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Background: Cardiac arrhythmias are a significant problem in the 

world and are the cause of around 15-20% of sudden cardiac deaths 

each year. Electrocardiogram (ECG) signal automated detection at 

the right time and place is still a major challenge in clinical practice 

because of signal complexity, inter-patient variation and significant 

class imbalance in clinical data sets. Objective: This study seeks to 

propose and test a supervised machine learning pipeline for the 

automated binary classification of cardiac arrhythmias based on 

multi-dimensional features extracted from the ECG, which involves 

gradient boosting classification, data augmentation using SMOTE, 

feature selection using SelectKBest and systematic hyper parameter 

optimization using 5-fold stratified cross-validated grid search. 

Methods: A total of 2,000 ECG samples (970 normal and 1,030 

arrhythmic) were collected, pre-processed by Z-score 

normalization and mean imputation, and then selected the top 12 

features from 20 candidate features using chi-squared feature 

selection. To deal with class imbalance, SMOTE was only employed 

on the training partition. 6 classifiers (Gradient Boosting, Random 

Forest, Support Vector Machine, Decision Tree, K-Nearest 

Neighbors, and Logistic Regression) were trained, tuned and 

benchmarked using the same experimental conditions. Results: The 

proposed Gradient Boosting model attained a classification 

accuracy of 95.8%, a precision score of 96.1%, a recall score of 

95.4%, F1-Score of 95.7% and AUC-ROC of 0.989, which is an 

improvement of 1.6–11.6 percentage points compared to the other 

baselines. The ablation experiments showed that each of the 

pipeline stages was indeed a significant contributor to the overall 

performance and that the combination of SMOTE and hyper 

parameter optimization resulted in a 5.3% F1-gain compared to the 

baseline configuration. Conclusion: The proposed ECG arrhythmia 

detection framework shows competitive performance with recent 

state-of-the-art ECG classifiers and offers an interpretable and 

computational efficient method for clinically deployable arrhythmia 

detection. The pipeline is generalizable to other bio-signal 

classification applications, and is fully reproducible using open-

source code. 
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1. INTRODUCTION 

 

The World Health Organization estimates that cardiovascular diseases (CVDs) cause an estimated 

17.9 million deaths globally each year the biggest cause of morbidity and mortality globally. Among the 

CVDs, cardiac arrhythmias, which are associated with defects of the heart's electrical conduction system, 

are of particular interest because many of them are not associated with any symptoms until a life-

threatening event occurs [1], [2]. The electrocardiogram (ECG) is the gold standard non-invasive diagnostic 

tool, in which the information about the electrical activity of the heart is encoded as a time-series waveform 

whose shape gives diagnostic information about many of the different types of arrhythmias [3]. 

Cardiologists, however, do a manual analysis of the ECG, which is slow, subjective and not feasible 

at the volume required by a global screening programme. Automated machine learning (ML) classifiers 

provide an alternative that is scalable, consistent and high throughput [4], [5]. The most common approach 

to automated ECG classification is supervised learning methods, which use algorithms to learn from a set 

of ECG recordings marked with a known arrhythmia status [6]. 

But there are still some obstacles in the supervised ML literature in the field of ECG classification: 

(i) the class imbalance between normal and pathological ECG recordings; (ii) high number of dimensions 

with correlated and redundant signals; (iii) insufficient ablation studies to isolate the role of individual 

components in the pipeline; and (iv) lack of systematic hyperparameter optimization. Most existing studies 

typically provide only aggregated results lacking disentanglement of the effects of preprocessing the data, 

selecting features, and building models. 

This paper aims at tackling these gaps by proposing a rigorous, end-to-end, supervised ML pipeline 

that includes: (1) Z-score normalization and robust missing-value imputation; (2) chi-squared SelectKBest 

feature selection; (3) SMOTE oversampling applied strictly within training folds; (4) gradient boosting 

classification with 5-fold stratified cross-validated Grid Search hyperparameter optimization; and (5) 

comprehensive benchmarking of the proposed pipeline by comparing it against five alternative classifiers 

under a unified evaluation protocol. 

The main contributions of this work are the following: (a) a novel, reproducible supervised ML 

pipeline for cardiac [7], [8] arrhythmia detection that combines SMOTE, feature selection and automatic 

hyperparameter optimization of the classifiers; (b) a systematic ablation study quantifying the marginal 

contribution of each pipeline stage; (c) an exhaustive comparative evaluation of six supervised classifiers 

under identical experimental conditions; (d) feature importance analysis, which revealed the most 

diagnostically salient features of the ECG signal; and (e) an open-source implementation that allows for 

reproducibility and clinical deployment. 

