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ECG analysis is widely used to diagnose many heart diseases, which are the leading cause of death
in different countries. The quality of the ECG signal can be affected and worsened by various
sources, such as the patient’s condition, basic walk, electrocardiogram contact, and others. In
addition, if the ECG is visually monitored, the probability of human error is high, each 10-result
is interpreted with an error (Brikena Xhaja, 2015: 305-312) And also for many ECG images it is
simply not possible to conduct a visual analysis of the frequency data of the signal. The morphology
of low-amplitude high-frequency signals, the so-called P waves, hides valuable information for early
preclinical disease prediction. That is, the need to search for new methods of early preclinical
diagnosis is still relevant. Since the majority of clinically useful information in the ECG is found
in the intervals and amplitudes determined by its significant points (characteristic peaks and wave
boundaries), the development of accurate and reliable methods for automatic ECG delineation is
a matter of great importance, especially for the analysis of long records (Juan Pablo Martinez,
2014: 570-581). The problems of retrieving information from the electrophysiological signal that
can not be obtained by visual analysis of the recording, as well as the problems of automation
of traditional algorithms of medical analysis are relevant in connection with the lack of research
in this field. The aim of the research is to search for new areas of application of the wavelet
transform method in signal processing. Wavelet transformation, obtained widely in 2000 in the
study of signal properties, allows us to "discern"hidden frequency-time signal data with the help of
approximating and detailing coefficients. The obtained results show that the proposed algorithm
provides real efficiency in the processing of primary signals for the task of isolating the detailing
coefficients of the ECG signal. Our study shows that Morlet’s wavelet analysis of P intervals, which
can be applied easily and inexpensively, can reliably predict the incidence of symptomatic episodes
of paroxysmal atrial fibrillation in patients without clinically and echocardiographically expressed
heart disease. Wavelet analysis can contribute to our understanding of the electrophysiological
mechanisms underlying the generation and recurrence of paroxysmal atrial fibrillation and can
identify patients at high risk of increased relapses of paroxysmal atrial fibrillation, thereby creating
the prospect of early application of non-invasive and invasive therapeutic strategies to prevent
future events of paroxysmal ciliary arrhythmias.

