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Abstract−Arrhythmia is a cardiac rhythm disorder that can lead to severe complications, including heart failure and sudden cardiac 

death. Accurate electrocardiogram (ECG)-based arrhythmia detection remains challenging due to high-dimensional features and 

class imbalance. Therefore, this study aims to develop a two-stage machine learning approach for arrhythmia detection using 

Recursive Feature Elimination (RFE) and Extreme Gradient Boosting (XGBoost). The proposed approach performs binary 

classification to distinguish normal and arrhythmia conditions, followed by multi-class classification to identify arrhythmia 

subtypes. SMOTE is applied to address class imbalance, while Grid Search with cross-validation is used for hyperparameter 

optimization. Furthermore, the trained model is implemented in a web-based application for interactive prediction and visualization. 

Experimental results show that the optimized binary classification model achieves an accuracy of 0.89 and an F1-score of 0.87. 

Meanwhile, the multi-class classification model achieves an accuracy of 0.69 and a weighted F1-score of 0.66. The results indicate 

that the proposed approach performs effectively for binary arrhythmia detection. However, performance in multi-class 

classification remains limited due to imbalance and insufficient samples in several arrhythmia subtypes. This study contributes by 

proposing an integrated framework that combines Recursive Feature Elimination (RFE) for feature selection, SMOTE for 

imbalance handling, XGBoost with GridSearchCV-based hyperparameter optimization, and a two-stage classification approach for 

ECG-based arrhythmia detection and subtype classification. In addition, the proposed model is implemented in a web-based 

application to support interactive prediction and visualization. Overall, this study demonstrates the potential of integrating RFE, 

XGBoost, and SMOTE for ECG-based arrhythmia detection and practical web-based implementation. 
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1. INTRODUCTION 

The heart is a crucial organ responsible for circulating oxygenated blood and nutrients throughout the body. Its 

condition reflects the overall health of the cardiovascular system. Cardiovascular diseases remain the leading cause 

of death worldwide, accounting for approximately 17.9 million deaths annually (32% of deaths worldwide) [1]. Heart 

attacks and strokes account for over 85% of these cases. WHO also emphasizes that most CVDs can be prevented by 

controlling significant risk factors, including unhealthy eating patterns, sedentary lifestyle, smoking habits, and 

excessive alcohol use [1]. In Indonesia, heart disease accounts for 26.4% of total deaths, a rate four times higher than 

cancer-related mortality [2], [3]. Arrhythmia affects 1.5%-5% of the global population. Atrial fibrillation (AF) is the 

most common type of arrhythmia, affecting more than 46 million people worldwide, with cases projected to increase 

by 2050. Some types, such as sinus bradycardia, may occur as normal rhythm variations in young adults and athletes, 

while sick sinus syndrome is more common in older individuals. National data on arrhythmia prevalence in Indonesia 

remain limited. Several arrhythmias pose high mortality risks, including ventricular tachycardia, which contributes to 

approximately 25% of sudden cardiac deaths globally (around 4.2 million deaths per year) [4]. 

Arrhythmia occurs when the heart’s electrical activity becomes irregular, resulting in abnormally fast, slow, or 

erratic heart rhythms. These disturbances can impair blood distribution to vital organs and increase the risk of heart 

failure and sudden cardiac death [5]. ECG signals are widely used to detect arrhythmias. However, manual 

interpretation is prone to error due to waveform complexity and inter-individual variation [6]. Therefore, artificial 

intelligence (AI) and machine learning (ML) techniques are increasingly being utilized as effective solutions for 

improving arrhythmia detection accuracy [7]. Previous studies have explored various ML techniques for arrhythmia 

classification. Decision Tree models achieved 67.3% accuracy, indicating limitations in capturing non-linear ECG 

characteristics [8]. Classical algorithms such as SVM, KNN, and Naïve Bayes achieved up to 71.4% accuracy but still 

struggled with complex waveform patterns [9]. Deep Neural Networks reached 71.91% accuracy, though performance 

was limited by the absence of feature selection and imbalanced data handling [10]. Random Forest models achieved 

80% accuracy when using interval-based and morphological ECG features [11]. CNN-based approaches using image-

transformed ECG data reached 81.21% accuracy but remained affected by feature selection and data imbalance issues 

[12]. 

XGBoost has shown strong potential for arrhythmia classification. Using 314 extracted features, it 

demonstrated improved prediction performance, especially when combined with resampling techniques [13]. It has 

also outperformed Random Forest, MARS, and Lasso-logistic regression in predicting malignant arrhythmias among 

heart failure patients [14]. Feature selection methods including Recursive Feature Elimination (RFE) and SHAP-based 

ranking have further enhanced model performance, achieving accuracies of 98.7%-98.91% through optimal feature 

reduction [15], [16], [17]. A stacked XGBoost-based model with RFE, PCA, and Chi-Square feature selection reached 

99.58% accuracy, demonstrating the effectiveness of multi-stage feature optimization [18]. Class imbalance remains 

a major challenge in arrhythmia datasets. SMOTE is widely used to generate synthetic samples for minority classes, 
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improving class distribution and reducing model bias [8], [16], [17], [18], [19]. A web-based system was selected for 

model deployment due to its accessibility across devices and simplified maintenance, as all components run on the 

server [20]. 

