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Abstract: The problem addressed in this study is the limitations of previous works that considered electro-
cardiogram (ECG) classification as a multiclass problem, despite many abnormalities being diagnosed
simultaneously in real life, making it a multilabel classification problem. The aim of the study is to test
the effectiveness of deep learning (DL)-based methods (Inception, MobileNet, LeNet, AlexNet, VGG16, and
ResNet50) using three large 12-lead ECG datasets to overcome this limitation. The define-by-run technique
is used to build the most efficient DL model using the tree-structured Parzen estimator (TPE) algorithm.
Results show that the proposed methods achieve high accuracy and precision in classifying ECG abnorm-
alities for large datasets, with the best results being 97.89% accuracy and 90.83% precision for the Ningbo
dataset, classifying 42 classes for the Inception model; 96.53% accuracy and 85.67% precision for the PTB-
XL dataset, classifying 24 classes for the Alex net model; and 95.02% accuracy and 70.71% precision for the
Georgia dataset, classifying 23 classes for the Alex net model. The best results achieved for the optimum
model that was proposed by the define-by-run technique were 97.33% accuracy and 97.71% precision for
the Ningbo dataset, classifying 42 classes; 96.60% accuracy and 83.66% precision for the PTB-XL dataset,
classifying 24 classes; and 94.32% accuracy and 66.97% precision for the Georgia dataset, classifying 23
classes. The proposed DL-based methods using the TPE algorithm provide accurate results for multilabel
classification of ECG abnormalities, improving the diagnostic accuracy of heart conditions.

Keywords: heart disease, ECG, 12-lead ECG signal, deep learning models, PTB-XL, tree-structured Parzen
estimator algorithm

1 Introduction

Heart disease remains the leading cause of death and places a significant burden on global healthcare
systems [1]. Electrocardiogram (ECG) is a reliable, non-invasive, and widely used approach for monitoring
heart function, collecting wave information from 12 electrodes on the chest, ankles, and wrist [2]. With
approximately 300 million ECGs recorded worldwide each year, early and accurate ECG diagnosis is critical
for saving lives [3]. However, incorrect interpretation of ECGs can lead to incorrect clinical decisions and
adverse outcomes [4]. Therefore, developing a computer-aided diagnostic system to interpret ECG signals is
crucial, particularly in countries where expert cardiologists are in short supply, and heart abnormalities
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have similarities [5]. Researchers have investigated traditional and deep learning (DL)-based methods for
building an automatic and accurate ECG diagnosis system, utilizing open-source ECG datasets such as the
Chapman ECG dataset [6], the Georgia 12-lead ECG Challenge Dataset [7], and the PTB-XL dataset [8].
Traditional methods require expert feature engineering and are time-consuming, whereas DL-based
methods use convolutional neural networks (CNNs) to handle feature extraction efficiently, resulting in
end-to-end models. Figure 1 illustrates the difference between traditional and DL-based ECG classification
methods. Ultimately, DL-based methods offer more practical and efficient solutions to ECG classification,
overcoming domain knowledge and data quality limitations of traditional methods [9].

This article presents a comparative study of DL-based methods for multilabel ECG abnormalities classi-
fication using the tree-structured Parzen estimator (TPE) algorithm for model optimization. The proposed
method can diagnose ECG records with multiple abnormalities in the same record, which is essential in real-
life scenarios. The study used three large 12-lead ECG datasets with a varying number of classes to test the
generalization ability of the proposed method. The experiments show that the proposed method outperforms
traditional methods and achieves high accuracy and precision rates for all three datasets. Furthermore, the
proposed model is lightweight and can be implemented on limited-resource edge devices, making it suitable
for building real-time heart disease diagnosis systems. The following are the contributions of this work:
1. A CNN model is introduced using a define-by-run technique through the TPE optimization algorithm to

select the best number of CNN layers and kernel size, among other hyperparameters, to build the
optimum model. This technique is novel and can improve the efficiency of DL models.

2. The proposed method can diagnose ECG records with multiple abnormalities in the same ECG record, as
it uses a multilabel classification method, which is more accurate and relevant to real-world scenarios.

3. Three different datasets were used to test the generalization ability of the proposed method with the
largest number of classes (42, 24, and 23). This shows that the model is robust and can perform well on
different datasets.

