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Abstract. 

Purpose: This research aims to develop an effective early detection model for heart disease with data balancing and 

hybrid feature selection. The study seeks to enhance predictive accuracy and minimize errors, providing a robust model 

for clinical decision support systems. 

Methods: The study used the Heart Failure Prediction dataset derived from Kaggle. A novel hybrid framework was 

implemented, integrating SMOTEENN (Synthetic Minority Over-sampling Technique + Edited Nearest Neighbors) 

for data balancing and a Hybrid Feature Selection (HFS) method combining Chi-square and Backward Elimination. 

Eight machine learning algorithms, including Logistic Regression, Naïve Bayes, Decision Tree, K Nearest Neighbor, 

Random Forest, Gradient Boosting, Support Vector Machine, and XGBoost. Performance was assessed based on 

accuracy, precision, recall, f1-score, specificity, AUC Score, fallout and miss rate. 

Result: The proposed framework significantly improved classification performance across all algorithms. The Random 

Forest model emerged as the optimal classifier, achieving an accuracy of 99.44%, AUC Score of 99.98%, and a specific 

reduction in miss rate to 0.92% (from 10.03% baseline). The HFS method successfully reduced the feature space by 

54%, identifying 'ExerciseAngina', 'FastingBS', 'ST_Slope', 'ChestPainType', and 'Sex' as the most critical predictors. 

The model outperformed standard approaches and recent state-of-the-art benchmarks by over 10% in accuracy. 

Novelty: This study introduces a synergistic integration of SMOTEENN with hybrid feature selection. The 

combination significantly improves model performance in early heart disease detection. 
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INTRODUCTION 
Cardiovascular disease (CVD) remains one of the leading global health challenges and continues to be 

recognized as the foremost cause of mortality worldwide [1]. According to the World Health Organization 

(WHO), CVD accounts for approximately 32% of all global deaths, claiming nearly 17.9 million lives 

annually [2][3]. The onset of CVD is influenced by a complex interplay of factors, encompassing congenital 

abnormalities (such as congenital heart disease) [4], metabolic disorders (e.g., hypertension, diabetes, 

dyslipidemia) [5], and lifestyle-related risks including smoking, obesity, stress, and excessive alcohol 

consumption [6]. This burden is not only evident in developed countries but also increasingly affects 

developing nations, including Indonesia, where CVD-related mortality reaches 274 deaths per 100,000 

population, underscoring the urgent need for effective prevention and early diagnostic strategies [7][8].  

 

In the pursuit of improved diagnostic precision, Machine Learning (ML) has become powerful tool in the 

healthcare sector, particularly for the early detection and diagnosis of complex diseases [9]. Numerous 

studies have demonstrated the successful application of ML-based classification techniques in identifying 

medical conditions such as breast cancer [10], diabetes [11], brain tumors [12], and heart and liver disease 

[13], highlighting its versatility in clinical decision support. In disease diagnosis, patient pathology is often 

represented by datasets containing multiple features, each exerting a unique influence on the prediction 
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outcome. However, only a subset of these features substantially contributes to accurate classification, while 

others may introduce noise or redundancy. To address this, feature selection methods are widely employed 

to identify the most informative attributes, thereby enhancing predictive accuracy and reducing 

computational cost [14]. Furthermore, medical datasets frequently suffer from class imbalance, where 

negative cases significantly outnumber positive ones. This imbalance can bias the learning process and 

degrade model performance. Accordingly, class balancing techniques, such as SMOTEENN (a hybri- 

approach combining synthetic minority oversampling and edited nearest neighbor undersampling), are 

critical to ensure fair representation of minority classes and to improve the overall validity of predictive 

models [15][16]. 

 

Recent studies have applied diverse machine learning algorithms to heart disease prediction with 

encouraging results. Biddinika et al. evaluated Random Forest (RF), Naïve Bayes (NB), Support Vector 

Machine (SVM), and Decision Tree (DT), reporting that RF outperformed others with an accuracy of 

88.41% and an AUC of 0.94 [17]. Kirono and Nataliani analyzed heart failure causes using DT, RF, and 

XGBoost, where XGBoost achieved up to 94% accuracy with hyperparameter tuning [18]. Similarly, Barry 

et al. combined Particle Swarm Optimization (PSO) with Modified Random Forest, improving accuracy to 

88.52% and AUC to 0.93 [19]. Jusia et al. further demonstrated that optimization significantly enhanced 

performance, with KNN+PSO achieving 89.09% accuracy and AUC 0.935, while C4.5+PSO reached 

86.91% [20]. Comparative analysis by Damayunita et al. showed SVM performing best (92%) compared 

to KNN (91%) and NB (88%) [21]. Moreover, studies on feature selection and resampling revealed that 

these preprocessing strategies could raise KNN accuracy to 94% [22]. However, despite these promising 

results, existing studies exhibit several significant limitations that warrant further investigation. 