Although various machine learning methods have been applied to ECG-based arrhythmia classification, several 

limitations remain in previous studies. Many studies focus solely on classification performance without integrating 

feature selection, class imbalance handling, and hyperparameter tuning within a unified framework. In addition, most 

previous studies are limited to binary classification between normal and arrhythmia conditions without identifying 

specific arrhythmia subtypes. Several studies also evaluate the model only at the experimental stage and do not 

implement it into an interactive web-based system. Therefore, a comprehensive framework that combines model 

optimization, arrhythmia subtype classification, and practical implementation remains limited. This study proposes a 

two-stage machine learning framework using Recursive Feature Elimination (RFE) and XGBoost for ECG-based 

arrhythmia detection. The first stage performs binary classification to distinguish normal and arrhythmia signals, while 

the second stage identifies arrhythmia subtypes through multi-class classification. SMOTE is applied to address class 

imbalance, RFE is used for feature selection, and hyperparameter tuning is performed using GridSearchCV to optimize 

the XGBoost model. Furthermore, the trained model is implemented in a web-based application to support interactive 

prediction and result visualization. The main contribution of this study is the development of an integrated framework 

that combines RFE-based feature selection, SMOTE-based imbalance handling, GridSearchCV-based hyperparameter 

optimization, and two-stage XGBoost classification for ECG-based arrhythmia detection and subtype classification, 

along with its implementation in a web-based prediction system. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages  

The stages of this study were structured to provide a clear overview of the implementation of an ECG-based 

arrhythmia detection system using Recursive Feature Elimination (RFE) and Extreme Gradient Boosting (XGBoost). 

This research refers to previous studies related to arrhythmia classification frameworks, feature selection techniques, 

and the application of XGBoost for physiological signal analysis [16], [17], [21]. The dataset used in this study was 

obtained from the Kaggle platform and consists of 452 samples with 279 features and one diagnostic label. These 

variables include demographic information such as age, sex, height, and weight, as well as ECG-related parameters 

including qrs_duration, p-r_interval, q-t_interval, and several waveform indicators such as ΔT, ΔP, and ΔQRST. The 

diversity of these features provides a comprehensive representation of cardiac electrical activity and supports the 

identification of arrhythmia patterns [22]. 

Figure 1 illustrates the overall research workflow used in this study. The process begins with dataset collection, 

followed by Exploratory Data Analysis (EDA) and preprocessing to improve data quality. The dataset is then divided 

into training and testing subsets, while normalization is applied to standardize feature values. To overcome class 

imbalance, the Synthetic Minority Oversampling Technique (SMOTE) is implemented on the training data. Recursive 

Feature Elimination (RFE) is subsequently utilized to identify the most relevant features for classification. The 

selected features are then used in the implementation of the XGBoost model with a two-stage classification approach 

consisting of binary and multi-class classification. Hyperparameter optimization is performed using Grid Search with 

cross-validation, and model performance is evaluated using accuracy, precision, recall, and F1-score metrics. Finally, 

the trained model is implemented into a web-based application for arrhythmia prediction and result visualization, as 

illustrated in Figure 1 following the Web Application Development Life Cycle. 

 

Figure 1. Web Application Development Life Cycle 

2.2 Dataset Collection ECG  

Data collection is a structured process aimed at obtaining information relevant to the research focus, including the 

objectives, problem formulation, and established hypotheses. The collected data serve as the foundation for analysis, 

interpretation, and drawing conclusions. This study employs a quantitative approach using an experimental method to 
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evaluate the effectiveness of the XGBoost classifier utilizing Recursive Feature Elimination (RFE) as a feature 

selection technique for detecting arrhythmia from ECG signals. The dataset used in this research is the Arrhythmia 

Dataset from the UCI Machine Learning Repository, which is also available as open-access data on the Kaggle 

platform. It consists of 452 samples with 279 features and one diagnostic label attribute. 

2.3 Preprocessing 

To support reliable analysis, the dataset undergoes a preprocessing stage to improve its readiness for subsequent 

processing electrocardiogram (ECG) signal data for feature extraction and modeling. This stage includes as follows. 

2.3.1  Exploratory Data Analysis (EDA) 

The Exploratory Data Analysis (EDA) phase helps in understanding the dataset before entering the modeling process. 

At this stage, the structure of the data is examined, the number of available records is reviewed, missing values are 

checked, and initial patterns that may influence prediction outcomes are identified [2]. EDA also enables the detection 

of anomalies or data errors that need to be corrected to ensure the model performs more accurately and remains stable. 

