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Abstract—The work is devoted to the detection of the predictor of sudden cardiac death—atrial fibrillation.
Public databases of digitized electrocardiograms were used. Two approaches were applied: machine learning
and digital biomarkers. It was found that using the category boost method, atrial fibrillation can be detected
against other forms of arrhythmia and normal sinus rhythm with an efficiency of 99%. Orthogonal wavelets
obtained from two-second samples of digitized electrocardiograms designed to study severe forms of arrhyth-
mia were used as digital biomarkers. High selectivity of wavelets to atrial fibrillation was shown.
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INTRODUCTION

According to the World Health Organization, dis-
eases of the cardiovascular system are one of the main
causes of mortality. Cardiac arrest can be induced by a
variety of causes, including sustained ventricular tach-
yarrhythmia, including ventricular tachycardia
(monomorphic or polymorphic), and ventricular flut-
ter or ventricular fibrillation [8]. A particular danger is
so-called sudden cardiac death (SCD), caused by very
frequent irregular contractions of the ventricles of the
heart. SCD is defined as death occurring with a wit-
ness within an hour of the onset of new symptoms or
death without witnesses within 1 to 24 h without any
known cause of death. At the same time, cardiomyo-
cytes begin to contract chaotically and disjointedly,
and the heart ceases to work as a pump that supplies
blood to other organs and tissues. Sudden cardiac
death syndrome can be caused by a wide range of dif-
ferent electrical and mechanical factors, including
acute myocardial infarction, chronic coronary disease
with prior myocardial infarction(s), cardiomyopathy,
myocarditis, heart valve defects, right ventricular dys-
plasia, extended Q-T syndrome, premature Wolf—
Parkinson—White excitation, Brugada syndrome, car-
dioactive drugs such as adrenaline and cocaine, etc.
[7]. Some people do not have an obvious electrical or
mechanical predisposition to sudden cardiac death.

Atrial fibrillation (AF) is the most common form of
arrhythmia, affecting more than 33 million people
worldwide. AF is associated with an increased risk of
stroke and heart failure (HF). Recent studies suggest
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that AF is also associated with an increased risk of sud-
den cardiac death (SCD) [4, 18]. The importance of
early detection of SCD predictors is confirmed by the
fact that recently introduced portable devices with the
ECG function implement algorithms that detect dan-
gerous rhythm disturbances. So, in the Apple smart
watch, the function of detecting normal sinus rhythm
and atrial fibrillation is implemented [10]. The Alivecor
Kardia portable electrocardiograph detects atrial fibril-
lation and QT interval prolongation, and the Omron
heartscan and Zenicor ECG also detect AF [1].

Goals and Objectives

The purpose of the proposed study is to develop
algorithms for identifying predictors of sudden cardiac
death.

Literature Review

Atrial fibrillation is the most common arrhythmia,
affecting about 1% of the population. At the same
time, 5% of people aged 65 years and older have AF [4,
18]. Cardiologists advise screening for AF in patients
at risk regardless of age and screening of all patients
aged 65+ years [15]. AF is characterized by a rapid,
irregular heartbeat [17]. Common causes of the dis-
ease are arterial hypertension, cardiomyopathy, isch-
emia, and rheumatic heart disease [15]. An irregular
heartbeat can cause blood clots, which increases the
risk of stroke fivefold [8] and the risk of death by two-
fold compared to people of the same age, regardless of
other risk factors [8]. The pathophysiological mecha-
nisms of AF have not been fully studied, which makes
diagnosis difficult [8]. It is estimated that 20% of all
AF cases may go unnoticed because the disease is
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Fig. 1. Comparison of normal sinus rhythm (left) and atrial fibrillation (right). At the top of the figure, electrocardiograms are
shown (amplitude in millivolts is plotted on the y axis), and at the bottom of the figure, distances between R waves are shown
(time in seconds is plotted on the y axis). The x axis has the time delay in seconds.
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Fig. 2. Flow of information from patient to cardiologist.

asymptomatic. Under such circumstances, treatment
is not started, which can lead to negative consequences
for patients. Thus, the development of a new AF
detection technology can help in screening and treat-
ment, reducing morbidity and mortality.

Twelve-channel electrocardiography is the pre-
ferred method for detecting AF. In Fig. 1, normal
sinus rhythm (left) and atrial fibrillation are com-
pared. In the case of pathology, there are unequal gaps
between the R waves, and the P wave is muted or
absent.

