Klarifikasi Indeks Kemiripan

Judul Artikel: Short Single-Lead ECG Signal Delineation-Based Deep Learning: Implementation in
Automatic Atrial Fibrillation Identification, Penulis: Tutuko B., Nama Jurnal: Sensors, Volume Jurnal: 22,
Nomor Jurnal: 6, Tahun Terbit Jurnal: 2022, Halaman: 16, ISSN: 14248220, Penerbit: MDPI, DOI:
https://doi.org/10.3390/522062329, SIR: 0.64

Hasil pemeriksaan dengan Software Turnitin telah dilakukan pada tanggal 28 Maret 2022 setelah karya
ilmiah tersebut terbit yaitu pada tanggal 17 Maret 2022. Hasil uji tanpa Exclude sebesar 32% (lampiran
1). Adapun sumber yang cocok terbesar beserta klarifikasi kecocokan dapat dilihat pada tabel berikut:

Sumber kemiripan Indeks Klarifikasi
Kemiripan
www.mdpi.com 7% Merujuk pada karya ilmiah itu

sendiri. Tautan merupakan jurnal
tempat karya ilmiah tersebut terbit

Submitted to Sriwijaya University 5% Merujuk pada karya ilmiah itu
sendiri. Tautan merupakan jurnal
tempat karya ilmiah tersebut terbit

Setelah dilakukan exclude pada kedua sumber tersebut, didapat hasil similarity index sebesar 20%
(lampiran 2)



LAMPIRAN 1

Hasil Uji Kemiripan Tanpa Exclude



Short Single Lead ECG Signal
Delineation Based Deep
Learning.pdf

Submission date: 28-Mar-2022 10:28AM (UTC+0700)

Submission ID: 1794634468

File name: Short Single Lead ECG Signal Delineation Based Deep Learning.pdf (32.87M)
Word count: 7630

Character count: 41302



3

ﬂ Sensors
o

Article

Short Single-Lead ECG Signal Delineation-Based Deep
Learning: Implementation in Automatic Atrial
Fibrillation Identification

Bambang Tutuko !, Muhammad Naufal Rachmatullah !, Annisa Darmawahyuni 10, Siti Nurmaini L*0,
Alexander Edo Tondas 2, Rossi Passarella?, Radiyati Umi Partan 3, Ahmad Rifai !, Ade Iriani Sapitri :

and Firdaus Firdaus '™

check for
u tes

Citation: Tutuko, B.: Rachmatullah,
M.N.; Darmawahyuni, A.; Nurmaini,
5; Tondas, A E; Passamlla, R; Partan,
R.U; Rifai, A; Sapitri, AL; Firdaus, F.
Short Sngle-Lead ECG Signal
Delineation-Based Deep Learning:
Implementation in Ao Alrial
Fibrillation Identification. Sensors
2022, 22,2329, https:// doi.org/
10,3390 /s 72062329

Academic Editors: Mukesh Prasad,
Jian Cao, Chintan Bhatt, Monowar
H. Bhuyan and Behnaz Ghoraani

Recelved: 28 January 2022
Accepted: 14 March 2022
FPublished: 17 March 2022

Publisher's Note: MDFI stays neutral
with regard to jurisdictional claims in
published maps and institutional afiil-
lations,

-/ 1
Copyright: © 222 by the authors.
Licensee MDFI, Basel, Switzerland,
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https:/ /
creativecommons.org/ licenses /by /
40/).

L Intelligent System Research Group, Faculty of Computer Science, Universitas Sriwijaya,
Palembang 30139, Indonesia; bambangtutukosD@gmail com (B.T.);
naufalrachmatull ah@gmail.com (MN.R); riset.ann'tsadarmawahyuni@gmail.cnm (A D)
passarellarcssi@unsd.acid (RI); ahmadrifai@ilkom unsri.ac.id (AR.);
adeirianisapitril3@gmail.com (ALS.); virdauz@gmail com (EF)
= Department of Cardiology & Vascular Medicine, Dr. Mohammad Heesin Hospital,
Palembang 3126, Indonesia; tondas2MNkggmail com
4  Faculty of Medicine, Universitas Sriwijaya, Palembang 30139, Indonesia; radiyati.u.p@fk.unsr.ac.id
*  Correspondence: siti_nurmaini@unsriac.id; Tel.: +62-852-6804-8092

Abstract: Physicians manually nterpret an electrocardiogram (ECG) signal morphology in routine
clinical practice. This activity is a monotonous and abstract task that relies on the experience of
understanding ECG waveform meaning, including P-wave, QRS-complex, and T-wave. Such a
manual process depends on signal quality and the number of leads. ECG signal classification based
on deep learning (DL) has produced an automatic interpretation; however, the proposed method
is used for specific abnormality conditions. When the ECG signal morphology change to other
abnarmalities, it cannot proceed automatically. To generalize the automatic inter pretation, we aim to
delineate ECG waveform. However, the output of delineation process only ECG waveform duration
classes for P-wave, QRS-complex, and T-wave. [t should be combined with a medical knowledge rule
to produce the abnormality interpretation. The proposed model is applied for atrial fibrillation (AF)
identification. This study meets the AF criteria with RR irregularities and the absence of P-waves in
essential oscillations for even more accurate identification. The QT database by Physionet is utilized
for developing the delineation model, and it validates with The Lobachevsky University Database.
The results show that our delineation model works properly, with 98.91% sensitivity, 99.01% precision,
99.79% specificity, 99.79% accuracy, and a 98.96% F1 score. We use about 4058 normal sinus rhythm
records and 1804 AF records from the experiment to identify AF conditions that are taken from three
datasets. The comprehensive testing has produced higher negative predictive value and positive
predictive value. This means that the proposed model can identify AF conditions from ECG signal
delineation. Qur approach can considerably contribute to AF diagnosis with these results.

Keywords: delineation; electrocardiogram; convolutional neural network; long-short term memory

1. Introduction

Electrocardiogram (ECG) is the gold standard for signal detection and an effective
way to evaluate the heart’s thythm due to its versatility and affordability as a rapid and
straightforward test, even in places with scarce resources [ 1-3]. The test results obtained
from an ECG device are heart thythms, which can reveal an overview of the heart’s
morphology, such as its structural and physiological conditions [3,4]. A short single-
lead ECG is used for essential heart thythms monitoring, which has a short or minimum
duration (seconds) in ECG recurd.ingddititmally, it presents only in one lead ECG
signal. It is different to a standard long 12-lead ECG, which provides a complete picture of
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heart activity for making clinical decisions [2]. Long ECG tends to need several rounds of
recording (minutes to hours) to monitor the morphology. However, health care systems
emphasize simple, cost-effective solutions, scalable with automated analysis [5,6]. Several
simple, low-cost, wireless wearable ECG mobile devices with a sm't single-lead analysis
have made private screening indispensable [5]. Unfortunately, it is difficult to perform
rapid and accurate diagnosis by using such devices, caused by inconsistent findings or
low-wave amplitude. About 27% uninterpretable intervals due to single-lead ECG have
low quality, noise, low amplitude, complexity, and non-linear characteristics [5,7]. Hence,
deep investigation into ECG signal processing is needed to improve the prediction with a
short single-lead devidgE)

The morphology of a normal ECG signal indicates a P-wave, the ORS complex, and
a T-wave in the interval of one heartbeat [4]. A normal ECG signal without irregular
fluctuations signified a healthy patient. This is different to several heart abnormalities
wHET can be detected by recognizing and analyzing these irregularity characteristics, such
aslong QT syndrome, which is characterized by a QT interval [5], and atrial fibrillation
(AF) with missing P-wave [6]. The human interpretation about AF conditiofom ECG
recordings varies widely, although the acquisition has been standardized. This is due
to differences in the interpreter’s experience and expertise. In addition, human errors
and inaccurate interpretations can occur [7,8]. General clinicians missed 20% of AF cases
(20 0f 99) on a 12-lead ECG and misinterpreted normal sinus rhythm (NSR) as AF by
8% (114 of 1355) when compared to the cardiologist reference standard [Y]. The use of
single-lead ECGs can increase sensitivity with interpretive software approaches and general
clinicians’ irlterpretatiul[]]. While ECG signals and patterns are mainly unrecognizable
by human interpreters, artificial intelligence (Al) plays a role in precision, making the ECG
a robust non-invasive biomarker [11].

In the future, the amount of data generated by the ECG device to beanalyzed and diag-
nosed will increase with the development of sensitivity sensors and other supporting devices,
such as cell phones, smartwatches, and low-cost mobile ECG devices [12,13]. Therefore, using
Al technology in short single-lead ECG devices will improve quality detection and reduce the
burden of analyzing cardiac data. AF condition can be diagnosed using an ECG device thal is
identified through electrical activity during the repolarization and defffflarization process. In
this study, such process is represented by segmenting the duration of ECG signal waveforms
(P-wave, QRS complex, T-wave) named delineation [ 14]. Proper and correct delineation maodel
for ECG waveform can produce accurate diagnostics [5,15].

Currently, the Alapproach with deep learning (DL) algorithms, such as deep neural
networks (DNNs) [11,12] convelutional neural networks (CNNs) [13], and recurrent neural
networks (Imfs) [15,16], has revolutionized the way machines interpret ECG signals.
RNNSs with long short-term memory (LSTM) architecture are an excellent method for
exploiting the time-series-based sequential data structures of ECG signals. Using an
L5TM architecture with a powerful technique in ECG signal delineation classifies the ECG
waveform from one step to the next time step for each heartbeat [14]. However, the lack of
feature extraction in I_ST@akes the obtained results less optimal. This study proposes a
deep structure of a CNNs as a feature extraction and LSTM as a classifier model to overcome
this imitation. The ct}nv{}luﬁ(}naayers automatically extract these ECG features, and
LSTM classify the waveforms into four distinct component waveforms (i.e., P-wave, QRS
complex, T-wave, and isoelectric line) in each heartbeat.

