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ABSTRACT
Electrocardiograms (ECGs) provide essential data for diagnosing arrhythmias, which
can potentially cause serious health complications. Early detection through con-
tinuous monitoring is crucial for timely intervention. The Massachusetts Institute
of Technology-Beth Israel Hospital (MIT-BIH) arrhythmia dataset employed for
arrhythmia analysis research comprises imbalanced data. It is necessary to create a
robust model independent of data imbalances to classify arrhythmias accurately. To
mitigate the pronounced class imbalance in the MIT-BIH arrhythmia dataset, this
study employs advanced augmentation techniques, specifically variational autoencoder
(VAE) and conditional diffusion, to augment the dataset. Furthermore, accurately
segmenting the continuous heartbeat dataset into individual heartbeats is crucial for
confidently detecting arrhythmias. This research compared a model that employed
annotation-based segmentation, utilizing R-peak labels, and a model that utilized
an automated segmentation method based on a deep learning model to segment
heartbeats. In our experiments, the proposed model, utilizing MobileNetV2 along with
annotation-based segmentation and conditional diffusion augmentation to address
minority class, demonstrated a notable 1.23% improvement in the F1 score and 1.73%
in the precision, compared to the model classifying arrhythmia classes with the original
imbalanced dataset. This research presents a model that accurately classifies a wide
range of arrhythmias, includingminority classes, moving beyond the previously limited
arrhythmia classification models. It can serve as a basis for better data utilization and
model performance improvement in arrhythmia diagnosis andmedical service research.
These achievements enhance the applicability in the medical field and contribute to
improving the quality of healthcare services by providing more sophisticated and
reliable diagnostic tools.

Subjects Algorithms and Analysis of Algorithms, Artificial Intelligence, Neural Networks
Keywords Electrocardiogram, Segmentation, AAMI classification, Augmentation, Conditional
diffusion

INTRODUCTION
Arrhythmia refers to an irregular heartbeat resulting from abnormal electrical signals,
and its diagnosis is typically conducted through an electrocardiogram (ECG). ECG
provides a temporal sequence of graphical depictions illustrating the heart’s electrical
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activity. Regular monitoring of the ECG is imperative for managing arrhythmia since the
symptoms are often transient or asymptomatic. ECG can be measured in the hospital
and with portable devices for everyday use. Remarkably, hospitals commonly employ
12-lead, whereas wearable devices typically utilize a single lead, a practice supported by
several studies (Saadatnejad, Oveisi & Hashemi, 2019;Wang et al., 2019;Meng et al., 2021),
which has demonstrated a notable reduction in measurement discomfort. Therefore, the
critical need lies in establishing dependable and enduring ECG monitoring capabilities
and algorithms capable of accurately detecting arrhythmias through wearable devices in
everyday life. Consequently, ongoing research is focused on categorizing various forms
of arrhythmias from ECGs (Manisha, Dhull & Singh, 2020; Mathunjwa et al., 2021; Malik
et al., 2021; Mathunjwa et al., 2022; Wang et al., 2022; Zahid, Kiranyaz & Gabbouj, 2022;
Ivora et al., 2022).

Arrhythmias encompass a diverse range of types, with patterns exhibiting individual
variations. ECG data represents a distinctive PQRST pattern, and the classification of
arrhythmias is derived by analyzing the phase and amplitude of each waveform within
PQRST pattern. Consequently, the technical pattern analysis of arrhythmia using ECG
data serves not only to assist medical professionals in clinical arrhythmia assessment but
also enables self-diagnosis through automated mechanical judgment.

The Massachusetts Institute of Technology-Beth Israel Hospital (MIT-BIH) arrhythmia
dataset (Goldberger et al., 2000), widely employed in numerous arrhythmia classification
studies (Manisha, Dhull & Singh, 2020; Mathunjwa et al., 2021; Malik et al., 2021;
Mathunjwa et al., 2022; Wang et al., 2022; Zahid, Kiranyaz & Gabbouj, 2022; Ivora et al.,
2022), exhibits an inherent imbalance among its arrhythmia classes. This is because the
incidence of arrhythmias varies, and the data is based on a small number of patients.
Table 1 illustrates the categorization options based on the standard of the Association for
the Advancement of Medical Instrumentation (AAMI) (Association for the Advancement of
Medical Instrumentation, 1998). The AAMI classification can further be subcategorized by
utilizing the MIT-BIH symbol. In the MIT-BIH arrhythmia dataset, adherence to AAMI
standard results in the grouping of 15 arrhythmias into N, S, V, F, and Q classes. N class
represents a regular beats with abnormalities in the PQRST waves. S class denotes an
arrhythmia characterized by premature or ectopic beat in the atria, while V class involves
premature or ectopic ventricle beats. F class is a fusion of ventricular and normal beats,
and Q class encompasses paced beats influenced by a pacemaker, coordinating atrial and
ventricular beats in patients with a slower-than-normal pulse and unclassifiable beats.

Ochiai, Takahashi & Fukazawa (2018) employed data rates for the N, S, V, F, and Q
classes, with respective values of 89.46%, 2.74%, 7%, 0.79%, and 0.01%. The imbalance
in data distribution across classes is primarily attributed to the prevalence of normal beats
within N class, despite varying incidence rates. As arrhythmia manifests as irregularities
following normal beats, the overrepresentation of normal beats is unavoidable. Therefore,
Ochiai, Takahashi & Fukazawa (2018) analyzed that imbalance in arrhythmia classes can
potentially reduce the performance of classification models.

Instead of classification according to the AAMI standard, many studies have presented
classification models using MIT-BIH symbols that can well identify the pattern of each
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Table 1 The correspondence between AAMI classes andMIT-BIH arrhythmia classes.

AAMI MIT-BIH

Symbols Classes Symbols Classes

N Normal beat
L Left bundle branch block beat (LBBB)
R Right bundle branch block beat (RBBB)
e Atrial escape beat

N Non ectopic
beat

j Nodal (junctional) escape beat
A Atrial premature beat
a Aberrated atrial premature beat
J Nodal (junctional) premature beat

S
Supraventricular
ectopic beat

S Supraventricular premature beat
V Premature ventricular contraction

V
Ventricular
ectopic beat E Ventricular escape beat

F Fusion beat F Fusion of ventricular and normal beat
/ Paced beat
f Fusion of paced and normal beatQ Unclassifiable

beat
Q Unclassifiable beat

waveform (Faziludeen & Sabiq, 2013; Cho et al., 2015; Rana & Kim, 2019; Yang & Wei,
2020). Particularly in models designed for the automated classification of individual
heartbeat waveforms, Ji, Zhang & Xiao (2019) proposed a classification model highlighting
normal, L, and R symbols, chosen for their relatively abundant data among various symbols
in the MIT-BIH dataset.

Therefore, this article aims to improve classification performance across all classes of
arrhythmias, mitigate data imbalance issues, and address segmentation and classification
within a single framework using a deep learningmodel. The following points are emphasized
through this article.

• By classifying arrhythmias using the comprehensive AAMI classification system rather
than the narrower MIT-BIH subclassification scheme, the arrhythmia classification
model can be generalized.
• Due to the nature ofmedical data, there is an imbalance in the data for each classification.
Therefore, this article proposes a model that shows balanced performance across
all classes by comparing arrhythmia classification models that apply augmentation
techniques using machine learning and deep learning.
• The performance of arrhythmia classification is compared by applying the method used
R-peak label to segment the heartbeat into one unit and the method that automatically
segments the heartbeat through waveform analysis. The automated segmentation model
is a straightforward end-to-end model that performs segmentation and classification
with a single network. Therefore, this model can help improve performance by sharing
the same features across multiple stages.
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RELATED WORK
ECG classification analysis
Studies on arrhythmia classification through ECG analysis algorithms can be categorized
into twomain groups: methods based on pattern recognition of PQRSTwaves andmethods
employing deep learning models. Table 2 represents the arrhythmia classification models
within these two primaries groups.