Two approaches can be used for automated detec-
tion of AF (Fig. 2). In the first case, from the digitized
electrocardiograms, symptoms entering the input of
machine learning methods are distinguished. In the
second case, digital biomarkers are obtained from dig-
itized electrocardiograms, which, subsequently, also
enter machine learning methods. In this case, the
patient acts as a source of signals, and the doctor acts
as the recipient.
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Digital biomarkers designed to detect AF are the
result of some transformation of the original cardiac
signal [17]. Digital biomarkers can be divided into
nonlinear, temporal, frequency, and time-and-fre-
quency.

1. Time domain biomarkers include differential
equations, principal component analysis (PCA),
Adamar transformation, linear discriminant analysis
(LDA), and independent component analysis (ICA).
They can be used to model the dynamic behavior of
the human heart. They allow quantification of some
observations that can be obtained by visual study of the
signal. However, these biomarkers cannot explain the
nonlinear oscillatory process occurring in the heart.

2. Digital biomarkers in the frequency domain
extract indicators that indicate the characteristics of a
change in rhythm. These include Fourier transform
and power spectral density (PSD) analysis.

3. Implementation of mixed domain digital bio-
markers is based on the fact that the spectrum changes
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over time [3, 19]. On the basis of the assumption that
the rhythm disturbance will occur in the spectral
region, temporal resolution allows us to estimate the
time of the AF episode [8]. These biomarkers are well
suited to explain the localization of arrhythmia.
Examples of mixed domain conversion algorithms
include discrete wavelet transform (DWT) [17], dis-
crete cosine transform (DCT), continuous wavelet
transform (CWT), short-term Fourier transform
(STFT), and empirical mode decomposition (EMD).

4. Nonlinear digital biomarkers allow us to study
the nonlinear nature of the human heart [17]. Exam-
ples of such algorithms are repeated quantitative anal-
ysis (RQA), higher order spectra (HOS), fractal
dimension (FD), entropy, energy assessment, and
largest Lyapunov exponent (LLE). Quantifying both
the number and duration of repetitions in the physio-
logical signal helps to understand the trajectory of
phase space. Changes in the trajectory in phase space
may indicate the presence of AF. HOS is a spectral
representation of moments and cumulants of the third
order and above. They are sensitive to changes in
rhythm, which makes them useful for arrhythmia
detection. FD and LLE are measures of chaos of sig-
nal complexity. Entropy measures the information
content of a signal. Signals with less complex struc-
ture, such as RR interval signals, contain more infor-
mation than signals with more complex structure,
such as ECG. Energy biomarkers quantify the rhythm
and regularity of signals.

Various machine learning methods are used to
classify the traits isolated from the cardiac signal, for
example, teaching methods without a teacher (k-near-
est neighbors, hidden Markov models, and generative-
decisive neural networks [17]) and with a teacher
(naive Bayes (NB), probabilistic neural network
(PNN), support vector method (SVM), random forest
(RF), Levenberg—Marquardt neural network
(LMNN), and rules-based decision tree (DT)).

Typically, authors of research in the field of auto-
matic detection of AF used public databases of digi-
tized electrocardiograms, such as MIT-BIH AFIB,
MIT-BIH Arrhythmia Database, and MIT-BIH
NSR. Among the works that used digital biomarkers
are Wang et al., 2020 [19] (wavelet packet decomposi-
tion with subsequent multidimensional statistical
functions), Cao et al. [3] (data augmentation), Marsili
et al. [8] (Shannon entropy), Yao et al. [17] (digital
wavelet transformation), Lui et al. [8] (normalized dif-
fuse entropy), Xia et al. [11] (synchronous compres-
sion of the short-term Fourier transform), and
Majiaet al. [17] (empirical mode decomposition
(emd) and higher order statistics (hos)). Machine
learning techniques such as support vector techniques
(Asgari et al. [2]), convolutional neural network
(Anderson et al. [17]), and random forest (Kennedy
et al. [12]) are widely used in such studies. In a number
of studies, AF is detected on the basis of RR-interval
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analysis. Examples include Ivanovic et al. [11], Ander-
son et al. [17], and Faust et al. [5].

1. MATERIALS AND METHODS

As part of the research, public databases of digi-
tized electrocardiograms located on the resource
physionet.org were used.

1. ECG Fragment Database for the Exploration of
Dangerous Arrhythmia (https://physionet.org/con-
tent/ecg-fragment-high-risk-label/1.0.0/) [3, 16].