In most previous studies, the proposed delineation process is only for localizing and
classifying the ECG rhythm without interpreting abnormalities. This study proposes a
delineation process for identifying the thythm abnormality of AE To our knowledge, no
previous study has investigated AF 5@111'_[15 with a delineation approach. The important
finding in our research is that we used a single model architecture to simultanecusly predict
the presence or absence of all labels and interpret the entire ECG waveform. The final
post-processing step is reconciling and aggregating the information from the ECG wave-
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forms and ({fpviding a comprehensive analysis of the signal to make an AF interpretation.
Therefore, this study and the proposed method make the following new contributions:

e To propose a framework of automatic identification with a single-lead ECG-based
delineation approach.

* Todevelop the stacked CNNs-Bi-LSTM architecture for ECG waveform delineation
with a massive amount of data.

e Toimplement the combination of delineation approach and medical kndZfll:dge base
learning to aggregate the mformation in an ECG signal simultaneously to detect the
absence of P-wave, the ventricular response, and the irregularity of the RR interval.

e  To evaluate the proposed model for automatic AF interpretation with clinical data

»m single-lead personal ECG devices.

With a detailed approach to the problem and to describe the proposed method and
its eontribution, this paper is structured as follows: In Sectif 2, we present materials and
methods proposed for ECG delineation in identifying AF, while in Section 3, we present
the results of applying the methods and a discussion. Finally, Section 4 draws conclusions
from the process and the obtained results.

2. Methodology

This section describes our proposed methodology for AF identification, utilizing a
delineation process. A sophisticated conceptual framework is proposed by incorporating
various established processes to facilitate the ECG waveform delineation and identification
of AE Two blocks are represented in the framework: (i) ECG waveform signal delineation
process and (i) AF screening by interpreting ECG delineation result and medical knowledge
representation. The ECG delineation and AF identification process pipeline consists of
various stages, as shownin Figure 1. At the delineation base, we used an ECG signal in
normal sinus thythm (NSR) to classify four waveforms, i.e., P-wave, ORS complex, T-wave,
and isoelectric line (no wave). The isoelectric line is the baseline of the ECG, recorded in
the TP interval during rhythm with P-waves. The whole methodology is described in the
next sub-section as follows.
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Figure 1. The proposed framework with ECG the delineation approach and AF identification.
Automated ECG signal delineation is developed with convolutional layers as feature extraction and
Bi-LSTM as a classifier.
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2.1. Dataset Preparation

The proposed delineation method was validated on two well-known annotated
databases QT Database (QT'DB) [17] and a lead Il ECG from The Lobachevsky University
Database (LUDB) [18]. In cnmpasnn, AF identification utilized the PhysioNet/CinC
Challenge 2017 database [19], The China Physiological Signal Challenge 2018 database [20],
and ECG recordings from Mohammad Hoesin Indonesia General Hospital. The whole data
distribution is seen in Table 1.

Table 1. The data distribution for the delineation and identification process.

Database Records Description Frequency Sampling
Delineation Model
QTDB 10 subjects NSR Training/validation 250500 Hz
15 subjects Arrhythmias Training/validation
Twwo subjects NSR Testing
200 subjects for NSR,
LUDE ta&y'card{a, bradycardia, Other datilset for model 500 Hz
arrhythmia, irregular rhythm, validated

AF atrial flutter

Medical knowledge-based learning

PhysioNet/CinC Challenge

B0l datohase 5154 subjects NSR AF identification 300 Hz
771 subjects AF
The China Physiological Signal 918 subjects NSR AF identification 500 He

Challenge 2018 database

1098 subjects AF

ECG recordings from Mohammad
Hoesin Indonesian Hospital.

78 subjects NSK AF identification 300 Hz

2.2, Noise Removal 1

The baseline wander noise must be removed from the raw signal to produce satis-
factory results from the delineation process. m:sc factors were removed by applying a
discrete wavelet lran:mmaliun (DWT) with low-pass and high-pass filters [14,21]. This
strategy can separate the ECG signal into various frequency bands and maintain a good
representation of a nonstationary signal [7,22]. While each signal is decomposed per level
to remove ECG noise, DWT produces half of the input signal frequency. This process was
conducted in approximately eight stages of decomposition. The noise removal process was
carried out using soft-thresholding techniques and universal-threshold rules for each signal
decomposition, The decomposition results were reconstructed back into the initial signal
cleaned of noise.

2.3. Segmentation

Segmentation is a crucial stage in the delineation process for classifying the whole
waveform pattern of the ECG signal. The process is conducted by dividing the short single-
lead ECG signal into a beat-to-beat segment to achieve a proper window size. Segmentation
started from the P-wave and went to the isoelectric line after the T-wave, which contained
one heartbeat at an NSR heaffrate. These segment points were sampled with around 250
Hz for three beats. However, it should be noted that the continuity of the time series (ECG
signal) within cach segment was preserved to make it workable for the network to learn
the pattern of different waveforms from each input. After the beat-by-beat segmentation
process, we have the data for the delineation process, as seen in Table 2.
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Table 2. The ECG beat segmentation to develop the delineation model.
Data Training (Beats) Validation (Beats) Testing (Beats)
JTDB 14376 1639 100
LUDB 1096 122 -

2.4. CNN-Bi-LSTM

A previous study achieved best performance when the ECG signal was delineated
automatically with a CNNs and bidirectional LSTM (Bi-LSTM) architecture [21]. A gdi—
rectional phase also has limits because future input information is impossible to get from
the current state. On the other hand, bidirectional does not necessitate correcting its input
data. Furthermore, the current state allows access to future input data [23]. The feature
et'racti(m of CNNs process used four convolutional layers without max pooling. The
convolution process can be expressed as follows [7,21]:

M _
aff = @b+ Y wiXjip1) = @lbi +w x;)) )]
k=1

where a}}’ is the activation of the j neuron of the i filter for the m convolutional layer, M
is the kernel size [8], @ is the neural activation function, b is the shared bias of the i filter,
w, = [wp Ws ... Wy " are the shared weights of the i filter and
=% X oo Xpm- I]T are the corresponding M inputs.

In this study, the convclut'il layer received two input values: the ECG beats and
corresponding labels, including P-wave, ORS complex, T-wave, isoelectric line (no wave),
and zero padding. The ECG beat had asize of (370, 1), which contains information about the
class type of each ECG node. We divided the classes into P-wave as class 0, QRS complex
asclass 1, T-wave as class 2, the is@fictric line (no wave) as class 3, and zero padding as
class 4. The network wagilombined with the rectified linear unit (Rel.U) activation function.
This function has been adopted with four convolution layers (8, n 32, and 64 filters),
resulting in an output size (370, 64). This output size means that the features were set into
370 imesteps, containing 64 features per timestep. The output from the convolutional part
was adjusted to feed into the Bi-LSTM part as a classifier. We used the OneHotEncoder()
function to encode categorical features as a one-hot numeric array, resulting in a shape of
(370, 5). The one-hot array was then fed into the Bi-LSTM classifier model as a target along
with the ECG waveform as an input. The feature map resulting from the convolutional
layers is shown in Figure 2.

The proposed model is to classity the positions and magnitudes of the following
durations, such as P-wave, QRS cn‘mp[end T-wave. The Bi-LSTM architecture processes
a data sequence EJboth directions by two hidden layers, which are fed forward to the
outputlayer and backward along with their corresponding weights (W) and biases (b). Two
parallel directions of forwarding and backward passes are provided below [21].

a' = tanh(W.x' 4+ U ) 2

# = oWk + UAFY) = o( 7 ) 3)

£ = oWyt + Uty = o(f ) @

of = o(Wor! + Uht1) = o(a) ®)
Lsrfd}, = tanh( Wfl}:xf + w.}; LS TME_l + b;; ) (6)

—1 -
LSTM;; = tanh| W_l}. X+ 'W‘:...a. LSTJ’\‘LI_I + bi_] (7)
ih W h h
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From Equations (6) and (7), the output of the Bi-LSTM layer at a time t:

—1 1
v} = tanh(W.. LSTM, + W' LSTM, + 1) )
10 1o
ere a' is input, i* is input gate, f' is forget gate, o' is output gate, 1 is hidden gate, the
output depends on LS?M, and LSTM;; hg is initialif#l as a zero vector.

In the process of ECG waveform classification, a fixed window size of 370 nodes for
each sequence was used. The window size was large enough to capture one fpartbeat (from
the start of P-wave 1 to the start of P-wave 2). The total of the nodes’ starts-to-end index of
the P-wave, QRS complex, T-wave, and the isoelectric line had to be adjusted in the unit of
seconds, respectively. These duration points were sampled with a sampling frequency of
about 250 Hz. The dassifier architecture used in this study consisted of an input layer size
(370, 1) with five output layers, prodifihg 512 hidden layer neurons, including the Tanh-
Sigmoid hidden activation function. The output layer activation function was Softmax,
with a leaming rate of 0.0001fEhd the epoch was 300. The network optimizer utilized
was the Adam optimizer, and categorical cross-entropy was selected as a los@hunction to
measure the loss value of the classifier model. The output from this classifier contains the
probability class for each node. One class with the highest probability value was selected
as the predicted output of the model. In the end, a vector with a size of (370, 1) was formed
as the predicted class of each node.
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Figure 2. The result of the feature map from convolutional layers. (a) Convolution 1 (370, 8).
(b} Convolution 2 (370, 16). (¢) Convolution 3 (370, 32). (d) Convolution 4 (370, 64).