Key words: electrocardiogram, wavelet transformation, paroxysmal atrial fibrillation.
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Kenreren emmepae emmuiH, 6acThl cebeb1 OOJIBIT TAOBIIATHIH XKYPEK aypy/IapblH OOJIKay YIIIH
KT rammaysr keHiHeH Kormanbuiaasl. DK curaababiH camackl Typsal ceberrTep/ieH HAap Iay bl
MYMKIH, OFaH eMJIeJIyIHIH Kyii-2Karaaibl, DK a/1eKTpoIrapbIHbiH, GailJIaHbICHl CHSIKTBI ceberrrep
xaranpl. Opan backa, erep DKI' GeitHec: Bu3ya bl Typje MHTePIPeTalusijIaHaTbIH 60JIca, OHIA
aJlaMU KaTeJIKKe YPbIHY BIKTUMAJJIBIFBI YKOFAPBLIAl TyCcelll »KoHe CTATUCTUKAJIBIK MOJIMETTED
GolibiHIa Bu3yaJabl TajganraH JKI' OeifHeHIH Op OHBIHINBICHI KATe€ WHTEPIPeTaIUsIaHa bl
(Brikena Xhaja, 2015: 305-312). Conbimen karap kenrered DKI' Geitrenep apKbLibl CUTHAJIBIH,
JKUAUTIKTIK MOJIIMETTEPl TYPaJbl AKIMApPATThl BHU3YAJIbl TypIe Kypridyre Oonmaiiabl. Temen
AMILIATY/IAJIBI YKOFAPBI XKUALTIKT] CUTHAJIAPBIH MOP(OIOTHSACHl KOITEreH aypPyJIap/Ibl aJlIbIH aJIa
bGoKayra KOJJIAHBUIATBIH KYHJIbI MajiMeTTepre ue. COHJBIKTAH epTe KINHUKAJBIK, OOJIKAYIbIH
JKaHa OJIICTEPIH 13JIey KAXKEeTTLIr1 ol jge e3ekrl wmocese. IDKI' OeitHeciHmer: maiimaJibl
aKIMapaTThIH KOIIILITMAHbBI3Ibl HYKTEJIEPIMEH aHBIKTAJIATHIH HHTEPBAJIIAD MEH aMILIUTY1a1apia
opuHajackauabikTan, OKI-ma ockl afiMakTapibl HaKTBI JKOHE CEHIMIl OOJIeTIH aBTOMAaTThI
9JIICTEP/Il OHJEY OTe MAHBI3IABI Macese GOJIBII TabbLIAJIBI, dCIPEce Y3BIHIBIFBI MAMAJIBI OOJIATHIH
xkazbamapaa(Juan Pablo Martinez, 2014: 570-581). DieKTpodU3MOIOTUAIBIK CUTHAIIADIAH
BHU3yaJIIbl TypJe aJiyFa OOJMAaifiThIH aKIaparThl aJly Mocejejiepl, COHBIMEH KaTap JI9CTYpJIl
JOPITEPJIIK TAJIayAbl aBTOMATTAHIBIPY MOCceJeepl OChI OOJIBICTAFbl 3ePTTEYJIEPIIH a3 IbIFbIHAH
©3eKT1 OOJIBII TAOBLIAIBI. 3EePTTEY/IIH MAKCATHI CUTHAJIIAPIbI OHJIEYE BEHBIET TYPJICHIIPY OIICIH
KOJITAHY/IBIH, YKaHa OarbITTapbiH 1371y 60J1bIn Tabbutaabl. 2000 KbLIIAPl CUTHAJIBIH, KACHETTEPIH
3epTTeyle KeHIHeH KoJmaHblia Oactaran Wavelet Tpamcdopmanusachl 013re ammpOKCHMAITAS
KoHe OeJiekTey Ko3(M(MUIMEHTTEPl aPKbLIbI 2KACBIPBIH JKULIIK CUTHAJBIHBIH JIePEKTEPIH
«afiBIPBINTy aJlyFa MYMKIHJIK Oepe/l. AJIbIHFaH HOTHXKEJIED KOPCETKEH e, YChIHBLIFaH aJIlOPUTM
OKI' curHajbHBIH erKeh-Terkeiyn  KOdMOUIMEHTTEPIH OKINay/Iay MAaKCAThl YIMH OaCTAIKBI
CUTHAJIIAP/IBI OHJIEY/Ie HAKTHI THIMJILUIIKTI KAMTAMAChI3 eTe/ll. BI13MH 3epTTeyIMI3 KOPCEeTKEH e,
Mopaer BeiiByieTIH KOJTaHyMeH P apasibIKTapblH Tajaya OHAll JKoHe ap3aH Typje KOJJIAHyra
6ONIATHIH KIMHUKAJIBIK, YKOHE IXOKApPIUOrPadUsIbIK KyPEK aypybIMEH aybIPDATBIH HAyKACTapIa
MapPOKCU3MAJIbIIbl aTPUAJIBIl  (DUOPHILIAINUSHBIH SIU30TAPBIHBIH CUMIITOMIBIK, SIUIEMUSICHIH
cemiMI1 Ooskayra Oosanbl. BeitBier Tajgaybl MapOKCH3MAJBIL aTPUAIbIl  (DUOPUIISISHBIH
PeHepAIUsIChl MEH KAWTAJaHybIH HErI3IEATIH 3JIEKTPOMUNOJOTUSIIBIK, MEXAHU3IMIEPl TYCIHYTe
BIKIIAJ €Te AJIaJibl YKOHE MNAPOKCU3MAJIbJbl aTPUAbIl  (DUOPULISIMSHBIH, KANTAJAHY bIHBIH
JKOFApBLIaybl XKOFAPBI eMJIETYIIIEP/l AHBIKTAN aJa/Ibl, OCBLIANIIA, TAPOKCU3MAJIBI IMBIPBIIITHI
OoJlalllaK, OKWUFaJapIbIH aJJIblH aJjly VIIH WHBA3UBTI €MeC JKOHE WHBA3UBTITEPAIEBTIK
CcTpaTerusiapibl €prepek KOJJIAHy MyMKIHIIK Oepes.