2.3.2 Data Cleaning 

Data cleaning stage, the dataset is examined for duplicate and missing values. Records that are incomplete, invalid, or 

contain corrupted signals are identified and removed. In addition, non-informative features that do not contribute to 

the classification process, such as administrative identifiers, are eliminated to reduce noise and improve overall data 

quality. This step ensures proper preparation of the dataset, while the model demonstrates reliable and relevant 

performance. 

2.3.3 Target Variable Construction 

The target variable is constructed based on the diagnosis attribute available in the dataset. In this study, a binary 

classification approach is applied to simplify the prediction task. Class “1” is categorized as normal (target = 0), while 

classes “2” to “16” are grouped into the arrhythmia category (target = 1). This transformation is performed to reduce 

the complexity of multi-class classification and to focus on distinguishing between normal and abnormal heart 

conditions. After defining the target variable, the dataset is divided into independent variables (X), dependent variable 

(y) for model training. 

2.3.4 Dataset Splitting 

The dataset is partitioned into training and testing sets using an 80:20 proportion. This proportion is selected to provide 

ensuring an adequate amount of data for model training while maintaining a reliable evaluation process. The separation 

helps reduce the risk of overfitting, as the testing phase is conducted on unseen data. The 80:20 split is commonly 

used in previous studies and has proven effective for classification tasks, including clinical ECG analysis [5]. 

2.3.5 Normalization 

All features in the dataset will be normalized so that they share a uniform value scale. Normalization is necessary 

because the amplitude of ECG signals converted into digital form can vary across different ranges, and the model 

requires consistent values to learn patterns correctly. Normalization is commonly performed by converting values into 

a range of 0 to 1 [6]. In this study, Min-Max Scaling is planned for use. The final choice of normalization method will 

be determined based on initial evaluation results, considering model stability and suitability to the dataset’s 

characteristics. 

Normalization =
data−min(data)

max (data)−min(data)
 (1) 

In this normalization process, 𝐷𝑎𝑡𝑎 represents the original value to be normalized, while 𝑀𝑖𝑛(𝑑𝑎𝑡𝑎)and 

𝑀𝑎𝑥(𝑑𝑎𝑡𝑎)denote the minimum and maximum values within the corresponding feature, respectively. These 

parameters are used to transform the data into a standardized range, ensuring that each feature contributes 

proportionally during the model training process. 

2.4 Synthetic Minority Oversampling Technique (SMOTE) 

The distribution of arrhythmia data is generally imbalanced, leading the model to be biased toward the majority class. 

To overcome this issue, this study employs the Synthetic Minority Oversampling Technique (SMOTE), which 

generates synthetic samples for minority classes by interpolating between existing minority data points and their 

nearest neighbors, resulting in a more balanced class representation without simply duplicating data [16]. SMOTE is 

widely used in ECG classification studies because it improves minority class representation and expands the model’s 

decision boundaries [17]. It is often combined with undersampling to prevent excessive spread of synthetic data in 

extremely rare classes [18]. In this research, SMOTE is applied exclusively to the training data to equalize the number 

of samples across classes, ensuring that the model receives more proportional training data and minimizes bias toward 

the majority class. The formula for SMOTE is as follows:  
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x sample = x + η(x random − x) (2) 

Here, xsample refers to the generated samples of minor ity classes x. Whereas, xrandom refers to a value chosen 

randomly from the nearest neighbors of x with 0 ≤ x ≤ 1 [19]. 

2.5 Recursive Featuring Elimination (RFE) 

In feature selection, Recursive Feature Elimination (RFE) is applied through an iterative process of removing features 

with the lowest contribution to model performance until an optimal subset is obtained [21]. This approach is widely 

used in medical classification tasks as it reduces data dimensionality, simplifies model complexity, and improves 

predictive performance [17]. In the context of arrhythmia detection, RFE helps reduce the complexity of 

electrocardiogram (ECG) data by selecting only the most relevant features, enabling the model to focus on significant 

patterns [18], [23]. In this study, RFE is integrated with XGBoost to evaluate feature importance. The gain metric is 

mainly used to compute importance scores, reflecting improvements in model performance when a feature is used for 

splitting, while weight and cover are used as supporting indicators [15]. 

2.6 Binary XGBoost Classification 

As a gradient boosting-based algorithm, XGBoost is widely recognized for its high efficiency and strong predictive 

performance, particularly in handling structured and high-dimensional datasets. In this study, XGBoost is applied in 

the first stage as a binary classification model to distinguish between normal and arrhythmia conditions. This stage 

functions as an initial filtering process, where only samples classified as arrhythmia are forwarded to the next stage 

for subtype classification. Through a sequential process, the model builds an ensemble of decision trees, where each 

tree is trained to reduce the errors of previous trees using gradient-based boosting approach. Additionally, XGBoost 

incorporates regularization to prevent overfitting, making it suitable for handling complex and imbalanced medical 

datasets such as ECG data [18]. 