4. The proposed model is lightweight and can be implemented on limited-resource edge devices to build a
real-time heart disease diagnosis system, which can help in saving lives, especially in countries with a
shortage of expert cardiologists.

Figure 1: Comparison between (a) traditional and (b) DL-based methods for ECG signals classification [Original].
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The article is structured as follows: Section 2 provides a summary of previous related work. Section 3
introduces the dataset and the premise of the suggested methods. Section 4 details the experiments and
their results. Comprehensive discussions are offered in Section 5, followed by the conclusion in Section 6.

2 Related work

Recently, DL models achieved promising results in many fields, such as computer vision [10] and natural
language processing [11]. Additionally, DL techniques are utilized to assist diagnoses in pathology,
ophthalmology, radiography, and dermatology [12]. In addition, DL models have recently been utilized
to evaluate ECG data for various applications, including disease identification, annotation, and sleep
staging [13]. Chen et al. [14] proposed a CNN model for detecting nine types of cardiac arrhythmia abnorm-
alities using a 12-lead dataset provided by the China Physiological Signal Challenge (CPSC) 2018. The proposed
method achieved an F1 score of 0.84 and ranked first in the competition. Another model is presented in ref. [15]
for classifying atrial fibrillation, non-atrial fibrillation, and normal ECG signals using the Physionet Challenge
2017 dataset. Their method achieved average F1 scores of 0.79, 0.77, and 0.91, respectively, classifying atrial
fibrillation, non-atrial fibrillation, and normal. In ref. [16], a deep neural network model is proposed using a
single-lead ECG dataset to classify 12 signal classes. The average area under the receiver operating characteristics
curve achieved is 0.97. A DL model is proposed by He et al. [17] using residual CNN and long short-term memory
(LSTM) layers to classify nine classes of ECG signals using the CPSC dataset, and they achieved an overall F1 score
of 0.806. In the study of Strodthoff et al. [18], many algorithms were tested, and the best results were achieved
using ResNet and Inception-based architectures with the PTB-XL dataset to classify nine ECG signals. The study
proposed by Ullah et al. [19] transforms the 1D ECG signals into spectral images using the Fourier transformation
and then uses a DL model to classify eight classes of abnormalities. The MIT-BIH single-lead arrhythmia dataset
was used, and the classification accuracy was 99.11%. The study by Zhang et al. [20] proposed a DL model for
classifying nine cardiac arrhythmias using 12-lead ECG signals, reaching an average accuracy of 96.6%. Further-
more, they concluded that using single-lead signals dropped the accuracy to 11.8%. The study by He et al. [21]
used 2,184 normal records and 3,201 records containing five heart abnormalities from the PTB-XL dataset to train
a DL model based on CNN layers with the attention mechanism. The dataset was preprocessed before training
using wavelet transformation and the Pan–Tompkins algorithm [22], resulting in an accuracy of 99.63%.

It is noteworthy that all the studies mentioned previously are limited to a maximum of nine classes of heart
abnormalities. Consequently, they classify ECG records assuming the presence of only one type of abnormality.
However, considering thatmost ECG datasets containmore than one abnormality in the same record, this makes
the classification a multilabel classification problem rather than a multiclass problem. In this article, to address
this limitation, we introduce end-to-end DL-basedmodels that use 12-lead ECGwaveform data without a feature
engineering process to detect most classes of heart abnormalities available in the datasets.

3 Materials and methods

This study aims to build a DL-based model to classify the ECG signals. In contrast to most previous
works, which considered classifying the ECG signals as multiclass classification, this study uses multilabel
classification, considering the presence of more than one heart abnormality in the same ECG record simulta-
neously. The tree of Parzen estimator (TPE) is utilized as an optimization algorithm to build the optimal CNN
model by optimizing the model’s hyperparameters in a technique called define-by-run. Furthermore, many
commonly used network structures are tested in the 1D CNN form (Inception, MobileNet, LeNet, AlexNet,
VGG16, and ResNet50). The proposed system is an end-to-end model that accepts raw 12-lead ECG signals
(with a duration of 10 s and a sampling rate of 500 Hz) and produces 42 ECG signals. Figure 2 shows an
example of a 12-lead ECG from the PTB-XL dataset for a patient with atrial fibrillation. The next section will
explain the datasets and how each network structure was tested to build the system.
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3.1 Datasets

Three 12-lead datasets were used in this experiment to test the proposed system’s generalization ability. The
datasets come from different sources, each containing a different number of labels and records, as
explained in Table 1. Furthermore, they are strongly imbalanced, making it a challenging classification
task. Finally, we split the datasets for training and testing to test the models’ performance on the test data
they had not trained on before to avoid the overfitting problem.