PQRST-waves pattern recognition model
The continuous MIT-BIH dataset composed of multiple heartbeats is segmented into
individual heartbeats for arrhythmia classification purposes. These segmented waveforms
consist of PQRST waves, with the features of each waveform being utilized for diagnosing
arrhythmias. In Table 2, Faziludeen & Sabiq (2013) utilized the Pan-Tompkins algorithm
(Pan & Tompkins, 1985) to detect the QRS complex. Subsequently, 25 features were
extracted from the QRS complex by applying the Daubechies four wavelet, which
included the mean, variance, standard deviation, the maximum and minimum of the
detail coefficient, as well as approximation coefficient. Additionally, the R-R interval
(RRI) was employed as a feature for classifying normal, LBBB (L), and PVC (V) using
a support vector machine (SVM), achieving an accuracy of 98.95% (Faziludeen & Sabiq,
2013). Senapati, Senapati & Maka (2014) conducted classification of five arrhythmia classes
using the scaled conjugate gradient (SCG) algorithm, employing RRI, QRS interval, and
morphological features of QRS and T waves as input. The achieved accuracy was 96.2%,
with a sensitivity of 96.5%. However, it was noted that the classification performance
for the S class was lower compared to other classes due to the limited amount of train
data. In Cho et al. (2015), nine patterns were defined based on the amplitude and phase
of the QRS. By employing these nine patterns to classify six arrhythmias, a detection rate
of 93.72% was achieved. Li & Zhou (2016) employed wavelet packet entropy (WPE) of
the QRS complex and the RRI as features. Random forest (RF) was then utilized for the
classification of N, S, V, F, and Q classes, achieving an accuracy of 94.61%. Additionally,
Yang & Wei (2020) utilized the Pan-Tompkins algorithm to extract the QRS complex. To
identify the P wave, the QRS complex was utilized, and features were extracted from the
maximum amplitude. Additionally, the visual morphological pattern of QRS complex
(VMP-QRS) algorithm was employed to extract visual features from the data, while
the adaptive K-means clustering (AKMC) algorithm was utilized to analyze the features
of the data through clustering. Various models including neural networks, radial basis
function based support vector machine (RBF-SVM), and K-nearest neighbor (KNN)
were employed for the classification of the fifteen arrhythmias. Yang & Wei (2020) noted
that the proposed models demonstrated improved performance in automated arrhythmia
classification techniques, although their emphasis on visual patterns posed a limitation. It is
worth mentioning that most of the research articles on pattern recognition for arrhythmia
classification predominantly focus on morphological patterns.
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Table 2 Arrhythmia classification models using ECG data.

Method Reference Features Class Classifier ACC (%)

AAMI Class MIT-BIH Class

Faziludeen & Sabiq, 2013 Features of wavelets of each beat (mean,
variance, standard deviation, minimum
and maximum of detail coefficients and of
approximation coefficients), RRI

– Normal, L, V SVM 98.95

Pattern
Recognition Senapati, Senapati & Maka, 2014 RRI, QRS Interval, QRS & T-wave mor-

phology
N, S, V, F, Q – SCG 96.20

Cho et al., 2015 Q, Q, R, r , R, Ŕ, S, s – Normal, V, A, L, R, Paced
beat

QRs, QRS, RS, rS, R, r , R or
r , Q R, R Ŕ

93.72

Li & Zhou, 2016 QRS Wavelet packet entropy, RRI N, S, V, F, Q – RF 94.61

Yang & Wei, 2020 Amplitude, Interval, Duration, Visual
morphological pattern-QRS

– Normal, L, R, e, j, A, a, J, S,
V, E, F, P, f, Q

KNN 97.70

Ochiai, Takahashi & Fukazawa, 2018 – S, V – CDAE 96.85Deep Learn-
ing Rana & Kim, 2019 – – Normal, L, R, A, V LSTM 95.00

Xu, Jeong & Li, 2020 – N, S, V, F, Q – CNN +BiLSTM 95.90

Qiu et al., 2021 – N, S, V, F – Faster R-CNN 95.68

Anis & Sharma, 2022 – N, S, V, F, Q – CNN 96.60
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Deep learning model
Classifying arrhythmias through pattern recognition poses challenges due to the substantial
differences in ECG signals among patients. Consequently, it has become commonplace to
employ deep learning models for feature extraction (Liu et al., 2021). Ochiai, Takahashi
& Fukazawa (2018) utilized a convolutional denoising autoencoder (CDAE) model,
incorporating a convolution layer into a denoising autoencoder (DAE), for the classification
of two arrhythmia classes. However, the outcomes revealed a notably lower sensitivity
and positive predictive value for the S class. The reason for this limitation was that the
number of training data for S class was relatively small compared to other classification
classes. Rana & Kim (2019) proposed a long short term memory (LSTM) model to classify
the normal, LBBB (L), RBBB (R), Atrial Premature (A), and PVC (V) classes with
95% accuracy. Xu, Jeong & Li (2020) employed a transfer-learned convolutional neural
network+bidirectional long short term memory (CNN+BiLSTM) classification model
with the 2017 PhysioNet/CinC Challenge dataset. The model achieved an accuracy of
95.9% in classifying five AAMI arrhythmia classes: N, S, V, F, and Q. Qiu et al. (2021)
employed the synthetic minority oversampling technique (SMOTE) to augment the data
and showed improved performance in arrhythmia classification using the Faster R-CNN
model. Anis & Sharma (2022) demonstrated that the CNN model surpassed previous
techniques in terms of classification accuracy and efficiency for N, S, V, F, and Q classes.

Comparing the articles that classified AAMI arrhythmia classes in Table 2, it can see
that the accuracy of arrhythmia classification models using deep learning is relatively
high compared to the accuracy of pattern recognition. Therefore, the performance of
deep learning arrhythmia classification methods is better than that of pattern recognition
methods. This study evaluates the performance of the ECG classification model against two
models, MobileNetV2 and the transformer, which have demonstrated strong performance
among various deep learning architectures.

MobileNetV2 (Sandler et al., 2018), introduced by Google, represents a lightweight
residual CNN architecture predominantly utilized in mobile and embedded systems.
Its distinction from traditional CNN architectures lies in the adoption of depthwise
separable convolutions, enabling the computation of convolutions with a substantially
reduced parameter count. This method involves executing depthwise convolutions, which
apply a filter to each input channel for capturing spatial features, followed by pointwise
convolutions that aggregate the depthwise convolution outputs through 1x1 convolutions.
Furthermore, MobileNetV2 innovates with the introduction of the inverted residual
structure, which serves to diminish computational load while improving accuracy. This
structure is composed of two block types: those with a stride of 1, mirroring residual blocks
in preserving feature map dimensions and facilitating learning, and those with a stride
of 2, which halve the feature map size, aiding in the model’s efficiency. Consequently,
MobileNetV2, despite its efficiency-oriented design, achieves notable performance.

The transformer model, which overcomes the long-term dependency issues inherent in
recurrent neural networks (RNNs), is a Sequence-to-Sequence model that has served as
the foundation for revolutionary advances in the field of natural language processing. It is
composed of encoders and decoders that utilize the attention mechanism (Vaswani et al.,
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2017). The attention mechanism calculates the importance of different positions from each
position in the input, considering their relationships. The calculation process of attention
is as given in Eq. (1).

Attention(Q,K ,V )= softmax(
QKT
√
dk

)V . (1)

The symbols Q, K , and V denote the constructs of query, key, and value, respectively,
with each being matrices derived from the multiplication of the input matrix X by the
corresponding weight matrices WQ

i ,W
K
i ,W

V
i . The dk refers to the dimension of the key

vector. Calculation of the attention score is achieved through the dot product between theQ
and K matrices, followed by division by

√
dk to facilitate stable gradient computation. The

attention distribution is then determined using the softmax function, and this distribution
is subsequently applied to the V matrix to generate the attention matrix. Through the
attention matrix, features from positions of highest importance at each location of the
same input can be extracted. The transformer model can be utilized as a classifier by adding
a linear layer to the trained encoder. Consequently, the employment of the attention
mechanism enables the transformer to efficiently capture dependencies across all positions,
with the benefit of parallel computation facilitating a substantial reduction in training.

Data augmentation
Data augmentation is a technique that generates new data by reflecting the characteristics of
the original dataset. In case ofmedical data, collecting data for training deep learningmodels
is challenging due to issues such as privacy concerns and variations in disease incidence
rates. Moreover, class imbalance can compromise the performance of classification models
and lead to overfitting problems in deep learningmodels. Consequently, data augmentation
methods are being developed to mitigate these challenges (Wen et al., 2021). For the data
used in this article, the N class constitutes 56% of the entire MIT-BIH dataset, in contrast
to the S, V, and F classes, which represent 12%, 29%, and 3%, respectively. Minority
classes, such as the F class, which only comprise 3% of the dataset, can impact classification
performance. Therefore, this manuscript utilizes three augmentation techniques, SMOTE-
Tomek, VAE, and conditional diffusion, to adjust the quantities of the S, V, and F class
data to match that of the N class, thereby achieving dataset balance.

Among the many methods, the reasons for using the three augmentation techniques,
SMOTE-Tomek, VAE, and conditional diffusion, for the following reasons. SMOTE-
Tomek combines the oversampling technique of SMOTEwith the undersampling technique
of Tomek-links. After generating data with SMOTE, Tomek-links is used to remove data,
achieving class balance. VAE is a deep learning augmentation technique that generates
data by training the latent distribution of the data. Therefore, it can augment similar data
by extracting the features of the latent vectors. Conditional diffusion, an image generative
model, trains the features of the data by adding noise to the data and then reconstructing
the original data in the process.
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SMOTE-Tomek
SMOTE-Tomek is an augmentation method that employs both SMOTE (Chawla et al.,
2002) oversampling and Tomek-links undersampling techniques. SMOTE generates data
for the minority classes by utilizing the nearest neighbor algorithm. On the other hand,
Tomek-links are used to remove data from the majority class that exists in pairs at
the boundary between the majority and minority classes. Consequently, SMOTE-Tomek
adjusts class balance by generating datawith SMOTE and removing data using Tomek-links.