2.6.1 Formula model additive XGBoost 

𝑦̂ = 𝑓(𝑥) = ∑ 𝑓𝑘(𝑥)𝑀
𝑘=1  (3) 

In the formula above, 𝑓𝑘(𝑥)with 𝑘 = 1,2, … ,𝑀represents the 𝑀different regression trees. XGBoost trains these trees 

using a greedy algorithm, meaning it adds and trains one tree at each step. At step 𝑡, all trees from step 1 to 𝑡 − 1are 

considered fixed and are no longer modified. If the loss function for a single sample is written as 𝑙(𝑦, 𝑦̂), then the 

training process at step 𝑡focuses on correcting the errors made by the previous predictions. The final model is 

constructed as the sum of multiple regression trees, where each 𝑓𝑘(𝑥)represents the 𝑘-th regression tree. The model is 

developed iteratively by adding and training one tree at each step 

2.6.2 Objective function 

𝑂𝑏𝑗(𝑡) =∑ 𝑙(𝑦1, 𝑓( 𝑥𝑖)) + 𝛺(𝑓 𝑡))
𝑛

𝑖=1
  

            = ∑ 𝑙(𝑦𝑖 , 𝑦 𝑖
(𝑡−1) + 𝑓𝑡(𝑥𝑖)) +

𝑛

𝑖=1
𝛺(𝑓 𝑡) (4) 

𝑦 
𝑖
(𝑘−1) = ∑ 𝑓𝑘(𝑥𝑖).

𝑡−1
𝑘=1  It represents the prediction result produced by all the trees that have been built up to iteration 

(𝑡−1). This means the model already has an initial estimate before a new tree is added. Meanwhile, Ω(𝑓𝑡)is a penalty 

term used to measure the complexity of the new tree 𝑓𝑡. This penalty helps limit model complexity and prevents 

overfitting. 

The Regulation 

𝛺(𝑓) = 𝛾𝑇 +½⅄∑ 𝑊1
2𝑇

𝑗=1  (5) 

T represents the number of leaf nodes in the decision tree 𝑓. Each leaf node produces a specific output value 

represented by 𝑤𝑗 , where 𝑗 = 1,2, … , 𝑇 In the XGBoost model, a decision tree is composed of multiple leaf nodes, and 

each leaf contributes a particular prediction value to the final classification result.These prediction values are denoted 

as 𝑤𝑗 , where 𝑗 = 1to 𝑇. 

2.7 Performance Metric Evaluation 

In medical classification studies, the evaluation of model performance is generally carried out using several 

quantitative measures, including accuracy, precision, recall (sensitivity), and F1-score. Accuracy indicates the ratio of 

correctly classified samples to the total number of observations. However, in imbalanced datasets such as ECG data, 

accuracy alone may not provide a reliable evaluation. Therefore, the F1-score is widely used as it balances between 

precision and recall, leading to a more reliable performance evaluation [8]. For binary classification, these metrics are 

derived from the confusion matrix, which consists of true positives, true negatives, false positives, and false negatives. 

In multi-class scenarios evaluation is extended using averaging methods such as macro and weighted averages to 

ensure fair performance measurement across all classes. 
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2.7.1 Accuracy 

Accuracy represents the proportion of correct predictions made by the model (True Positive + True Negative) 

compared to the total number of predictions in the dataset: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (6) 

This metric represents the proportion of correct predictions out of all predictions made 

2.7.2 F1-Score 

By combining precision and recall as a harmonic mean, the F1-score becomes particularly important in imbalanced 

classification scenarios and when both types of classification errors need to be carefully balanced. 

𝐹1 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
   (7) 

With:  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (8) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (9) 

Description : Recall is also known as sensitivity or the true positive rate (TPR) [7], [16]. 

2.8 Multi-class Classification 

After the binary classification stage, samples identified as arrhythmia (target = 1) are further processed in the second 

stage using a multi-class classification approach to determine specific arrhythmia subtypes. This approach transforms 

the problem from binary classification into a multi-class classification task. In this stage, the dataset is filtered to 

include only arrhythmia cases. The input features consist of 17 selected attributes obtained from the Recursive Feature 

Elimination (RFE) process, while the diagnosis attribute is used as the target label representing multiple arrhythmia 

classes. The classification is performed using XGBoost configured to handle multi-class prediction, thereby allowing 

the model to assign each sample into one of the predefined arrhythmia subtypes. 

2.9 Preprocessing Multi-class for Arrhythmia Subtypes 

In the multi-class classification stage, preprocessing is applied specifically to samples identified as arrhythmia (target 

= 1) from the previous stage, ensuring that the dataset focuses on arrhythmia subtype classification. Following the 

previous stage where arrhythmia cases (target = 1) were identified, the dataset is prepared for subtype classification. 