The entire structure of theffBature extraction and classification process by the CNNs-
Bi-LSTM architecture is shown in Table 3.
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Table 3. The structure of the proposed CNNs-Bi-LSTM architecture.

e Input Filter Kernel Output Feature
¥ Nodes Number Size/Pool Size Nodes Interpretation
Input 370, 1 - - - ECG amplitude for one beat
Convolution 1 370 =1 8 3 x 1, stride 1 370x B 8 feature maps
Convolution 2 370 = 8 16 3 % 1,stride 1 370 = 16 feature maps
Convolution 3 370 % 16 32 3 % 1, stride 1 370 x 32 32 feature maps
Convolution 4 370 x 32 [353 3 % 1, stride 1 370 x 64 64 feature ps
Two directions of feature data
Bi-LSTM 370 = 64 - - 370 « 1024 {512 nodes for both forward and
backward directions)
BB70 nodes with five classes
Output = 370 % 5 {P-wave QRS-complex, T-wave,

No-wave, and zero padding]

11|

I

|N|| I|L\'|,| ||'J| I| | |

2.5. Model Deliveation Iﬁnmion

The performance of the proposed Bi-LSTM model was validated using a confusion
matrix. To evaluate classification performance, we applied performance metrics [24,25].
Furthermore, we used a positive predictive value (precision) versus a sensitivity (recall) or
precisi@fi-recall (P-R) curve to measure all potential cut-offs in the delineation process. The
higher area under the curve (AUC) value was ﬂ‘la’—R curve [24]. For model configuration
and evaluation, we conducted the experiments on a woffstation with one Intel(R) Core
(TM) i7-10700K CPU, with a 3.80 GHz processor and 32 GB RAM, and one NVIDIA
GeForce RTX 2070 Super 8 GB GPU. All experiments were run on Windows 10 Pro 64-Bit
and CuDNNLSTM.

2.6. AF Identification

In measuring the diagnostic performance of AF it is common to leverage an ECG,
a signal that measures the heart’s electrical acl‘i\- As shown in Figure 3, a special
hallmark of AFin the absence of I’ waves is that the rhythm is irregularly irregular, and the
morphology of the P-waves is fibrillation [24]. This study conducted two important stages
for making an automatic AF interpretation from the ECG signal: detecting the heart-rate
variability (HRV) to measure the regular or irregular condition and detecting the presence
or absence of P-waves in the ECG record to support AF interpretation.

(g afafo| apnafejyapae oy aie s gnfogagna|afage

|‘ |L_|| .\l| | "J HII I | WL L _|.| il'u-]-g.-l | l\\." ||.n
(a) (b)

Figure 3. Example of ECG signal: (a) normal rhythm as NSR and (b} abnormal rhythm as AF.

f =

An AF identification procedure after ECG signal delineation is as follows:

- Each ECGdevice has a different frequency sampling and to produce the generalization
model of delineation, to determine one beat, it was segmented again around 02 s
before the R, and (.45 s after the R

- From the delineation result, we can determine the occurrence P-wave pattern; how-
ever, the QRS complex should be processed to determine heart-rate irregularity. To
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measure the distance between R,,;-R i or RR, intervals were calculated using the
following equation:

RRI7 = (Rpear[i] = Rpearli +1])  f5 x 1000 ©)

where R, [1] is Ry positionatinode, R, [f +1] is R position at (i + 1) in nodes,
f5 1s the frequency sampling, and RR interval values in beat per minutes (BPM).

- From the RR interval result, the ECG signal was checked to determine whether there
was a continuous change in ventricular response in five to seven beats to indicate
whether the ECG has a regular or an irregular rhythm in the ECG recording,.

- The three BI'M ranges of ventricular response are needed to ensure whether a signal
is normal or AF condition, as (i) the normal ventricular response group has the RR
interval value ranged between 60 and 100 BPM; (ii) the slow ventricular response
group has the RR interval value less than 60 BPM (<60 BPM); and (iii) the rapid
ventricular response group has the RR interval greater than 100 BPM (>100 BPM).

- After determining the ventricular response of the ECG signal, then the regular or
irregular rhythm is determined. An ECG signal is said to be a Regular Rhythm if that
rhythm has a pattern. The rhythm pattern canbe a normal, rapid, or slow ventricular
response. On the other hand, if there is no pattern occurred in the ECG signal, then
the signal is categorized as an irregular rhythm.

- By using two inputs, the AF or NSR was interpreted according to the following rules:

If the P-wave was present and the thythm regular, then the condition was normal.
If the P-wave was absent and the rhythm regular, then the condition was normal.
If the P-wave was present and the rhythm irregular, the condition was AF.

If the P-wave was absent and the thythm irregular, the condition was AFE

3. Results and Discussion

EBorphology in the ECG signal can be represented by the cardiac waveform series of
the P-wave, the QRS complex, the T-wave, and the isoelectric line (no wave). This study
has proposed a training, validation, and testing set for the delineation task. The validation
set is used for the hyperparameter tuning, while the testing set as unseen data is used to
show the generalization abilities of the CNNs-Bi-LSTM model.

This study classified such a waveform series using 90% for the training process and
10% for the testing process with shuffle sampling. The total training set was 7714 samples,
and the testfig set was 858 samples. The CNNs-Bi-LSTM result was compared to the data
annotation by ecgpuwave in the QTDBffind we also compared the LSTM and Bi-LSTM
classifiers without feature extraction. The ecgputwave provided the exact location of all
waveforms in the signal. The ecgpuwave output was written as a standard WFDB-format
annotation file related to the specified annotator that was utilized as label or ‘ground truth’
for ECG waveforms.

3.1. Model Evaluation of the Delineation Process

The LSTa standard has a unidirectional phase that preserves the past information
and runs the inputs only in forward passes. In contrast, the Bi-LSTM phase runs inputs
in forward and backward passes and preserves the information from both the past and
future. Figures 4 and 5 show the performance of the proposed CNNs-Bi-L5TM classifier in
the training and validation evaluation. All classification performances reached over 99%
in the training phase. Only the T-wave classification produced 98.75% precision, 98.12%
sensitivity, and a 98.44% Fl-score in the validation phase, while the remaining achieved
over 99%.
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100.0

99.5

99.0

98.5

98.0

Performance (%)

Training Performances

QRS-Complex|
99.98 99.89 98.60 99.88
99.86 99.70 99.87 99.85
99.99 99.98 99.98 99.91
99.99 99.97 90.93 99.90
99.92 99.80 98.74 99.86

Figure 4. Model evaluation for the training process in normal ECG waveform.

100.0
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98.0

Performance (%)

97.5

97.0

Testing Performances

QRS-Complex

No-Wave

99.07

99.30

99.10 99.07 98.75 99.10
99.94 95.94 99.82 99.44
99.90 99.88 99.61 99.59
99.12 99.07 98.44 99.20

Figure 5. Model evaluation for the validation process in normal ECG waveform.

Three scenarios were created to validate the proffifed model with an intra-inter
patient in normal rhythm and arrhythmia conditions. Most previously reported works
on medical data in the literature have been evaluated only for the intra-patient paradigm
and to test the model using samples from the same patients. Therefore, some of these
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methods achieved good accuracy using the intra-patient scheme; however, their results are
unreliable, as their evaluation process was biased. In addition, the mput data has never
been recognized in the training process in the testing processes that use inter-patient data.
In some cases, it can cause the performance results to decrease significantly.
The waveform classification performance of the three scenarios is shown in Table 4.
By using inter-patient data, the CNNs-Bi-L5TM model has maintained classification perfor-
mance. However, in the inter-patient (NSR) scenario, the sensitivity decreased by about
%, and the precision decreased by about 4%. Such conditions happened due to the inter-
patient data having variations in signal morphology, and the noise suppressed the ECG
:mlal. We also tested the delineate system with abnormal data in the arthythmia condition
[(B2ntricular premature complexes and atrial premature complexes). Ventricular and atrial
premature complexes occur when the lower chambers of the heart contract before they
should. When this happens, the heartbeat becomes out of sync. This can produce a regular
heartbeat, an extra heartbeat, a pause, and a stronger heartbeat. With such an arrhythmia
condition, our model delineation performance decreased 1.47% in sensitivity, 1.48% in
predision, (.28% in specificity, and 0.48% in accuracy (see Table 4). However, our model still
maintained performance aver 97% in sensitivity, which means that the model produces a
high true positive rate value.

Table 4. Delineation results in an intra-inter patient with NSR, arrhythmia, and various conditions
using the QTDB and the LUDB.

Classification Performance (%)

Database Records Scenario
Sen. Prec. Spec. Acc. Fl-Score
10 Intra-patient (NSR) 98.91 99.01 99.79 99.79 98.96
QTDB 15 Intta-patia 97.44 97.53 99.57 99.31 97.48
(Arrythmia)
2 Inter-patient (NSK] 89.90 91,30 97.86 97.33 91.70
Intra-patient -
LUDB 200 Trapans 95.61 95.93 99.18 98.77 95.76

{Various Conditions)

Note: Sensitivity (Sen.), Precision (Prec.), Specificity (Spec.), Accuracy (Acc.).