The database contains a set of 2 s ECG strips with
rhythm disturbances at a sampling rate of 180 Hz and
two leads which are grouped into separate classes by
the degree of threat to the patient’s life, including the
following:

1. life-threatening arrhythmias requiring urgent
resuscitation:

° VFL: ventricular flutter,

° VF: ventricular fibrillation;

2. special form of life-threatening arrhythmias:

° VTI'TdP: torsade de pointes ventricular tachycar-
dia;

3. vital ventricular arrhythmias:

° VTHR: high-frequency ventricular tachycardia
(monomorphic and polymorphic);

4. potentially dangerous ventricular arrhythmias:

° VTLR: low-frequency ventricular tachycardia
(monomorphic and polymorphic),

° B: ventricular bigeminy,

° HGEA high-grade ventricular ectopic activity,

° VER: slipping ventricular rhythm,;

5. supraventricular arrhythmias:

° AFIB: atrial fibrillation,

® SVTA: supraventricular tachycardia,

° SBR: sinus bradycardia,

° BI: first degree heart block,

°NOD: nodular (av) rhythm;

6. sinus rhythm:

° BBB: sinus rhythm with bundle branch block,

° N: normal sinus rhythm,

° Ne: Normal rhythm with single extrasystoles.

The MIT-BIH Malignant Ventricular Ectopic
Database (MVED) was selected as the basis.

2. MIT-BIH Normal Sinus Rhythm Database
(https://physionet.org/content/nsrdb/1.0.0/) [6].
Sampling rate is 128 Hz, two leads. This database
includes 18 long-term ECG recordings of subjects sent
to the arrhythmia laboratory at the Beth Israel Hospi-
tal in Boston (now the Beth Israel Deaconess Medical
Center). The subjects included in this database did not
have significant arrhythmias; among them, 5 men
aged 26 to 45 years and 13 women aged 20 to 50 years.
Vol. 33
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Fig. 3. Preprocessing of cardiac signals.

3. MIT-BIH Arrhythmia Database (https://phys-
ionet.org/content/mitdb/1.0.0/) [19]. The database
contains 48 half-hour fragments of two-channel ECG
recordings from 47 subjects. Sampling rate is 360 Hz;
word length is 11 bits. Two or more cardiologists inde-

pendently annotated each entry (approximately
110000 annotations in total).
4. MIT-BIH Atrial Fibrillation Database

(https://physionet.org/content/afdb/1.0.0/) [14]. It
includes 25 long-term ECG recordings of subjects
with atrial fibrillation (mostly paroxysmal). Each
recording is 10 h long and contains two leads; sam-
pling rate is 250 Hz; word length is 12 bits; resolution
is in the range of £10 mV.

5. MIT-BIH Supraventricular Arrhythmia Data-
base (https://physionet.org/content/svdb/1.0.0/)
[21]. The database contains 78 half-hour captures with
a sampling rate of 128 Hz on two leads.

6. MIT-BIH Malignant Ventricular Ectopic Data-
base (https://physionet.org/content/vfdb/1.0.0/) [9].
This database includes 22 half-hour ECG recordings
of subjects who had episodes of sustained ventricular
tachycardia, ventricular flutter, and ventricular fibril-
lation. Sampling rate is 250 Hz, two leads.

The studies focused on the detection of atrial fibril-
lation. Two approaches were used for this. In the first
case, the problem was solved within the framework of
the classical concept of machine learning. In the sec-
ond case, digital biomarkers of atrial fibrillation were
used.

1.1. Machine Learning

As mentioned above, the sampling frequency of the
original cardiac signals varies from 128 to 360 Hz. It
was decided to take as a basis the lowest sampling rate.
Preprocessing was performed as follows. At the begin-
ning, QRST complexes were isolated from all cardiac
signals, and their sampling rate was reduced to 128 Hz.
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As a result, feature vectors with a length of 76 elements
were obtained (Fig. 3).

Then a binary classification was performed using
the category boost method.

1.2. Use of Digital Biomarkers

Orthogonal wavelets from two-second samples
from the ECG Fragment Database for the Exploration
of Dangerous Arrhythmia were used as digital bio-
markers.

The wavelet is a certain function, given in a tabular
manner (a small array of numbers), that characterizes
the signal in a certain way. Among these functions,
orthogonal wavelets play an important role. In such a
wavelet, the coefficient of correlation with the target
signal tends to one, while in relation to other signals,
the correlation of this wavelet tends to zero. To create
awavelet, it is necessary to get rid of the redundancy of
the original signal and identify the characteristic
region that adequately describes this signal. Signal
redundancy is eliminated by a detection procedure.

The degree of dilution of the original signal is
determined by the size of the so-called detection
frame. The selected area of the detected signal is nor-
malized. The normalized portion of the detected sig-
nal is the wavelet. Normalization eliminates the effect
of signal amplitude on the recognition process. It is
important to determine the optimal length of the
wavelet. Long wavelets are more informative, but can
give an erroneous correlation with nontarget signals.
By creating good (orthogonal) wavelets, we can use
them in the future to recognize unknown signals.