To support model development, a predefined split is applied to separate the data into training and testing subsets. The 

training subset is used to build the model, while the testing subset is reserved for performance evaluation on previously 

unseen data, providing a more reliable indication of the model’s generalization ability. Subsequently, feature scaling 

is performed to standardize the range of input variables, which enhances training stability and accelerates convergence. 

By doing so, each feature contributes more evenly during the learning process. Through these steps, the dataset is 

properly prepared for effective multi-class classification. 

2.10 SMOTE for Multi-class 

In the multi-class classification stage to mitigate class imbalance among arrhythmia subtypes, the Synthetic Minority 

Oversampling Technique (SMOTE) is employed in a multi-class framework. This method synthesizes new instances 

for underrepresented classes by utilizing information from their nearest neighbors within the feature space. The value 

of k_neighbors is dynamically set according to the smallest class size to avoid computational issues in classes with 

very limited samples. Prior to oversampling, MinMaxScaler is used to normalize the feature values into a uniform 

range. Following this process, only 17 features selected through the Recursive Feature Elimination (RFE) method are 

retained for modeling. The oversampling procedure is then carried out solely on the training set, which results in a 

more balanced class distribution. all arrhythmia subtypes, while the testing data remain unchanged to ensure fair model 

evaluation. 

2.11 XGBoost Classification for Multi-class Subtypes 

In the second stage of the proposed system, multi-class classification is performed to identify specific arrhythmia 

subtypes using the XGBoost algorithm. Prior to model training, the target variable is transformed into a sequential 

numeric format using a label encoding technique. This step ensures that the configuration remains compatible with 

the classification model. Subsequently, the XGBoost model is set up for multi-class classification using the 

multi:softmax objective function with mlogloss employed as the evaluation metric during training. The number of 

classes is defined based on the encoded labels representing the arrhythmia subtypes. Training is conducted using the 

resampled dataset obtained from the SMOTE process, which provides a balanced distribution across all classes. This 
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approach enables the model to learn patterns from each subtype more effectively and supports robust multi-class 

prediction. 

2.12 Tuning for Multi-class Subtypes 

To improve the performance of the multi-class classification model, the XGBoost algorithm undergoes a 

hyperparameter optimization process. This process is designed to determine the most suitable parameter configuration 

that enhances the model’s ability to distinguish arrhythmia subtypes effectively. The optimization is carried out using 

a grid search strategy combined with cross-validation. In this study, GridSearchCV with stratified k-fold cross-

validation is utilized to maintain class distribution consistency across each fold during training. The tuning process 

involves several important XGBoost parameters, such as learning rate, maximum tree depth, number of estimators, 

and subsampling ratio. Model evaluation is conducted across multiple parameter combinations using a predefined 

metric to select the best-performing configuration. Finally, the model is trained using the SMOTE-resampled dataset, 

ensuring a balanced class distribution during optimization. The optimal hyperparameter combination obtained from 

this process is then used to construct the final multi-class classification model. 

2.13 System Design 

The arrhythmia prediction system in this study was developed using the Extreme Programming (XP) methodology, 

which emphasizes iterative development and continuous evaluation [24]. The development process consists of 

planning, design, coding, and testing phases carried out iteratively to ensure the system meets user requirements. In 

the planning phase, system requirements, prediction workflows, and data preparation strategies were defined, followed 

by the design of system architecture with a clear separation between the user interface, processing logic, and data 

flow. The system was implemented using React.js for the frontend and Flask for the backend, where the backend 

handles data processing, feature selection, and model inference. The system utilizes a static dataset processed directly 

without storing user data or prediction history. Therefore, no database is implemented at this stage.   

2.14 Testing System 

Testing is carried out through an accuracy evaluation by health experts to assess whether the prediction results align 

with clinical conditions. In addition, black-box testing is performed to ensure that all application features function 

correctly based on their expected inputs and outputs. The success rate of the system is calculated using the following 

formula: 

Success Rate =
Number of Passed Test Cases

Total Number of Test Cases
× 100%  (10) 

This method is commonly used in previous studies, where the outcomes of testing are expressed as percentages of 

successful and failed test cases to evaluate system performance [25].  

2.15 Implementation System  

This research implements a web-based arrhythmia prediction system using a client–server architecture. The user 

interface is developed using React.js to provide an interactive platform for users. The backend system is implemented 

using Python with the Flask framework as an API to receive and process ECG data and to run the machine learning-

based arrhythmia prediction model. The backend handles data preprocessing, feature processing, and prediction 

inference before returning the results to the frontend in JSON format. The prediction results are then displayed to 

users through the web interface in a clear and interpretable form. 

 

3. RESULT AND DISCUSSION 

3.1 Result Preprocessing 

 The preprocessing stage is conducted to prepare the ECG dataset for feature extraction and machine learning 

modeling. This stage includes as follows. 