SMOTE was applied to the MIT-BIH arrhythmia dataset by Pandey & Janghel (2019)
to perform oversampling. Subsequently, a classification of five arrhythmia classes was
conducted using an 11-layer deep CNN model. The accuracy of the classification model
trained on the augmented data showed an improvement of 2.26% compared to the CNN
classifier trained on the original dataset. This indicates that using data augmented by
SMOTE can enhance the model’s classification performance. The MIT-BIH arrhythmia
dataset was augmented using SMOTE by Xiaolin, Cardiff & John (2020), followed by the
classification of N, S, V, F, Q classes using a one-dimension CNN. Compared to the
classifier trained on the imbalanced dataset, the performance of the classifier trained on
the balanced dataset exhibited a decrease in accuracy by 1%, specificity by 1.54%, precision
by 6.89%, and F1 score by 2.48%. However, an improvement of 2.09% was observed in
sensitivity.

VAE
VAE (Kingma &Welling, 2022) is a model designed to learn the distribution of data in
order to generate similar data. It comprises an encoder and a decoder. The structure of
the VAE utilized in this study is depicted in Fig. 1. In this study, the input to the VAE is a
segment of a one-dimension ECG signal. This representation has the dimension of (500,1),
since the signal has been segmented to represent a single heartbeat. In a VAE, the encoder
plays a crucial role in estimating the distribution of the data. It estimates a latent vector
containing the mean (µ) and variance (σ 2) parameters of the input data distribution. These
parameters are assumed to follow a Gaussian distribution. The decoder in a VAE uses latent
vectors to learn to approximate the distribution of the data while reconstructing to the
input data. The encoder in a VAE employs convolution to train the distribution of the
input data. Consequently, the encoder approximates the distribution of the latent vector,
denoted as z, given the input data x. This latent vector z represents the mean and variance
of the input data. Subsequently, the decoder utilizes the latent vector and convolution to
reconstruct the input data. It is important to note that the decoder is symmetric to the
encoder in the VAE architecture. The loss function is equal to Eq. (2).

Loss=Eqφ(z|x)[log(p(x|z))]−KL(qφ(z|x)||p(z)). (2)

The first term corresponds to the reconstruction loss, while the second term corresponds to
the Kullback–Leibler Divergence (KLD). The reconstruction loss measures the difference
between the input data and the reconstructed data. KLD is a function that approximates
the probability distribution of an idealized latent variable and the probability distribution
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Figure 1 The architecture of the proposed VAEmodel.
Full-size DOI: 10.7717/peerjcs.2299/fig-1

of an estimated latent variable. Consequently, during training, the model is optimized
towards minimizing the overall loss function, which encompasses both the reconstruction
loss and the KLD. This optimization process ensures that the model trains to accurately
reconstruct the input data while also appropriately modeling the latent space distribution.

To evaluate the performance of the VAE model, the test data, 10% of the total dataset,
was used to calculate the average cosine similarity per class. The test data was fed into the
trained VAE model, and the decoder was used to reconstruct the data. Subsequently, the
cosine similarity between the reconstructed data and the original data was then calculated.
The obtained cosine similarity values were 0.99 for the S class, 0.99 for the V class, and
0.99 for the F class. Higher cosine similarity values indicate greater similarity between the
original and reconstructed data, suggesting that the VAE model effectively estimated the
distribution of the data.

Kuznetsov et al. (2021) used VAE in the Lobachevsky University Electrocardiography
Database (LUDB) to generate an ECG for a single heartbeat. Kuznetsov et al. (2021)
presented a VAE model that outputs two 25-dimension vectors from the encoder and
inputs them to the decoder. The maximum mean discrepancy value used as an evaluation
metric for VAE is 3.83 × 10−3. Kuznetsov et al. (2021) stated that their proposed model is
relatively lightweight, but it cannot generate the entire ECG sequence.

Conditional diffusion
Diffusion (Ho, Jain & Abbeel, 2020) is a generative model that trains the data distribution
through a forward process, adding Gaussian noise to the initial data x0, and a reverse
process, eliminating the noise from the Gaussian-noised data xT , thus reconstructing it to
the original data x0, as illustrated in Fig. 2. Given that the forward and reverse processes
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Figure 2 Conditional diffusionmodel for ECG synthesis.
Full-size DOI: 10.7717/peerjcs.2299/fig-2

are defined as a Markov chain, there exists the capacity to progressively add and remove
noise from the data.

Considering the data xt−1 in the forward process, Eq. (3) illustrates the procedure
of adding Gaussian noise and subsequently computing the data xt at the timestamp. In
Eq. (3), βt is the variance schedule. Using βt in Eq. (3), defining αt = 1−βt ,ᾱt =5t

i=1βt ,
Eq. (3) can be expressed as Eq. (4). Equation (4) signifies the ability to directly compute
xt , by adding Gaussian noise to the original data x0. Through iterative application of the
reparameterization trick to Eq. (4), the noise can be calculated, as demonstrated in Eq. (5).

q(xt |xt−1) :=N (xt ;
√
1−βtxt−1,βt I) (3)

q(xt |x0)=N (xt ;
√
ᾱtx0,(1− ᾱt )I) (4)

xt =
√
ᾱtx0+

√
1− ᾱtε ε∼N (0,I). (5)

In the reverse process, the process of reconstructing the original data x0 with noise xt
that follows a Gaussian distribution is shown in Eq. (6).

pθ (xt−1|xt ) :=N (xt−1;µθ (xt ,t ),6θ (xt ,t )). (6)

As the reverse process requires training, the loss function is equivalent to Eq. (7).

Lsimple(θ) :=Et ,x0,ε[||ε−εθ (
√
ᾱtx0+

√
1− ᾱtε,t )||2]. (7)

Equation (7) stands for finding the minimizing KLD between the the probability
distribution of the actual reverse process and the probability distribution of the denoised
xt−1 given xt as input to the U-Net model.

In this study, one-dimension ECG sequence data was reshaped into two-dimensions and
used as input to the diffusion model. Subsequently, the denoising diffusion probabilistic
model (DDPM) was trained as a convolution-based U-Net model. The data, generated in
two-dimensions through the reverse process of diffusion, reshaped into one-dimension for
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classification purposes. Diffusion’s U-Net architecture (Ronneberger, Fischer & Brox, 2015)
encompasses a contracting path, an expanding path, and a bridge. The contracting path
employs convolution and pooling operations on input data to acquire context. In contrast,
the expanding path utilizes features extracted from the contracting path to capture details,
incorporating convolution and upsampling operations. Ultimately, the bridge facilitates the
connection of features obtained from both the contracting and expanding paths, thereby
enhancing overall performance.

Given the morphological similarity observed in certain classes of ECG data, it becomes
imperative to generate data that effectively encapsulates the distinctive features of each
class. Thus, this study applies classifier-free guidance (Ho & Salimans, 2022) as a means
to generate data. Classifier-free guidance facilitates the training process of DDPM by
incorporating class label information. The mechanism of classifier-free guidance is
represented by Eq. (8).

ε̃θ (zλ,c)= (1+ω)εθ (zλ,c)−ωεθ (zλ) (8)

In Eq. (8), εθ (zλ,c) represents a conditional diffusion model with class labels as input
and εθ (zλ) means an unconditional diffusion model that trains without class labels and ω
is the weight value. Consequently, the reverse process is acquired through the interpolation
of the conditional diffusion model and the unconditional diffusion model. In summary,
this study employs class labels as input and employs U-Net to learn the data distribution.
Subsequently, data from classes S, V, and F are sampled based on the number of N class
data. To evaluate the performance of the conditional diffusion model, the test data, which
is 10% of the total dataset, was used to calculate the average cosine similarity per class. In
this case, the cosine similarity was calculated using the actual noise and the noise predicted
by the model. The obtained cosine similarity values are as follows: 0.989 for the S class,
0.992 for the V class, and 0.997 for the F class. These results indicate that the conditional
diffusion model successfully learned the data distribution.

IMPLEMENTATION
The process by which themodel is trained to classify arrhythmias from ECG data is depicted
in Fig. 3. The MIT-BIH dataset, characterized by the presence of baseline noise, so the
preprocessing to eliminate this noise is required. Additionally, the dataset is comprised of
30 min of continuous data, necessitating segmentation into individual heartbeats. These
segments are subsequently augmented, followed by the classification of arrhythmia classes.
In this section, this research describes the data characteristics and preprocessing methods,
and then describes the segmentation, augmentation, and classification methods based on
how the heartbeats are segmented.