For another experiment with the same hypem‘ameters, the ECG signals of the LUDB
were implemented in an infra-patient scenario fo analyze the performance comparison
of the delineation m:‘ithm, All the LUDB recordings were validated under various
conditions, such as s thythm, sinus tachycardia, sinus bradycardia, sinus arrhy thif§l,
irregular sinus rhythm, AF, and atrial flutter. With the massive data of the LUDB, the
performance of the delineation algorithm was applied in various conditions, and all perfor-
mances were achieved above 95.61%. Thus, the proposed CNNs-Bi-LSTM model was still
robust for the delineation task, and there was no significant gap between the QTDB and
the LUDB in the intra-patient scenario (see Table 4). The performance deciffffe witnessed
by using the LUDB could be due to various signal abnormalities, such as Sinus Rhy thm,
Sinus Tachycardia, Sinus Bradycardia, Sinus Arrhythmia, [rregular Sinus Rhythm, AF, and
Atrial Flutter. The enormous difference in recorded numbers could be more challenging.
The LUDB had 200 records, while the QTDB used only 10 and 15 records for NSR and
arrhythmia, respectively. Hence, the LUDB offers a variety of complex morphologies,
which can be a challenge in the delineation process.

For OTDB, the confusion matrices for NSR with inter-patient cases showed that the P-
wave class was misclassified in about 315 samples, the QRS complex in about 145 samples,
and the T-wave in about 1006 samples (refer to Figure fa). This meant that the nodes
shifted from all samples to the isoelectric line; however, no sample was misclassified into
another waveform dass. When testing for the arrhythmia condition, as shown in Figure 6b,
the QRS complex class was misclassified as another waveform class, three samples were
misclassified as P-waves, and 13 samples were misclassified as T-waves. However, due to
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Pwave- 1931
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Interpatient Confusion Matrix

EX]
the large number of &G recordings in the M'TLBLH Arrhythmia dataset, the waveform
classification results in terms of their sensitivity and precision performances still reached
over 97% (see T@ 4). The shift of the waveform class to the isoelectric line class occurred
in three classes: P-wav@ZBRS complex, and T-wave. On the other hand, when the model
was validated in LUDB, P-wave, QRS-complex, and T-wave were misclassified as isoelectric
lines (refer to Figure 6c).

Arrhythmia Confusion Matrix
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Figure 6. Confusion matrices for QTDB's (a) inter-patient and (b) arrhythmia conditions, and

(¢) LUDB's intra-patient.

Figure 7a b shows another metric of delineation performance in the intra- and inter-
patient scenarios: the precision—recall (P-R) curve to evaluate experimental performance.
Precision can be seen as quality, whereas recall can be seen as a measure of quantity. The
P-R curve was essential in this study because the ECG delineation had four classes of
waveforms and zero padding along with the signal. Therefore, the shift in each class
duration will affect the delineation process’s precision performance.

The P-R curve was utilized to show the false positive and false negative rate values.
The two curves show good results utilizing CNNs-Bi-LSTM models. The intra-patient data
produces an average P-R curve area of 1.0 ‘m the inter-patient data, producing an area
of 0.98, which shifts to the upper right. The high area under the curve (AUC) represents
both high recall and precision, where high precision relates to a low false-positive rate
and high recall relates to a low falsenegative rate. In the intra-patient data, all classes
produced an AUC of over 97%. However, in the inter-patient data, the AUC of the QRS
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complex and T-wave reached 85% and 80%, respectively. This means that the duration of
the two waves shifted by 13-17% to the isoelectric line or no-wave class. There were no
positive or negative electrical charges to create deflections.

08

-

o4

02

U CNNs-Bi-LSTM  Cround Truth

‘| 190 — \
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Figure 7. Model evaluation based on precision—recall (P-R) curves.
(b) inter-patient data.

(a) intra-patient data.

Figure 5 depicts a sample delineation result of one beat in the NSR with intra—inter-
patient data for QTDB. The result appeared to indicate a satisfactory waveform pattern;
however, in the long ECG signal recording, the wave’s duration shifted to the isoelectric
line ina large amount of inter-patient data. This must be improved significantly to produce
exact waveform delineation results (see Table 4).

U CNNs-BEi-LSTM  Ground Truth

Pwave Hll QRS-Complex B Twave T2 lsoclectric line
(a) (b)

Figure 8. A sample of one-beat ECG signal delineation results for (a) intra-patient and (b) inter-
patient in NSR data. Each figure represents the QTDB ground truth (top figure) and CNNs-Bi-LSTM
(bottom figure).

3

This work presents a CNNs-Bi-LSTM-based approach for ECG delineation by framing
theEJoblem as a classification task. Our work exhibits good delineation performance, and
the network has excellent classification perf@nance in single-lead scenarios with unseen
data (inter-patient), as depicted in Figure 9. Our approach is data-driven. Therefoifg) any
bias in the QTDB will be learned by the network. In this sense, CNNs-Bi-LSTM-based
approaches, such as the proposed model, can easily assimilate newly annotated data to
enhance delineation performance. Development became shortened once the right design
decisions had been modeled, thus becoming an alternative to DL-based methods with
great potential. In Figure 9, we plotted the sample of delineation results in four beats.
The classification results showed satisfactory performance. CNNs-Bi-LSTM can recognize
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several ECG morphologies in terms of P-wave, ORS complex, and T-wave, along with a
signal recording.

CMNNS-BI-L5TM Predicted CNMNe-Bi-L5TM Predicte.
1.0 Pitinve 1.0 Riee
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A | f 1 i
S ]
0.0 l 0.0
3 e [ E! [ in W 17 EE]
oo (5] 10 1 Isl'rr!e -'Seglndl 25 30 1.5 Time (Second)

(a) (b)
Figure 9. The four-beat sample of ECG-signal delineation in (a) NSR and (b) arrhy thmia.

We compared the proposed delineation process with two other networks: unidi-
rectional (Uni-LSTM) and Bi-LSTM architectures without CNNs. The feature extraction
performed by convelutional layers can improve the proposed model’s classification per-
formance (see Table 5). The average precision classification of the waveform increased
from 98.97% to 99.01% using the proposed model, and the other metrics also increased.
In addition, we compared our proposed model to ntn' deep learning algorithms for the
delineation task (see Table 6). Based on the results for the P-wave, QRS complex, and
T-wave detection, the performance in our delineation model significantly outperformed
the other methods proposed by [14,25] and [15] due to all their methods reaching metrics
under 98%.

Table 5. The three LSTM architectures with the best result.

Performance (%)

Architecture
Sen. Prec. Spec. Acc F1-5core
Uni-1LSTM 98.71 9880 99.75 99 64 9875
Bi-LSTM 98.84 98.97 99.68 99.68 98.91
Convolutional-Bi-L5TM 98.91 99.01 99.79 99.79 98.96

MNote: Sensitivity (Sen.), Precision (Prec.), Specificity [Spec ), Accuracy (Acc).

Furthermore, while the performance results obtained by [26,27] were excellent (around
99%), their detectiflh focused only on the QRScomplex, Our study generated the delineation
algarithm for the P-wave, QRS complex, T-wave, and isoelectric line (no wave)_me three
main deflections of ECG waveforms are essential for practical diagnosis. The P-wave is
caused by the depolarization wave spreading over both 8. The QRS complex is written
when the depolarization wave reaches the ventricles. A period of electrical inactivity
follows, during which the ECG records the ST segment. Finally, the ventricular muscle
slowly recharges in preparation for &Eext cardiac beat, and this repolarization of the
ventricles appears as a T-wave. Thus, it can be concluded that our proposed model had
a good result in the delineation process in the inter-patient data of the QTDB, with all
performances achieving above 98.91% (see Table 6).
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Table 6. Comparison with other delineation using deep learning model with the same QTDB records.

Performance (%)

Architecture Detection
Sen. Prec. Spec. Acc. F1-Score
Convolutional TSTM[7]  THSNEREE I 97.95 95.68 - 96.78
wave, and No wave
Convolutional Neural P-wave, QRS-complex,
5 - - -
Network-UNet [25] and T-wave s #.80
Convolutional Long P-wave, QRS-complex, ) = )
Short-Term Memaory [15] and T-wave nr Lt IS 08
Convolutional Neural z
Network [26] QRS-complm 99.97 99.99 - 99.98
Convolutional Neural .
Network [27] 1 ORS-complex 99.10 499,00 - - -
P-wave, QRS-complex,
Proposed model T-wave, and Isoelectric 95.91 99.01 99.79 99.79 98.96

line (no-wave)

Note: Sensitivity (Sen.), Precision (Prec.), Specificity [Spec), Accuracy (Acc.).

3.2. AF ldentification Results

We conducted experiments for AF identification with three datasets taken from (i) the
China Physiological Signal Challenge 2018, (ii) the PhysioNet Computing in Cardiology
Challenge 2017, and (iii) the Mohammad Hoesin General Hospital Indonesia. The three
datasets have different sampling frequencies & their ECG recordings. Meanwhile, the
design delineation model uses the NSR QTDB with a sampling frequency of 250 Hz. The
difference between the data model and the data tested will be challenging because it
will affect the nodes generated in each beat. AF can be identified by confirming three
decision-making factors: the P-wave's absence n duration 0.06—0.08 s and considerably
higher beats per minute than 60-100 BPM with inconsistent RR interval variatiummd not
within the 0.6-1.0 s range [27]. The identification results were evaluated based on positive
predictive value (PPV) or the probability that subjects with a positive screening test truly
have the disease. A negative predictive value (NPV) is the probability that subjects with a
negative screening test truly do not have the disease. The AF identification results can be
sumaarized as follows:

e  The China Physiological Signal Challenge 2018 database was collected from 11 hospi-
tals and contained 12-lead ECG recordings lasting 660 s, this study used only lead 1L
In the identification process, we used about 826 NSR records and 988 AF records. The
results showed that we had 95.40% PPV, §4.55% NPV, and an 89.65% Fl-score. There
were 38 (4.6%) records that had a false negative (FN), and 144 (14.5%) records that had
a fam'.\nf-‘.itive (FP).