3.2 Data preprocessing

The 12-lead ECG samples in the datasets come in different duration lengths, with a mean of 10 s. Since deep
neural networks require the inputs to be of the same length, the datasets were preprocessed; thus, all
samples were of 10 s length made by cropping the samples longer than 10–0 s and padding the samples less
than 10 s with zeros.

3.3 Define-by-run

In the define-and-run technique, many hyperparameters must be defined before training a DL model [23].
On the other hand, in the define-by-run technique, the model’s hyperparameters need not be defined before
training the model. Instead, the DL model is implemented dynamically, and the hyperparameters are
optimized in the context of an objective function with hyperparameters as inputs and the validation score
as output [24]. The optimization algorithm used in this study is the tree of Parzen estimator (TPE) [25]. The
TPE is a sequence model-based global optimization method that estimates the loss function using a
probabilistic model and makes informed assumptions about the number of repetitions. The TPE method
outperforms random search and grid search strategies for optimizing multiple hyperparameters, particu-
larly for DL-based models with more hyperparameters than machine learning models [26].

The Bayes rule is used in the TPE, where the probability model ( | ) ( | ) ( ) ( )= /P y x P x y P y P x , and ( | )P x y
and is broken down into ( )h x and ( )j x , which is calculated by:

Figure 2: A sample of a 12-lead ECG from the PTB-XL dataset for a patient with atrial fibrillation [8].
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where ( )h x represents the objective function value that is less than the threshold for one parameter dis-
tribution, and ( )j x represents that the objective function value that is larger than the threshold for another
hyperparameter distribution.

To choose the hyperparameters based on the probabilistic model, the expected improvement metric Ei
is used, which is calculated as follows:

( ) ( )
( | ) ( )

( )
∫= −

−∞

E x y y P x y P y
P x

yd .i

y

threshold

threshold

(2)

The hyperparameter set x is expected to be improved when Ei is positive. Thus, the TPE extracts a
hyperparameter sample from ( )h x , then makes an evaluation based on ( ) ( )/h x j x , and finally, TPE returns
the x set that makes the best Ei value.

3.3.1 Optimized hyperparameters

Several hyperparameters are optimized to build the best model in our experiment:
1. The number of hidden CNN layers.
2. The number of kernels for each hidden layer.
3. The kernel size.
4. The number of dense layers.
5. The number of units in each dense layer.

For all the previously mentioned hyperparameters, increasing the number increases the training
time. Therefore, it may cause the model to overfit the training data, while decreasing it to a low number
causes the model to underfit, which means that the model could not learn from the training data.

6. Activation function for each layer.
7. Batch size: the model’s parameters are updated for each batch size of the training dataset [27]. The

training time is affected significantly by changing the batch size. By choosing a large batch size, the
training time may be reduced. On the other hand, increasing the batch size improves the convergence
stability [28]. Thus, the batch size is a considerable parameter to be optimized.

8. Learning rate is a vital hyperparameter to determine the model’s convergence to the global minimum. A
higher learning rate value produces a worse loss value and may cause skipping of the global minimum
point. However, a smaller learning rate value increases the training time and may cause the model to fall
into a local minimum.

9. Optimizer: after calculating the loss value by the loss function, the optimizer minimizes the loss value.

3.3.2 The proposed define-by-run model

Figure 3 depicts the entire workflow of the define-by-run model presented. The modeling process contains
the following steps:

Step 1. The ECG dataset is used as input for the DL model.
Step 2. The TPE algorithm is applied to optimize the hyperparameters of the model.
Step 3. The model with the best hyperparameter combination is obtained, and the classification per-

formance of the model is tested on the test set.