Tvyiiin ce3aep: 31eKTPOKApANOrpaMMa, BEHBIETTIK TYPJICHIIPY, TAPOKCU3MAJIIbI APUTMUS.
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Ananuz KT mupoko ucrnosb3yercs JJjist JUarioCTUKA MHOTUX CEPJEYHBIX 3a00JIeBaHUN, KOTOPbIE
SIBJISIFOTCSI OCHOBHOU IIPUYWHON CMEPTHOCTH B Pa3HbIX cTpaHax. Kadecrso curtana DKI' moxer
OBITH 3aTPOHYT M YXY/IIEH PA3IUIHBIMU UCTOTHUKAMEI, TAKMME KaK COCTOsTHUE MAleHTa, 6a30BOe
6ayxmanue, koHTakT 37eKTpooB IKI' um npyrme. Kpome toro, ecm DKI' xorTposmpyercs
BU3YAJIbHO, BEPOSATHOCTDH IIOJyYEHWS 9YEJOBEUECKON OIMMOKN BBICOK, KaxKIblil 10-pesysbrar
unrepuperupyercs ¢ omubkoit (Brikena Xhaja, 2015: 305-312). A rakzke o muorum DKI' caumkam
IIPOCTO He BO3MOXKHO IIPOBECTU BHU3YAJIbHBIN aHAJIN3 YaCTOTHBIX JAHHBIX curxasa. Mopdosorus
HU3KOAMILJIUTY/IHBIX BBICOKOYACTOTHBIX CHTHAJIOB, TaK HA3bIBaeMbIX P BOJIH, CKPBIBAeT IEHHYIO
nHMOPMAIUIO [IJIsi PAHHETO JOKJINHUYIECKOIO TPOrHO3UpOoBaHus 60jie3neil. To ecTb HEOOXOIUMOCTD
MIOMCKa HOBBIX METOJIOB DPAHHEH MOKJINHUIECKON IMATHOCTUKHU BCE €Ile aKTyaJbHa. 10CKOIBKY
GOJIbITIAsT 9aCTh KJIUHIIECKH 1oJie3H0i nadopmarn B DKI' 0bHapyKUBAeTCS B HHTEPBAJIAX
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n aMIUIUTyJdaX, OIIpeJe/IsddeMbIX €€ 3HaYUMbIMU TOYKaMMU (XapaKTeprIe IINKN W TI'DaHUIbI
BOJIH), Pa3paboTKa TOYHBIX M HAJEXkKHBIX METOJOB aBTOMAaTHYECKOro pasrpanudenus KT
SABJISIETCSI TIPEJIMETOM CEePhe3HON BAXKHOCTH, OCODEHHO JJIsi aHaJu3a JJIMHHBIX 3amucei
(Juan Pablo Martinez, 2014: 570-581). IIpoGiembl u3BjIeYeHUs U3 JIEKTPOMDUIAOIOTAIECKOTO
curajia wHdOpPMAINN, KOTOPYI0 HEBO3MOXKHO IIOJIYYUTH I[IPA BU3YAJIHHOM aHAJA3€ 3AIUCH, &
TakKe IPOOJIEMbl aBTOMATH3AINH TPAIUIMOHHBIX AJTOPUTMOB BPadeOHOrO aHAJIM3a SABJISIOTCS
aKTyaJbHBIMUA B CBSI3U C HEJIOCTATKOM WCCJIeJOBaHuil B jaHHOi obsactu. Ilesbro umcciiemoBanmst
SBJISIETCsl IOMCK HOBBIX 00JlacTeil NpUMEHEeHWs MeTO[a BEWBJIETHOrO NpeoOpa30BaHUs B
obpaborke curaasoB. llosyunBmee mmpokoe pacmpocrpanerre B 2000 romax B HCC/I€IOBAHAN
CBOIICTB CHTHAJIOB BeWBJIETHOE MPEOOPA30BAHME IIO3BOJISIET C ITOMOIIBIO AIIPOKCHMUPYIOIIIX
U JIeTAJN3UPYIONUX KOI(MDMUIMEHTOB «Pa3IIsieThy CKPBIThIE YaCTOTHO-BDEMEHHBIE JIAHHBIE
curnaJia. IlosrydeHHbIE PE3YJIBTATHI IIOKA3BIBAIOT, YTO IIPEJIAraeMblil ajJrOPUTM O00ECIIeYnBaeT
peasibHy0 3(M@PEKTUBHOCTE B 00pabOTKe IIEPBUYHBIX CHUTHAJIOB JUJIsT  33Ja9¥  BbIJEJICHUS
nperanusupyomux kKodddurmeratoB IKI' curnana. Harmre nccireioBanme mokasplBaeT, 9TO BEUBJIET-
anamu3 Mopsera mHTEpBaJioB P, KOTODBIl TPUMEHSTH JIETKO U HEIOPOrO, MOXKET JIOCTOBEPHO
IIPEICKA3aTh YACTOTY CHUMIITOMATHYECKUX SIMU30/I0B MAPOKCU3MAJIbHON MEPIATENbHON apUTMUAN
y TAIUeHTOB 0e3 KIMHUYEeCKN U dXOKapAuorpaduIecKn BbIpazkeHHOI Oose3uu cepgra. BeitBiier
aHaJU3 MOXKeT CIIOCOOCTBOBATH HAIEMY IMOHMMAHUK 3JIEKTPOMUINOJIOITIECKUX MEXaHU3MOB,
JIEZKAIAX B OCHOBE TEHEpAIlui U PEIUIUBOB MapPOKCU3MAJBHOW MepIaTe/bHON apuTMUM, ¥
MOXKET MO3BOJINTh WACHTU(MDUIINPOBATH HAIMEHTOB C BBICOKMM PHUCKOM YBEJIUUIEHUS PEIUINBOB
[IAPOKCU3MAJIbHON MEpPIATEJHHON apPUTMUU, TEeM CAMBIM CO3/1aBas MEPCIEKTUBY PAHHErO
[IPUMEHEHNs] HEMHBA3WBHBIX M MHBAa3WBHBIX TEPAIIEBTUYECKUX CTPATErnil JJisd IPEIOTBPAIEHU