e  ThePhysioNet Computing in Cardiology Challenge 2017 database was collected from
a short single-lead ECG recording between 30 and 60 s in length. ECG recordings were
collected using a mobile Cardia with the AliveCor device. We utilized about 3154 NSR
records and 771 AF records. The experiment reached 86.51% PPV, 95.95% NPV, and
an 90.43% Fl-score, There were 457 (14.4%) records with FN and 114 (1.4%) records
with FP.

e  The General Mohammad Hossein Hospital (Palembang, Indonesia) database was
collected from a short single-lead ECG recording between 30 and 60 s in length. ECG
recordings were collected using a mobile Cardia with the AliveCor device. We utilized
about 78 NSR records and 45 AF records. The experiment reached 85.61% PPV, 97.10%
NPV, and a 90.41% Fl-score. There were 12 (15.3%) records with FN and two (4.4%)
records with FP.
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References

A short single-lead ECG denfiflistrated an overall greater NPV or sensitivity value from
the experiment. This means that the proposed model makes it possible to identify cardiac
abnormalities from a single-lead ECG, even when the recordings are of short duration,
with delineation andfEfedical knowledge representation. One of the questions this work
has addressed is the clinical impact that this method can achieve. Thus, it was critical to
evaluate the model in a real dataset known for its many patients and signals. Even though
we are critical of some of the manual annotations in the QTDB from PhysioNet, we assume
Ellat most of theannotations are correct and can be used for evaluation. The main limitation
of this work is the lack of more up-to-date databases that contain a higher variability for a
more comprehensive array of pathologies. Despite ECG usually being the first information
registered of a patient’s cardiac condition, not many large, annotated databases for ECG
delineation exist.

4. Conclusions

This research aimed to develop a non-invasive method to detect AF conditions using
a single-lead ECG signal delineation approach. Although we did not test the proposed
model WIE clinical data, the model was validated and tested with massive data from three
datasets. Even though this identification systenff}s not a direct replacement as a standard
ECG, the utilization of this affordable system will contribute toward reducing strokes,
raising heart health awareness, and significantly saang on costs. The AF identification
system will allow physicians with less knowledge of how to evaluate ECG signals or other
related factors to get a simple identification of potential AF concerns. The proposed CNNs-
Bi-LSTM network demonstrated significant precision in identifying AF with a specific
algorithm, and it can be improved as menerah'zed model for other heart diseases. In the
future, further research will focus on how to better integrate physicians’ experience and
expertise into the DL model to improve the performance of the ECG delineation task, and
to generalize our approach to cover more cross-disciplinary work.
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Abstract: Physicians manually nterpret an electrocardiogram (ECG) signal morphology in routine
clinical practice. This activity is a monotonous and tmct task that relies on the experience of
understanding ECG waveform meaning, including P-wave, QRS-complex, and T-wave. Such a
manual process depends on signal quality and the number of leads. ECG signal classification based
on deep learning (DL) has produced an automatic interpretation; however, the proposed method
is used for specific abnormality conditions. When the ECG signal morphology change to other
abnarmalities, it cannot proceed automatically. To generalize the automatic inter pretation, we aim to
deiineﬂ(:(} waveform. However, the output of delineation process only ECG waveform duration
classes for P-wave, QRS-complex, and T-wave. [t should be combined with a medical knowledge rule
to produce the abnormality interpretation. The proposed model is applied for atrial fibrillation (AF)
identification. This study meets the AF criteria with RR irregularities and the absence of P-waves in
essential oscillations for even more accurate identification. The QT database by Physionet is utilized
for developing the delineation model, and it validates with The Lobachevsky University Database.
The results show that our delineation model works properly, with 98.91% sensitivity, 99.01% precision,
99.79% specificity, 9.79% accuracy, and a 98.96% F1 score. We use about 4058 normal sinus rhythm
records and 1804 AF records from the experiment to idunti.f]. conditions that are taken from three
datasets. The comprehensive testing has produced higher negative predictive value and positive
predictive value. This means that the proposed model can identify AF conditions from ECG signal
delineation. Qur approach can considerably contribute to AF diagnosis with these results.

Keywords: delineation; electrocardiogram; convolutional neural network; long-short term memory

1. Introduction

Electrocardiogram (ECG) is the gold standard for signal detection and an effective
way to evaluate the heart’s thythm due to its versatility and affordability as a rapid and
straightforward test, even in places with scarce resources [ 1-3]. The test results obtained
from an ECG device are heart thythms, which can reveal an overview of the heart’s
morphology, such as its structural and physiological conditions [3,4]. A short single-
lead ECG is used for essential heart thythms monitoring, which has a short or minimum
duration (seconds) in ECG recurd.ingddititmally, it presents only in one lead ECG
signal. It is different to a standard long 12-lead ECG, which provides a complete picture of
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heart activity for making clinical decisions [2]. Long ECG tends to need several rounds of
recording (minutes to hours) to monitor the morphology. However, health care systems
emphasize simple, cost-effective solutions, scalable with automated analysis [5,6]. Several
simple, low-cost, wireless wearable ECG mobile devices with a sm't single-lead analysis
have made private screening indispensable [5]. Unfortunately, it is difficult to perform
rapid and accurate diagnosis by using such devices, caused by inconsistent findings or
low-wave amplitude. About 27% uninterpretable intervals due to single-lead ECG have
low quality, noise, low amplitude, complexity, and non-linear characteristics [5,7]. Hence,
deep investigation into ECG signal processing is needed to improve the prediction with a
short single-lead devidg[i)

The morphology of a normal ECG signal indicates a P-wave, the ORS complex, and
a T-wave in the interval of one heartbeat [4]. A normal ECG signal without irregular
fluctuations signified a healthy patient. This is different to several heart abnormalities
wiEh can be detected by recognizing and analyzing these irregularity characteristics, such
aslong QT syndrome, which is characterized by a QT interval [5], and atrial fibrillation
(AF) with missing P-wave [6]. The human interpretation about AF conditioffflom ECG
recordings varies widely, although the acquisition has been standardized. This is due
to differences in the interpreter’s experience and expertise. In addition, human errors
and inaccurate interpretations can occur [7,8]. General clinicians missed 20% of AF cases
(20 0f 99) on a 12-lead ECG and misinterpreted normal sinus rhythm (NSR) as AF by
8% (114 of 1355) when compared to the cardiologist reference standard [Y]. The use of
single-lead ECGs can increase sensitivity with interpretive software approaches and general
clinicians’ irlterpretatiul[]]. While ECG signals and patterns are mainly unrecognizable
by human interpreters, artificial intelligence (Al) plays a role in precision, making the ECG
a robust non-invasive biomarker [11].

In the future, the amount of data generated by the ECG device to beanalyzed and diag-
nosed will increase with the development of sensitivity sensors and other supporting devices,
such as cell phones, smartwatches, and low-cost mobile ECG devices [12,13]. Therefore, using
Al technology in short single-lead ECG devices will improve quality detection and reduce the
burden of analyzing cardiac data. AF condition can be diagnosed using an ECG device thal is
identified through electrical activity during the repolarization and deffEJarization process. In
this study, such process is represented by segmenting the duration of ECG signal waveforms
(P-wave, QRS complex, T-wave) named delineation [ 14]. Proper and correct delineation madel
for ECG waveform can produce accurate diagnostics [5,15].

Currently, the Alapproach with deep learning (DL) algorithms, such as deep neural
networks (DNNs) [11,12] convelutional neural networks (CNNs) [13], and recurrent neural
networks (IﬁNs) [15,16], has revolutionized the way machines interpret ECG signals.
RNNs with long short-term memory (LSTM) architecture are an excellent method for
exploiting the time-series-based sequential data structures of ECG signals. Using an
L5TM architecture with a powerful technique in ECG signal delineation classifies the ECG
waveform from one step to the next time step for each heartbeat [14]. However, the lack of
feature extraction in I_STmakes the obtained results less optimal. This study proposes a
deep structure of a CNNs as a feature extraction and LSTM as a classifier model to overcome
this limitation. The convolutional layers automatically exm:t these ECG features, and
LSTM classify the waveforms into four distinct component waveforms (i.e., P-wave, QRS
complex, T-wave, and isoelectric line) in each heartbeat.

In most previous studies, the proposed delineation process is only for localizing and
classifying the ECG rhythm without interpreting abnormalities. This study proposes a
delineation process for identifying the thythm abnormality of AE To our knowledge, no
previous study has investigated AF SEI‘Ii[lB with a delineation approach. The important
finding in our research is that we used a single model architecture to simultanecusly predict
the presence or absence of all labels and interpret the entire ECG waveform. The final
post-processing step is reconciling and aggregating the information from the ECG wave-
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forms and [g@oviding a comprehensive analysis of the signal to make an AF interpretation.
Therefore, this study and the proposed method make the following new contributions:

e To propose a framework of automatic identification with a single-lead ECG-based
delineation approach.

* Todevelop the stacked CNNs-Bi-LSTM architecture for ECG waveform delineation
with a massive amount of data.

e Toimplement the combination of delineation approach and medical kndf#dge base
learning to aggregate the mformation in an ECG signal simultaneously to detect the
absence of P-wave, the ventricular response, and the irregularity of the RR interval.

e  To evaluate the proposed model for automatic AF interpretation with clinical data
from single-lead personal ECG devices.

With a d.ei#d approach to the problem and to describe the proposed method and
its contribution, this paper is structured as follows: In Section 2, viifpresent materials and
methods proposed for ECG delineation in identifying AF, while in Section 3, we present
the results of applying the methods and a discussion. Finally, Section 4 draws conclusions
from the process and the obtained results.