ECG dataset & preprocessing
The data used in this study originates from the MIT-BIH arrhythmia dataset (Goldberger et
al., 2000; https://physionet.org/content/mitdb/1.0.0/), comprising 30 min long ECG records
extracted from47 individualsmonitored continuously over a 24 h. Each recordwas sampled
at a frequency of 360 Hz and included both a modified limb lead II (MLII) and a modified
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Figure 3 Flow of arrhythmia classification models using ECG data.
Full-size DOI: 10.7717/peerjcs.2299/fig-3

lead V1 (occasionally V2 or V5, V4) measured using chest electrodes. For the purposes of
analysis, only the MLII data was utilized. The R-peak and arrhythmia labels were obtained
from Physionet and were curated by two cardiologists. Records 102, 104, 107, and 217 were
excluded in accordance with AAMI standard (Association for the Advancement of Medical
Instrumentation, 1998). Additionally, due to sparse data, the Q class data was excluded, and
this study focused on classifying four distinct arrhythmia classes: N, S, V, and F.

When acquiring ECG signals, the MIT-BIH dataset often contains noise due to factors
such as human movement or machine voltage fluctuations, necessitating preprocessing
procedures (Dasan & Panneerselvam, 2021). In this study, the butterworth filter is applied
in accordance with the approach detailed in Qiu et al. (2021) to mitigate machine voltage-
induced noise effectively. Also, ECG signalsmay exhibit varying amplitudes among different
subjects. To achieve stable and consistent learning, min-max normalization was utilized,
where each sample’s amplitude was rescaled to encompass the 0 to 1 range. Subsequently,
all the data collected for this study performed the previously mentioned preprocessing
procedures.

Proposed ECG segmentation models
Among the diverse arrhythmias, premature contraction arrhythmias are distinguished by
a narrow RRI within the ECG signal. Consequently, dividing the heartbeat into specified
segment lengths may encompass patterns of heartbeats directly before or after the current
heartbeat. Such segmentation serves as a potential feature for classifying premature
contraction arrhythmias, yet it may pose challenges for learning algorithms. Therefore, this
article compares an annotation-based segmentationmodel, which uses R-peaks provided in
the MIT-BIH dataset, with an automated segmentation model that uses the Faster R-CNN
deep learning framework.

Annotation-based segmentation model
The structure of the model that performs annotation-based segmentation and classifies
arrhythmias is shown in Fig. 4. In the MIT-BIH dataset, the R-peak label of each heartbeat
is mapped. The study was divided into separate segments between 0.25 s before and 0.83 s
after the mapped R-peak. The MIT-BIH dataset already provides arrhythmia labels for
each R-peak, facilitating our use of this data for augmentation. To address imbalance,
this research generated additional segment data for the imbalanced classes S, V, and F to
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Figure 4 Structure of annotation-based segmentationmodel.
Full-size DOI: 10.7717/peerjcs.2299/fig-4

equalize them with the N class using augmentation techniques such as SMOTE-Tomek,
VAE, and conditional diffusion. This augmented data was then merged with the original
dataset to create a comprehensive training dataset. Subsequently, the dataset was then
trained to classify four arrhythmia classes using MobileNetV2 and the transformer models.
The specifics of the arrhythmia classification process are further elaborated in classification
section.

Automated segmentation model
Figure 5 presents the configuration of the model designed for automated segmentation
employing deep learning frameworks. This model was implemented the Faster R-CNN
architecture, similar to that described in Qiu et al. (2021), although certain parameters
were adjusted to meet the constraints of the experimental setup. The preprocessing
procedure adopted for this automated segmentation model is consistent with that of the
annotation-based segmentation model.
The first step of the automated segmentation model is ‘‘Feature Extraction’’, which is a

step to train the features of the classes to extract the feature weights of the model. The Faster
R-CNN model facilitates object detection by leveraging a detailed feature map of the data.
Consequently, for effective ECG classification, it is essential to derive a feature map that
adequately represents the data’s attributes. In this study, the ‘‘Feature Extraction’’ process,
indicated by the green dotted line in Fig. 5, is designed to extract themodel’s feature weights
for the purpose of training the characteristics of the arrhythmia classes N, S, V, and F. The
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Figure 5 Structure of automated segmentationmodel.
Full-size DOI: 10.7717/peerjcs.2299/fig-5

segmentation framework, forming the backbone of our approach, utilizes R-peaks on the
preprocessed data to produce segments for each class. Since class imbalance is prevalent,
Backbone Augmentation is performed to generate additional segments, using methods
such as SMOTE-Tomek, VAE, and conditional diffusion to augment the representation
of the minority classes. Fundamentally, as illustrated in Fig. 5, Backbone Augmentation is
designed to increase the number of representations of features for imbalanced classes, thus
promoting a more equitable training of features. After this augmentation, the backbone
process uses MobileNetV2 to deepen the learning and refinement of each class’s features.
As a result, the ‘‘Feature Extraction’’ step is a collection of trained weight values, which is
the basis for the next segmentation step.

The second step of the automated segmentation model is ‘‘Segmentation’’. The
‘‘Segmentation’’ process plays a crucial role in Faster R-CNN by predicting the regions
where objects are located. This process leverages data from consecutive beats and labeled
information to calculate a feature map through the application of a pretrained backbone.
This procedure generates anchor boxes of different predefined sizes for predicting the
regions containing objects. The next step is to execute a region proposal network (RPN),
which is responsible for calculating the probability of object presence for each anchor box
and adjusting the coordinates of the box using a bounding box regressor. The process
can extract candidate regions using anchor boxes and object presence probabilities and
bounding box regressors. This is the process of learning anchor boxes to better detect the
location of objects. Since arrhythmias are caused by the heart beating irregularly and the
length of each heartbeat is not constant, Faster R-CNN can effectively segment candidate
regions. Using the feature map extracted by the Backbone network and the predicted
candidate regions, select the anchor boxes with a high probability of object presence. This
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process is called region of interest (ROI). However, since the ROIs are not uniform in size,
training requires the next step: Region Pooling.

The third step is ‘‘Region Pooling’’, which equalizes the size of the data for training.
Owing to the variability in segment sizes across different types of arrhythmias, the
dimensions of the predicted ROI are not constant and it is important to standardize the
size of the input data for effective classification of arrhythmia classes with deep learning.
Consequently, ‘‘Region Pooling’’ is necessary to normalize the segments of varying sizes.
‘‘Region pooling’’ is the technique of transforming the feature map of an ROI into a
fixed-size vector through max pooling. In our study, max pooling was employed on the
ROIs within the feature map generated by the backbone process, ensuring uniformity in
ROI sizes. In other words, the feature map of the ROI was segmented into small, fixed-size
windows, withmax pooling applied to each window. This approach effectively standardized
the feature map dimensions while preserving only the most significant features from the
ROIs of disparate sizes, thus maintaining a consistent feature map size.

The fourth step is the ‘‘Classification’’ step, which is the model that classifies arrhythmias
into the red areas in Fig. 5. The outcome of ‘‘Region Pooling’’ is just dividing the
preprocessed data into segments of uniform size. The MIT-BIH dataset is inherently
imbalanced, exhibiting significant class imbalances. To address this issue, Feature
Augmentation is conducted utilizing techniques such as SMOTE-Tomek, VAE, and
conditional diffusion. Subsequently, a train dataset that integrates both the augmented and
original data is employed in conjunction with CNN and the transformer models to classify
the arrhythmia classes N, S, V, and F. Further details on the classification of arrhythmias
are provided in classification section.

ECG augmentation
The original in Fig. 6 illustrates the outcomes of augmented data corresponding to each
class in the original dataset, representing the data employed for training. The generated
waveforms for classes S, V, and F using augmentation techniques such as SMOTE-Tomek,
VAE, and conditional diffusion are presented. In Fig. 6, it can be observed that, within
the S class, all three augmentation techniques successfully preserved the morphological
features while eliminating P-waves. Similarly, for class V, these techniques consistently
yielded waveforms characterized by reduced S-wave. Moreover, in the case of the F
class, the generated heartbeats displayed reduced amplitude in their T-waves across all
augmentation techniques. However, it is important to note that the data generated by
VAE exhibited noise at the onset of both the S and F classes. The limitation observed here
pertains to the VAE augmentation model. Nonetheless, it is noteworthy that the noise
pattern bears resemblance to the artifacts induced by motion during ECG measurements,
suggesting the potential for training a noise-robust arrhythmia classification model.
Furthermore, the data generated by the conditional diffusion model displayed lower
T-wave amplitudes in comparison to the original data, which means that it generated
more diverse data. Consequently, it is significant that all three augmentation techniques
successfully maintained the morphological features of each class.
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Figure 6 ECG data generated using augmentation techniques for each classification.
Full-size DOI: 10.7717/peerjcs.2299/fig-6

ECG classification model
In this study, the segmentation of the MIT-BIH arrhythmia dataset into individual
heartbeats was carried out in the Augmentation section, encompassing both annotation-
based segmentation and automated segmentation models. Following the segmentation
process, segmented data were generated using SMOTE-Tomek, VAE, and conditional
diffusion augmentation methods. Within the annotation-based segmentation model, the
segments were categorized into four classes, namelyN, S, V, and F, employingMobileNetV2
and the transformer models. Meanwhile, the automated segmentation model utilized CNN
and the transformer models to classify the segments into four arrhythmia classes.

