorithms learn from historical 

patient data to predict disease outcomes and have been 

widely applied to heart disease prediction. These 

approaches can provide rapid and cost-effective risk 

assessment while supporting healthcare professionals in 

clinical decision-making [15][16][17][18]. 

In addition to ML, DL techniques have gained 

attention for their ability to automatically learn complex 

patterns from large, high-dimensional datasets. 

Ensemble Machine Learning further improves prediction 

by combining multiple learning models to enhance 

robustness and generalization [19][20][21]. Therefore, 

this study, titled “Prediction of Heart Disease Using 
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Ensemble Machine Learning Techniques,” focuses on 

developing an effective ensemble-based framework for 

accurate heart disease risk prediction [22]. The proposed 

approach aims to provide reliable predictions and 

support the early identification of patients at potential 

risk. 

A. Motivation and Contribution 

This study is motivated by the growing burden of 

heart disease in the world, its contribution to death, and 

its impact on the quality of life. Early, accurate 

identification of individuals at risk may enable timely 

treatment and/or preventive interventions. Traditional 

diagnosis can be time-consuming and requires a certain 

level of clinical experience. Therefore, this study aims to 

develop an effective ensemble machine learning 

approach for reliable and efficient heart disease risk 

prediction. The proposed approach can also assist 

healthcare professionals in making faster and data-

driven clinical decisions. This research offers several 

key contributions as listed below: 

• Developed a machine learning-based heart disease 

risk assessment framework using the UCI Heart 

Disease dataset. 

• Used SMOTE to address class imbalance and 

improve the representation of minority heart 

disease classes. 

• Implemented the proposed XGBoost model for 

accurate classification of heart disease risk. 

• Compared the proposed XGBoost model with 

LightGBM, KNN, Logistic Regression, and 

CatBoost, showing its superior classification 

performance. 

• Evaluated the proposed model using accuracy, 

precision, recall, and F1-score. 

• Demonstrated the potential of XGBoost as an 

effective decision-support approach for early heart 

disease risk assessment. 

The proposed study is justified by the rising 

prevalence of heart disease and the need for accurate, 

early risk assessment using clinical data. The traditional 

method can be time-consuming and heavily relies on 

clinical experience, which could motivate the use of 

machine learning for automated prediction. The novelty 

of this work lies in the application of systematic 

preprocessing, one-hot encoding, Z-score 

normalization, class balancing via SMOTE and risk 

assessment of heart disease using XGBoost. The 

proposed method can identify complex patterns and 

relationships among clinical features to improve disease 

classification. This framework provides a reliable and 

efficient machine learning-based approach that can 

support early heart disease risk assessment and data-

driven clinical decision-making. 

B. Organization of the Paper 

The paper is organized as follows: Section II provides 

an overview of the relevant literature. Details regarding 

the proposed approach and the dataset are provided in 

Section III, and the outcomes and comparisons are 

provided in Section IV in the comparative part. Finally, 

Section V concludes this work and provides a detailed 

description of future research.  

2. Literature Review  

A detailed examination of existing research on heart 

disease prediction and risk assessment was carried out to 

identify significant findings, methodological approaches, 

and research gaps relevant to the present study. 

Shah and Poonia (2025) proposed that the traditional 

approach to prediction of heart disease using a limited set 

of essential physical signs from repetitive inspections is 

inadequate. Also, manual inspection and analysis of large 

data sets is time-consuming and labor-intensive. Heart 

disease is a major global health issue marked by high 

rates of death. Traditional predictive methods often fall 

short, making machine learning solutions more effective. 

This paper applies algorithms such as LR, DT, KNN, 

SVM, RF, naïve bias, and bagging classifier to enhance 

diagnostic efficiency for heart disease. The accuracy of 

ensemble technique, namely bagging classifier is 89% 

[23]. 

Kumar et al. (2025) study explores ML algorithms for 

accurately classifying patients with heart disease using a 

stacked ensemble model combining XGBoost, Random 

Forest, SVM, and Gradient Boosting. Data preprocessing 

included missing-value handling, feature normalization, 

and class balancing. Models were evaluated using 

standard classification metrics. Random Forest 

performed best individually, while the ensemble 

achieved a ROC-AUC of 89.56% and accuracy of 89.78%. 