3.4 1D deep neural network models

In addition to the define-by-run proposed model, six widely used deep neural network models are tested in
this study. These models are Inception [29], Mobilenet [30], LeNet, AlexNet [31], VGG16 [28], and ResNet50
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[32]. Motivated by the success of these models in image classification, we constructed the same models
using 1D CNN instead of 2D CNN. The input of each model is the ECG signal (with a dimension of 500 × 12)
and the last layer (the Sigmoid activation function) with the number of classes of each dataset to make a
multilabel classification. The models vary in layer construction, which makes the number of trainable
parameters of each model different, as shown in Table 2, which affects the training time.

3.5 Loss function

This work used the binary cross-entropy as a loss function. Since most samples have more than one class at
the same time, it figures out the probability of each class in each sample. Equation (3) shows how to
determine the loss of binary cross-entropy:

( ( ) ( ) ( ( ) ( ( )))∑∑= − · + − · −L
N

x l x x l x1 pr log 1 pr log 1 ,
i

N

j

Q

ij ij ij ijBCE (3)

where ( )xpr is the probability of class x in the target, the probability of class x in the prediction is
represented by ( )l x , the number of samples is indicated by N , and Q is the number of classes.

4 Results and discussion

In this work, we used all proposed models randomly, and we employed Adam as an optimization function
and 0.001 as an initial learning rate. If the validation data loss does not improve after one epoch, a lower
learning rate with one patient is used for callbacks in order to decrease the learning rate by a factor of 0.5. In

Figure 3: The workflow of the define-by-run model [Original].
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addition, in order to minimize overfitting, the early stopping strategy with patient 2 is used if the validation
loss of data has not improved after two epochs. The amount of time required to complete one cycle of
training is shown in Table 3, which compares all of the models presented. The experiments were conducted
on a 1.7 GHz Intel Core i7 processor with 16 GB RAM, 64-bit Windows 11 Professional, and an NVIDIA
GeForce 4 GB display card. The programming language Python is employed with the TensorFlow library
for building the models and the Optuna library for building the optimization algorithm.

Table 3: Training time in seconds of one epoch for each model

Dataset Model Training time of one epoch (s)

Ningbo Hospital Inception 914
Mobilenet 137
LeNet 9
AlexNet 228
VGG16 659
ResNet50 766
Define-by-run 7

PTB-XL Inception 413
Mobilenet 78
LeNet 7
AlexNet 165
VGG16 552
ResNet50 881
Define-by-run 50

Georgia ECG Inception 193
Mobilenet 28
LeNet 3
AlexNet 65
VGG16 193
ResNet50 199
Define-by-run 10

Table 2: Number of the trainable parameters of each tested model

Dataset Model No. of trainable parameters

Ningbo Hospital Inception 267,818
Mobilenet 1,326,042
LeNet 1,282,244
AlexNet 179,608,522
VGG16 350,079,658
ResNet50 22,781,034
Define-by-run 931,051

PTB-XL Inception 266,583
Mobilenet 1,301,703
LeNet 1,281,617
AlexNet 179,530,679
VGG16 350,001,815
ResNet50 19,706,967
Define-by-run 3,241,667

Georgia ECG Inception 266,648
Mobilenet 1,302,984
LeNet 1,281,650
AlexNet 179,534,776
VGG16 350,005,912
ResNet50 19,868,760
Define-by-run 3,241,808
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4.1 Evaluation metrics

This study used four performance metrics that are commonly applied to evaluate the effectiveness of the
proposed methods: accuracy (Accmultilabel) (equation (4)), macro averaging recall (Rmacro) (equation (5)),
macro averaging precision (Pmacro) (equation (6)), and macro averaging area under the union (AUCmacro):

=

+

+ + +

Acc
True True

True False True False
,multilabel

p n

p p n n
(4)

=

+

R
True

True False
,macro

p

p n
(5)

=

+

P
True

True False
,macro

p

p p
(6)

where Truep, Truen, Falsep, and Falsen denote the true positive, true negative, false positive, and false
negative, respectively.

The average statistic that is aggregated across all of the available thresholds for classification is called the AUC.
The value of the AUC ranges from 0 to 1, with higher values indicating the better overall performance of themodel.