 

Despite the encouraging results of previous research, several critical limitations remain unaddressed. First, 

most existing studies employ either basic feature selection methods or no feature selection at all, potentially 

leading to model overfitting due to the inclusion of redundant and non-informative features [23]. Second, 

while some studies acknowledge class imbalance issues, they typically utilize simple oversampling or 

undersampling techniques, which fail to capture the optimal balance between sample diversity and data 

representativeness. Recent evidence suggests that hybrid resampling approaches combining oversampling 

and undersampling strategies, such as SMOTEENN, provide superior performance compared to single-

strategy methods [16]. Third, many studies focus on evaluating a limited number of algorithms or 

assessment metrics, making it difficult to determine which approach is most effective across diverse 

scenarios. Finally, there is a lack of comprehensive studies that systematically integrate hybrid feature 

selection with resampling techniques and perform comparative analysis across multiple machine learning 

algorithms using extensive evaluation metrics for heart disease detection. These gaps highlight the need for 

a more robust and comprehensive approach to machine learning-based heart disease prediction. 

 

To address these research gaps, this study proposes a comprehensive framework for early heart disease 

detection by integrating three key innovations: hybrid feature selection combining Chi-square test (for 

statistical significance) and backward elimination (for optimal subset optimization),  SMOTEENN 

resampling to effectively handle class imbalance while preserving data diversity and representativeness, 

and systematic evaluation of eight machine learning algorithms (Logistic Regression, Naïve Bayes, K-

Nearest Neighbor, Support Vector Machine, Decision Tree, Random Forest, Gradient Boosting, and 

XGBoost) using comprehensive performance metrics. The specific contributions of this research are: 

integration of hybrid feature selection (Chi-square + backward elimination) with SMOTEENN resampling, 

an approach not extensively explored in prior heart disease prediction studies; systematic comparative 

analysis of eight machine learning algorithms using the UCI Machine Learning heart disease datasets 

(Cleveland, Hungarian, Switzerland, Long Beach VA, Stalog (Heart) Data Set); comprehensive 

performance evaluation using nine evaluation metrics (accuracy, precision, recall, F1-score, specificity, 

fallout, miss-rate, g mean and AUC score) to provide deeper insights into model performance. The 

objectives of this research are: to develop and validate a hybrid feature selection method that optimizes 

feature relevance and reduces dimensionality, to assess the effectiveness of SMOTEENN in handling 

imbalanced medical datasets, to conduct a rigorous comparative analysis of eight machine learning 

algorithms, and to identify the most effective model configuration for early and accurate heart disease 

detection that has the potential for real-world clinical implementation. 
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METHODS 

This research follows a systematic machine learning pipeline approach to develop an effective heart disease 

prediction model. The methodology is structured in six sequential phases: data preprocessing and cleaning, 

data balancing using SMOTEENN, feature selection using hybrid Chi-square and backward elimination, 

dataset splitting with stratified k-fold cross-validation, model training and testing with eight classification 

algorithms, and performance evaluation and model comparison. The workflow is designed to ensure 

reproducibility, minimize overfitting, and provide robust comparative analysis across multiple machine 

learning algorithms. The research flow is shown in Figure 1. 

 

 
Figure 1. Research flow 

 

Dataset 

The data set used in this research was the Heart Failure Prediction Dataset obtained from Kaggle, which 

represents a comprehensive combination of five publicly available heart disease datasets from the UCI 

Machine Learning Repository [24]. The dataset comprises 12 attributes, 11 input features and 1 target 

variable, all of which are clinically relevant indicators of cardiovascular health. The input features including 

age, sex, chest pain type, resting blood pressure (RestingBP), cholesterol, fasting blood sugar (FastingBS), 

resting electrocardiogram (RestingECG), maximum heart rate (MaxHR), exercise angina, oldpeak and ST 

slope. The target variable, HeartDisease, is a binary classification output indicating heart disease (1) or 

normal (0). 