MobileNetV2 was used because it is a lightweight model that achieves high performance
while using minimal memory. It also has residual layers, which makes training more stable.
CNN is a model with proven performance that has been widely used in studies using time
series data as well as image data. Therefore, CNN was used because it provides a baseline
against which our findings can be compared to existing research. One of the main goals
of this study is to experiment with and analyze the effectiveness of data augmentation
techniques, and CNN is a suitable model to achieve this goal. The reason for using the
transformer model as a classifier is that it has shown breakthrough performance in the field
of language, a formof time series data.Moreover, it has the advantage of being parallelizable,
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Table 3 ProposedMIT-BIH classification models.

Models Segmentation Classification Augmentation

Model 1 –
Model 2 SMOTE-Tomek
Model 3 VAE
Model 4

MobileNetV2

Conditional diffusion
Model 5 –
Model 6 SMOTE-Tomek
Model 7 VAE
Model 8

Annotation-
based

Transformer

Conditional diffusion
Model 9 –
Model 10 SMOTE-Tomek
Model 11 VAE
Model 12

CNN

Conditional diffusion
Model 13 –
Model 14 SMOTE-Tomek
Model 15 VAE
Model 16

Automated

Transformer

Conditional diffusion

which allows it to process large amounts of data quickly. Therefore, a comparative analysis
of the 16 models for arrhythmia classification is presented in Table 3.

Models 1–8 utilized the annotation-based segmentation technique, while Models 9–16
adopted the automated segmentation approach.WithinModels 1–4, the segments obtained
from annotation-based segmentation were classified using MobileNetV2, and Models 5–8
utilized the transformer for classification. On the other hand, Models 9–12, the segments
obtained from automated segmentation were categorized using CNN, and Models 13–16
were classified using the transformer. The choice of using CNN as a classifier for Models
9–12 in the automated segmentation process was influenced by the need for a more
lightweight model, given the constraints of the experimental environment.

Figure 7A shows the CNN and Fig. 7B visualizes the structure of the transformer classifier
from Table 3. The CNN classifier took as input the features after region pooling. Features
were extracted using one-dimension convolution with a kernel size of 3. In this case, stride
was set to 1 to generate a detailed feature map, and the padding parameter was set to 1 to
keep the size of the output the same as the input. Then, batch normalization layer and ELU
activation function were added to stabilize the training. This process was repeated once
more, followed by the addition of a dropout layer to prevent overfitting. Furthermore,
convolution was used to extract deeper features from the data, and average pooling was
employed to extract balanced features. Finally, a fully connected layer was used to classify
the data into one of the four classes.

The input to the proposed the transformer classifier, input embedding, is the feature after
region pooling. The input to the encoder is the input embedding added to the positional
encoding. The model included a multi-head attention with four heads and a position-wise
feed forward network, and this encoder block was repeated three times in total. After

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 17/27

https://peerj.com
http://dx.doi.org/10.7717/peerj-cs.2299


Figure 7 The detailed structures of the CNN and transformer classifiers.
Full-size DOI: 10.7717/peerjcs.2299/fig-7

applying one-dimension convolution to the encoder’s output to extract detailed features,
the model finally classified the data into one of the four classes using a fully connected
layer.

RESULT
In this research, the proposed models were implemented using PyTorch version 1.8.0
and dual NVIDIA GeForce RTX 3090 Ti GPUs. The Adam optimizer was used with a
learning rate of 0.001 and a batch size of 240. All models were trained for 100 epochs. The
MIT-BIH dataset was randomly split into 80% train data, 10% validation data, and 10%
test data. Data augmentation was performed using only the train data, and the augmented
data was combined with the original train data to construct the final train dataset for
the experiments. Precision, sensitivity, F1 score, and accuracy were used to evaluate the
performance of the arrhythmia classification models.

Table 4 presents a summary of the arrhythmia classification outcomes derived from
methods that use annotation-based segmentation, as introduced within the models
proposed in this research. In Table 4, the F1 scores for the minority classes S, V, and
F were observed to be highest in Model 4. This evidence supports the conclusion that
the conditional diffusion model is effective in mitigating class imbalance and enhancing
the performance of arrhythmia classification. This is in the same context as articles
(Pandey & Janghel, 2019; Kuznetsov et al., 2021; Hairani, Anggrawan & Priyanto, 2023;
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Table 4 Comparison of classification performance with annotation-based segmentationmodel. The highest performance on each metric for
each class is indicated in bold.

Model \ Classification N S V F

PPV SEN F1 PPV SEN F1 PPV SEN F1 PPV SEN F1 ACC

Model 1 98.22 97.66 97.94 92.46 93.69 93.07 97.63 97.91 97.77 87.50 89.74 88.61 97.01
Model 2 98.62 96.03 97.31 85.55 96.35 90.63 97.52 93.30 95.36 67.39 93.59 78.50 95.21
Model 3 98.57 97.59 98.08 93.73 94.35 94.04 97.51 98.32 97.91 80.95 87.18 83.95 97.09
Model 4 98.93 95.68 98.79 94.68 94.68 94.68 98.20 98.88 98.54 90.91 89.74 90.32 97.97
Model 5 98.37 98.51 98.44 95.86 82.36 94.08 97.26 99.16 98.20 91.78 85.90 88.74 97.57
Model 6 98.65 98.23 95.44 93.44 94.68 94.06 98.18 97.91 98.04 84.15 88.46 86.25 97.41
Model 7 98.09 98.09 98.09 92.43 93.36 92.89 97.90 97.77 97.83 86.84 84.62 85.71 97.01
Model 8 97.95 98.16 98.05 94.52 91.69 93.09 97.65 98.46 98.05 84.62 84.62 84.62 97.05

Yamasaki et al., 2023) that apply augmentation techniques to medical data to improve
the performance of classification metrics. In Table 4, the average F1 scores for Models 1
through 4, which utilize MobileNetV2 as the classifier, were recorded at 94.35%, 90.45%,
93.5%, and 95.58%, respectively. This indicates that, in comparison to Model 1, which was
trained on the original dataset, Model 4 exhibits a performance enhancement of 1.23%.
The average F1 scores for Models 5 to 8, which utilize the transformer model as their
classifier, were recorded at 94.87%, 94.2%, 93.63%, and 93.45%, respectively. While Model
5 registered the highest F1 score among Models 5 through 8, a comparative analysis of
Models 1 through 8 revealed that Model 4 exhibited the best performance. Similarly, Model
4 also achieved the highest accuracy across all classes. This implies that Model 4 enhanced
its classification efficacy due to the classification model’s capability to assimilate the data
generated through understanding the distribution of minority class data via conditional
diffusion. Consequently, within the annotation-based segmentation models, Model 4
demonstrates superior performance in classifying with MobileNetV2, attributed to the
learning from data augmented by conditional diffusion.

Table 5 summarizes the arrhythmia classification results of the automated segmentation
model among the proposedmodels in this article. Model 10 represents that modifies certain
parameters from the model presented in Qiu et al. (2021). Initially, the average F1 scores
for Models 9 to 12 were recorded at 82.9%, 26.86%, 61.57%, and 81.92%, respectively.
Conversely, the average F1 scores for Models 13 to 16 were 90.16%, 90.66%, 88.06%,
and 88.45%, respectively. Upon examination of these results, it is evident that Model
14 achieves the highest performance, particularly when trained on data augmented with
SMOTE-Tomek and utilizing the transformer for classification.

In addition, this study aims to compare and analyze the models using accuracy metrics.
Comparing the transformer-based classifiers Model 5-8 and Model 13-16, automated
segmentation models showed superior accuracy over annotation-based segmentation
models. This means that models that perform object detection and classification
simultaneously have a positive impact on classification performance. Qiu et al. (2021)
achieved 95.68% accuracy in arrhythmia class classification using the SMOTE-Tomek
technique for data augmentation and the Faster R-CNN model. Model 12 proposed
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Table 5 Comparison of classification performance with automated segmentationmodel. The highest performance on each metric for each class
is indicated in bold.