4.2 Define-by-run model

In this article, the TPE algorithm is used to optimize the hyperparameters of the CNN model using the
define-by-run technique. The hyperparameters that enabled the model to obtain the highest performance
were estimated depending on the optimization results. Table 4 shows the search space for hyperparameters

Table 4: Hyperparameter’s search space and the selection of their adjustment of the CNN model

Hyperparameter Lower limit Upper limit Optimum value Dataset

No. CNN layers 1 4 3 Ningbo Hospital
No. CNN kernels [16, 32, 64, 128] 16 (all layers)
CNN kernel size [3, 5, 7] [5, 7, 3] (each layer, accordingly)
No. dense layers 1 2 2
No. dense layer units 128 256 [232, 210] (each layer, accordingly)
Batch size [128, 256] 128
Learning rate 0.001 0.0001 0.0011
Activation function [Relu, Selu, Gelu] [Relu, Selu, Gelu] (each layer, accordingly)
Optimizer [Adam, RMSprop] RMSprop
No. CNN layers 1 4 4 PTB-XL
No. CNN kernels [16, 32, 64, 128] [32, 128, 64, 64] (each layer, accordingly)
CNN kernel size [3, 5, 7] [7, 5, 7, 5] (each layer, accordingly)
No. dense layers 1 2 2
No. dense layer units 128 256 [156, 140] (each layer, accordingly)
Batch size [128, 256] 128
Learning rate 0.001 0.0001 0.0092
Activation function [Relu, Selu, Gelu] [Gelu, Selu, Selu, Selu] (each layer, accordingly)
Optimizer [Adam, RMSprop] Adam
No. CNN layers 1 4 4 Georgia ECG
No. CNN kernels [16, 32, 64, 128] [32, 128, 64, 64] (each layer, accordingly)
CNN kernel size [3, 5, 7] [7, 5, 7, 5] (each layer, accordingly)
No. dense layers 1 2 2
No. dense layer units 128 256 [156, 140] (each layer, accordingly)
Batch size [128, 256] 128
Learning rate 0.001 0.0001 0.0092
Activation function [Relu, Selu, Gelu] [Gelu, Selu, Selu, Selu] (each layer, accordingly)
Optimizer [Adam, RMSprop] Adam
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and the best hyperparameters obtained for each dataset. By randomly initializing the hyperparameters, the
TPE iterated 30 times while evaluating the model’s recall with each iteration. Therefore, the optimal CNN
model hyperparameters can be determined when the classifier has the highest recall. The recall iteration
convergence plot for each dataset used in this study is shown in Figure 4.

Given that both datasets contain a similar number of classes, it is notable that the optimum hyperpara-
meters for the PTB-XL and Georgia ECG datasets are the same (23 and 24, respectively). However, for the
Ningbo Hospital dataset, the optimum hyperparameters are different since it has 42 classes.

Table 5 depicts the summary of the best model structure for the PTB-XL and Georgia ECG datasets.
However, Table 6 depicts the best model structure summary for the Ningbo Hospital dataset.

Figure 4: The recall iteration convergence plot for each dataset: (a) the Ningbo Hospital, (b) the PTB-XL, and (c) the Georgia ECG
[Original].

Table 5: Summary of the best model structure for the PTB-XL and Georgia ECG datasets

Layer type Output shape

Input layer (None, 5,000, 12)
Conv1D (None, 5,000, 32)
Conv1D (None, 2,500, 128)
Conv1D (None, 1,250, 64)
Conv1D (None, 625, 64)
Max pooling 1D (None, 312, 64)
Flatten (None, 19,968)
Dense (None, 156)
Dense (None, 140)
Dense (Sigmoid) (None, 23) for PTB-XL, (None, 24) for Georgia ECG

Table 6: Summary of the best model structure for the Ningbo Hospital dataset

Layer type Output shape

Input layer (None, 5,000, 12)
Conv1D (None, 2,500, 16)
Conv1D (None, 2,500, 16)
Conv1D (None, 2,500, 3)
Max pooling 1D (None, 1,250, 3)
Flatten (None, 3,750)
Dense (None, 232)
Dense (None, 210)
Dense (Sigmoid) (None, 42)

10  Atiaf A. Rawi et al.



The performance metrics of the optimummodel proposed by the define-by-run technique are illustrated
in Table 7 with the number of training epochs and training time per epoch (all performance metrics were
evaluated on test data). The results show that the best performance was achieved using the Ningbo dataset.
In contrast, the weakest result was achieved using the Georgia ECG dataset since it has the lowest number of
samples and some classes have just a few samples, which is insufficient to train the model and affects the
recall ratio.