Table 1. Dataset description 
Feature  Data type Detail 

Age Numeric Representing the patient's age in years 

Sex Binary Patient gender (1: Male, 0: Female) 
ChestPainType Nominal Categorizing chest pain into four types (1: Typical Angina, 2: Atypical Angina, 3: Non-

Anginal Pain, 4: Asymptomatic) 

RestingBP Numeric Resting blood pressure in millimeters of mercury (mm Hg) 
Cholesterol Numeric Amount of cholesterol in patient’s blood (mm/dl) 

FastingBS Binary Fasting blood sugar levels (1: > 120 mg/dl, 0: otherwise) 

RestingECG Nominal Resting electrocardiogram (0: Normal, 1: Having ST-T wave abnormality, 2: probable 
or definite left ventricular hypertrophy by Estes' criteria) 

MaxHR Numeric Maximum heart rate (bpm) 

ExerciseAngina Binary 1: Yes, 0: No 
Oldpeak Numeric ST depression includes by training to rest 

ST_Slope Nominal The slope of the peak exercise ST segment in three categories (1: Upsloping, 2: Flat, 3: 

Downsloping) 
Target Binary 1: Heart diasease, 0: Normal 

 

Data preprocessing 

Data preprocessing is a vital stage prior to model training, because the quality and consistency of the input 

directly affect the reliability of the predictions generated by machine learning models. In this study, the raw 

Heart Failure Prediction Dataset was first examined for missing values and inconsistent entries. Records 

with missing or invalid values were identified using descriptive statistics and exploratory data analysis.  
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After checking missing values, all categorical attributes were transformed into numerical form using label 

encoding. This step was applied to variables such as Sex, ChestPainType, RestingECG, ExerciseAngina, 

and ST_Slope. For example, the ChestPainType attribute, originally represented as Typical Angina, 

Atypical Angina, Non‑Anginal Pain, and Asymptomatic, was encoded as 1, 2, 3, and 4, respectively. Label 

encoding was chosen instead of one‑hot encoding to keep the feature space compact and to reduce 

computational complexity, which is particularly beneficial when training multiple models and performing 

cross‑validation.  

 

Finally, all numerical features were normalized using the min–max normalization method. For each 

feature 𝑥, the normalized value 𝑥∗ is computed as 

 

𝑥∗ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (1) 

 

where 𝑥min and 𝑥max denote the minimum and maximum values of the feature, respectively. 

 

Data balancing using SMOTEENN 

In this research, we address the issue of class imbalance using the SMOTEENN method, which combines 

the Synthetic Minority Over-sampling Technique (SMOTE) with Edited Nearest Neighbors (ENN). 

Empirical studies have demonstrated that SMOTEENN often outperforms SMOTE alone because it not 

only increases the representation of the minority class but also cleans the data by removing noisy and 

borderline samples, leading to clearer decision boundaries [25][26]. 

 

SMOTEENN is a hybrid resampling strategy that integrates oversampling and undersampling in a two-step 

process to enhance the quality of the training data. The first step involves generating synthetic samples for 

the minority class using SMOTE. This technique interpolates new instances between existing minority 

samples and their nearest neighbors, effectively increasing the sample size and mitigating overfitting risks 

associated with simple duplication. However, these synthetic points may inadvertently be placed in 

overlapping regions or near decision boundaries, potentially confusing the classifier. To resolve this, the 

second step employs the ENN algorithm as a data cleaning mechanism. ENN evaluates every instance in 

the dataset including original samples and newly generated synthetic points by checking its 𝑘-nearest 

neighbors. If an instance is misclassified by most of its neighbors, it is identified as noise or a borderline 

case and is subsequently removed. By eliminating these problematic samples, ENN refines the decision 

boundaries and ensures a more coherent training set. This combination allows SMOTEENN to balance the 

class distribution while simultaneously improving data quality, making it particularly effective for datasets 

with complex or overlapping class structures [26].  

 

Data Leakage Prevention, SMOTEENN was applied exclusively within each training fold during cross-

validation, never to test folds. The procedure was: Dataset split into 10 stratified folds. For each fold: - 

Training set (9 folds) → Apply SMOTEENN → Train model - Test set (1-fold) → Original imbalanced 

distribution → Evaluate. Report averaged metrics across 10 folds. 

 

Hybrid feature selection: chi-square and backward elimination 

Feature selection is a critical preprocessing step that identifies and retains the most informative features 

while eliminating irrelevant and redundant features. This process improves model interpretability, reduces 

computational complexity, and enhances predictive accuracy by eliminating noise. This study employs a 

hybrid feature selection approach that combines two complementary methods: Chi-square test for statistical 

significance assessment and backward elimination for optimal subset optimization [14][6].  