In the course of experiments, it was found that the
optimal length of the wavelet is 70 counts; the optimal
size of the detection frame is 20 counts. We consider
the procedure for creating a wavelet by the example of
two-second arrhythmia samples and sinus rhythm
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Fig. 4. Original cardiac signals. On the left is a 2 s fragment of atrial fibrillation; on the right is an ECG of sinus rhythm.
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Fig. 5. Detected signals. On the left is a 2 s fragment of atrial fibrillation; on the right is an ECG of sinus rhythm.

40
30
20
10

-10
=20
=30

0 2000 4000 6000 8000 10000

Fig. 6. Wavelet. On the left is a 2 s fragment of atrial fibrillation; on the right is an ECG of sinus rhythm.

electrocardiograms. First, we must read the original
signal and write it to the array (Fig. 4).

The signal redundancy must then be eliminated. To
do this, the signal detection process is performed. Let
us assume that the original signal is written in an array
A;, and i varies from 1 to V. The signal reading frame is
set. The small size of the frame increases the informa-
tion content, but results in a large overhead in terms of
productivity. As mentioned above, the size of the
frame was determined at 20 units. The entire range of
array A is then divided into N/20 frames. Inside each
frame, the sum of squares a@; was found. Next, we
obtain an array of detected signal B, where the ele-
ments of array B are calculated as the square root of
sumj/20. Figure 5 shows detected signals.

PATTERN RECOGNITION AND IMAGE ANALYSIS

After detecting the signal, we select the area spe-
cific to the signal. We stopped at the length of the
wavelet at 70 counts. By selecting the characteristic
region of the detected signal B;, where j varies from
B _min to B_max, we carry out normalization of the
detected signal B; on the segment from B min to
B _max. The normalized detected signal is a wavelet
(Fig. 6).

The process of recognition proceeded as follows.
An unknown signal U, is supplied to the system input.
Further, the signal is detected with the same frame
(in our case, 20 counts) as when creating a wavelet. We
get an array of detected signal C; (20 times less counts
than in the original signal). Next, the step of recogni-
tion Step is chosen equal to the size of the wavelet m
Vol. 33
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Table 1. Results of binary classification

First sample Second sample Accuracy
mit_bih_arrythmia atrial_fibrillation 0.99
normal sinus rhythm atrial fibrillation 0.99
normal sinus rhythm arrhythmia 0.99
supraventricular _arrhythmia atrial_fibrillation 0.99
mit_bih_alignant_ventricular_ectopy atrial_fibrillation 0.99
Table 2. Evaluation of the efficacy of wavelet analysis
Sinus rhythm supraventrlc.ular Atrial fibrillation Mallgnant Arrhythmia
arrhythmia ventricular ectopy
Dangerous_VFL_VF 0.67 0.70 0.91 0.47 0.44
Potential _Dangerous 0.69 0.66 0.92 0.47 0.45
Sinus_rhythm 0.77 0.73 0.95 0.52 0.47
Special Form_VTTdP 0.67 0.68 0.90 0.46 0.46
Supraventricular 0.68 0.69 0.96 0.46 0.48
Threatening_ VT 0.72 0.70 0.93 0.48 0.44

(in our case, m = 70). Within the recognition step, the
coefficient of correlation of the section of the studied
signal C;, equal to Step, with the compared wavelet is
determined. We used the Pearson correlation coeffi-
cient. After finding the correlation coefficient at the
selected step, we move the recognition frame by one
element and resume the process (Fig. 7).

If the correlation coefficient of an unknown signal
and a known wavelet is close to one at least once, the
program decides on the success of the recognition.

CONCLUSIONS

The results of the binary classification of the fea-
tures isolated from the different cardiac signals are

0.3
0.2

0.1

_0.3 1 1 1 1 1 1 1
0 50 100 150 200 250 300

Fig. 7. Correlation coefficient between the wavelet of a 2 s
arrhythmia fragment and the detected sinus rhythm signal.
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shown in Table 1. Category boost was used as a classi-
fication method.

Table 1 shows that atrial fibrillation is well recog-
nized when compared pairwise to sinus rhythm and
other forms of arrhythmias.

At the next stage of the studies, six samples of
orthogonal wavelets characteristic of various forms of
arrhythmias and sinus rhythm were formed. Table 2
shows the results of the scans of these wavelets along
the various cardiac signals. Numerical values are the
correlation coefficient.

Table 2 shows that the wavelets are well tuned for
atrial fibrillation. Predictors of dangerous disorders of
the cardiovascular system, such as atrial fibrillation,
can appear very rarely. To improve the efficiency of AF
detection algorithms, it is desirable to increase the
ECG acquisition time. This task can be solved with the
help of online monitoring of patients using the tech-
nology of the Internet of medical things. Wavelets
based on two-second windows will allow one to
quickly identify predictors of sudden cardiac death.
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