Model \ Classification N S V F

PPV SEN F1 PPV SEN F1 PPV SEN F1 PPV SEN F1 ACC

Model 9 99.03 99.29 99.16 89.25 82.16 85.56 94.83 96.02 95.42 87.32 36.47 51.45 98.25
Model 10 100 1.64 3.22 81.07 52.07 63.42 93.69 25.10 39.59 0.61 100 1.20 6.59
Model 11 99.80 76.87 86.84 12.34 95.78 21.86 93.28 94.99 94.13 29.10 85.71 43.44 79.19
Model 12 99.05 98.05 98.55 59.15 88.55 70.92 99.23 87.99 93.28 58.77 72.52 64.92 96.94
Model 13 99.06 99.56 99.31 89.89 82.34 85.95 98.25 95.25 96.73 81.65 75.88 78.66 98.62
Model 14 99.06 99.46 99.26 89.18 82.55 85.74 97.50 95.85 96.67 85.16 77.19 80.98 98.57
Model 15 98.82 99.53 99.17 91.38 74.14 81.86 96.01 96.01 96.01 80.89 70.27 75.21 98.27
Model 16 98.89 99.46 99.17 86.50 81.39 83.87 97.15 94.54 95.83 81.94 69.01 74.92 98.37

in this study, utilizing conditional diffusion augmentation technique, achieved 98.07%
accuracy in arrhythmia classification. This demonstrates that compared to the SMOTE-
Tomek augmentation technique, conditional diffusion augmentation performs better
in arrhythmia classification. The results of this study suggest that high-quality data
augmentation significantly improves the accuracy of arrhythmia diagnosis and validate the
superiority of the proposed approach.

Next, this research examines the confusion matrix of Model 4, which has the highest F1
score among the 16 models, to understand the problem of our proposed model. As shown
in Table 6, Model 4 struggled with accurately classifying the N and S classes. The reason
for this limitation is the morphological similarity of the two classes. It is judged that the
model did not clearly train the features necessary to distinguish between the two classes.

DISCUSSION
The performance of various augmentation techniques was evaluated to address the
class imbalance. The findings from this evaluation were discussed to explore potential
improvements in ECG classification performance.

Table 7 provides a comparative analysis of the performance between the proposed
approach and existing ECG classification techniques. Zhu et al. (2018) utilized the Pan-
Tompkins algorithm for QRS detection, followed by extracting morphological features
through PCA and DTW. Using the SVM-RBF method, they classified four classes-N,
S, V, and F. Nurmaini et al. (2019) employed a deep auto-encoder (DAE) for feature
extraction and utilized a deep neural network (DNN) to classify 10 arrhythmia types.
Yu (2020) utilized wavelet transform for detecting R-peak and RRI, and employed a
CNN for the classification of four AAMI classes. Rafi & Akthar (2021) implemented a
hybrid approach combining CNN and LSTM networks to enhance classification accuracy.
Shoughi & Dowlatshahi (2021) applied SMOTE to augment the datasets for S and F classes,
subsequently classifying five AAMI classes through CNN-BLSTM. Aphale, John & Banerjee
(2021) applied Daubechies wavelet transform for feature extraction and employed SMOTE
to address class imbalance, using ArrhyNet with a CNN to classify five AAMI classes.
Bhatia et al. (2022) augmented the dataset using SMOTE and introduced a classification
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Table 6 Confusionmatrix with suggested model which is composed of conditional diffusion augmen-
tation, annotation-based segmentation andMobileNetV2 classification (Model 4).

Actual \ Predicted N S V F

N 1392 14 2 3
S 10 285 6 0
V 3 1 708 4
F 2 1 5 70

model with CNN-BLSTM. Upon comparing the models that employ annotation-based
segmentation, as detailed in Table 7, it becomes clear that Model 4, introduced in this
study, exhibits superior performance relative to its counterparts. To analyze the F1 score
of each class in Model 4, we compared the articles in Table 7 with those that applied the
augmentation technique. Model 4 outperformed the S, V, and F classes from Shoughi &
Dowlatshahi (2021) by 7.18%, 2.6%, and 4.96%, respectively. Furthermore, compared to
Aphale, John & Banerjee (2021), it achieved superior results with improvements of 8.68%,
6.54%, and 2.32%. Finally, compared to Bhatia et al. (2022), it achieved higher F1 scores
of 6.77%, 3.07%, and 13.79%.

Through this result comparison, the proposed model showed a significant improvement
in performance, especially in minority classification. This suggests that the conditional
diffusion technique more accurately reflects the distribution of the original data and
generates data that better preserves the features of minority classes. This characteristic
enables the model to better train minority classes, which ultimately leads to a significant
improvement in F1 score. Therefore, this study is significant not only for achieving a
high F1 score but also for paving the way for the development of more accurate and
reliable arrhythmia diagnosis systems. These results indicate that the approach proposed
in this study can be effectively utilized in future medical data analysis and diagnosis system
development.

Subsequently, the models that classified arrhythmias with the automated segmentation
method were compared. Tables 4 and 5 shows that Model 14 performed the best among
the proposed methods. In previous research, Ji, Zhang & Xiao (2019) utilized the Faster
R-CNN framework to identify five specific classes (Normal, LBBB, RBBB, PVC, and FVN)
which represent a subset of the AAMI class. Hwang et al. (2020) employed the YOLO
algorithm to categorize arrhythmias into the classes Normal, LBBB, RBBB, S, and V.
In summary, both models were classified by the class of MIT-BIH symbol, which is a
subclassification system of N, S, V, and F, rather than the classification classes of AAMI.
However, in this study, all data were extensively processed in accordance with the AAMI
class, as opposed to the subset of MIT-BIH classification symbols, and were classified
through automated segmentation. For the arrhythmia classification model to be used as
a supplementary model to deal with the full range of arrhythmia data, it is crucial that it
encompasses a broad range of data, including all diverse classes, rather than focusing on a
model that categorizes a small subset of detailed classes.

The limitations of our study are as follows. Althoughmost classes achieved high F1 scores
in an imbalanced label environment, the classification performance of the F class, which

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 21/27

https://peerj.com
http://dx.doi.org/10.7717/peerj-cs.2299


Table 7 The correspondence between AAMI classes andMIT-BIH arrhythmia classes.

Segmentation Reference Augmentation Class Classifier F1 score (%)

AAMI class MIT-BIH class

Zhu et al. (2018) - N, S, V, F - SVM-RBF 91.14

Nurmaini et al. (2019) - - A, L, N, P, R, V, f, F, !, j DAE+DNN 91.80

Yu (2020) - N, S, V, F - CNN 88.21

Rafi & Akthar (2021) - N, S, V, F, Q - CNN+LSTM 87.40

Shoughi & Dowlatshahi (2021) SMOTE N, S, V, F, Q - CNN-BLSTM 93.45

Aphale, John & Banerjee (2021) SMOTE N, S, V, F, Q - ArrhyNet 93.00

Bhatia et al., (2022) SMOTE N, S, V, F, Q - CNN-BLSTM 91.67

Annotation-
based
model

Model 4 Conditional
Diffusion

N, S, V, F - MobileNetV2 95.58

Ji, Zhang & Xiao (2019) - - Normal, L, R, V, F Faster R-CNN 98.04

Hwang et al. (2020) - - Normal, L, R, S, V YOLO 96.00Automated
model

Model 14 SMOTE-Tomek N, S, V, F - Faster R-CNN-Transformer 90.66

has a smaller amount of data, remained relatively low. While the conditional diffusion
technique contributes to maximizing arrhythmia classification performance, there is a
possibility that the augmented data may be misclassified into other classes, which can
cause confusion during the model training process. Furthermore, these augmentation
techniques may excessively reflect the patterns of the original data, potentially leading to
model overfitting. Although the proposed model demonstrated high performance on the
dataset used in this study, further research is needed to determine if it can lead to the same
performance improvement on other datasets.

CONCLUSION
This study introduces and assesses amodel designed to accurately classify arrhythmias using
the imbalanced MIT-BIH arrhythmia dataset. The proposed arrhythmia classification
model consists of four processes: preprocessing, segmentation, augmentation, and
classification. The preprocessing step involves removing noise and normalizing the
waveform, while the segmentation process refers to dividing the data into units representing
a single heartbeat. In this procedure, annotation-based segmentation and automated
segmentation models are presented. The annotation-based segmentation model employs a
method that segments data using R-peak annotations already provided in the dataset. In
contrast, the automated segmentation model utilizes the Faster R-CNN, a deep learning
framework, for performing segmentation tasks. The automated segmentation model
implements the augmentation of imbalanced data across different classes to achieve more
robust segmentation outcomes. Based on the augmented data, model trained features for
each class. These feature maps were then utilized to generate features of uniform size for
region pooling training, because the segmentation unit size is different when automatically
segmenting. After heartbeat segmentation through either annotation-based or automated
segmentationmethods, augmentation techniques were applied to enhance the classification
performance of minority classes. Augmentation techniques, including SMOTE-Tomek,
VAE and conditional diffusion, have been shown to improve classification performance
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by increasing the volume of training data available for minority classes. In the final step
of classification, the annotation-based segmentation model employed MobileNetV2 and
the transformer as classifiers, while the automated segmentation model utilized CNN
and the transformer for classification purposes. Among the 16 methods proposed, the
annotation-based segmentation model demonstrated superior classification performance
when utilizingMobileNetV2. This enhanced performance was attributed toMobileNetV2’s
learning from data generated by the conditional diffusion model, which was based on
annotation-based segmentation.