 

To prevent feature selection bias, feature selection was performed within each cross-validation training fold 

(90% of data) rather than on the full dataset. This prevents information leakage from test data into feature 

relevance scoring. The chi-square test was applied to each feature to evaluate statistical association with 

the target variable. Chi-square scores were computed only on the training fold.  Features were ranked by 

chi-square value, and the top 10 features were selected as candidates for elimination. Selected features were 

further refined using Sequential Feature Selector (SFS) with backward elimination. The algorithm 

iteratively removed the feature causing the least decrease in classification accuracy (objective function), 

until exactly k=5 features remained. The SFS backward elimination was performed using a logistic 
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regression classifier (max_iter=1000) applied to the training fold data only. The backward elimination 

process terminated when the feature subset size reached k=5, representing an optimal balance between 

model interpretability (minimal features) and predictive performance. The selected feature indices from 

each training fold were applied to the corresponding test fold without modification, ensuring test set 

independence. 

 

Dataset splitting with stratified k-fold 

After feature selection, the balanced and preprocessed dataset is divided into training and testing subsets 

using Stratified K-Fold cross-validation. Stratified K-Fold is a resampling technique that divides the dataset 

into k (in this study, k=10) equally sized stratified folds, where each fold maintains the same class 

distribution (proportion of positive and negative cases) as the original dataset. This stratification is crucial 

in medical classification tasks to ensure that all folds represent both positive and negative cases 

appropriately, reducing the variance in performance estimates and preventing bias toward either class [27]. 

 

The dataset is divided into 10 equally sized stratified folds. In each iteration, one-fold serves as the test set 

(10%) while the remaining nine folds form the training set (90%). Stratification ensures each fold maintains 

the same class distribution as the full dataset, preventing fold bias and ensuring fair performance estimates. 

Critically, the preprocessing, resampling, and feature selection pipeline operates only within each fold's 

training data. The test fold is never used during preprocessing, resampling, feature selection, or training. 

Feature indices selected in the training fold are applied to the test fold without modification or re-selection. 

 

Classification algorithms 

This study evaluates eight machine learning classification algorithms to identify the most effective 

approach for heart disease detection. These algorithms represent diverse learning paradigms including 

linear models, distance-based models, decision tree-based models, and ensemble methods. The eight 

algorithms and hyperparameter configurations are described below: 

 

Table 2. Hyperparameter configurations 
Algorithms Hyperparameters 

Logistic Regression solver = 'lbfgs', max_iter = 100, C = 1.0, random_state = 42 

Naïve Bayes - 

K-Nearest Neighbor n_neighbors=7, weights = 'uniform', algorithm = 'auto', metric = ‘euclidean’, p = 2 
Decision Tree criterion='entropy', splitter='best', max_depth = None, min_samples_split = 2, 

min_samples_leaf = 1, random_state = 42 

Random Forest n_estimators=100, criterion= ‘gini’, max_depth=None, min_samples_split=2, bootstrap = 
True, random_state=42 

Support Vector Machine kernel = 'rbf', C = 1.0, gamma = 'scale' probability = True, random_state = 42 

Gradient Boosting n_estimators = 100, learning_rate = 0.1, max_depth = 3, min_samples_split = 2, 
min_samples_leaf = 1, loss = 'log_loss', random_state = 42  

XGboost n_estimators = 100, learning_rate = 0.3, max_depth = 6, gamma = 0 eval_metric = 'logloss', 

random_state = 42, use_label_encoder = False 

 

Logistic regression (LR) 

LR is a linear classification algorithm that models the probability of binary classification using a logistic 

function. It estimates the relationship between independent features and the binary target variable using the 

sigmoid function, making it interpretable and computationally efficient. LR is widely used in medical 

diagnosis due to its simplicity and robustness [23][28]. 

 

Naïve bayes (NB) 

NB is a supervised learning method grounded in Bayes' theorem, widely utilized for classification and 

predictive tasks. It operates on the assumption that features are conditionally independent given the target 

class. Known for its computational efficiency, the algorithm scales linearly with the number of attributes, 

ensuring that training time does not disproportionately impact performance. Additionally, Naïve Bayes 

supports incremental learning, offers low-variance predictions, and evaluates model accuracy using 

confusion matrix metrics [29][30]. 

 

K-nearest neighbor (KNN)  

KNN is one of the most widely used supervised machine learning algorithms due to its ability to solve 

complex problems [31][32]. KNN's basic working principle is to determine a class based on the class of its 

nearest neighbours. The KNN algorithm is relatively easy to implement, but it is frequently referred to as a 
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lazy learning algorithm. because lazy learners postponed the generalization of training data until a task is 

received by the model [33][34]. 