The training plots for validation and training data are shown in Figure 5. The plots show that the
proposed model is more robust when trained on the Ningbo Hospital and the PTB-XL datasets. At the same
time, the training process suffered some instability when the Georgia ECG dataset was used. Furthermore,
the loss and accuracy plots show that the model started to converge after the first epoch.

Table 7: Performance metrics of the optimum model proposed by the define-by-run technique

Dataset Accuracy (%) Recall (%) Precision (%) AUC (%) No. epochs Time per epoch (s)

Ningbo Hospital 97.33 46.81 97.71 68.52 27 7
PTB-XL 96.60 67.78 83.66 82.81 30 49
Georgia ECG 94.32 19.09 66.97 71.26 9 10

Figure 5: The training plots for validation and training data for the optimum models: (a) the loss plot, (b) the accuracy and
precision plot, (c) the recall plot, and (d) the AUC plot [Original].
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4.3 Deep neural network model results

The performance metrics for the tested deep neural network are shown in Table 8.

To understand the behavior of each tested model, Figure 6 shows the performance metrics plot for each
dataset on train and test data. The results show that the AlexNet and Mobilenet models achieved the best
performance. In contrast, the ResNet model suffered from the overfitting problem, which can be concluded
due to the big variance between the train and test data in the training plots. On the other hand, the LeNet
model achieved promising high results and close to the best results with the lowest training time, making it
suitable to implement in low computational power and edge devices.

By examining the training plots, we can infer whether the following characteristics indicate overfitting:
• Decreasing training and validation loss: The model improves as it is trained. However, it is important to
note that the training and validation loss should decrease simultaneously. If the training loss drops
substantially more quickly than the validation loss, this may suggest the overfitting of the model.

• Stabilized losses in training and validation: Once the training and validation loss has stabilized, it
signifies that the model has converged and is not overfitting. However, if the training loss drops while
the validation loss remains stable or begins to grow, this may suggest overfitting.

• High accuracy of both training and validation: If both training and validation accuracies are good, then
the model generalizes effectively and is not overfitting. On the other hand, if the training accuracy is
significantly greater than the validation accuracy, this might be a signal of overfitting.

• Minimal to no difference between training and validation loss: If there is little to no difference between the
training and validation loss, this implies no overfitting of the model. However, if there is a large difference
between the two, it might be a symptom of overfitting.

• Stabilized training and validation loss: Once the training and validation loss has stabilized, it indicates
that the model has converged and is not overfitting. However, if the training loss decreases while the
validation loss stabilizes or even starts to increase, it may indicate overfitting.

• High training and validation accuracy: If both training and validation accuracies are high, the model is
generalizing well and not overfitting. On the other hand, if the training accuracy is much higher than the
validation accuracy, it could be an indication of overfitting.

Table 8: Performance metrics for the tested deep neural network

Dataset Model Accuracy (%) Recall (%) Precision (%) AUC (%) No. epochs Time per epoch (s)

Ningbo Hospital Inception 97.89 53.69 90.83 74.32 11 916
Mobilenet 97.90 56.22 87.75 77.75 21 138
LeNet 97.55 49.92 83.38 72.74 14 9
AlexNet 97.71 52.12 86.31 76.98 12 227
VGG16 96.73 25.59 81.68 68.05 13 651
ResNet50 95.89 23.81 49.27 66.20 14 751

PTB-XL Inception 95.87 52.32 87.39 75.18 6 413
Mobilenet 95.90 55.15 84.72 78.04 11 75
LeNet 95.95 59.37 81.49 73.76 11 7
AlexNet 96.53 64.39 85.67 84.49 18 166
VGG16 96.37 62.28 85.15 82.28 20 559
ResNet50 95.41 57.24 75.5 71.27 14 862

