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ABSTRACT

This study aims to support reliable ECG signal interpretation by reducing human-dependent variability through
computer-aided analysis methods. Machine learning and deep learning methods were employed to examine 2D ECG
representations and Synthetic Minority Over-Sampling Technique (SMOTE)-based balancing in ECG classification.
Unlike existing ECG classification studies that typically address signal representation and class imbalance separately,
this study jointly investigates the interaction between two-dimensional QRS representation and SMOTE-based data
balancing within a unified experimental framework, thereby providing a systematic analysis of their combined impact
on classification performance. Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), and K-
Nearest Neighbors (KNN) algorithms were implemented and comparatively analyzed. ECG beats from record 108
of the MIT-BIH Arrhythmia dataset were represented in a vision-based form for classification. To address severe
class imbalance, SMOTE was applied only to the training data, and its effect on two-dimensional ECG
representations was explicitly examined. Normal and Abnormal heartbeats were classified using a stratified 5-fold
cross-validation strategy. Experimental results demonstrated that the CNN model achieved the most successful
performance after applying SMOTE, reaching a weighted average F1-score of 99.82% + 0.002, highlighting the
combined effectiveness of two-dimensional QRS representation and data balancing in improving automated ECG
classification.
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OZET

Bu ¢alisma, bilgisayar destekli analiz yontemleri araciligiyla insan kaynakli degiskenligi azaltarak giivenilir ECG
sinyali yorumlamasini desteklemeyi amaclamaktadir. Makine 6grenmesi ve derin 6grenme yontemleri, ECG
smiflandirmasinda iki boyutlu ECG temsillerini ve Synthetic Minority Over-sampling Technique (SMOTE) tabanli
veri dengelemenin etkisini incelemek amaciyla kullanilmistir. Mevcut ECG siniflandirma ¢alismalarinda genellikle
sinyal temsili ve sinif dengesizligi ayri ayri ele alinirken, bu ¢aligmada iki boyutlu QRS temsili ile SMOTE tabanli
veri dengelemenin etkilesimi tek bir deneysel ¢ergeve igerisinde birlikte incelenmis ve bu yaklagimlarin siniflandirma
performansi tizerindeki birlesik etkisi sistematik olarak analiz edilmistir. Yapay Sinir Aglar1 (ANN), Evrisimsel Sinir
Aglar1 (CNN) ve K-En Yakin Komsu (KNN) algoritmalart uygulanmis ve karsilagtirmali olarak analiz edilmistir.
MIT-BIH Aritmi veri setinin 108 numarali kaydindan elde edilen ECG atimlar1, siniflandirma amaciyla gorsel tabanli
bir bicimde temsil edilmistir. Ciddi simif dengesizligini gidermek amaciyla SMOTE yalmzca egitim verisine
uygulanmis ve iki boyutlu ECG temsilleri lizerindeki etkisi agik¢a incelenmistir. Normal ve Anormal kalp atimlari,
tabakali 5 katli capraz dogrulama stratejisi kullanilarak siniflandirilmistir. Deneysel sonuglar, SMOTE uygulandiktan
sonra CNN modelinin %99,82 + 0,002 agirlikli ortalama F1-skoru ile en basarili performansi elde ettigini gostermis;
bu durum, iki boyutlu QRS temsili ile veri dengelemenin birlikte kullaniminin otomatik ECG smiflandirma
performansini artirmadaki etkinligini ortaya koymustur.

Anahtar Kelimeler: derin 6grenme, elektrokardiyogram, QRS kompleksi, SMOTE
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INTRODUCTION

Cardiovascular diseases are among the most significant health problems both globally and in Turkey, constituting
the leading cause of worldwide mortality according to the World Health Organization. In TUrkiye specifically, it is
reported that approximately 57 out of every 1000 individuals suffer from heart disease (Onat et al., 1991). Early
diagnosis and timely intervention in cardiac disorders are of critical importance for the course of the disease. At this
point, one of the most commonly employed diagnostic methods is the Electrocardiogram (ECG) test. ECG records
the electrical activity of the heart, enabling the monitoring of cardiac functions, and is widely used in the diagnosis
of various conditions such as arrhythmias. However, the accurate interpretation of ECG data largely depends on the
expertise of physicians. The diagnostic process can be both time-consuming and prone to misinterpretations,
particularly when conducted by inexperienced or non-specialist practitioners. Such challenges may hinder timely
access to appropriate treatment and pose risks for clinical outcomes.