 

Random forest (RF) 

RF is a highly efficient supervised learning algorithm widely applied in healthcare to classify disease. It 

excels at processing feature subsets rapidly and detecting complex, nonlinear relationships, often resulting 

in minimal prediction errors. Random Forest is an ensemble method that combines multiple decision trees 

trained on random feature subsets and random data samples. Through ensemble averaging, Random Forest 

reduces overfitting, improves generalization, and provides robustness against noise. RF can capture 

complex non-linear relationships and is less sensitive to outliers than individual decision trees [35]. 

 

Support vector machine (SVM) 

SVM addresses nonlinear problems by mapping data into a high-dimensional space using kernel functions. 

In this space, the algorithm identifies an optimal hyperplane that maximizes the margin between data 

classes. Finding this hyperplane, which serves as the best possible separator, is the fundamental objective 

of the SVM methodology [21] [36]. 

 

Decision tree (DT)  

DT is a tree-based model that recursively partitions the feature space to create interpretable decision rules. 

Each node represents a feature, each branch represents a decision outcome, and each leaf represents a class 

label. Decision trees are highly interpretable, require minimal feature scaling, and provide feature 

importance rankings valuable for clinical understanding [37]. 

 

Gradient boosting (GB) 

GB is a versatile machine learning technique applied to both regression and classification tasks. It typically 

builds predictive models by assembling an ensemble of weak learners, usually decision trees. This method 

often outperforms Random Forest, particularly in scenarios where individual decision trees struggle to 

capture underlying patterns. Gradient-boosted models are developed sequentially, like traditional boosting 

methods, but offer greater flexibility by allowing for the optimization of any differentiable loss function 

[5]. 

  

Extreme gradient boosting (XGB) 

XGBoost is an optimized implementation of gradient boosting with enhanced computational efficiency and 

regularization mechanisms. XGBoost incorporates L1 and L2 regularization, handles missing values 

automatically, and demonstrates superior performance in many medical classification benchmarks. Recent 

heart disease studies have highlighted XGBoost as a top performer [38] [39]. 

 

Performance evaluation 

Comprehensive evaluation of model performance requires multiple metrics that capture different aspects 

of prediction accuracy. This study employs nine evaluation metrics derived from the confusion matrix to 

provide holistic assessment of model performance. Each metric reveals different characteristics of model 

behavior and is particularly relevant for medical diagnosis where both false positives and false negatives 

carry clinical consequences. The performance metrics used are calculated based on the formula below. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (4) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (5) 

𝐹𝑎𝑙𝑙𝑜𝑢𝑡 =  
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 (6) 

𝑀𝑖𝑠𝑠𝑟𝑎𝑡𝑒 =  
𝐹𝑁

𝐹𝑁 + 𝑇𝑃
 (7) 
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𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

𝐺 − 𝑀𝑒𝑎𝑛 =  √𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 (9) 

These metrics become the foundation for evaluating the performance of classifiers, which will be 

introduced subsequently. Accuracy is the percentage of correct predictions. It measured how well a 

classified model predicted a condition.  Precision is a metric used to evaluate the relevance of the retrieved 

instances. It is calculated as the ratio of true positive predictions to the set of all true positive values [40].  

Recall or often called the true positive rate calculates the percentage of true positives that were correctly 

predicted. Specificity is the proportion of accurately predicted negative cases to the overall number of true 

negative cases [41]. F1 score or F measure is precision between recall harmonic mean [42]. Specificity 

measures the proportion of actual negative cases correctly identified. Fallout indicates false positive rate. 

Miss Rate indicates false negative rate. G-Mean provides a balanced measure of sensitivity and specificity. 

and AUC Score represents the area under the ROC curve, indicating the probability that the model ranks a 

random positive instance higher than a random negative instance. 

 

RESULTS AND DISCUSSIONS 

The initial phase of the experiment involved data preprocessing and exploratory data analysis to understand 

the dataset's underlying structure and prepare it for machine learning. First, the dataset was inspected for 

missing values and duplicate records, revealing no missing entries or duplicates, which confirmed the high 

quality of the raw data. Subsequently, categorical variables were transformed using Label Encoding to 

convert non-numeric attributes into a machine-readable numeric format. This transformation preserves the 

ordinal information where applicable and ensures compatibility with the chosen classification algorithms 

without substantially increasing the dataset's dimensionality. 

 

To further investigate the relationships between features and the target variable, a correlation heatmap was 

shown in Figure 2. The heatmap analysis indicates varying degrees of correlation between input features 

and the target. Notably, features such as 'ChestPainType', 'ExerciseAngina', 'Oldpeak', and 'ST_Slope' show 

relatively stronger correlations with the target variable, suggesting their potential importance for 

classification. 