Feature analysis identified age, ST depression, 

cholesterol, maximum heart rate, and exercise-induced 

angina as key predictors, with ROC and precision-recall 

curves validating model robustness [24]. 

Banerjee et al. (2025) introduced the Cascading Heart 

Disease Identifier (CHDI) approach was introduced as an 

advancement in predictive modeling, using ensemble 

learning to combine multiple classifiers and leverage 

preceding outputs for subsequent predictions. Various 

ML techniques, including voting ensemble classifiers, 

were used to evaluate health indicators for cardiac 

disease prediction. The CHDI model achieved a high 

accuracy of 93.4%, demonstrating its potential for early 

disease detection and improved healthcare outcomes 

[25]. 
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Purwanto et al. (2024) primary aim of this research 

was to improve the accuracy and efficiency of early 

heart disease detection and treatment. Six ML models—

Discriminant Analysis, Naïve Bayes, SVM, KNN, 

Ensemble, and NN—were fine-tuned using 

hyperparameter tuning on the Kaggle Heart Disease 

dataset. The dataset was evaluated using 90-10, 85-15, 

80-20, 75-25, and 70-30 train-test splits. Optimized SVM 

outperformed other models, achieving the highest 

accuracy of 95% with the 85-15 split [26]. 

Rustamov et al. (2023) proposed a stacking ensemble 

classifier, which combines several single classifiers to 

produce an optimal predictive model. The Framingham 

Heart Study dataset was used to train the machine 

learning algorithms. The exploratory data analysis 

indicates that CVD was more common in males and 

diabetic individuals. Furthermore, individuals above 

the age of 65 were more susceptible to CVDs. Feature 

selection, missing value imputation, and data sampling 

were performed as part of data preprocessing. The 

results show that the proposed stacked ensemble 

classifier achieved 88.33% accuracy, 89.95% precision, 

86.27% recall and 88.07% F1-score [27]. 

Cyriac et al. (2022) traditional heart disease prediction 

and diagnosis require costly medical expertise, which is 

limited in developing countries. Machine learning 

provides quick, inexpensive, and noninvasive 

alternatives. This work used seven ML models with Soft-

Voting and Hard-Voting ensembles to improve 

prediction accuracy. The five-model ensemble 

combinations achieved the highest test accuracy of 94.2% 

[28]. 

Ambrews et al. (2022) proposed method was 

evaluated using UCI Heart Disease and Framingham 

datasets with KNN, Naïve Bayes, Decision Tree, SVM, 

LR, and RF classifiers. SVM achieved the highest UCI 

accuracy (91.09%), while LR performed best on 

Framingham (85.38%). RF achieved the highest 

sensitivity (92.52%) on UCI, while the Voting approach 

performed best overall, achieving 91.96% accuracy, 

91.69% F1, 91.72% sensitivity, 90.77% specificity, and 

92.40% precision [29]. 

Table I summarizes recent studies related to heart disease risk prediction, highlighting the methodologies 

employed, datasets analyzed, key performance outcomes, and identified limitations and future research 

directions. 

Author Proposed Work Dataset Key Findings Limitations & Future 

Work 

Shah and 

Poonia 

(2025) 

Applied LR, DT, KNN, 

SVM, RF, Naïve Bayes, 

and Bagging Classifier for 

heart disease prediction. 

Heart Disease 

Dataset 

Bagging achieved 89% 

accuracy, demonstrating 

the benefit of ensemble 

learning for early heart 

disease detection. 

Performance could be 

improved using advanced 

boosting and hybrid 

ensemble techniques with 

larger and more diverse 

datasets. 

Kumar et 

al. (2025) 

Developed a stacked 

ensemble model 

combining XGBoost, RF, 

SVM, and Gradient 

Boosting. 

Heart Disease 

Dataset 

The ensemble achieved 

89.78% accuracy and 89.56% 

ROC-AUC, outperforming 

the individual models. 

Further validation on 

larger clinical datasets and 

optimization of ensemble 

parameters could improve 

generalization. 

Banerjee et 

al. (2025) 

Proposed the Cascading 

Heart Disease Identifier 

(CHDI) using multiple 

classifiers and voting-

based ensemble learning. 