2. Methodology

This section describes our proposed methodology for AF identification, utilizing a
delineation process. A sophisticated conceptual framework is proposed by incorporating
various established processes to facilitate the ECG waveform delineation and identification
of AE Two blocks are represented in the framework: (i) ECG waveform signal delineation
process and (i) AF screening by interpreting ECG delineation result and medical knowledge
representation. The ECG delineation and AF identification process pipeline consists of
various stages, as shownin Figure 1. At the delineation base, we used an ECG signal in
normal sinus thythm (NSR) to class@gfour waveforms, ie, P-wave, ORS complex, T-wave,
and isoelectric line (no wave). The isoelectric line is the baseline of the ECG, recorded in
the TP interval during rhythm with P-waves. The whole methodology is described in the
next sub-section as follows.

Feature Extraction
(4 Convalutional Layers)
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Figure 1. The proposed framework with ECG the delineation approach and AF identification.
Automated ECG signal delineation is developed with convolutional layers as feature extraction and
Bi-LSTM as a classifier.
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2.1. Dataset Preparation

The proposed delineation method was validated on two well-known annotated
databases QT Database (QT'DB) [17] and a lead Il ECG from The Lobachevsky University
Database (LUDB) [18]. In cnmpsnn, AF identification utilized the PhysioNet/CinC
Challenge 2017 database [19], The China Physiological Signal Challenge 2018 database [20],
and ECG recordings from Mohammad Hoesin Indonesia General Hospital. The whole data
distribution is seen in Table 1.

Table 1. The data distribution for the delineation and identification process.

Database Records Description Frequency Sampling
Delineation Model
QTDB 10 subjects NSR Training/validation 250500 Hz
15 subjects Arrhythmias Training/validation
Twwo subjects NSR Testing
200 subjects for NSR,
LUDE ta&y'card{a, bradycardia, Other datilset for model 500 Hz
arrhythmia, irregular rhythm, validated

AF atrial flutter

Medical knowledge-based learning

PhysioNet/CinC Challenge
2017 database

5154 subjects NSR AF identification 300 Hz
771 subjects AF

The China Physiological Signal 918 subjects NSR AF identification 500 Hz

Challenge 2018 database

1098 subjects AF

ECG recordings from Mohammad
Hoesin Indonesian Hospital.

78 subjects NSK AF identification 300 Hz

2.2, Noise Removal

The baseline wander noise must be removed from the raw signal to produce satis-
factory results from the delineation process. a:sc factors were removed by applying a
discrete wavelet lra:@maliun (DWT) with low-pass and high-pass filters [14,21]. This
strategy can separate the ECG signal into various frequency bands and maintain a good
representation of a nonstationary signal [7,22]. While each signal is decomposed per level
to remove ECG noise, DWT produces half of the input signal frequency. This process was
conducted in approximately eight stages of decomposition. The noise removal process was
carried out using soft-thresholding techniques and universal-threshold rules for each signal
decomposition, The decomposition results were reconstructed back into the initial signal

cleaned of noise.

2.3. Segmentation

Segmentation is a crucial stage in the delineation process for classifying the whole
waveform pattern of the ECG signal. The process is conducted by dividing the short single-
lead ECG signal into a beat-to-beat segment to achieve a proper window size. Segmentation
started from the P-wave and went to the isoelectric line after the T-wave, which contained
one heartbeat at an N5SR heart rate. These segment points were sampled with around 250
Hz for three beats. However, it should be noted that the continuity of the time series (ECG
signal) within cach segment was preserved to make it workable for the network to learn
the pattern of different waveforms from each input. After the beat-by-beat segmentation
process, we have the data for the delineation process, as seen in Table 2.
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Table 2. The ECG beat segmentation to develop the delineation model.

Data Training (Beats) Validation (Beats) Testing (Beats)
JIDB 14376 1639 100
LUDB 1096 122 -

2.4. CNN-Bi-LSTM

A previous study achieved best performance when the ECG signal was delineated
automatically with a CNNs and bidirectional LSTM (Bi-LSTM) architecture [21]. A unidi-
rectional phase also has limits because future input information is impossible to get from
the current state. On the other hand, bidirectional does not necessitate correcting its input
data. Furthermore, the current state allows access to future input data [23]. The feature
Bh‘acti(m of CNNs process used four convolutional layers without max pooling. The
convolution process can be expressed as follows [7,21]:

M
alt = glbi+ Y wix;51) = @b +wlx)) (1)
=

where aff is the activation of the j neuron of the i filter for the m convolutional layer, M
is the kernel size [8], @ is tl‘amu.ral activation function, b is the shared bias of the i filter,
w, = [wy wWa ... Wy " are the shared weights of the i filter and
=[x xp41 .. .x_,._'_M_l]T are the corresponding M inputs.

In this study, the convclut'il layer received two input values: the ECG beats and
corresponding labels, including P-wave, ORS complex, T-wave, isoelectric line (no wave),
and zero padding. The ECG beat had asize of (370, 1), which contains information about the
class type of each ECG node. We divided the classes into P-wave as class 0, QRS complex
asclass 1, T-wave as class 2, the is@&ctric line (no wave) as class 3, and zero padding as
class 4. The network was combined with the rectified linear unit (Rel.U) acivation function.
This function has been adopted with four convolution layers (8, 16, 32, and 64 filters),
resulting in an output size (370, 64). This output size means that the features were set into
370 imesteps, containing 64 features per timestep. The output from the convolutional part
was adjusted to feed into the Bi-LSTM part as a classifier. We used the OneHotEncoder()
function to encode categorical features as a one-hot numeric array, resulting in a shape of
(370, 5). The one-hot array was then fed into the Bi-LSTM classifier model as a target along
with the ECG waveform as an input. The feature map resulting from the convolutional
layers is shown in Figure 2.

The propose@Bhodel is to classify the positions and magnitudes of the following
durations, such as P-wave, QRS complex, and T-wave. The Bi-LSTM architecture processes
a data sequence in both directions by two hidden layers, which are fed forward to the
outputlayer and backward along with their corresponding weights (W) and biases (b). Two
parallel directions of forwarding and backward passes are provided below [21].

a' = tanh(W.x' 4+ U ) 2
i‘:o’(W;xf-l—U,-h*_l):a(-iJ) 3)
£ = oWyt + Uty = o(f ) @
of = o(Wor! + Uht1) = o(a) ®)

Lsrfd}, = tanh( W:}:xf + w.}; LS I‘Mf_l + b;; ) (6)

—1 -
LSTM;; = tanh| Wl} X+ 'W‘:...a. LSTJ’\‘LI_I + bi_] (7)
ih W h h
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From Equations (6) and (7), the output of the Bi-LSTM laver at a time t:

—1 —1
v} = tanh(W!_LSTM, + W' LSTM, + b)) ®)

where a' is input, i* is input gate, f' is forget gate, o' is output gate,  is hidden gate, the

output depends on LSTM; and LST M;; hy is initialized as a zero vector.

In the process of ECG waveform classification, a fixed window size of 370 nud@r
each sequence was used. The window size was large enough to capture one heartbeat (from
them't of P-wave 1 to the start of P-wave 2). The total of the nodes’ starts-to-end index of
the P-wave, QRS complex, T-wave, and the isoelectric line had to be adjusted in the unit of
seconds, respectively. These duration points were sampled with a sampling frequency of
ahout 250 Hz. The dassifier architecture used in this study consisted of an input layer size
(370, 1) with five @8 }put layers, producing 512 hidden layer neurons, including the Tanh-
Sigmoid hidden activation function. The output layer activation function was Softmax,
with a learning rate of 0.0001fnd the epoch was 300. The network optimizer utilized
was the Adam optimizer, and categorical cross-entropy was selected as a loss function to
measure the loss value of the classifier model. The output from this classifier contains the
probability class for each node. One class with the highest probability value was selected
as the predicted output of the model. In the end, a vector with a size of (370, 1) was formed
as the predicted class of each node.
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Figure 2. The result of the feature map from convolutional layers. (a) Convolution 1 (370, 8).
(b} Convolution 2 (370, 16). (¢) Convolution 3 (370, 32). (d) Convolution 4 (370, 64).

The entire structfBJ of the feature extraction and classification process by the CNNs-
Bi-LSTM architecture is shown in Table 3.




Sensors 2022, 22, 2329 7of 16
Table 3. The structure of the proposed CNNs-Bi-LSTM architecture.
9 = Input Filter Kernel Output Feature
¥ Nodes Number Size/Pool Size Nodes Interpretation
Input 370,1 - - - ECG amplitude for one beat
Convolution 1 370 = 1 8 3 x 1, stride 1 370x B 8 feature maps
Convolution 2 370 « 8 16 3 % 1, stride 1 370 = 16 16 feature maps
Convolution 3 370 % 16 32 3 % 1, stride 1 370 x 32 32 feature maps
Convolution 4 370 x 32 [353 3 % 1, stride 1 370 x 64 64 feature maps
Two directions of feature data
Bi-LSTM 370 = 64 - - 370 « 1024 {512 nodes for both forward and
backward directions)
370 nodes with five classes
Output = 370 =% 5 [P-wave QRS-complex, T-wave,

No-wave, and zero padding)

[N

L
i

2.5. Model Deliveation Fﬂhmrion

The performance of the proposed Bi-LSTM model was validated using a confusion
matrix. To evaluate classification performance, we applied performance metrics [24,25].
Furthermore, we used a positive predictive value (precision) versus a sensitivity (recall) or
precisi@ffrecall (P-R) curve to measure all potential cut-offs in the delineation process. The
higher area under the curve (AUC) value was &IR curve [24]. For model configuration
and evaluation, we conducted the experiments on a woffBBtation with one Intel(R) Core
(TM) i7-10700K CPU, with a 3.80 GHz processor and 32 GB RAM, and one NVIDIA
GeForce RTX 2070 Super 8 GB GPU. All experiments were run on Windows 10 Pro 64-Bit
and CuDNNLSTM.