 

 
Figure 2. Correlation heatmap 

 

Analysis of the class distribution in the original dataset revealed a relatively balanced overall target 

distribution, with 410 (44.66%) normal cases and 508 (55.34%) heart disease cases. However, a deeper 
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demographic breakdown exposed a significant gender imbalance. The dataset is predominantly male, 

comprising 725 male subjects (456 with heart disease, 267 normal), compared to only 193 female subjects 

(50 with heart disease, 143 normal). This disparity poses a risk of gender bias in the predictive model, 

where the algorithm might learn to associate gender more strongly with disease prevalence due to the 

skewed representation. 

 

To mitigate this issue and improve the model's robustness, the SMOTEENN resampling technique was 

applied. The application of SMOTEENN resulted in a refined dataset with a total of 696 observations. Post-

balancing analysis shows a more equitable distribution: the male population was adjusted to 458 (246 with 

heart disease, 212 normal), and the female population to 238 (95 with heart disease, 143 normal). This 

redistribution not only balances the target classes but also significantly reduces gender disparity, ensuring 

that the model learns from a more representative sample of both genders. The comparison of data 

distribution before and after SMOTEENN balancing is visualized in Figure 3. 

 

 
Figure 3. Comparison of class distribution before and after SMOTEENN balancing 

 

Feature selection is a critical step in developing efficient medical diagnostic models, as it removes irrelevant 

data, reduces computational complexity, and minimizes the risk of overfitting. In this study, a hybrid 

approach combining the Chi-square test (filter method) and Backward Elimination (wrapper method) was 

employed to identify the most significant predictors of heart disease.  

 

The first stage utilized the Chi-square statistical test to evaluate the dependency between each input feature 

and the target variable. Features with higher Chi-square scores exhibit a stronger statistical relationship 

with heart disease. As presented in Table 3, 'ExerciseAngina' emerged as the most dominant predictor with 

a score of 224.09, followed significantly by 'FastingBS' (71.67) and 'ST_Slope' (57.50). Conversely, 

'RestingBP' obtained a negligible score of 0.13, indicating no significant statistical difference in resting 

blood pressure between normal and heart disease patients in this dataset. Consequently, 'RestingBP' was 

discarded, and the top 10 features were retained for the subsequent optimization phase. 

 

Table 3. Top 10 features ranked by chi-square score 
Rank Feature Name Chi-Square Score 

1 ExerciseAngina 224.09 
2 FastingBS 71.67 

3 ST_Slope 57.50 

4 ChestPainType 51.32 
5 Sex 23.18 

6 MaxHR 10.83 

7 Age 8.49 
8 Oldpeak 8.02 

9 Cholesterol 6.56 

10 RestingECG 6.52 
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Following the initial filtering, Backward Elimination was applied as a wrapper method to further refine the 

feature subset. This process used Logistic Regression as the base estimator, iteratively removing the least 

significant feature based on model accuracy. The optimization process is detailed in Table 4. Starting with 

all 10 features selected by Chi-square, the baseline accuracy was 90.20%. As features with lower 

contribution were removed, the model's accuracy progressively improved. The highest performance was 

achieved with a subset of 5 features, yielding an average accuracy of 95.81%. This significant increase 

demonstrates that features such as 'Cholesterol', 'RestingECG', 'Age', 'MaxHR', and 'Oldpeak', although 

statistically relevant in the Chi-square test, introduced noise or redundancy when combined in a multi-

variate model. 

Table 4. Feature subset optimization using backward elimination 
Number of Features Selected Feature Subset Average Accuracy 

10 Features ExerciseAngina, FastingBS, ST_Slope, ChestPainType, Sex, MaxHR, 
Age, Oldpeak, Cholesterol, RestingECG 

90.20% 

9 Features ExerciseAngina, FastingBS, ST_Slope, ChestPainType, Sex, MaxHR, 

Age, Oldpeak, Cholesterol 

91.18% 

8 Features ExerciseAngina, FastingBS, ST_Slope, ChestPainType, Sex, MaxHR, 

Age, Oldpeak 

92.75% 

7 Features ExerciseAngina, FastingBS, ST_Slope, ChestPainType, Sex, MaxHR, 
Age 

94.37% 

6 Features ExerciseAngina, FastingBS, ST_Slope, ChestPainType, Sex, MaxHR 94.37% 

5 Features (Optimal) ExerciseAngina, FastingBS, ST_Slope, ChestPainType, Sex 95.81% 

 

Based on these results, the final set of 5 optimal features ('ExerciseAngina', 'FastingBS', 'ST_Slope', 

'ChestPainType', and 'Sex') was selected for the final model. 