In order to address these limitations, computer-aided diagnostic systems have been increasingly investigated in recent
years. The rapid advancements in artificial intelligence have provided substantial advantages in the automated
processing and classification of ECG signals. Machine learning and deep learning methods have shown promising
results in developing decision-support systems that assist physicians with high levels of accuracy. In the literature,
the number of studies applying various algorithms for automatic analysis of ECG signals has been steadily increasing.
Nevertheless, challenges such as data imbalance, noise sensitivity of signals, and maintaining stable classification
performance remain significant research areas.

For instance, a novel voting rule for interval-valued intuitionistic fuzzy-based classifiers was proposed. Their work
focused on imbalanced data classification, which aims to categorize complex datasets with unequal class
distributions. Traditional classifiers often perform poorly in such contexts. To address this, a data redistribution
approach involving oversampling and noise reduction was applied. Interval-valued fuzzy and intuitionistic fuzzy set-
based KNN classifiers were employed, and a novel voting rule was introduced using the Iterative Partitioning Filter
(IPF). Comparative experiments with SMOTE and its variants demonstrated the effectiveness of their approach
(Zeraatkar and Afsari, 2021).

Similarly, a system for diagnosing COVID-19, normal, or viral pneumonia cases using chest X-ray images was
developed. Identifying positive cases from chest radiographs provides a rapid and effective solution for hospitals.
While deep learning techniques achieved high performance in classifying COVID-19 images, the limited number of
images resulted in class imbalance issues. To overcome this, balanced datasets were used, and six CNN models were
trained with transfer learning across three datasets. Weighted Categorical Loss and SMOTE methods were examined
to address imbalance. DenseNet201 and VGG-19 achieved the best results, with CheXNet combined with WCL
yielding the highest accuracy and performance (Chamseddine et al., 2022).

An experimental study was conducted to investigate the performance of different metaheuristic algorithms for
training Artificial Neural Networks (ANNSs) in medical data classification tasks. Experiments on 15 benchmark
medical datasets compared Levenberg—Marquardt with 13 other metaheuristics. Multiple evaluation metrics and
Multi-Criteria Decision Making (MCDM) analyses highlighted the superior performance of the Equilibrium
Optimizer algorithm (Si et al., 2022).

Dunstan’s infant cry dataset, preprocessed with MFCC and energy features, was utilized to classify five types of
infant cries using SVM, MLP, and CNN classifiers. Loss and accuracy metrics were analyzed for MLP and CNN,
with performance evaluated through multiple measures. The CNN model demonstrated superior results, achieving
the highest accuracy of 92.1% after 10 runs (Abbaskhah et al., 2023).

A hybrid model combining Convolutional Neural Networks (CNN) and Extreme Learning Machine (ELM) was
proposed for classifying chest diseases. Their computer-aided system identified 17 different lung diseases from chest
X-ray (CXR) images. The CNN-ELM algorithm achieved 90.92% accuracy and 96.93% AUC, with COVID-19 and
TB detected with 99.37% and 99.98% accuracy, respectively. The model outperformed state-of-the-art approaches
and maintained robustness across multiple datasets (Nahiduzzaman et al., 2023).

SDIF-CNN, a novel visualization-based architecture, was introduced for malware detection and classification.
Feature extraction was performed with VGG16, VGG19, ResNet50, and InceptionV3, followed by horizontal
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concatenation into a single feature map. Irrelevant features were filtered, and six machine learning classifiers were
trained. The MLP classifier achieved the highest performance with 98.55% accuracy on the Mallmg dataset. The
proposed approach also yielded successful results in real-world malware detection (Kumar and Panda, 2023).