2.6. AF Identification

In measuring the diagnostic performance of AF it is common to leverage an ECG,
a signal that measures the heart’s electrical acl‘i\- As shown in Figure 3, a special
hallmark of AFin the absence of I’ waves is that the rhythm is irregularly irregular, and the
morphology of the P-waves is fibrillation [24]. This study conducted two important stages
for making an automatic AF interpretation from the ECG signal: detecting the heart-rate
variability (HRV) to measure the regular or irregular condition and detecting the presence
or absence of P-waves in the ECG record to support AF interpretation.

(g afafo| apnafejyapae oy aie s gnfogagna|afage

I | . ] 1
|, || |LJ| N .|| |L.|| _\l| ||..| | A I_|| W " l‘m -' l'wl N A "_l "il'-.l-g.-l ‘Nyl\\,- 'I'n
(@) (b)

Figure 3. Example of ECG signal: (a) normal rhythm as NSR and (b} abnormal rhythm as AF.

_

An AF identification procedure after ECG signal delineation is as follows:

- Each ECGdevice has a different frequency sampling and to produce the generalization
model of delineation, to determine one beat, it was segmented again around 02 s
before the R, and (.45 s after the R

- From the delineation result, we can determine the occurrence P-wave pattern; how-
ever, the QRS complex should be processed to determine heart-rate irregularity. To
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measure the distance between R,,;-R i or RR, intervals were calculated using the
following equation:

RRI7 = (Rpear[i] = Rpearli +1])  f5 x 1000 ©)

where R, [1] is Ry positionatinode, R, [f +1] is R position at (i + 1) in nodes,
f5 1s the frequency sampling, and RR interval values in beat per minutes (BPM).

- From the RR interval result, the ECG signal was checked to determine whether there
was a continuous change in ventricular response in five to seven beats to indicate
whether the ECG has a regular or an irregular rhythm in the ECG recording,.

- The three BI'M ranges of ventricular response are needed to ensure whether a signal
is normal or AF condition, as (i) the normal ventricular response group has the RR
interval value ranged between 60 and 100 BPM; (ii) the slow ventricular response
group has the RR interval value less than 60 BPM (<60 BPM); and (iii) the rapid
ventricular response group has the RR interval greater than 100 BFM (>100 BPM).

- After determining the ventricular response of the ECG signal, then the regular or
irregular rhythm is determined. An ECG signal is said to be a Regular Rhythm if that
rhythm has a pattern. The rhythm pattern canbe a normal, rapid, or slow ventricular
response. On the other hand, if there is no pattern occurred in the ECG signal, then
the signal is categorized as an irregular rhythm.

- By using two inputs, the AF or NSR was interpreted according to the following rules:

If the P-wave was present and the thythm regular, then the condition was normal.
If the P-wave was absent and the rhythm regular, then the condition was normal.
If the P-wave was present and the rhythm irregular, the condition was AF.

If the P-wave was absent and the thythm irregular, the condition was AFE

3. Results and Discussion

F orphology in the ECG signal can be represented by the cardiac waveform series of
the P-wave, the QRS complex, the T-wave, and the isoelectric line (no wave). This study
has proposed a training, validation, and testing set for the delineation task. The validation
set is used for the hyperparameter tuning, while the testing set as unseen data is used to
show the generalization abilities of the CNNs-Bi-LSTM model.

This study classified such a waveform series using 90% for the training process and
10% for the testing process with shuffle sampling. The total training set was 7714 samples,
and the testing set was 858 samples. The CNNs-Bi-LSTM result was compared to the data
annotation by ecgpuwave in the QTDB, and we also compared the LSTM and Bi-LSTM
classifiers without feature extraction. The ecgpu Immmvided the exact location of all
waveforms in the signal. The ecgpuave output was written as a standard WEDB-format
annotation file related to the specified annotator that was utilized as label or ‘ground truth’
for ECG waveforms.

3.1. Model Evaluation of the Delineation Process

The LSTM standard has a unidirectional phase that preserves the past information
and runs the inputs only in forward passes. In contrast, the Bi-LSTM phase runs inputs
in forward and backward passes and preserves the information from both the past and
future. Figures 4 and 5 show the performance of the proposed CNNs-Bi-L5TM classifier in
the training and validation evaluation. All classification performances reached over 99%
in the training phase. Only the T-wave classification produced 98.75% precision, 98.12%
sensitivity, and a 98.44% Fl-score in the validation phase, while the remaining achieved
over 99%.
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Figure 4. Model evaluation for the training process in normal ECG waveform.
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99.10 99.07 98.75 99.10
99.94 95.94 99.82 99.44
99.90 99.88 99.61 99.59
99.12 99.07 98.44 99.20

Figure 5. Model evaluation for the validation process in normal ECG waveform.

Three scenarios were created Lo validate the proffiised model with an intra-inter
patient in normal rhythm and arrhythmia conditions. Most previously reported works
on medical data in the literature have been evaluated only for the intra-patient paradigm
rather than the inter-patient scheme, which is a more realistic scenario to prevent training
and to test the model using samples from the same patients. Therefore, some of these
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methods achieved good accuracy using the intra-patient scheme; however, their results are
unreliable, as their evaluation process was biased. In addition, the mput data has never
been recognized in the training process in the testing processes that use inter-patient data.
In some cases, it can cause the performance results to decrease significantly.
The waveform classification performance of the three scenarios is shown in Table 4.
By using inter-patient data, the CNNs-Bi-L5TM model has maintained classification perfor-
mance. However, in the inter-patient (NSR) scenario, the sensitivity decreased by about
%, and the precision decreased by about 4%. Such conditions happened due to the inter-
patient data having variations in signal morphology, and the noise suppressed the ECG
@al. We also tested the delineate system with abnormal data in the arthythmia condition
@ ntricular premature complexes and atrial premature complexes). Ventricular and atrial
premature complexes occur when the lower chambers of the heart contract before they
should. When this happens, the heartbeat becomes out of sync. This can produce a regular
heartbeat, an extra heartbeat, a pause, and a stronger heartbeat. With such an arrhythmia
condition, our model delineation performance decreased 1.47% in sensitivity, 1.48% in
predision, (.28% in specificity, and 0.48% in accuracy (see Table 4). However, our model still
maintained performance aver 97% in sensitivity, which means that the model produces a
high true positive rate value.

Table 4. Delineation results in an intra-inter patient with NSR, arrhythmia, and various conditions
using the QTDB and the LUDB.

Database Records

. Classification Performance (%)
Scenario

Sen. Prec. Spec. Acc. Fl-Score

10

Intra-patient (NSR) 98.91 99.01 99.79 99.79 98.96

QTDB 15

Intra-patient

(Arrythmia) 3.3

97.44 99.57 99.31 97.48

Inter-patient (NSK) 89.90 94.30 97.86 97.33 9170

LUDB 200

Intra-patient

{Various Conditions) B

95.61 99.18 98.77 95.76

Note: Sensitivity (Sen.), Precision (Prec.), Specificity (Spec.), Accuracy (Acc.).

For another experiment with the same hypeaa.rameters, the ECG signals of the LUDB
were implemented in an infra-patient scenario fo analyze the performance comparison
of the delineation a:n'thm, All the LUDB recordings were validated under various
conditions, such as $#ftus rhythm, sinus tachycardia, sinus bradycardia, sinus arthythifa,
irregular sinus rhythm, AF, and atrial flutter. With the massive data of the LUDB, the
performance of the delineation algorithm was applied in various conditions, and all perfor-
mances were achieved above 95.61%. Thus, the proposed CNNs-Bi-LSTM model was still
robust for the delineation task, and there was no significant gap between the QTDB and
the LUDB in the intra-patient scenario (see Table 4). The performance deciffEe witnessed
by using the LUDB could be due to various signal abnormalities, such as Sinus Rhy thm,
Sinus Tachycardia, Sinus Bradycardia, Sinus Arrhythmia, [rregular Sinus Rhythm, AF, and
Atrial Flutter. The enormous difference in recorded numbers could be more challenging.
The LUDB had 200 records, while the QTDB used only 10 and 15 records for NSR and
arrhythmia, respectively. Hence, the LUDB offers a variety of complex morphologies,
which can be a challenge in the delineation process.

For OTDB, the confusion matrices for NSR with inter-patient cases showed that the P-
wave class was misclassified in about 315 samples, the QRS complex in about 145 samples,
and the T-wave in about 1006 samples (refer to Figure fa). This meant that the nodes
shifted from all samples to the isoelectric line; however, no sample was misclassified into
another waveform dass. When testing for the arrhythmia condition, as shown in Figure 6b,
the QRS complex class was misclassified as another waveform class, three samples were
misclassified as P-waves, and 13 samples were misclassified as T-waves. However, due to
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the large number of f#8G recordings in the M'TLBLH Arrhythmia dataset, the waveform
classification results in terms of their sensitivity and precision performances still reached
over 97% (see sz 4). The shift of the waveform class to the isoelectric line class occurred
in three classes: P-wav{BRS complex, and T-wave. On the other hand, when the model
was validated in LUDB, P-wave, QRS-complex, and T-wave were misclassified as isoelectric
lines (refer to Figure 6c).

Arrhythmia Confusion Matrix
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Figure 6. Confusion matrices for QTDB's (a) inter-patient and (b) arrhythmia conditions, and

(¢) LUDB's intra-patient.

Figure 7a b shows another metric of delineation performance in the intra- and inter-
patient scenarios: the precision—recall (P-R) curve to evaluate experimental performance.
Precision can be seen as quality, whereas recall can be seen as a measure of quantity. The
P-R curve was essential in this study because the ECG delineation had four classes of
waveforms and zero padding along with the signal. Therefore, the shift in each class
duration will affect the delineation process’s precision performance.