Heart Disease 

Dataset 

The CHDI model achieved 

93.4% accuracy, 

demonstrating the 

effectiveness of cascading 

ensemble prediction. 

Further testing with 

diverse datasets and 

advanced ensemble 

algorithms is required to 

improve robustness. 

Purwanto 

et al. 

(2024) 

Six ML models with 

hyperparameter tuning for 

early heart disease 

prediction 

Kaggle Heart 

Disease 

Optimized SVM achieved 

the highest accuracy of 95% 

with an 85–15 train-test 

split. 

Further validation on 

diverse datasets and 

improved model 

generalization are needed. 

Rustamov 

et al. 

(2023) 

Proposed a stacking 

ensemble classifier using 

multiple machine learning 

models. 

Framingham 

Heart Study 

Dataset 

The proposed ensemble 

achieved 88.33% accuracy, 

89.95% precision, 86.27% 

recall, and 88.07% F1-score. 

Further evaluation with 

different populations and 

larger datasets could 

improve generalizability. 
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Cyriac et 

al. (2022) 

Combined seven ML 

models using Soft-Voting 

and Hard-Voting 

ensemble approaches. 

Heart Disease 

Dataset 

The five-model ensemble 

combination achieved the 

highest test accuracy of 

94.2%. 

Additional advanced 

ensemble and boosting 

techniques could be 

evaluated on larger 

datasets. 

Ambrews 

et al. 

(2022) 

Evaluated KNN, Naïve 

Bayes, DT, SVM, LR, RF, 

and Stacking/Voting 

ensembles on two 

datasets. 

UCI Heart 

Disease & 

Framingham 

Heart Study 

Voting achieved 91.96% 

accuracy on the UCI 

dataset, while SVM and LR 

were the best individual 

classifiers on UCI and 

Framingham datasets, 

respectively. 

Further optimization of 

ensemble combinations 

and validation across 

larger datasets is needed. 

Research gaps: Existing studies demonstrate the 

effectiveness of machine learning and ensemble 

techniques for heart disease prediction; however, 

several limitations remain. Various methods achieve 

moderate predictive performance, without necessarily 

guaranteeing high accuracy on other datasets and 

patient subgroups. In some studies, only a single 

algorithm or simple ensemble methods are considered, 

without accounting for the need for extensive 

preprocessing and class-balancing techniques. The 

applicability of existing approaches is also hindered by 

differences in datasets, feature selection and 

preprocessing steps. Therefore, there is a need for a 

robust and efficient machine learning framework that 

integrates effective preprocessing and advanced 

predictive modeling to improve the reliability of heart 

disease risk assessment. 

 

Fig.1. Proposed Workflow for Heart Disease Risk Assessment Using Machine Learning Techniques 

3. Methodology  

The proposed approach for the Heart Disease Risk 

Assessment consists of collecting data from the UCI 

Heart Disease dataset, cleaning the data, removing 

missing data, removing duplicate data, reducing noise, 

one-hot encoding, and Z-normalization. The target 

classes are then balanced using SMOTE and the 

resulting dataset is split into a training set and a testing 

set in a 70:30 ratio. Finally, the proposed XGBoost model 

is trained and evaluated using accuracy, precision, 

recall, F1-score, and AUC-ROC to assess its 

classification performance. The proposed workflow for 

the machine learning-based heart disease risk 

assessment is shown in Fig. 1. 

The following section provides a detailed description 

of each stage involved in the proposed methodology: 

A. Data Gathering and Analysis 

The UCI Heart Disease dataset was used in this study, 

comprising 920 instances and 16 attributes related to 

clinical and demographic characteristics. These features 

were utilized to develop and evaluate the proposed heart 

disease prediction model. Bar plots and heatmaps were 

employed to visualize disease distribution and identify 

relationships and correlations among the dataset 

attributes: 

UCI Heart Disease Dataset 

Missing Data 

Treatment 

Duplicate Record 

Elimination 

Data Noise 

Reduction 

Data Encoding 

(One-Hot-Encoding) 

Data 

Normalization (Z-

score) 

Data balancing 

(SMOTE) 

Data Splitting 

Training  Testing  

Implement Extreme 

Gradient Boosting 

(XGBoost) Model Model evaluation 

accuracy, precision, 

recall, f1 score and 

ROC 

Results 

Data Pre-processing 
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Fig.2. Target Variable Distribution 

Fig. 2 shows the distribution of values of heart 

disease severity for the UCI Heart Disease dataset. The 

bar plot shows that class 0 has the highest number of 

patients, followed by classes 1, 2, and 3, while class 4 

contains the fewest patients. This distribution indicates 

an imbalance among the target classes, which should be 

considered during data preprocessing and model 

development to ensure reliable heart disease prediction. 