A new SMOTE technique enhanced with an additional algorithm was developed to address class imbalance issues.
Although SMOTE is widely used, it is prone to generating noisy samples. Their proposed SMOTE-KTLNN method,
based on a two-layer nearest neighbor classifier, rebalances data and removes noisy samples via majority voting.
Experiments demonstrated that SMOTE-KTLNN consistently outperformed other methods across multiple evaluation
metrics (Sun et al., 2024).

As seen in the literature, artificial intelligence techniques, particularly deep learning and machine learning, have
proven effective in providing robust solutions across a wide range of applications, including biomedical signal
analysis. This potential serves as the core motivation for this study, which aims to improve ECG signal classification
under conditions of significant class imbalance. While numerous studies have applied machine learning and deep
learning approaches to ECG analysis, two fundamental research gaps remain unaddressed. First, it is still unclear
whether the conversion of one-dimensional QRS complexes to two-dimensional representations confers meaningful
learning capabilities beyond traditional one-dimensional signal processing, or whether it merely serves as a structural
adaptation for convolutional models. Second, although class imbalance is a well-known challenge in ECG datasets,
the systematic application and effects of SMOTE on two-dimensional ECG representations have not been
comprehensively investigated. To address these shortcomings, this study utilizes ECG beats extracted from the 108th
recording of the MIT-BIH Arrhythmia dataset and proposes a visual-based framework by converting one-
dimensional QRS complexes into two-dimensional 150x150 grids. Furthermore, the effect of SMOTE-based data
equalization on these representations is systematically investigated. This study aims to explicitly distinguish the
effects of spatial signal representation and class imbalance management using KNN, ANN, and CNN algorithms
within a combined experimental design employing stratified 5-fold cross-validation.

MATERIALS AND METHOD
Proposed Method

In this study, three classifiers were employed to categorize arrhythmias labeled as Normal and Abnormal from ECG
signals obtained from the MIT-BIH Arrhythmia dataset, and their performances were compared. KNN, ANN, and
CNN algorithms were selected as classifiers, and two different experimental settings were considered; classification
using the original imbalanced data and classification after balancing the dataset using the SMOTE algorithm. This
study demonstrates both the effectiveness of the SMOTE algorithm in handling class imbalance and the classification
performance of two different paradigms, namely machine learning and deep learning.

Experiments were conducted using ECG beats extracted from record 108 of the MIT-BIH Arrhythmia dataset, which
was selected due to its noticeably imbalanced distribution of Normal and Abnormal heartbeats, enabling a controlled
evaluation of SMOTE-based data balancing.

To enable the application of the CNN model, one-dimensional ECG signals were transformed into two-dimensional
representations by framing QRS complexes into 150x150 matrices, thereby allowing the use of two-dimensional
convolutional layers. Specifically, each QRS complex was extracted using a fixed window length of 150 samples
(approximately 0.42 seconds at a sampling frequency of 360 Hz). The resulting one-dimensional segment was then
expanded into a square matrix of size 150x150 by replicating the signal along one dimension, producing a two-
dimensional representation suitable for convolutional processing. Although this transformation is obtained by
replicating the one-dimensional segment along a single axis without introducing new physiological information, it is
intentionally designed to provide a structured spatial arrangement. This approach allows the model to leverage
sophisticated spatial feature maps and shared-weight filtering mechanisms that are extensively optimized in the two-
dimensional deep learning ecosystem. By mapping the temporal morphology of the QRS complex into a two-
dimensional grid, convolutional kernels can effectively capture subtle shape variations, local transitions, and edge-
like patterns across multiple receptive fields. This spatial organization facilitates a more nuanced extraction of
discriminative morphological characteristics compared to standard one-dimensional processing. Therefore, the
proposed representation does not artificially inflate performance through data duplication; rather, it provides a more
robust framework for the CNN to exploit its inherent ability to learn complex patterns in a spatially organized form.
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An example of this transformation, illustrating how a one-dimensional QRS segment is embedded into a 150x150
two-dimensional frame, is visually presented in Figure 1.