3.1.1 Exploratory Data Analysis (EDA) 

This stage involves analyzing class distribution, feature distribution, and identifying potential anomalies within the 

data. The analysis is performed using a pandas and supported by visualization techniques. Figure 2 illustrating the 

structure and characteristics of the data prior to preprocessing and model development.  

 

Figure 2. Dataset ECG 
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Figure 3 and 4 the analysis of the target variable shows that the dataset contains a slight class imbalance, where 

arrhythmia cases are fewer than normal cases. Furthermore, the distribution of arrhythmia subtypes reveals a more 

significant imbalance, with several classes being underrepresented while others dominate. This condition indicates 

the complexity of the classification problem and justifies the need for imbalance handling techniques. Additionally, it 

was found that subtype classes 11, 12, and 13 contain no samples in the dataset. Therefore, these classes were removed 

from the classification process to avoid bias and potential errors during model training and evaluation. The exclusion 

of these empty classes ensures that the model focuses only on valid and representative categories, thereby improving 

the reliability of the classification results. 

 

Figure 3. Binary Class Distribution 

 

Figure 4. Multi-class Distribution of Arrhytmia Subtipes 

3.1.2 Data Cleaning 

Data cleaning was performed to ensure data quality for machine learning modeling. Invalid values such as “?”, blank 

spaces, and empty strings were standardized into NaN, and all feature columns (except the diagnosis label) were 

converted into numerical format using coercion. Features containing entirely missing values were removed, reducing 

the total number of features from 280 to 279. The remaining missing values were handled using median imputation 

due to its robustness against outliers. Table 1 presents the dataset after the cleaning process, illustrating the refined 

data structure used for subsequent preprocessing and model development. 

Table 1. Datasets After Cleaning 

Target Count 

0 (Normal) 245 

1 (Arrhythmia) 207 

3.1.3 Target Variable Construction 

The target variable is defined based on the diagnosis attribute. A binary classification scheme is applied, where class 

“1” is categorized as normal (target = 0), and classes “2” to “16” are categorized as arrhythmia (target = 1). The dataset 

is then split across independent variables (X) dependent variable (y) for model training. 

3.1.4 Dataset Splitting 

After preprocessing, the dataset was partitioned into training and testing sets with an 80:20 ratio. The training data 

(X_train) consists of 361 samples with 279 features, along with 361 corresponding labels (y_train). Meanwhile, the 

testing data (X_test) contains 91 samples with 279 features and 91 labels (y_test). This distribution ensures sufficient 

data allocated for model training while a portion was kept for evaluation purposes. Class imbalance treatment was 

performed only to the training data, while the testing data retained its original distribution to ensure an objective 

evaluation and better reflect the model’s generalization ability. 

3.1.5 Normalization 

Feature scaling is performed using the MinMaxScaler to normalize all numerical features into a range between 0 and 

1. The scaler fit_transform() is applied to the training data, whereas transform() is used for the testing data in order to 

avoid data leakage. After normalization, the data is converted back into DataFrame format to preserve the original 

structure. The results show that the shape of X_train_scaled is (361, 279) and X_test_scaled is (91, 279), indicating 

that the normalization process does not change the data dimensions. 

3.2 Synthetic Minority Oversampling Technique (SMOTE) for Binary Class 

The SMOTE technique was employed to mitigate class imbalance in the training data. After resampling, the number 

of training samples increased to 392, while the number of features remained 279. Table 2 presents the class 

distribution. 

Table 2. Class Distribution 

Target y_train_resampled: 

0 (Normal) 196 

1 (Arrhythmia) 196 
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The class distribution became balanced, with 196 samples for each class after applying SMOTE. This indicates 

that synthetic samples were successfully generated for the minority class using the k-nearest neighbors approach. As 

a result, the model is expected to learn minority-class patterns more effectively and reduce prediction bias toward the 

majority class, thereby improving classification performance on imbalanced ECG data. 

3.3 Recursive Feature Elimination (RFE) 

Once the class imbalance problem is mitigated through SMOTE, Recursive Feature Elimination (RFE) is applied for 

feature selection by employing XGBoost as the base model to extract the most relevant features. A total of 15 features 

were selected by RFE, with two additional features (age and sex) included based on their clinical relevance, resulting 

in 17 features. The selected features include C3, DN, DZ, GJ, HR, IH, IV, JB, JD, JZ, KD, KV, LE, age, heart_rate, 

qrs_duration, and sex. Following feature selection, the dataset was reduced to 392 training samples and 91 testing 

samples, each with 17 features. This reduction improves model efficiency while preserving important information for 

classification. Table 3 presents the top selected features identified by the RFE method, highlighting the most 

influential features used in the arrhythmia classification process. 