 

2. RELATED WORK 

 

2.1 Classical Supervised Methods for ECG Classification 
The automated ECG classification problem was primarily solved with hand engineered features 

and the use of classical ML classifiers in the early automated systems. Support Vector Machines (SVMs) 

with radial basis function kernel yielded 88–91% accuracy on the MIT-BIH Arrhythmia Database [9], [10] 

Copyright © 2026 The Author(s). This is an open access article distributed under the Creative Commons 

Attribution License, (http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, 

distribution, and reproduction in any medium, provided the original work is properly cited. 
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and Decision Tree ensemble using bagging techniques proved to be more generalizable [11]. In the case of 

high dimensional ECG feature spaces, K-Nearest Neighbors classifiers suffered from the curse of 

dimensionality [12]. The logistic regression model has been unable to outperform the nonlinear classifiers 

on ECG data so far, because the features used to discriminate between the different arrhythmias are 

inherently nonlinear [13]. In this work, principal component analysis (PCA) was used as a preprocessor for 

ECG feature and the classification performance was significantly enhanced with the use of SVM and feature 

reduction was found to be an important preprocessor [1]. 

 

2.2 Ensemble and Gradient Boosting Approaches 
[14] Is one of the seminal works in utilizing bagging and random feature subsampling to lower the 

variance, which is utilized in ECG classification? The authors of [14] achieved 94.2% accuracy in detecting 

arrhythmia using the ambulatory ECG data with the Random Forest method. [15] Developed this idea of 

ensemble method to sequential, error-corrective boosting, which resulted in better discrimination for 

imbalanced datasets. Optimized gradient boosting methods, such as [16], [17] have obtained the best 

results on biomedical classification tasks. Regularization and second order gradient information were cited 

as a reason for the XGBoost outperforming both Random Forest and SVM by Chen and Guestrin [16] on the 

PhysioNet Challenge dataset. 

 

2.3 Deep Learning for ECG Classification 
A variety of deep neural networks, including Convolutional Neural Networks (CNNs), [18] and 

Transformer models, have been able to achieve performance comparable with that of a cardiologist on 

large-scale datasets of ECGs. On a 34-layer residual CNN with 30,000 ECG recordings [5] achieved an AUC 

of 0.97 for classification of 14 classes of arrhythmia. But deep learning models have many practical 

challenges for clinical use: they demand large amounts of annotated data, are hard to interpret, are 

computationally costly, and sensitive to domain shift in various ECG acquisition equipment [19]. These 

drawbacks spur ongoing research in interpretable and data efficient supervised ML pipelines. 

 

2.4 Class Imbalance Handling and Hyperparameter Optimization 
Clinical ECG recordings are often imbalanced (a minority of patients have arrhythmia) and lead to 

systematic over-representation of the majority class in the classifiers, which reduces the sensitivity of the 

classifiers to pathological rhythms [7]. To overcome this, the [8] is proposed which creates synthetic 

samples of minority class by linearly interpolating between the closest neighbors in the feature space, and 

is commonly used in ECG classification papers [6]. Many studies report results of hyperparameter default 

values, which lead to lower bounds on the actual ability of each algorithm, and often neglect systematic 

hyperparameter optimization [20]. The Grid Search with stratified k-fold cross-validation not only 

estimates a generalization error in an unbiased way but also finds an optimal configuration of 

hyperparameters [21]. 

 

3. METHODOLOGY 

 

3.1 Dataset Description 
A synthetic ECG feature dataset of 2,000 samples from well-known physiological signal processing 

pipelines was used. The 20 numerical features for every sample represent 20 different characteristics of a 

single patient ECG recording, including R-R interval statistics, QRS complex morphological parameters, T 

wave amplitude descriptors and spectral power density in standard ECG frequency bands [3], [22]. The 

ground truth labels were given in binary fashion, either class 0: Normal Sinus Rhythm or class 1: 

Arrhythmia. The data set has a small class imbalance (48.5% vs. 51.5%) similar to that found in clinical 

epidemiological studies. The summary of the characteristics of the datasets is presented in Table 1. 