 

To evaluate the effectiveness of the proposed hybrid feature selection (HFS) method, a comprehensive 

performance comparison was conducted across eight machine learning algorithms: LR, NB, SVM, KNN, 

DT, RF, GB, and XGBoost. The evaluation utilized stratified 10-fold cross-validation to ensure robust 

performance estimates. Two experimental scenarios were executed: the first without using feature selection 

and the second implementing the proposed Hybrid Feature Selection. 

 

The experimental results demonstrate a significant performance improvement across all classifiers when 

utilizing the Hybrid Feature Selection method. As shown in Table 5, models trained with the selected subset 

of 5 features consistently outperformed those trained on the full feature set. For instance, the RF algorithm, 

which achieved the highest overall performance, saw its accuracy increase from 86.32% to 99.44%, and its 

F1-Score rise from 88.00% to 99.38% after applying HFS. Similarly, XGBoost showed a remarkable 

improvement, with accuracy jumping from 86.32% to 99.30%. Even simpler models like LR experienced 

substantial gains, with accuracy improving from 84.64% to 95.81%. This consistent enhancement across 

metrics such as Precision, Recall, Specificity, and AUC Score confirms that the selected features 

('ExerciseAngina', 'FastingBS', 'ST_Slope', 'ChestPainType', 'Sex') hold the most discriminative power for 

heart disease detection. By removing irrelevant attributes, the models could focus on the most critical 

patterns, reducing noise and complexity. 

 

Table 5. Performance of classification algorithms with and without hybrid feature selection (mean) 
Algorithm Accuracy  Precision  Recall F1-Score  Specificity  AUC Score G-Mean 

LR (No HFS) 84.64 85.50 87.22 86.21 81.46 91.19 84.17 

LR (HFS) 95.81 95.82 95.12 95.38 96.40 99.03 95.72 

NB (No HFS) 85.30 87.09 86.64 86.68 83.66 91.36 84.98 
NB (HFS) 93.70 92.91 93.57 93.15 93.82 98.56 93.65 

SVM (No HFS) 86.60 85.72 91.15 88.29 80.98 91.64 85.84 

SVM (HFS) 96.93 95.39 98.17 96.71 95.89 99.52 97.00 

KNN (No HFS) 85.12 85.06 89.08 86.86 80.24 90.34 84.44 

KNN (HFS) 97.07 96.18 97.56 96.83 96.66 99.57 97.09 

DT (No HFS) 79.11 81.75 80.33 80.88 77.32 78.82 78.71 
DT (HFS) 99.30 99.41 99.08 99.24 99.48 99.28 99.28 

RF (No HFS) 86.32 86.27 89.97 88.00 81.95 92.40 85.78 

RF (HFS) 99.44 99.71 99.08 99.38 99.74 99.98 99.41 

GB (No HFS) 87.89 87.88 90.76 89.26 84.15 93.36 87.35 

GB (HFS) 98.75 98.25 99.08 98.65 98.45 99.81 98.76 

XGB (No HFS) 86.32 86.32 89.73 87.94 82.20 92.14 85.79 
XGB (HFS) 99.30 99.70 98.78 99.23 99.74 99.86 99.26 
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The proposed HFS method achieved exceptional performance in both dimensions: across all algorithms 

with HFS, Recall values exceed 93.57% (minimum for NB) and reach 99.08% for multiple algorithms (DT, 

RF, GB), while Specificity values exceed 93.82% (NB) and reach 99.74% (RF). This balanced excellence 

in both metrics reflected in G-Mean values consistently exceeding 93.65% demonstrates that the method 

minimizes both Type I and Type II errors simultaneously, a rare achievement that justifies its clinical 

applicability. The high Precision values (minimum 92.91% for NB, maximum 99.71% for RF with HFS) 

further strengthen clinical confidence. When the model predicts "Heart Disease," clinicians can be highly 

confident that this prediction is reliable. Combined with high Recall, this creates a virtuous diagnostic 

scenario: the model identifies nearly all positive cases (high Recall) while maintaining low false positive 

rates (high Precision), enabling confident clinical decision-making. The visual comparison of these 

performance gains is illustrated in Figure 4 (a) (b). 