Georgia ECG Inception 94.81 24.09 78.58 75.64 18 192
Mobilenet 94.92 31.23 72.22 73.09 17 28
LeNet 94.04 11.92 66.67 66.23 7 3
AlexNet 95.02 35.49 70.71 77.53 19 67
VGG16 94.77 28.19 71.14 75.53 30 193
ResNet50 93.39 1 13.57 48.04 4 198
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Figure 6: The training plot of the deep neural models on each dataset: (a) the loss plot, (b) the accuracy and precision plot,
(c) the recall plot, and (d) the AUC plot [Original].
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Figure 6: (Continued)
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Figure 6: (Continued)
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• Little or no gap between the training and validation loss: If there is little or no gap between the training
and validation loss, it indicates that the model is not overfitting. However, if there is a significant gap
between the two, it could be an indication of overfitting.

4.4 Comparison with the previous works

There are several approaches recommended in the literature for classifying ECG signals. However, the
different numbers of classes and leads employed in each study should be considered while comparing
the results. Table 9 shows the contrasts among the recommended techniques with some comparable
strategies (N and MI stand for normal class and myocardial infarction, respectively). The comparison
reveals that, despite classifying 42 multilabel classes and utilizing a bigger dataset, our technique topped
all others in terms of performance.

5 Study limitations

Recall is a metric used in machine learning and statistics to quantify a model’s capacity to identify all
relevant instances (i.e., true positives) of a given class. The recall is the ratio of real positives to the total
number of true positives, including both true and false negatives. In this study, there was no high recall. A
poor recall indicates that the model fails to identify several relevant instances of the class in issue accu-
rately. In other words, the model is omitting many actual positives or mistakenly identifying them as
negatives (i.e., false negatives). In a medical diagnosis system, the recall may reflect the percentage of
actual cases of illness that are correctly diagnosed. In this instance, a low recall rate would mean that the
system fails to notice a significant number of occurrences, which might have disastrous consequences for
the patient. The imbalance in the data is the primary contributor to the poor recall shown in this research.
The recommended solution for improving poor recall due to imbalanced data is to gather additional data
from a wider variety of sources for the classes that have a low sample size. This will allow the model to
develop a more generalized and robust representation of the target class, leading to improved performance.

6 Conclusion

This study presents a 12-lead ECG classification method by building an end-to-end model. Theoretically, the
study discussed building a model based on the CNN and the define-by-run technique and training it using
three datasets from different sources to test the proposed model’s generalization ability: the Ningbo
Hospital, PTB-XL, and the Georgia ECG datasets. The accuracies achieved by the define-by-run model
were 97.33, 96.60, and 94.32%, respectively. Furthermore, six deep neural network models were tested

Table 9: Comparison of the proposed method with some previous works

Study No. of leads No. of classes Dataset Method Accuracy (%)

[33] 12 2 N 31,722 CNN 93.5
MI 49,930

[34] 3 2 N 5,000 Fourier/logistic regression 95.6
MI 15,000

[35] 12 3 PTB and AF-challenge CNN-LSTM 94.6
[36] 12 7 7,704 samples ResNet-LSTM 81
Define-by-run model 12 42 Ningbo CNN 97.33
AlexNet 12 42 Ningbo CNN 97.90
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(Inception, Mobilenet, LeNet, AlexNet, VGG16, and ResNet50), and the best results were achieved by
Mobilenet and AlexNet models (with 97.9% accuracy for the Mobilenet model using the Ningbo dataset).
Additionally, the comparison with the literature showed that our method outperformed the previous
methods even though our method used multilabel classification and the previous methods handled the
ECG classification as a multiclass classification problem. Since all the datasets used in the experiment were
real-world data, we can practically assume that this technique may be developed and used in the medical
industry in the real world or as a screening tool in situations or locations where access to a 12-lead ECG is
unavailable. Furthermore, since we used a multilabel classification method (in contrast to most previous
works), the proposed method can diagnose ECG records with more than one abnormality in the same ECG
record, with a higher number of classes (42, 24, and 23). The proposed model is lightweight and can be
implemented on limited-resource edge devices to build a real-time heart disease diagnosis system.
However, we suggest solving the problem of the dataset imbalances in the dataset due to the existence
of some rare heart abnormalities in future work. At the same time, this will solve the limitation of the low
recall results in this study. Additionally, other optimization algorithms for hyperparameter tuning should
be tested and compared to TPE optimization.
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