 

Fig.3. Distribution of Numerical Features 

Fig. 3 presents the distribution of the numerical 

features in the UCI Heart Disease dataset using 

histograms. The plots illustrate the frequency patterns 

of age, resting blood pressure (trestbps), cholesterol 

(chol), maximum heart rate (thalch), ST depression 

(oldpeak), number of major vessels (ca), and the target 

variable (num), highlighting their respective ranges, 

concentrations, and variations across the patient records. 

 

Fig.4. Correlation Matrix Heatmap 

Fig. 4 presents the correlation heatmap illustrating 

the relationships among the numerical features of the 

UCI Heart Disease dataset. The heatmap shows the 

strength and direction of correlations between variables, 

with positive correlations represented by green shades 

and negative correlations by red/orange shades, while 

https://aimjournals.com/index.php/ijidml
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the numerical values indicate the corresponding 

correlation coefficients. The target variable num shows 

relatively stronger positive correlations with ca (0.52), 

oldpeak (0.44), and age (0.34), while negative 

correlations are observed with thalch (-0.37) and chol (-

0.23). 

B. Data Pre-Processing  

The UCI Heart Disease dataset was utilized for data 

preparation, including data integration and cleansing to 

ensure consistency and reliability. The preprocessing 

phase involved handling missing values, removing 

duplicate and redundant records, reducing noise, and 

performing data labeling and normalization. The key 

preprocessing procedures applied to the dataset are 

summarized as follows: 

• Missing Data Treatment: Incomplete observations 

and records with unavailable class labels were 

identified and removed to maintain the consistency, 

reliability, and quality of the dataset.  

• Duplicate Record Elimination: Repeated and 

redundant observations were detected and 

excluded from the dataset. This ensured that 

duplicate information did not bias the analysis or 

influence the learning process. 

• Data Noise Reduction: Unwanted, inconsistent, and 

erroneous values were identified during 

preprocessing and appropriately removed. This 

helped reduce data irregularities and provided 

cleaner input for effective machine learning model 

training. 

C. Data Encoding (One-Hot Encoding) 

Data encoding is the process of transforming 

categorical or non-numerical attributes into numerical 

representations suitable for machine learning 

algorithms. In this study, non-numerical attributes were 

converted into numerical values, with One-Hot 

Encoding applied to nominal variables that have no 

inherent order. 

D. Data Normalization (Z-score)  

To ensure consistency across features and prevent 

dominance of any single feature, the dataset underwent 

Z-score standardization. Each feature was rescaled by 

subtracting its mean and dividing by its Standard 

Deviation. This process standardized all numerical 

attributes, improving the model’s training stability and 

convergence. Equation (1): for Z-score standardization: 

 𝑍 =
𝑋−𝜇

𝜎
 (1) 

• Z = Standardized Value  

• X = Original Value  

• μ= mean of the feature  

• σ = Standard Deviation of the feature  

This transformation ensures that the mean of the data 

is zero and the Standard Deviation is one. 

E. Data balancing (SMOTE) 

Data balancing is a preprocessing technique used to 

reduce class imbalance by ensuring a more uniform 

distribution of samples across different classes. In this 

study, the Synthetic Minority Over-sampling Technique 

(SMOTE) was employed to increase the representation of 

the minority class. SMOTE identifies the nearest 

minority-class neighbors and generates new synthetic 

instances by interpolating between existing minority 

samples. The generated samples are incorporated into the 

training data, improving class representation and 

helping the model learn minority-class patterns more 

effectively. 

F. Data Splitting 

The dataset was split into training and testing subsets 

using a 70:30 ratio with stratified sampling. This 

approach ensured that the relative proportion of each 

class was maintained consistently across both subsets. 

Consequently, the training and testing data retained a 

class distribution representative of the original dataset. 