Figure 1. Two-dimensional 150x150 Frame Representation of a One-dimensional QRS Segment.

In this study, QRS complexes were identified using expert-tagged R-peak locations provided in conjunction with the
MIT-BIH Arrhythmia Database. Specifically, the wfdb library was used to read the tagging files, and the R-peak
locations provided by cardiologists were used directly, rather than implementing an additional automated QRS
detection algorithm. This approach ensures consistency with established benchmarks and eliminates potential
variability due to detector-specific errors. Each QRS complex was segmented using a fixed-length window of 150
samples centered around the tagged R-peak. This window length was chosen to accurately capture QRS morphology
while maintaining a consistent segment size across all beats. Since the MIT-BIH signals were prerecorded clinical
ECG signals with sufficient signal quality, no additional filtering was applied. Furthermore, raw amplitude values
were preserved to avoid altering morphological features critical for arrhythmia classification.

Since the SMOTE algorithm operates on vector-based feature representations, each 150x150 two-dimensional ECG
frame was temporarily reshaped into a one-dimensional vector of length 22500. SMOTE was applied exclusively to
the training data to generate synthetic samples for the minority class using KNN interpolation in the feature space.
After the oversampling process, the generated synthetic vectors were reshaped back into their original 150x150 two-
dimensional form. This procedure ensures that SMOTE contributes only to data balancing while preserving the
spatial structure of the ECG representations used for CNN-based classification.

Since the KNN algorithm and ANN model cannot directly process two-dimensional data, the two-dimensional ECG
representations were reshaped into one-dimensional feature vectors of 22500 dimensions before being fed into these
models. Figure 2 illustrates the proposed methodology. Section (1) of Figure 2 presents the details of the classification
performed with imbalanced data, while Section (2) visualizes the classification process after applying the SMOTE
technique for data balancing.

Dataset

In this study, the publicly available MIT-BIH Arrhythmia dataset was utilized. The MIT-BIH Arrhythmia dataset
consists of two-channel ambulatory ECG recordings obtained from 47 individuals examined between 1975 and 1979
by the BIH Arrhythmia Laboratory. The ECG recordings were collected from a mixed population of hospitalized
patients at Beth Israel Hospital in Boston (approximately 60%) and outpatients (approximately 40%). The records
were digitized at a sampling rate of 360 samples per second per channel with 11-bit resolution over a 10 mV range.
Each recording was independently annotated by two or more cardiologists.

Although the MIT-BIH Arrhythmia dataset includes ECG recordings from multiple subjects and a total of 16
annotated heartbeat classes, this study focuses on ECG beats extracted exclusively from record 108. This record was
selected due to its noticeably imbalanced distribution of Normal and Abnormal heartbeats, which enables a controlled
evaluation of SMOTE-based data balancing techniques. By focusing on a single record, the proposed methodology
can be systematically analyzed without the confounding effects of inter-patient variability.
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In the original MIT-BIH annotation scheme, one class is labeled as Normal, while the remaining heartbeat types
correspond to various arrhythmias. In this study, all non-Normal heartbeat classes were grouped under the Abnormal
label, resulting in a binary classification task distinguishing between Normal and Abnormal heartbeats. As a result
of the fixed-length windowing procedure, a total of 1458 (1391 Normal and 67 Abnormal) QRS segments that
satisfied the 150-sample window criteria were retained and used in the experiments.

SMOTE —> Resize —> KNN

The results are
e SIGNﬁAllfJCfE)E;St? compared
- BCG SIGNAL i AR according to fl-
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1
CNN
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Figure 2. Proposed Method

Deep Learning and Machine Learning

Machine learning is a discipline of artificial intelligence that enables computers to acquire the ability to learn from
data and experiences. It aims to make predictions about future data based on knowledge accumulated from past data
using statistical and mathematical methods (Peng, 2015). Machine learning has a wide range of applications,
including image and speech recognition, natural language processing, financial analysis, healthcare systems, and
cybersecurity. Well-known machine learning algorithms include Decision Trees, Support Vector Machines, K-
Means, and KNN.