Table 3. Top 5 Selected Features by RFE 

1. qrs_duration 

2. heart_rate 

3. CJ 

4. DN 

5. DZ 

3.4 Binary XGBoost Classifier 

The classification model was constructed using the XGBoost algorithm. The model was configured with the 

binary:logistic objective function and evaluated using the logloss metric. A random_state of 42 was applied in order 

to maintain result reproducibility. The model was trained using the selected features obtained from the RFE process 

and the resampled training data generated by SMOTE. This approach enables the model to learn from relevant features 

while addressing class imbalance. 

3.5 Binary Model Evaluation Before and After Hyperparameter Tuning 

Before hyperparameter tuning, the XGBoost model achieved an accuracy of 85.71%, with a precision of 0.8537, recall 

of 0.8333, and F1-score of 0.8434. Figure 5 shows the confusion matrix before tuning, where several false positives 

and false negatives were still observed, indicating that the default parameter configuration had not fully captured the 

ECG characteristics. After hyperparameter tuning using Grid Search with 5-fold cross-validation, the best 

configuration was obtained with learning_rate = 0.1, max_depth = 3, n_estimators = 100, and subsample = 0.8. As 

shown in Figure 6, the optimized model achieved improved performance with an accuracy of 89.01%, precision of 

0.9000, recall of 0.8571, and F1-score of 0.8780. This improvement indicates that hyperparameter optimization 

enhanced the ability of XGBoost to learn more representative ECG patterns while reducing misclassification errors. 

In addition, the relatively shallow tree depth and controlled learning rate likely helped prevent overfitting, resulting 

in better generalization performance. The obtained results are also competitive with several previous machine 

learning-based arrhythmia classification studies. 

3.6 Multi-class Classification for Predicting Arrhythmia Subtypes 

After detecting arrhythmia, a multi-class classification stage was conducted to identify specific arrhythmia subtypes. 

The dataset was filtered to include only arrhythmia cases (target = 1), using the 17 selected features obtained from the 

RFE process as input variables, with the diagnosis attribute as the target. The resulting dataset consists exclusively of 

arrhythmia samples with 17 features, and the class distribution indicates the presence of imbalance among the 

subtypes. 

 

Figure 5. Confusion Matrix Before Tuning 

 

Figure 6. Confusion Matrix After Tuning 
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3.7 Data Splitting for Multi-class Model 

The multi-class dataset was split into training and testing sets using an 80:20 ratio, resulting in 165 and 42 samples, 

respectively, each with 17 selected features. Stratified sampling was implemented to preserve class distribution across 

both sets. However, the data remains imbalanced, with some classes having significantly fewer samples, which may 

negatively affect model performance, particularly in predicting minority classes. 

3.8 Scaling Data for Multi-class Model 

Feature scaling was carried out using the same MinMaxScaler fitted on the training data to maintain consistency across 

models. Because the scaler was originally trained on the full feature set, the multi-class dataset was temporarily 

reconstructed before normalization. After scaling, only the 17 features selected through the RFE process were retained. 

The final dataset consists of 165 training samples and 42 testing samples, each with 17 normalized features, ensuring 

consistent feature representation for model training.  

3.9 Handling Imbalance in Multi-class Data with SMOTE 

 

Figure 7. Dataset Multi-class After SMOTE 

The dataset is characterized by class imbalance, with several classes having significantly fewer samples. 

Accordingly, SMOTE was employed on the training data using the imblearn library with k_neighbors = 5. As a result, 

the number of training samples increased from 165 to 480 while retaining the 17 selected features, leading to a more 

balanced class distribution and improved learning across classes. Figure 7 illustrates the multi-class dataset 

distribution after the application of SMOTE, showing that the minority classes were successfully augmented to 

achieve a more balanced distribution across all classes. This balancing process helped reduce the dominance of 

majority classes and provided the model with more representative training data for minority class learning. 

3.10 Handling the Multi-class XGBoost Model 

A multi-class classification model was implemented using XGBoost to predict arrhythmia subtypes. The target 

variable was converted into 12 numerical classes using LabelEncoder to meet the model requirements. The model was 

configured with the multi:softmax objective and mlogloss as the evaluation metric. Training was conducted on the 

dataset resampled using SMOTE to handle class imbalance, enabling the model to learn all classes more effectively 

and proceed to the evaluation stage. 

3.11 Evaluation of Multi-class Model Before and After Hyperparameter Tuning Using Grid Search 

Before tuning, the XGBoost model achieved an accuracy of 0.64 with a weighted F1-score of 0.62, indicating 

moderate performance. However, the macro F1-score was lower at 0.46, suggesting uneven classification performance 

across different classes. Figure 8 presents the confusion matrix before tuning, showing that the model performed well 

on several majority classes but struggled to generalize across minority classes. Meanwhile, Figure 9 illustrates the 

evaluation performance of the model before hyperparameter tuning, where prediction errors can be observed in several 

minority classes. Although classes 5, 6, and 9 were classified relatively well, classes 7, 14, and 15 showed poor 

prediction performance, indicating that the model tended to favor majority classes during classification. 