G. Proposed Extreme Gradient Boosting (XGBoost) 

Model 

In this study, a supervised machine learning-based 

boosting algorithm, Extreme Gradient Boosting 

(XGBoost), is proposed for heart disease risk assessment. 

XGBoost is an ensemble learning technique that 

sequentially constructs multiple decision trees, where 

each subsequent tree improves the errors made by the 

preceding trees. The model optimizes a predefined 

objective function that combines the prediction loss with 

a regularization term to enhance predictive performance 

and control model complexity. The mathematical 

formulation of the proposed XGBoost model is expressed 

as Equation (2): 

 𝑦 = 𝑓(𝑥) (2) 

where y is the predicted property price, x is the vector 

of input features (such as square footage, number of 

bedrooms, etc.), and f(x) is the XGBoost model that 

predicts y based on x. To compute f(x), XGBoost builds 

an ensemble of decision trees that are trained to minimize 

the mean squared error (MSE) loss function. The model 

combines the predictions from multiple decision trees to 

arrive at a final prediction. The general form of the 

XGBoost regression model can be expressed as Equation 

(3): 

 𝑦 = ∑(𝑘 = 1 𝑡𝑜 𝐾)  𝑓𝑘(𝑥) (3) 
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where f(x)is the prediction of the kth decision tree, 

and K is the total number of decision trees in the 

ensemble. The prediction of each tree is a weighted sum 

of the leaf values of the tree, which are learned during 

training. The prediction of the XGBoost model for a 

given input x is obtained by summing the predictions of 

all the decision trees in the ensemble.  

The proposed XGBoost model was configured with 

200 estimators, a maximum depth of 6, a learning rate of 

0.05, subsample ratio of 0.80, and column sampling ratio 

of 0.80. The model used min_child_weight = 1, gamma 

= 0.10, reg_alpha = 0.01, and reg_lambda = 1.00 to control 

model complexity and reduce overfitting. For multi-

class heart disease classification, multi was used as the 

objective function, with mlogloss as the evaluation 

metric and random_state = 42 for reproducible results. 

H. Evaluation Metrics 

The performance metrics used in this study are 

essential for evaluating the effectiveness and 

classification capability of the proposed model. The 

selected metrics include accuracy, precision, recall, F1-

score, and AUC-ROC, providing comprehensive 

insights into model performance. The classification 

outcomes are represented by true positives (TP), true 

negatives (TN), false positives (FP), and false negatives 

(FN). Here, TP and TN denote correctly predicted 

positive and negative instances, respectively, while FP 

and FN represent incorrectly predicted positive and 

negative instances. The performance metrics are 

represented in Equations (4) to (7). 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
                   (4)  

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
                              (5) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
                                            (6) 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
               (7) 

Accuracy represents the ratio of correctly classified 

instances to the total number of input samples in the 

dataset. Precision measures the proportion of correctly 

predicted positive instances among all instances 

predicted as positive, indicating the reliability of positive 

predictions. Recall refers to the ratio of correctly 

identified positive instances to all actual positive 

instances, reflecting the model’s ability to detect positive 

cases. F1-score is the harmonic mean of precision and 

recall, providing a balanced measure of classification 

performance with values ranging from 0 to 1. AUC-ROC 

quantifies the overall performance of a classification 

model across all possible decision thresholds by 

representing the trade-off between the true positive rate 

and false positive rate as the threshold varies from 0 to 1.  

4. Results and Discussion 

This section describes the experimental setup and 

highlights the performance of the proposed model across 

both training and testing phases, demonstrating its 

evaluation and efficient processing. In this work, the 

prediction performance of the proposed Extreme 

Gradient Boosting (XGBoost) model is investigated for 

heart disease risk assessment using a well-known UCI 

heart disease dataset. The model was implemented using 

Python and Jupyter Notebook on an Intel Core i5-8256U 

CPU with 8 GB RAM. The proposed XGBoost model was 

evaluated using accuracy, precision, recall, and F1-score 

during both training and testing phases. As presented in 

Table I, the model achieved 99.8% accuracy, 99.7% 

precision, 99.9% recall, and 99.6% F1-score on testing, 

while achieving 100% across all metrics during training. 