Deep learning is a subfield of machine learning based on artificial neural networks, developed to learn more abstract
and complex representations of data. Its multilayered network architecture allows it to decompose data into
increasingly abstract and intricate features for learning. Unlike traditional machine learning, deep learning does not
require manual rule input; instead, it learns through relationships derived from abstract representations of data
(Goodfellow et al., 2016; Ozcan, 2014). Deep learning finds extensive applications in speech recognition and
synthesis, autonomous vehicles, healthcare, and entertainment. Well-known deep learning algorithms include CNN,
Recurrent Neural Networks (RNN), and Long Short-Term Memory networks (LSTM).
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K-Nearest Neighbors (KNN)

KNN is a non-parametric machine learning method widely used for classification due to its simplicity and
discriminative capability. However, KNN has two major disadvantages: Low computational efficiency and
dependence on the selection of the k value. Being a lazy learning method, its applicability is limited for large datasets.
Furthermore, the classification performance largely depends on the chosen k value. Although some studies have
aimed to reduce the dependency on k (S. Zhang et al., 2018). The most effective approach to date remains conducting
multiple experiments with different k values to determine the optimal choice (Guo et al., 2003).

Artificial Neural Network (ANN)

ANN is an information-processing system inspired by biological neural networks. These networks consist of a series
of interconnected units called neurons, which process input data and generate outputs. ANN typically comprises three
main layers: The input layer, the hidden layers, and the output layer. The input layer receives raw data and passes it
to the hidden layers. Hidden layers process this information, transforming it into more abstract and meaningful
representations. Each hidden layer receives outputs from the previous layer, processes them through weights and
activation functions, and forwards the results to the subsequent layer. Finally, the output layer produces the network's
predictions or classifications. ANN learns and optimizes through forward and backward propagation processes across
these layers. This architecture provides strong modeling capabilities for complex datasets and large-scale problems
(Wu and Feng, 2018).

Convolutional Neural Network (CNN)

CNN is a subfield of neural network-based machine learning, particularly effective for processing two-dimensional
data such as images and videos. CNNs utilize three main types of layers to process data and extract features:
Convolutional layers, pooling layers, and fully connected layers. Convolutional layers apply various filters to the
input data to generate feature maps, extracting hierarchical features ranging from low-level patterns such as edges
and corners to more complex structures. Pooling layers reduce the dimensions of feature maps, thereby lowering
computational costs. Fully connected layers transform the incoming features into a flat vector to produce system
outputs for tasks such as classification or regression. Through forward and backward propagation across these layers,
CNN can achieve high accuracy learning and generalization on large datasets (Tuncer et al., 2021).

Synthetic Minority Over-Sampling Technique (SMOTE)

SMOTE is a widely used method developed to address imbalanced classification problems. This technique is
employed to augment the number of samples in the minority class. Initially, for each minority class sample, denoted
as X, the k nearest neighbors are identified, typically with k=5. Among these neighbors, those belonging to the
minority class are selected. New synthetic samples are then generated by randomly interpolating between x and its
selected neighbors at a certain rate. This process effectively increases the number of minority class samples, thereby
balancing the dataset (Chawla et al., 2002).

Evaluation Metrics

The method responsible for producing the results of a classification task is referred to as a classifier. Interpreting and
comparing the relationship between the predicted class labels generated by a classifier and the true class values is
scientifically valuable and necessary. To perform such evaluations, a comparison framework must be established.
This framework is represented by the confusion matrix. The number of rows and columns in the confusion matrix
corresponds to the number of classes included in the study (Ruuska et al., 2018).