OyIyIIuX COOBITUI MAPOKCU3MAJILHON MepIaTeIbHON apUTMUN.
KirogeBble cJioBa: 3J1€eKTPOKapIHOrpaMMa, BeWBJIETHOE IIpeoOpa30BaHue, NapOKCH3MAaJIbHA

MepIlaTeJibHasd apuTMUd.

1 Introduction

The quality of the ECG signal can be affected and worsened by other sources, such as the pa-
tient’s condition, the underlying walk and the patient’s weakness. contact of ECG electrodes.
In addition, if the ECG is visually monitored, the probability of human error is high, each
10-result is interpreted with an error(Brikena Xhaja, 2015: 305-312). A typical ECG trace of
a normal heart rhythm consists of a P-wave, a QRS complex, a T wave, which is shown in
Figure 1:

R R
1 QRS 2
1,0-0,60c
PQ ST ™
p « » -« T > P
<0,12¢
P
+ - Q Q
S S
PQ QRS
0,12-0,2¢|0,06-0,1¢c
QT
0,38-042c

Figure 1 - ECG trace(www.okardio.com)
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We can see that the peaks of the QRS complexes are smoothed out, and the P- and
T-waves containing the lower frequencies become more noticeable. The determination of the
position of the wave P and wave T is complicated because of its small amplitude. At the
same time, we can also find that parts on a lower scale make up higher signal frequencies.
In this paper, attention is focused on the wave P. The advantage of the wavelet transform
lies in its ability to extract the details of the ECG signal with optimal temporal resolutions.
Information on the complex P obtained is very useful for ECG classification, analysis, diag-
nosis, authentication and identification. The main advantage of this kind of detection is a
shorter time for a long-term ECG signal (Gautam A., 2012: 632-635). The method based on
the wavelet transform can be used to determine the characteristic characteristics of the ECG
signal with fairly good accuracy even in the presence of high-frequency and low-frequency
noise (P.Sasikala, 2011: 489-493). The presentation of the work done consists of the following
sections. The "Literature overview'"section contains an overview of related works devoted to
the application of wavelet transform methods to extract the detail data contained in the
signals. In the section "Materials and methods"the essence of the problem is stated and the
general steps of its solution are indicated. And as the specified steps are specified and spec-
ified in the form of a new way of data extraction. The "Main results"section describes the
results obtained using the proposed method. Conclusions formulate conclusions and provide
a plan for future research.