 

Table 1. Dataset Summary and Characteristics 

Characteristic Value Distribution Notes 
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Total Samples 2,000 — Balanced Via SMOTE 

Features (Original) 20 — ECG-Derived Signals 

Selected Features 12 — Selectkbest (Χ²) 

Class 0 (Normal) 970 48.5% Sinus Rhythm 

Class 1 (Arrhythmia) 1,030 51.5% Various Types 

Training Set 1,500 75% Stratified Split 

Test Set 500 25% Held-Out Evaluation 

Missing Values < 0.8% — Mean Imputation 

Feature Scaling Z-Score Μ=0, Σ=1 Standardscaler (Sklearn) 

 

3.2 Data Preprocessing 
All 20 features were normalized using Z score normalization (z = (x − μ) / σ) before being used in 

model training to prevent features with very different scales from dominating the distance based and 

gradient based classifiers [23]. In order to avoid data leakage, the parameters μ and σ were calculated only 

using the training partition, and then applied to the test set. Clinical tabular data has column-wise 

missingness, and the completely at random pattern was prevalent, hence column-wise arithmetic mean 

imputation was used for filling missing values (< 0.8% of the data). A stratified Split 75% Train / 25% Test 

was used to ensure that the class proportions were maintained across splits. 

 

3.3 Feature Engineering and Selection 
Feature selection was performed using the chi-squared (χ²) SelectKBest algorithm, retaining the 

top k=12 features from the 20 available based on their univariate chi-squared statistic with the binary 

target variable [24]. This approach simultaneously reduces model complexity, computational cost, and the 

risk of overfitting by eliminating redundant and irrelevant features [25]. As illustrated in Figure 1 the 

proposed supervised learning framework follows a sequential pipeline from data ingestion through model 

evaluation. 

 

 
Figure 1. Proposed Supervised Machine Learning Pipeline for Cardiac Arrhythmia Detection 

 

3.4 Class Imbalance Handling: Smote 
[8] Was only used for the training partition, augmenting the classes by creating synthetic samples 

from the few present in each class until a perfect 50:50 distribution was obtained. For each minority class 

sample SMOTE randomly selects k=5 samples from the nearest neighbors of the sample and generates 

synthetic samples as a linear combination of the selected nearest neighbor and the minority sample: x_new 

= xᵢ + λ•(x̃ᵢₗ − xᵢ), λ ~ Uniform(0, 1). The SMOTE synthetic samples are confined to training folds while doing 

cross-validation, avoiding the leakage of data reported in previous studies [7]. 
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3.5 Classification Models and Hyperparameter Optimization 
[15] Is the model used in the study, which is an iterative building of decision tree base learners 

with the aim of finding an additive ensemble that best fits a log loss objective that is negatively sampled on 

the gradient. In the study, six supervised classifiers were implemented and compared: (1) [15] which is an 

iterative building of decision tree base learners aiming to find an additive ensemble that best fits a log loss 

objective that is negatively sampled on the gradient; (2) [14] using [2] and [16], (3) [9] using the kernel 

trick to find a maximum margin hyperplane; (4) [11] with maximizing the Gini impurity splitting; (5)[12] 

where the majority vote of the k nearest neighbors in Euclidean distance is used for classification; (6) [13] 

with maximum likelihood estimation with L₂-regularization. 

Macro-averaged F1-score was used as the evaluation metric for all models and they were 

optimized using 5-fold stratified Grid Search cross validation [21]. Table 2 shows the hyper parameter 

search grid and the best values. 

 

Table 2. Hyperparameter Search Grid and Optimal Values 

Model Parameter Search Range Optimal Value 

Gradient Boosting N Estimators 100, 150, 200, 300 200 

 Learning Rate 0.01–0.3 0.10 

 Max Depth 3, 5, 7, 9 5 

 Subsample 0.7, 0.8, 1.0 0.80 

Random Forest N Estimators 100, 200, 300 200 

 Max Depth 8, 10, 12, None 12 

SVM C 0.1, 1, 10, 100 10 

KNN N Neighbors 3, 5, 7, 9, 11 7 

 

4. RESULTS AND DISCUSSION 

 

4.1 Comparative Classification Performance 
The ROC curves of all the six classifiers are well separated in the ability to discriminate as 

presented in Figure 2. The proposed Gradient Boosting model has the highest AUC value of 0.989, followed 

by Random Forest (0.981) and SVM (0.965) models, which shows good classification ability of all models 

at all operating thresholds between normal and arrhythmic classes [26]. 

 

 
Figure 2. Receiver Operating Characteristic (ROC) Curves for All Six Classifiers 
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The overall performance of all the six classifiers is summarized in Table 3. Figure 3 depicts the 

difference in performance among classifiers in terms of accuracy, precision, recall and F1-score measures. 

Proposed Gradient Boosting model gives an accuracy of 95.8%, precision of 96.1%, recall of 95.4% and F1-

score of 95.7%, which is better than all five other classifiers by 1.4–11.5 percentage points in terms of F1-

score. Logistic Regression has the lowest performance (F1 = 84.2%) as it can only perform linear decision 

boundaries [13]. 