Confusion matrices consist of True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN)
values. To evaluate the classification performance of a model, several metrics are calculated using these values. The
commonly used metrics include Accuracy, Precision, Recall, and F1-Score. The formulas for these metrics are

provided in Equations 1, 2, 3, and 4, respectively (Gonzalez-Huitron et al., 2021).
TP+TN

ACCUTACY = b FTN+FP+FN @
. TP
precision = —— 2
TP
recall = 3
TP+FN
fl — score = 2xprecisionsrecall (4)

precision+recall
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In this study, model performance was evaluated using stratified 5-fold cross-validation. For each fold, the evaluation
metrics were computed independently, and the final performance values were reported as the mean and standard
deviation across the five folds. Given the imbalanced nature of the dataset, the F1-score was considered the primary
evaluation metric, as it provides a balanced measure by jointly considering precision and recall.

EXPERIMENTAL RESULTS

In this study, the classification of Normal and Abnormal heartbeats was conducted using an imbalanced dataset
derived from record number 108 of the MIT-BIH Arrhythmia database, comprising a total of 1458 ECG beats (1391
Normal and 67 Abnormal). To compare the performances of deep learning and machine learning approaches and to
evaluate the impact of the SMOTE algorithm on classification success, CNN, ANN, and KNN models were
employed. To ensure a fair and transparent comparison, the ANN and CNN models were trained under the same
strategy with 100 epochs and a batch size of 32. The ANN model was structured with fully connected layers
containing 128, 64, and 32 neurons, respectively, utilizing the ReLU activation function and dropout layers to prevent
overfitting. The CNN model was designed to process two-dimensional 150x150 QRS representations. The
architecture consists of two convolutional stages: the first layer utilizes 32 filters of size (3,3) followed by a (2,2)
max-pooling and a 0.25 dropout rate, while the second layer employs 64 filters of size (3,3) followed by identical
pooling and dropout configurations. The features are then flattened and fed into a 128-neuron dense layer with 0.5
dropout. For both neural networks, the Adam optimizer was used, and a Sigmoid activation function was
implemented in the final output layer to address the binary classification problem. In the KNN model, a neighbor
count of k=40 was utilized, as preliminary experiments indicated that this value provided a more balanced
performance and demonstrated robustness against noise. All experiments were conducted using stratified 5-fold
cross-validation to maintain the sample ratios between classes. Training and testing procedures were executed
independently for each fold, and the results were combined to generate aggregated confusion matrices. Model
performances were reported using the mean and standard deviation of the metrics calculated for each fold. Due to
the imbalanced nature of the dataset, the weighted average F1-score, which considers precision and recall together,
was taken as the primary performance metric for evaluation. Comparing the experiments conducted before and after
the application of the SMOTE algorithm, it was observed that SMOTE enhanced the classification performance of
all models by strengthening the representation of minority class samples. In the SMOTE algorithm, a KNN approach
was adopted for each minority class sample, with the number of nearest neighbors set to k=5, as commonly used in
the literature. Synthetic samples were generated via linear interpolation between a minority class sample and a
randomly selected sample from its k nearest neighbors. In this process, the number of minority class samples was
increased by generating a new synthetic instance at a random point within the feature space between the two samples.
To prevent data leakage, SMOTE was applied exclusively to the training data, and synthetic samples were strictly
excluded from the test set. Thus, the generalizability of the model on real-world data was preserved. Since two-
dimensional 150x150 QRS frames cannot be processed directly by the SMOTE algorithm, each frame was first
converted into a single 22500-dimensional feature vector, and the SMOTE process was applied within this high-
dimensional feature space. After the minority class was balanced with the majority class, the resulting synthetic
samples were reshaped back to 150x150 dimensions for the CNN model to remain compatible with the convolutional
layers. This approach enabled leveraging both the vector-based sampling capabilities of SMOTE and the effective
learning of two-dimensional spatial information by CNN. The comparative test results of the conducted experiments
are presented in Table 1.