The objective of this study is to improve the efficacy of arrhythmia classification models
by integrating all classifications for arrhythmias as specified in the AAMI classification.
Unlike previous research, which typically focused on classification models for certain MIT-
BIH symbols, this study encompasses all classification types across all AAMI categories.
To evaluate our performance against previous studies, we examined both the automated
segmentation method and the annotation-based segmentation method. In the proposed
automated segmentation method, the transformer model, trained on data augmented
with SMOTE-Tomek, exhibited the highest classification performance for datasets
that included various arrhythmia patterns. As a result of comparing the classification
performance of annotation-based segmentation, MobileNetV2, which learned the data
generated by the conditional diffusion model, had the best classification performance.
This study demonstrates that the conditional diffusion augmentation technique can
significantly improve the performance of arrhythmia classification models. In particular,
the improvement of F1 score in the minority class indicates that this technique can
effectively address the data imbalance problem. These achievements can be utilized as
an important basis for the development of various medical data analysis and diagnosis
systems in the future. Future research should conduct additional validation on various
environments and datasets to increase the generalizability of the proposed model. Through
this, we hope to develop more sophisticated and reliable medical data analysis models,
ultimately contributing to the improvement of patient diagnosis and treatment quality.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This research was supported by a National Research Foundation of Korea (NRF) grant
funded by the Korean government (MSIT) (NRF-2022R1F1A1061476). The funders had
no role in study design, data collection and analysis, decision to publish, or preparation of
the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
National Research Foundation of Korea (NRF) grant funded by the Korean government
(MSIT): NRF-2022R1F1A1061476.

Competing Interests
The authors declare there are no competing interests.

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 23/27

https://peerj.com
http://dx.doi.org/10.7717/peerj-cs.2299


Author Contributions
• Jinhee Kwak conceived and designed the experiments, performed the experiments,
performed the computation work, prepared figures and/or tables, authored or reviewed
drafts of the article, and approved the final draft.
• Jaehee Jung conceived and designed the experiments, analyzed the data, performed the
computation work, authored or reviewed drafts of the article, and approved the final
draft.

Data Availability
The following information was supplied regarding data availability:

The data is available at MIT-BIH Arrhythmia Database:
https://physionet.org/content/mitdb/1.0.0;
https://doi.org/10.13026/C2F305.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2299#supplemental-information.

REFERENCES
Anis MT, Sharma V. 2022. Classification of ECG signal using CNN algorithm. In: 2022

International conference on electronic systems and intelligent computing (ICESIC).
Piscataway: IEEE, 185–189 DOI 10.1109/ICESIC53714.2022.9783598.

Aphale SS, John E, Banerjee T. 2021. ArrhyNet: a high accuracy arrhythmia classification
convolutional neural network. In: 2021 IEEE international midwest symposium on
circuits and systems (MWSCAS). Piscataway: IEEE, 453–457
DOI 10.1109/MWSCAS47672.2021.9531841.

Association for the Advancement of Medical Instrumentation. 1998. Testing and
reporting performance results of cardiac rhythm and ST segment measurement
algorithms. ANSI/AAMI EC38 1998:46.

Bhatia S, Pandey SK, Kumar A, Alshuhail A. 2022. Classification of electrocardio-
gram signals based on hybrid deep learning models. Sustainability 14(24):16572
DOI 10.3390/su142416572.

Chawla NV, Bowyer KW, Hall LO, KegelmeyerWP. 2002. SMOTE: synthetic minority
over-sampling technique. Journal of Artificial Intelligence Research 16:321–357
DOI 10.1613/jair.953.

Cho I-S, KwonH-S, Kim J-M, Kim S-J, Kim B-C. 2015. Pattern analysis of personalized
ECG Signal by Q, R, S peak variability. Journal of the Korea Institute of Information
and Communication Engineering 19(1):192–200 DOI 10.6109/jkiice.2015.19.1.192.

Dasan E, Panneerselvam I. 2021. A novel dimensionality reduction approach for ECG
signal via convolutional denoising autoencoder with LSTM. Biomedical Signal
Processing and Control 63:102225 DOI 10.1016/j.bspc.2020.102225.

Faziludeen S, Sabiq P. 2013. ECG beat classification using wavelets and SVM. Piscataway:
IEEE, 815–818 DOI 10.1109/CICT.2013.6558206.

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 24/27

https://peerj.com
https://physionet.org/content/mitdb/1.0.0
https://doi.org/10.13026/C2F305
http://dx.doi.org/10.7717/peerj-cs.2299#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2299#supplemental-information
http://dx.doi.org/10.1109/ICESIC53714.2022.9783598
http://dx.doi.org/10.1109/MWSCAS47672.2021.9531841
http://dx.doi.org/10.3390/su142416572
http://dx.doi.org/10.1613/jair.953
http://dx.doi.org/10.6109/jkiice.2015.19.1.192
http://dx.doi.org/10.1016/j.bspc.2020.102225
http://dx.doi.org/10.1109/CICT.2013.6558206
http://dx.doi.org/10.7717/peerj-cs.2299


Goldberger AL, Amaral LA, Glass L, Hausdorff JM, Ivanov PC, Mark RG, Mietus
JE, Moody GB, Peng C-K, Stanley HE. 2000. PhysioBank, PhysioToolkit, and
PhysioNet: components of a new research resource for complex physiologic signals.
Circulation 101(23):e215–e220 DOI 10.1161/01.CIR.101.23.e215.

Hairani H, Anggrawan A, Priyanto D. 2023. Improvement performance of the random
forest method on unbalanced diabetes data classification using Smote-Tomek Link.
JOIV: International Journal on Informatics Visualization 7(1):258–264.

Ho J, Jain A, Abbeel P. 2020. Denoising diffusion probabilistic models. Advances in
Neural Information Processing Systems 33:6840–6851.

Ho J, Salimans T. 2022. Classifier-free diffusion guidance. ArXiv arXiv:2207.12598.
HwangWH, Jeong CH, Hwang DH, Jo YC. 2020. Automatic detection of arrhythmias

using a YOLO-based network with long-duration ECG signals. Engineering Proceed-
ings 2(1):84 DOI 10.3390/ecsa-7-08229.

Ivora A, Viscor I, Nejedly P, Smisek R, Koscova Z, Bulkova V, Halamek J, Jurak P,
Plesinger F. 2022. QRS detection and classification in Holter ECG data in one
inference step. Scientific Reports 12(1):12641 DOI 10.1038/s41598-022-16517-4.

Ji Y, Zhang S, XiaoW. 2019. Electrocardiogram classification based on faster regions
with convolutional neural network. Sensors 19(11):2558 DOI 10.3390/s19112558.

Kingma DP,WellingM. 2022. Auto-encoding variational bayes. ArXiv arXiv:1312.6114.
Kuznetsov V, Moskalenko V, Gribanov D, Zolotykh NY. 2021. Interpretable feature

generation in ECG using a variational autoencoder. Frontiers in Genetics 12:638191
DOI 10.3389/fgene.2021.638191.

Li T, ZhouM. 2016. ECG classification using wavelet packet entropy and random forests.
Entropy 18(8):285 DOI 10.3390/e18080285.

Liu X,Wang H, Li Z, Qin L. 2021. Deep learning in ECG diagnosis: a review. Knowledge-
Based Systems 227:107187 DOI 10.1016/j.knosys.2021.107187.

Malik J, Devecioglu OC, Kiranyaz S, Ince T, Gabbouj M. 2021. Real-time patient-
specific ECG classification by 1D self-operational neural networks. IEEE Transactions
on Biomedical Engineering 69(5):1788–1801 DOI 10.1109/TBME.2021.3135622.

Manisha , Dhull SK, Singh KK. 2020. ECG beat classifiers: a journey from ANN to DNN.
Procedia Computer Science 167:747–759 DOI 10.1016/j.procs.2020.03.340.

Mathunjwa BM, Lin Y-T, Lin C-H, AbbodMF, Sadrawi M, Shieh J-S. 2022. ECG
recurrence plot-based arrhythmia classification using two-dimensional deep residual
CNN features. Sensors 22(4):1660 DOI 10.3390/s22041660.

Mathunjwa BM, Lin Y-T, Lin C-H, AbbodMF, Shieh J-S. 2021. ECG arrhythmia clas-
sification by using a recurrence plot and convolutional neural network. Biomedical
Signal Processing and Control 64:102262 DOI 10.1016/j.bspc.2020.102262.

Meng L, Ge K, Song Y, Yang D, Lin Z. 2021. Long-term wearable electrocardiogram sig-
nal monitoring and analysis based on convolutional neural network. IEEE Transac-
tions on Instrumentation and Measurement 70:1–11 DOI 10.1109/TIM.2021.3072144.