The P-R curve was utilized to show the false positive and false negative rate values.
The two curves show good results utilizing CNNs-Bi-LSTM models. The intra-patient data
produces an average P-R curve area of 1.0 ‘m the inter-patient data, producing an area
of 0.98, which shifts to the upper right. The high area under the curve (AUC) represents
both high recall and precision, where high precision relates to a low false-positive rate
and high recall relates to a low falsenegative rate. In the intra-patient data, all classes
produced an AUC of over 97%. However, in the inter-patient data, the AUC of the QRS
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complex and T-wave reached 85% and 80%, respectively. This means that the duration of
the two waves shifted by 13-17% to the isoelectric line or no-wave class. There were no
positive or negative electrical charges to create deflections.

08

-

o4

02

U CNNs-Bi-LSTM  Cround Truth
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Figure 7. Model evaluation based on precision—recall (P-R) curves.
(b) inter-patient data.

(a) intra-patient data.

Figure 5 depicts a sample delineation result of one beat in the NSR with intra—inter-
patient data for QTDB. The result appeared to indicate a satisfactory waveform pattern;
however, in the long ECG signal recording, the wave’s duration shifted to the isoelectric
line ina large amount of inter-patient data. This must be improved significantly to produce
exact waveform delineation results (see Table 4).

U CNNs-BEi-LSTM  Ground Truth

Pwave Hll QRS-Complex B Twave T2 lsoclectric line
(a) (b)

Figure 8. A sample of one-beat ECG signal delineation results for (a) intra-patient and (b) inter-
patient in NSR data. Each figure represents the QTDB ground truth (top figure) and CNNs-Bi-LSTM
(bottom figure).

This work presents a CNNs-Bi-LSTM-based approach for ECG delineation by framing
the problem as a classification task. Our work exhibits good delineation performance, and
the network has excellent classification performance in single-lead scenarios with unseen
data (inter-patient), as depicted in Figure 9. Our approach is data-driven. Therefore, any
bias in the QTDE will be learned by the network. In this sense, CNNs-Bi-LSTM-based
approaches, such as the proposed model, can easily assimilate newly annotated data to
enhance delineation performance. Development became shortened once the right design
decisions had been modeled, thus becoming an alternative to DL-based methods with
great potential. In Figure 9, we plotted the sample of delineation results in four beats.
The classification results showed satisfactory performance. CNNs-Bi-LSTM can recognize
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several ECG morphologies in terms of P-wave, ORS complex, and T-wave, along with a
signal recording.

CMNNS-BI-L5TM Predicted CNMNe-Bi-L5TM Predicte.
1.0 Pitinve 10 Riee
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oo (5] 10 1 Isl'rr!e -'Seglndl 25 30 1.5 Time (Second)

(a) (b)
Figure 9. The four-beat sample of ECG-signal delineation in (a) NSR and (b) arrhy thmia.

We compared the proposed delineation process with two other networks: unidi-
rectional (Uni-LSTM) and Bi-LSTM architectures without CNNs. The feature extraction
performed by convelutional layers can improve the proposed model’s classification per-
formance (see Table 5). The average precision classification of the waveform increased
from 98.97% to 99.01% using the proposed model, and the other metrics also increased.
In addition, we compared our proposed model to ntmdeep learning algorithms for the
delineation task (see Table 6). Based on the results for the P-wave, QRS complex, and
T-wave detection, the performance in our delineation model significantly outperformed
the other methods proposed by [14,25] and [15] due to all their methods reaching metrics
under 98%.

Table 5. The three LSTM architectures with the best result.

Performance (%)

Architecture
Sen. Prec. Spec. Acc F1-5core
Uni-1LSTM 98.71 9880 99.75 99 64 9875
Bi-LSTM 98.84 98.97 99.68 99.68 98.91
Convolutional-Bi-L5TM 98.91 99.01 99.79 99.79 98.96

MNote: Sensitivity (Sen.), Precision (Prec.), Specificity [Spec ), Accuracy (Acc).

Furthermore, while the performance results obtained by [26,27] were excellent (around
99%), their detectiffffocused only on the QRScomplex, Our study generated the delineation
algarithm for the P-wave, QRS complex, T-wave, and isoelectric line (no wave)_e three
main deflections of ECG waveforms are essential for practical diagnosis. The P-wave is
caused by the depolarization wave spreading over both af#. The QRS complex is written
when the depolarization wave reaches the ventricles. A period of electrical inactivity
follows, during which the ECG records the ST segment. Finally, the ventricular muscle
slowly recharges in preparation for Ii‘mext cardiac beat, and this repolarization of the
ventricles appears as a T-wave. Thus, it can be concluded that our proposed model had
a good result in the delineation process in the inter-patient data of the QTDB, with all
performances achieving above 98.91% (see Table 6).
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Table 6. Comparison with other delineation using deep learning model with the same QTDB records.

Performance (%)

Architecture Detection
Sen. Prec. Spec. Acc. Fl1-Score
Convolutional TSTM[7]  TNSNERSEINGHE 97.95 95.68 - 96.78
wave, and No wave
Convolutional Neural P-wave, QRS-complex,
5 - - -
Network-UNet [25] and T-wave s #.80
Convolutional Long P-wave, QRS-complex, ) = )
Short-Term Memaory [15] and T-wave nr Lt IS 08
Convolutional Neural z
Network [26] QRS-complm 99.97 99.99 - 99.98
Convolu m.:na 1 N(_ ural QRS-complex 99.10 99.00 ) . )
Network [27]
P-wave, QRS-complex,
Proposed model T-wave, and Isoelectric 95.91 99.01 99.79 99.79 98.96

line (no-wave)

Note: Sensitivity (Sen.), Precision (Prec.), Specificity [Spec), Accuracy (Acc.).

3.2. AF ldentification Results

We conducted experiments for AF identification with three datasets taken from (i) the
China Physiological Signal Challenge 2018, (ii) the PhysioNet Computing in Cardiology
Challenge 2017, and (iii) the Mohammad Hoesin General Hospital Indonesia. The three
datasets have different sampling frequencies f}heir ECG recordings. Meanwhile, the
design delineation model uses the NSR QTDB with a sampling frequency of 250 Hz. The
difference between the data model and the data tested will be challenging because it
will affect the nodes generated in each beat. AF can be identified by confirming three
decision-making factors: the P-wave's absence n duration 0.06—0.08 s and considerably
higher beats per minute than 60-100 BPM with inconsistent RR interval variatiumﬂnd not
within the 0.6-1.0 s range [27]. The identification results were evaluated based on positive
predictive vahue (PPV) or the probability that subjects with a positive screening test truly
have the disease. A negative predictive value (NPV) is the probability that subjects with a
negative screening test truly do not have the disease. The AF identification results can be
sumaarized as follows:

e  The China Physiological Signal Challenge 2018 database was collected from 11 hospi-
tals and contained 12-lead ECG recordings lasting 660 s, this study used only lead 1L
In the identification process, we used about 826 NSR records and 988 AF records. The
results showed that we had 95.40% PPV, §4.55% NPV, and an 89.65% Fl-score. There
were 38 (4.6%) records that had a false negative (FN), and 144 (14.5%) records that had
a falifipositive (FP).

e  ThePhysioNet Computing in Cardiology Challenge 2017 database was collected from
a short single-lead ECG recording between 30 and 60 s in length. ECG recordings were
collected using a mobile Cardia with the AliveCor device. We utilized about 3154 NSR
records and 771 AF records. The experiment reached 86.51% PPV, 95.95% NPV, and
an Y90.43% Fl-score. There were 457 (14.4%) records with FN and 114 (1.4%) records
with FP.

e  The General Mohammad Hossein Hospital (Palembang, Indonesia) database was
collected from a short single-lead ECG recording between 30 and 60 s in length. ECG
recordings were collected using a mobile Cardia with the AliveCor device. We utilized
about 78 NSR records and 45 AF records. The experiment reached 85.61% PPV, 97.10%
NPV, and a 90.41% Fl-score. There were 12 (15.3%) records with FN and two (4.4%)
records with FP.
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A short single-lead ECG denfstrated an overall greater NPV or sensitivity value from
the experiment. This means that the proposed model makes it possible to identify cardiac
abnormalities from a single-lead ECG, even when the recordings are of short duration,
with delineation anc@ed ical knowledge representation. One of the questions this work
has addressed is the clinical impact that this method can achieve. Thus, it was critical to
evaluate the model in a real dataset known for its many patients and signals. Even though
we are critical of some of the manual annotations in the QTDB from PhysioNet, we assume
that most of the annotations are correct and can be used for evaluation. The main limitation
of this work is the lack of more up-to-date databases that contain a higher variability for a
more commlemiive array of pathologies. Despite ECG usually being the first information
registered of a patient’s cardiac condition, not many large, annotated databases for ECG
delineation exist.

4. Conclusions

This research aimed to develop a non-invasive method to detect AF conditions using
a single-lead ECG signal delineation approach. Although we did not test the proposed
model \Ma clinical data, the model was validated and tested with massive data from three
datasets. Even though this identification systenffls not a direct replacement as a standard
ECG, the utilization of this affordable system will contribute toward reducing strokes,
raising heart health awareness, and significantly saang on costs. The AF identification
system will allow physicians with less knowledge of how to evaluate ECG signals or other
related factors to get a simple identification of potential AF concerns. The proposed CNNs-
Bi-LSTM network demonstrated significant precision in identifying AF with a specific
algorithm, and it can be improved as menerah'zed model for other heart diseases. In the
future, further research will focus on how to better integrate physicians’ experience and
expertise into the DL model to improve the performance of the ECG delineation task, and
to generalize our approach to cover more cross-disciplinary work.
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