Table 1. Test Results

Weighted average F1 score Accuracy
Algorithms Before applying  After applying  Before applying  After applying
SMOTE SMOTE SMOTE SMOTE
KNN %93.16+0.002 %95.29+0.008 %95.40+0.001 %95.20+0.008
ANN %93.83+0.012 %96.55+0.009 %95.75+0.006 %96.55+0.009
CNN %96.17+0.009 %99.82+0.002 %96.91+0.006 %99.82+0.002

Upon examination of Table 1, it is evident that the application of the SMOTE algorithm provided a marked
improvement in the performance of all classifiers. Specifically, when evaluated in terms of the weighted average F1-
score, significant increases were achieved across the KNN, ANN, and CNN models following the implementation of
SMOTE. This observation demonstrates that a more balanced representation of minority class samples directly
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enhances classification success. In terms of the accuracy metric, a consistent after-SMOTE increase was particularly
observed in the deep learning-based models.

The CNN model, which exhibited successful performance compared to other approaches both before and after data
balancing, reached its highest and most stable classification success with the application of SMOTE. The fact that
the model’s weighted average F1-score reached a high value of 99.82% with a very low standard deviation (+ 0.002)
serves as an indicator of reliable and consistent results across different data splits. The ANN model significantly
improved its performance (particularly regarding the weighted average F1-score metric) after SMOTE experiments,
producing results close to the CNN model and emerging as a strong alternative. Although the KNN model enhanced
its performance after SMOTE, it remained behind the deep learning-based methods in terms of absolute success.
These findings reveal that deep learning approaches are more effective than traditional machine learning methods,
especially when operating on two-dimensional ECG representations.

Overall, the obtained results confirm that SMOTE data balancing techniques significantly improve classification
performance in imbalanced ECG datasets, and that the CNN model provides more successful outcomes under both
balanced and imbalanced data conditions. The aggregated confusion matrices for the CNN model, which delivered
the most successful classification performance both before and after the data balancing process, are presented in
Figure 3 and Figure 4, respectively.

CONFUSION MATRIX CONFUSION MATRIX
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Figure 3. Aggregated Confusion Matrix of the Figure 4. Aggregated Confusion Matrix of the
CNN Model Before SMOTE CNN Model After SMOTE

As illustrated in Figures 3 and 4, the CNN model exhibits a clear improvement in classification performance
following the application of the SMOTE algorithm. Figure 3 presents the aggregated confusion matrix obtained from
experiments conducted on the original imbalanced dataset, where the majority of misclassifications are associated
with the minority (Abnormal) class. Although the model successfully identifies Normal heartbeats with a very low
false-alarm rate, a visible portion of Abnormal samples is erroneously classified as Normal, reflecting the adverse
impact of class imbalance.

Upon the implementation of SMOTE, the aggregated confusion matrix shown in Figure 4 reveals a significant
increase in the recognition of the Abnormal class. While the number of correctly classified Abnormal samples
increases, the misclassification of minority class instances decreases substantially. Simultaneously, the model
maintains its successful performance on the Normal class by preserving a high number of true negative predictions
and a very low false positive rate.

These observations confirm that the SMOTE algorithm effectively alleviates the class imbalance problem by
enriching the representation of minority class samples during training. When integrated with the CNN architecture,
SMOTE leads to a more balanced decision boundary, enhancing overall classification performance without
compromising the accuracy of the majority class. Consequently, the proposed SMOTE-enhanced CNN model
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demonstrates a more reliable and robust performance in detecting Abnormal heartbeats, which is particularly critical
for clinical decision support systems. Table 2 shows a comparison of this study with similar studies.

Table 2. Studies Using Similar Materials in Literature

Summary of the Study Dataset COT_VOIUtlon Results
ayer

The proposed approach uses
Borderline-SMOTE to balance
(Chenetal., one-dimensional EEG signal DEAP 1D %97.76
2021) data. Binary classification of (accuracy)
valence and arousal is performed
using the CNN model.
The proposed approach Employs
a 1D-MobileNet model to
(P. Zhang et cla55|fyepllept|cse|zuredatgand CHB-MIT 1D %91.90 (f1
al., 2022) proposes a new algorithm, score)
BNNSMOTE, to address the
imbalanced data problem.
The proposed approach
Combines SMOTE and Random MIT-BIH
(Ullah etal., Undersampling methods to and 1D %98.91 (f1
2022) overcome  data  imbalance. INCART score)
Classifies four different class
labels using the DenseNet model.
In this study, after adding a
second dimension to ECG
Proposed signals, SMOTE was applied for

MIT-BIH 2D %99.82 (f1

Method balancing, and the signals were score)
classified as Normal and
Abnormal.