Nurmaini S, Umi Partan R, CaesarendraW, Dewi T, Naufal RahmatullahM, Dar-
mawahyuni A, Bhayyu V, Firdaus F. 2019. An automated ECG beat classification

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 25/27

https://peerj.com
http://dx.doi.org/10.1161/01.CIR.101.23.e215
http://arXiv.org/abs/2207.12598
http://dx.doi.org/10.3390/ecsa-7-08229
http://dx.doi.org/10.1038/s41598-022-16517-4
http://dx.doi.org/10.3390/s19112558
http://arXiv.org/abs/1312.6114
http://dx.doi.org/10.3389/fgene.2021.638191
http://dx.doi.org/10.3390/e18080285
http://dx.doi.org/10.1016/j.knosys.2021.107187
http://dx.doi.org/10.1109/TBME.2021.3135622
http://dx.doi.org/10.1016/j.procs.2020.03.340
http://dx.doi.org/10.3390/s22041660
http://dx.doi.org/10.1016/j.bspc.2020.102262
http://dx.doi.org/10.1109/TIM.2021.3072144
http://dx.doi.org/10.7717/peerj-cs.2299


system using deep neural networks with an unsupervised feature extraction tech-
nique. Applied Sciences 9(14):2921 DOI 10.3390/app9142921.

Ochiai K, Takahashi S, Fukazawa Y. 2018. Arrhythmia detection from 2-lead ECG
using convolutional denoising autoencoders. In: Proceedings of the KDD, volume 18.
London, UK.

Pan J, TompkinsWJ. 1985. A real-time QRS detection algorithm. IEEE Transactions on
Biomedical Engineering BME-32(3):230–236 DOI 10.1109/TBME.1985.325532.

Pandey SK, Janghel RR. 2019. Automatic detection of arrhythmia from imbalanced
ECG database using CNN model with SMOTE. Australasian Physical & Engineering
Sciences in Medicine 42(4):1129–1139 DOI 10.1007/s13246-019-00815-9.

Qiu X, Liang S, Meng L, Zhang Y, Liu F. 2021. Exploiting feature fusion and long-
term context dependencies for simultaneous ECG heartbeat segmentation and
classification. International Journal of Data Science and Analytics 11:181–193
DOI 10.1007/s41060-020-00239-9.

Rafi SM, Akthar S. 2021. ECG classification using a hybrid deeplearning approach. In:
2021 International conference on artificial intelligence and smart systems. Piscataway:
IEEE, 302–305 DOI 10.1109/ICAIS50930.2021.9395897.

Rana A, Kim KK. 2019. ECG heartbeat classification using a single layer lstm model.
In: 2019 International soc design conference (ISOCC). Piscataway: IEEE, 267–268
DOI 10.1109/ISOCC47750.2019.9027740.

Ronneberger O, Fischer P, Brox T. 2015. U-net: convolutional networks for biomedical
image segmentation. In: Navab N, Hornegger J, Wells W, Frangi A, eds.Medical
image computing and computer-assisted intervention–MICCAI 2015. MICCAI 2015.
Lecture notes in computer science, vol. 9351. Cham: Springer, 234–241
DOI 10.1007/978-3-319-24574-4_28.

Saadatnejad S, Oveisi M, HashemiM. 2019. LSTM-based ECG classification for
continuous monitoring on personal wearable devices. IEEE Journal of Biomedical and
Health Informatics 24(2):515–523 DOI 10.1109/JBHI.2019.2911367.

Sandler M, Howard A, ZhuM, Zhmoginov A, Chen L-C. 2018.MobileNetv2: inverted
residuals and linear bottlenecks. In: Proceedings of the IEEE conference on computer
vision and pattern recognition. Piscataway: IEEE, 4510–4520.

Senapati MK, Senapati M, Maka S. 2014. Cardiac arrhythmia classification of ECG
signal using morphology and heart beat rate. In: 2014 Fourth international con-
ference on advances in computing and communications. Piscataway: IEEE, 60–63
DOI 10.1109/ICACC.2014.20.

Shoughi A, Dowlatshahi MB. 2021. A practical system based on CNN-BLSTM network
for accurate classification of ECG heartbeats of MIT-BIH imbalanced dataset. In:
2021 26th international computer conference, Computer Society of Iran (CSICC).
Piscataway: IEEE, 1–6 DOI 10.1109/CSICC52343.2021.9420620.

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser Ł, Polo-
sukhin IJA. 2017. Attention is all you need. In: 30st annual conference on neural
information processing systems (NIPS), Long Beach, CA.

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 26/27

https://peerj.com
http://dx.doi.org/10.3390/app9142921
http://dx.doi.org/10.1109/TBME.1985.325532
http://dx.doi.org/10.1007/s13246-019-00815-9
http://dx.doi.org/10.1007/s41060-020-00239-9
http://dx.doi.org/10.1109/ICAIS50930.2021.9395897
http://dx.doi.org/10.1109/ISOCC47750.2019.9027740
http://dx.doi.org/10.1007/978-3-319-24574-4_28
http://dx.doi.org/10.1109/JBHI.2019.2911367
http://dx.doi.org/10.1109/ICACC.2014.20
http://dx.doi.org/10.1109/CSICC52343.2021.9420620
http://dx.doi.org/10.7717/peerj-cs.2299


Wang L-H, Yu Y-T, LiuW, Xu L, Xie C-X, Yang T, Kuo I-C,Wang X-K, Gao J, Huang
P-C, Chen S-L, ChiangW-Y, Abu PAR. 2022. Three-heartbeat multilead ECG
recognition method for arrhythmia classification. IEEE Access 10:44046–44061
DOI 10.1109/ACCESS.2022.3169893.

Wang N, Zhou J, Dai G, Huang J, Xie Y. 2019. Energy-efficient intelligent ECG mon-
itoring for wearable devices. IEEE Transactions on Biomedical Circuits and Systems
13(5):1112–1121 DOI 10.1109/TBCAS.2019.2930215.

WenQ, Sun L, Yang F, Song X, Gao J, Wang X, Xu H. 2021. Time series data aug-
mentation for deep learning: a survey. In: Proceedings of the thirtieth international
joint conference on artificial intelligence. Montreal, Canada: International Joint
Conferences on Artificial Intelligence Organization,.

Xiaolin L, Cardiff B, John D. 2020. A 1D convolutional neural network for heart-
beat classification from single lead ECG. In: 2020 27th IEEE international con-
ference on electronics, circuits and systems (ICECS). Piscataway: IEEE, 1–2
DOI 10.1109/ICECS49266.2020.9294838.

Xu X, Jeong S, Li J. 2020. Interpretation of electrocardiogram (ECG) rhythm by com-
bined CNN and BiLSTM. IEEE Access 8:125380–125388
DOI 10.1109/ACCESS.2020.3006707.

Yamasaki Y, Doi C, Kitagawa S, Seki H, Shigeno H. 2023. Data generation with filtered
β-vae for the preoperative prediction of adverse events. IEEE Access 11:48667–48676
DOI 10.1109/ACCESS.2023.3276783.

Yang H,Wei Z. 2020. Arrhythmia recognition and classification using combined para-
metric and visual pattern features of ECG morphology. IEEE Access 8:47103–47117
DOI 10.1109/ACCESS.2020.2979256.

Yu X. 2020. An ECG arrhythmia image classification system based on convolutional
neural network. In: Journal of physics: conference series, volume 1544. Bristol: IOP
Publishing, DOI 10.1088/1742-6596/1544/1/012109.

ZahidMU, Kiranyaz S, Gabbouj M. 2022. Global ECG classification by self-operational
neural Networks with feature injection. IEEE Transactions on Biomedical Engineering
70(1):205–215 DOI 10.1109/TBME.2022.3187874.

ZhuW, Chen X, ChenWY,Wang L. 2018. Arrhythmia recognition and classi-
fication using ECG morphology and segment feature analysis. IEEE/ACM
Transactions on Computational Biology and Bioinformatics 16(1):131–138
DOI 10.1109/TCBB.2018.2846611.

Kwak and Jung (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2299 27/27

https://peerj.com
http://dx.doi.org/10.1109/ACCESS.2022.3169893
http://dx.doi.org/10.1109/TBCAS.2019.2930215
http://dx.doi.org/10.1109/ICECS49266.2020.9294838
http://dx.doi.org/10.1109/ACCESS.2020.3006707
http://dx.doi.org/10.1109/ACCESS.2023.3276783
http://dx.doi.org/10.1109/ACCESS.2020.2979256
http://dx.doi.org/10.1088/1742-6596/1544/1/012109
http://dx.doi.org/10.1109/TBME.2022.3187874
http://dx.doi.org/10.1109/TCBB.2018.2846611
http://dx.doi.org/10.7717/peerj-cs.2299