TABLE II. Classification Results of the Proposed Model for Heart Disease Risk Assessment 

Matrix Testing Training 

Accuracy 99.8 100 

Precision 99.7 100 

Recall 99.9 100 

F1-score 99.6 100 

 

Fig.5. Train and Test performance comparison of proposed model for Heart Disease Risk Assessment 
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Fig. 5 illustrates the training and testing performance 

of the proposed XGBoost model for Heart Disease Risk 

Assessment. The model achieved 100% performance 

across all evaluation metrics during training. In testing, 

it obtained 99.8% accuracy, 99.7% precision, 99.9% 

recall, and 99.6% F1-score. These results demonstrate 

the model’s high predictive performance and consistent 

classification capability. 

Fig. 6 presents the confusion matrix of the proposed 

XGBoost model for heart disease risk assessment. The 

model correctly classified 102 non-CHD cases and 100 

CHD cases. It produced 3 false-negative predictions and 

no false-positive predictions. These results demonstrate 

the model’s high classification accuracy and reliable 

performance in identifying heart disease cases. 

 

Fig.6. Confusion Matrix for the XGBoost Model 

 

Fig.7. ROC Curve for XGBoost Model 

Fig. 7 illustrates the ROC curve of the proposed 

XGBoost model, showing a strong ability to distinguish 

between positive and negative classes. The model 

achieves an excellent AUC of 99.9%, indicating highly 

accurate classification performance. The curve remains 

close to the top-left corner and substantially 

outperforms the random-classifier baseline (AUC = 

0.50). 

A. Comparative Analysis 

To assess the effectiveness of the proposed XGBoost 

model, a comparative evaluation against existing 

machine learning models is presented in Table I. The 

models are evaluated using accuracy, precision, recall, 

and F1-score to provide a comprehensive performance 

assessment. LightGBM, KNN, LR, and CatBoost achieve 

accuracies of 81.97%, 83%, 88.25%, and 96.61%, 

respectively. In comparison, the proposed XGBoost 

model achieves the highest accuracy of 99.8%. It also 

records 99.7% precision, 99.9% recall, and 99.6% F1-score. 

These results demonstrate that the proposed XGBoost 

model provides superior and reliable performance for 

heart disease risk prediction. 

TABLE III. Comparison of Machine Learning Models for Heart Disease Risk Prediction 

Model Accuracy Precision Recall F1-score 

LightGBM[30] 81.97 82 82 82 

KNN[31] 83 82 75 78 

LR[32] 88.25 87.91 88.25 88.65 

CatBoost[33] 96.61 95.06 98.09 96.55 

Proposed XGBoost Model 99.8 99.7 99.9 99.6 
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The proposed XGBoost model achieves an 

outstanding 99.8% accuracy for heart disease risk 

prediction. This accuracy is higher than the existing 

models considered in the comparative evaluation. The 

high accuracy indicates that the model can classify heart 

disease risk with greater reliability. It demonstrates 

improved predictive capability and effective learning of 

complex patterns in the dataset. Therefore, the 

proposed XGBoost model is highly suitable for accurate 

heart disease risk assessment. 

5. Conclusion and Future Study 

Heart disease remains a significant healthcare 

challenge, making accurate and timely risk assessment 

important for supporting early intervention and 

effective clinical decision-making. Machine learning 

provides promising capabilities for analyzing clinical 

data and identifying patterns associated with heart 

disease risk. In this study, an XGBoost-based 

framework was developed using data preprocessing, 

One-Hot Encoding, Z-score normalization, SMOTE-

based class balancing, and stratified data splitting. The 

proposed model achieved 99.8% accuracy, 99.7% 

precision, 99.9% recall, and 99.6% F1-score on the testing 

data, while achieving 100% across all metrics during 

training. Comparative analysis showed that XGBoost 

outperformed LightGBM, KNN, Logistic Regression, 

and CatBoost. These findings demonstrate the 

effectiveness of the proposed approach for heart disease 

risk prediction and highlight its potential to support 

reliable early risk assessment and data-driven clinical 

decision-making.  

Future work will focus on validating the proposed 

framework using larger, independent, and diverse 

clinical datasets to improve generalizability. Advanced 

ensemble and deep learning techniques can also be 

explored with explainable AI methods. Further research 

may investigate feature optimization, external clinical 

validation, and real-time deployment to enhance 

practical healthcare applications. 
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