 

Figure 8. Confusion Matrix Before Tuning 

 

Figure 9. Evaluation Performance Before Tuning 

https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v8i1.9840
https://creativecommons.org/licenses/by/4.0/


Building of Informatics, Technology and Science (BITS)  
Volume 8, No 1, June 2026 Page: 246−257 
ISSN 2684-8910 (media cetak) 
ISSN 2685-3310 (media online) 
DOI 10.47065/bits.v8i1.9840   

Copyright © 2026 Author, Page 255  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

Using GridSearchCV, hyperparameter tuning was performed with 5-fold stratified cross-validation by 

evaluating 81 parameter combinations (405 model fits). The best configuration achieved a weighted F1-score of 

0.9254 during cross-validation. After tuning, the model achieved an accuracy of 0.69 and a weighted F1-score of 0.66. 

However, the macro F1-score remained relatively low at 0.48, indicating inconsistent performance across classes. 

Figure 10 illustrates the evaluation performance after tuning, where improvements in accuracy and weighted F1-score 

can be observed. Figure 11 presents the confusion matrix after hyperparameter tuning, demonstrating improved 

classification performance for several classes compared to the untuned model. Nevertheless, some minority classes 

still experienced misclassification, indicating that the model tended to favor majority classes.  

Figure 10. Evaluation Performance After Tuning Figure 11. Confusion Matrix After Tuning 

These findings indicate that multi-class arrhythmia classification is more challenging than binary classification 

due to the complex characteristics of ECG signals across different arrhythmia subtypes. Several minority classes had 

limited samples, making it difficult for the model to learn representative subtype patterns effectively. In addition, 

similarities in ECG characteristics among certain subtypes may increase inter-class confusion. Although SMOTE 

improved the class distribution, the limited number of samples in several minority classes still affected the overall 

classification performance. The obtained performance is comparable to several previous machine learning-based 

arrhythmia classification studies. However, the relatively low macro F1-score indicates that handling minority classes 

in multi-class ECG classification remains a significant challenge, particularly when the dataset distribution is highly 

imbalanced. 

3.12 System Design 

To support arrhythmia prediction, a web-based application is implemented, allowing users to initiate the prediction 

process via the “Take Assessment” feature on the interface. Users are required to input 17 selected parameters obtained 

from the Recursive Feature Elimination (RFE) method. After all required data is entered, the input is processed by the 

trained model within the system, and the prediction results are subsequently displayed. Figure 12 illustrates the 

dashboard interface of the arrhythmia detection website, while Figure 13 presents the prediction interface for 

arrhythmia classification. 

Picture 1. Dashboard Interface Website Arrhythmia 

Detection 
Picture 2. Prediction Interface for Arrhythmia 

Classification 

3.13 Testing System 

System testing shows that the prediction results are consistent with expert evaluations, indicating that the system 

produces outputs aligned with clinical assessments and can support arrhythmia detection. In addition, black-box 

testing confirms that all system functionalities, including data input, processing, and prediction output, operate as 

expected without errors. However, the 17 input parameters required by the system must be entered manually by 

healthcare professionals based on manual ECG interpretation results prior to the prediction process. 
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4. CONCLUSION 

This research successfully developed an ECG-based arrhythmia detection system using Recursive Feature Elimination 

(RFE) and Extreme Gradient Boosting (XGBoost) within a two-stage machine learning framework. The proposed 

approach demonstrated strong performance in binary classification, achieving an accuracy of 0.89 and an F1-score of 

0.87 after hyperparameter optimization using GridSearchCV. Meanwhile, the multi-class classification model 

achieved an accuracy of 0.69 and a weighted F1-score of 0.66, although the macro F1-score indicates inconsistent 

performance across several arrhythmia subtypes due to class imbalance and limited sample availability. This study 

contributes by proposing an integrated framework that combines RFE-based feature selection, SMOTE for imbalance 

handling, XGBoost with GridSearchCV-based hyperparameter optimization, and a two-stage classification 

architecture for ECG-based arrhythmia detection and subtype classification. Furthermore, the use of RFE successfully 

reduced the feature space into 17 important features, improving model efficiency while maintaining predictive 

performance. From a practical perspective, the trained model was implemented into a web-based system for interactive 

arrhythmia prediction and result visualization. However, the performance of the multi-class classification model 

remains limited due to severe class imbalance and insufficient samples in several arrhythmia subtypes. In addition, 

subtypes 11, 12, and 13 were excluded from the analysis because no samples were available in the dataset in order to 

avoid bias and training instability. These limitations reduce the model’s ability to generalize across all arrhythmia 

categories. Therefore, future studies are recommended to expand the dataset, particularly by increasing the number of 

samples for underrepresented arrhythmia subtypes, as well as exploring more advanced feature selection and 

imbalance handling techniques to improve classification robustness and overall predictive performance. 
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