 

 
Figure 4: (a) Average performance of classification algorithms without hybrid feature selection,  

(b) Average performance of classification algorithms using hybrid feature selection 

 

 
Figure 5. Comparison error (fallout and miss rate) with and without hybrid feature selection 

 

While high accuracy and AUC scores indicate overall model performance, the clinical significance of 

specific error types of Fallout (False Positive Rate) and Miss Rate (False Negative Rate) warrants detailed 

analysis. A false negative (missing a heart disease patient) can delay critical treatment and potentially result 

in serious health complications or mortality. Conversely, a false positive (incorrectly diagnosing a healthy 
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person as having heart disease) may lead to unnecessary stress, additional testing, and overtreatment. Figure 

5 presents the comparison of these critical error rates before and after HFS. The reduction in Miss Rate 

(False Negative Rate) is particularly noteworthy. Without HFS, Random Forest achieved a 10.03% miss 

rate; with HFS, this decreased to merely 0.92% a 91.7% reduction. Similarly, DT improved from 19.67% 

to 0.92% (95.3% reduction), and XGBoost from 10.23% to 1.22% (88.1% reduction). These dramatic 

reductions mean that the proposed method successfully identifies nearly all patients with heart disease. The 

Fallout reductions are equally impressive: RF achieved a 0.26% false positive rate (down from 18.05%, a 

98.6% reduction), and XGBoost achieved 0.26% (down from 17.80%, a 98.5% reduction). These 

substantially reduced error rates provide compelling evidence that the hybrid feature selection approach 

effectively minimizes critical diagnostic errors on the UCI dataset. While these cross-validated results are 

encouraging, clinical translation requires external validation on independent patient populations with 

diverse demographic and clinical characteristics. Future prospective studies are essential to establish 

whether these error reduction benefits generalize to real-world clinical deployment scenarios, where 

population heterogeneity and data quality variations may differ from the current dataset. 

 

Comprehensive analysis of the experimental results reveals Random Forest (RF) with Hybrid Feature 

Selection as the superior model for heart disease detection in this research context. RF achieved the highest 

AUC score of 99.98%, a near-perfect probabilistic ranking that indicates exceptional ability to distinguish 

between healthy and disease cases across all decision thresholds. It attained 99.44% Accuracy, 99.71% 

Precision, 99.08% Recall, 99.38% F1-Score, 99.74% Specificity, and 99.41% G-Mean. Most critically, RF 

achieved a Miss Rate of only 0.92% and a Fallout of 0.26%, ensuring that virtually all heart disease patients 

are correctly identified while minimizing unnecessary interventions for healthy individuals. RF was 

selected based on the following rationale: Highest Specificity (99.74%) ensures minimal false alarms; 

Optimal AUC Score (99.98%) provides maximal discriminative power; Superior Precision (99.71%) 

reduces patient anxiety from false positives. 

 

To validate the significance of the proposed method, we benchmarked our results against recent related 

works discussed in the introduction. The effectiveness of the Hybrid Feature Selection combined with 

SMOTEENN is evident when comparing the obtained performance metrics with existing studies. While 

Biddinika et al. [17] and Barry et al. [19] achieved accuracies of 88.41% and 88.52% respectively using 

Random Forest variants, our optimized Random Forest model achieved a remarkable 99.44% accuracy. 

This represents a substantial improvement of over 10%, indicating that standard Random Forest models 

significantly benefit from the proposed preprocessing pipeline. Furthermore, our model surpassed the high-

performance baselines established by Kirono and Nataliani [18] (94% with XGBoost) and Damayunita et 

al. [21] (92% with SVM). Even compared to optimized feature selection studies that reached 94% accuracy 

[22], our approach demonstrated a clear superiority. Jusia et al. [20] reported 89.09% with KNN+PSO, 

whereas our KNN model with Hybrid Feature Selection achieved 97.07%. 

 

CONCLUSION 

This study successfully integrated SMOTEENN for data balancing and a Hybrid Feature Selection (HFS) 

method combining Chi-square ranking with Backward Elimination. The experimental results conclusively 

identify the Random Forest (RF) algorithm, optimized with the proposed hybrid approach, as the superior 

model. It achieved an exceptional Accuracy of 99.44% and an AUC-ROC of 99.98%, representing a 

substantial improvement over the baseline accuracy of 86.32%. The feature selection process effectively 

reduced the input space from 11 to 5 critical features proving that a compact subset of clinically relevant 

variables yields higher diagnostic precision than the comprehensive set. Furthermore, the model 

demonstrated a profound reduction in critical error rates, lowering the Miss Rate (False Negative Rate) to 

a mere 0.92%, which is paramount for ensuring patient safety in medical diagnostics. Future research should 

focus on validating this framework on larger, multi-center datasets to assess its cross-population 

generalizability. Additionally, developing a real-time clinical decision support system (CDSS) or a mobile 

application based on this optimized Random Forest model would bridge the gap between theoretical 

research and practical healthcare application, ultimately contributing to earlier detection and better 

management of cardiovascular diseases. 
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