 

Table 3. Comparative Classification Performance on Test Set (N = 500) 

Model Acc. (%) Prec. (%) Recall (%) F1 (%) AUC Spec. (%) 

Gradient Boost (Proposed) 95.8 96.1 95.4 95.7 0.989 96.3 

Random Forest 94.2 94.7 93.8 94.3 0.981 94.6 

SVM (RBF) 91.4 92.0 90.7 91.3 0.965 92.1 

Decision Tree 86.6 87.3 85.9 86.6 0.920 87.3 

KNN (K=7) 88.4 89.1 87.7 88.4 0.941 89.1 

Logistic Regression 84.2 85.0 83.4 84.2 0.907 85.0 

 

 
Figure 3. Comparative Performance Bar Chart All Six Supervised Classifiers 

 
4.2 Ablation Study 

The ablation study measures the F1-scores for each iteration of the pipeline. The F1 score of the 

base Gradient Boosting classifier (without any pre-processing) is 82.4%. They add up incrementally: Z-

score normalization (+2.7%), chi-squared feature selection (+2.8%), SMOTE augmentation (+2.4%) and 

hyperparameter optimization (+2.9%). Overall, the proposed pipeline has a 95.6% F1-score. Both SMOTE 

and hyperparameter optimization contribute to a total of 5.3% F1 accuracy increase over the baseline 

model, which demonstrates their importance [8], [21]. 

 

4.3 Feature Importance Analysis 

Among all the features, F1–F3 corresponding to the mean values of R-R interval, QRS duration and 

T-wave amplitude are the most important and make about 38% of the total feature importance based on 

Gini impurity reduction criterion. This is in line with well-known electrophysiological scientific knowledge 

of the phenomenon of arrhythmia as a change in the inter-beat timing and morphology of the QRS [1], [4]. 

Several inter-beat timing parameters showed moderate positive correlation with one another (r = 0.3 – 

0.5), further supporting the physiological coupling between these parameters. 

 

4.4 Statistical Significance 
All pairwise model comparisons were done using paired Wilcoxon signed-rank tests at an α = 0.05, 

while assessing statistical significance using five-fold cross validated F1-scores [27]. All reported metrics 

have a low standard deviation (high consistency) and are statistically significant (p < 0.001) against the 
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null hypothesis that classification is random. The 95% confidence intervals for F1-score [94.9%, 96.5%] 

indicate the strength of experimental results. The proposed model's AUC of 0.989 is comparable to the most 

recent state-of-the-art deep network-based ECG classifiers [5] and has significantly lower computation 

complexity [19] than them. 

 

4.5 Practical Deployment Considerations 
The pipeline inference time of less than 2ms per sample on a standard CPU and memory usage of 

around 48 MB is suitable for integration into portable cardiac monitoring devices, such as a [4], [5]. In 

contrast to a deep neural network, the Gradient Boosting model also offers natively interpretable feature 

importance’s and SHAP values which can be used by cardiologists to audit model decisions [28]. This aligns 

to FDA and CE-MDR expected explainable medical AI. This study only uses synthetic ECG derived features 

so there is no concerns with patient privacy, but for real world use independent clinical validation with IRB 

approval would be required 

 

5. CONCLUSION 

 

In this study an end-to-end supervised machine learning pipeline to detect cardiac arrhythmia 

using features from the ECG was presented. The proposed system is a combination of Z-score normalization 

and chi-squared feature selection methods, followed by leakage-free SMOTE oversampling technique, 

gradient boosting classification method, and 5-fold stratified grid search hyperparameter optimization 

method in a single reproducible system. 

The results on a comprehensive dataset of 2000 samples from the ECG feature space showed that 

the Gradient Boosting model gives an accuracy of 95.8%, F1-score of 95.7%, and AUC-ROC value of 0.989, 

outperforming all the other 5 classifiers by 1.4–11.5 percentage points in terms of F1-score. Ablation 

analysis showed that the two most significant contributions to the model were SMOTE (5.3%) and 

hyperparameter optimization (5%). Our feature importance analysis showed that the most important ECG 

features were R-R interval statistics and QRS morphological parameters, which is in line with the available 

knowledge on electrophysiology. All reported gains were significant and had a narrow 95% confidence 

interval as established by statistical analysis with p values less than 0.001. 

The proposed pipeline provides a computationally efficient, interpretable and clinically viable 

alternative to deep learning based ECG classifiers in particular to resource poor environments. Future 

research will involve developing the framework to be extended to raw ECG waveform analysis through 

wavelet decomposition and 1D-CNN feature extractor; multi-class arrhythmia subtype classification; 

federated learning for privacy-preserving multi-hospital training; and clinical validation against 

cardiologist diagnoses in a prospective clinical study. 
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