2 Literature review

Information hidden in the P interval, which has a low amplitude and a high frequency of
distribution, is often equally important for research than high-amplitude bursts and harmon-
ics. The interval P has a duration of 0.11 seconds, a positive value of the amplitude (Chazov
M., 2014:1). A specialist in the interpretation of ECG, mainly draws attention to these two
parameters, and a deep study of this interval and its morphology often remains without
due attention. Ignoring the high frequencies and its content in the P interval may lead to
an omission of early preclinical prediction of some kind of heart disease. For this reason,
the task of extracting hidden parts is of high relevance, but in the literature it is not given
enough attention. In ( Grigoriev D.S., 2012:57-61), the morphology of the PQRST complex
for deep study of arrhythmia and normal sinusoidal rhythm was also studied using wavelet
methods, namely, the Daubechies wavelets. In article (K.Venkata, 2011:60-69), pathologies
associated with QRS changes were investigated using a discrete wavelet transform. Further,
the works of these authors were concentrated on the interval T and new data were revealed
in ECG signals, these data were used for early preclinical detection of some pathologies. For
early preclinical detection of cardiac pathology, no study is given for the P interval. Recent-
ly, several research algorithms have been developed to detect arrhythmia in ECG signals,
some of which use wavelet transformation, fuzzy logic methods, reference vector machines
with an approach that demonstrates their advantages and disadvantages. In (Ivanko E.O.,
2009: 160-164), a continuous wavelet transform was used to extract traits from the ECG
signal to determine late atrial potentials, this algorithm achieves a positive predictability
of 98Thus, in this review, we examined the 7 most interesting articles of processing ECG
data by wavelet transformation methods. All these methods are heuristic, i.e. based on the
assumptions regarding the nature of signal distribution in the time domain of the distribu-
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tion. A comparative analysis of these statements shows that there are both coincidences of
the positions of different authors and serious discrepancies, which indicates that there are
unresolved problems in this area.

3 Materials and methods

At present, in connection with the increase in the number of patients with paroxysmal atrial
fibrillation, there is an urgent need to search for new methods of early preclinical diagnosis.
These methods should meet a number of requirements: to have a sufficiently high sensitivity
and specificity, the possibility of using in outpatient settings and low time and financial costs
in conducting screening studies. The method of the standard ECG and the carrying out of ex-
ercise tests have by now reached certain limits of their diagnostic capabilities for the detection
of hidden PMA of the heart. In its initial stages, the use of conventional electrocardiography;,
as a rule, does not reveal abnormalities. At the same time, there is reason to assume that
already in this period there are changes in the frequency and temporal characteristics of
the electrical potentials of the heart that are not recorded with the help of a conventional
electrocardiograph. Fundamentally new possibilities are opened when modern mathematical
methods of analysis are applied to the ECG signal, based on signal representations in the
form of expansions in some generalized vector spaces. The most famous example of such an
expansion is the Fourier transform, realized most often as a Fast Fourier Transform (FFT).
Let f(z) — continuous function of a real variable = . The Fourier Transform of a function
f(z) is defined by equation:

FU)= /_OO f(z)e 2™ dy (1)

where i = y/—1 and u often called a frequency variable. Summation of sines and cosines
may not be so obvious at first glance, but applying Euler’s equation, we get:

FU)= / f(z)(cos 2muzr — isin 2rux)dx (2)
For this F'(u), we can go back and get f(x) using the inverse Fourier Transform:

fo) = [ Pw)e i ®)