As shown in Table 2, introducing a second dimension to the ECG signals in the proposed method enables a richer
data representation. Furthermore, it enhances the model’s flexibility and its capacity to learn complex patterns. By
incorporating this second dimension, the use of two-dimensional convolutional layers in the CNN model becomes
feasible, which has played a significant role in achieving the reported successful outcomes. Addressing data
imbalance through SMOTE substantially improves classification performance, particularly in imbalanced datasets.
This technique, working in harmony with the employed dataset, has proven more effective than algorithms such as
Borderline-SMOTE or BNNSMOTE, contributing to the achievement of weighted average F1-score values as high
as 99.82%.

CONCLUSION AND DISCUSSION

In this study, KNN, ANN, and CNN algorithms were investigated to classify Normal and Abnormal arrhythmias
using the MIT-BIH arrhythmia dataset, and the effectiveness of the SMOTE algorithm in addressing class imbalance
was evaluated. Experimental results revealed a comparison between the performances of deep learning and machine
learning techniques, proving the superiority of deep learning methods. An examination of the existing literature
indicates that the combination of one-dimensional signals and the application of the SMOTE technique for data
balancing has not been previously explored. Furthermore, while SMOTE is generally not preferred during the data
balancing process in two-dimensional studies, one-dimensional convolutional layers are commonly utilized for one-
dimensional data.

This study highlights the success of the SMOTE algorithm on two-dimensional data and demonstrates that converting
signals into two dimensions enables the development of CNN models equipped with two-dimensional convolutional
layers, which exhibit more effective performance. Consequently, the study introduces an innovative perspective to
literature and validates its efficacy. Analysis of the experimental results indicates that, as expected, the SMOTE
algorithm improved the weighted average F1-scores across all KNN, ANN, and CNN algorithms. The findings
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confirm that SMOTE performs highly effective data balancing. Following the application, the CNN algorithm
exhibited the best performance, achieving a weighted average F1-score and an accuracy rate of 99.82%.

The CNN model demonstrated its superiority over other models by exhibiting successful classification performance
on both imbalanced and balanced datasets. Meanwhile, the ANN model also yielded successful results, achieving a
weighted average F1-score and accuracy rate of 96.55%, thereby suggesting its potential as a viable alternative to the
CNN. These results emphasize that deep learning techniques are more effective than traditional machine learning
methods for the dataset at hand.

Overall, this study demonstrates that deep learning approaches capable of preserving spatial information are more
effective than traditional machine learning methods in ECG signal classification. Additionally, class imbalance
correction via SMOTE not only improves classification accuracy but also contributes to more reliable and consistent
detection of abnormal arrhythmias. While the proposed framework focuses on binary Normal/Abnormal
classification, many aspects remain open for future research. A natural extension of this study involves multiclass
arrhythmia classification to distinguish different types of abnormal rhythms. Furthermore, validation of the proposed
approach on larger and independent ECG datasets and the adoption of patient-independent experimental setups will
provide a more comprehensive assessment of its generalizability. Future studies could also explore alternative data
imbalance correction strategies beyond SMOTE and examine their interaction with two-dimensional ECG
representations. Such extensions are expected to further enhance the success and applicability of the proposed
framework.

Artificial Intelligence Contribution Statement

Artificial intelligence was utilized exclusively for language editing purposes. The study design, methodology, data
analysis, results, figures, and manuscript structure were fully developed and prepared by the authors without any
Artificial intelligence involvement in content generation.
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