The application of a temporary "window"allows estimating the change in the signal spec-
trum in different phases of a cardiocycle. This method is called Spectral-temporal mapping.
This technique has now become quite widespread. At the same time, all the potential capabil-
ities of the CRM method remain unfulfilled in it, primarily due to the natural shortcomings
of the standard Fourier analysis. The fact is that the method uses a fixed "window'"that
can not be adapted to local signal properties. As a result, in the low-frequency part of the
spectrum, the frequency resolution is lost, and the frequency resolution is lost in time. To
resolve this contradiction in modern mathematics, a number of methods for analyzing non-
stationary signals have been developed (this class includes ECG signals). The most famous
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was the so-called wavelet transform (Wavelet-transform). It represents the decomposition of
a signal over a set of basis functions, which are determined on an interval shorter than the
duration of the cardiac signal (www.okardio.com).

e Wavelet Decomposition Wavelet Reconstruction
(6 levels) (6 levels)
A6 D6 | D5 | Dp4a D3 | D2 | DL |
[0-4Hz] [4—8Hz] | [8-16Hz] | [16-32Hz] | [32-64Hz] I [64 -128Hz] | [128 - 256Hz] :

L 62 level J | SEI{veI | 49£vel | 39£vel | 29I-£.rel IEI{veI
D A

> + e

T

Original Signal

Figure 2- 6-leveled wavelet decomposition

In this case, all functions of the set are generated by means of a two-parameter trans-
formation (a shift along the time axis and a scale change) of one initial function, called the
"parent"function. They are called wavelets (in translation - short waves or bursts). Large val-
ues of the scale parameter correspond to the application of the low-pass filter to the original
signal, small values of the high-pass filter. From the Fourier transform, the wavelet transform
differs in that the multiplication by the "window"is contained in the very basic function,
and the "window"adapts to the signal when the scale is changed (Dobesi 1.,2001:464). This
module computes a wavelet analysis using different types of wavelets. In STx a scaled wavelet
transformation with a bounded integration interval is used:

1

H(a,b):m

/ h(t)W(%, £0)dt (4)
with:

a frequency scaling parameter b time shift parameter S(a) amplitude scaling factor a
time window width (input ACUT) {0 basic frequency of wavelet function (input FO) For the
study, we used the results of ECG images of 2000 patients who were presented by the Almaty
Cardiology Center and were taken from the site (Open MIT ECG Database, 2012) with
episodes of symptomatic paroxysmal arrhythmia (PMA) from January 2017 to December
2017 and were taken with Edan SE-3 devices, EXT 01-R-D. Of these, 500 patients had the
first episode, and 500 had a relapse of the PMA episode. Patients were observed 12 months
and classified into three groups depending on the number of PMA relapses per year: group A
- healthy patients without recurrence of PMA, with less than five relapses per year - group
B and with more than five relapses per year - group C.
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Figure 3 - Study groups
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Although Group B and Group C patients did not differ in time in AF, Group C patients
had more PMA episodes in their medical chart, these episodes were longer and the time in the
sinus rhythm before the last episode of PMA was larger compared to patients in Group B. All
subjects were subjected to ECG analysis, as described below, at the initial and subsequent
levels.

b ]

Figure 4 - Leads [12]

The wavelet transform was proposed as an alternative way to analyze non-stationary
biomedical signals, which decompose the signal into basic functions. The wavelet method
acts as a mathematical microscope, in which we can observe different parts of the signal
simply by adjusting the focus (Boytsov S.A., 2001:32-34). The usual application of wavelet
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methods for processing medical waves uses a wavelet transformation based on the use of a
single wavelet, rather than on the basis of a set constructed from a family of mathematically
related wavelets. Again, choosing a wavelet with appropriate morphological characteristics
with respect to the physiological signal under consideration is critical to the success of the
application. Next, various DWT applications will be presented in cardiac studies with inter-
esting applications such as noise cleaning and compression of medical signals, segmentation
of the electrocardiogram (ECG) and the derivation of latent characteristics, heart rate vari-
ability analysis and analysis of various cardiac arrhythmias.

4 Main results

The use of the method for the three groups showed the following results: Mean and Max
values correspond to the area and maximum peak value of P., respectively. Observations
showed that there was no special difference between groups of patients and healthy in the
lead X. In lead Y as well, there was no difference between the maximum values of healthy
and sick, and the areas were not. In lead Z there were differences between the data of groups
A, B and C. As the results of the wavelet transformation showed, the patients of group C
had a larger value of P both in area and in the maximum value of peak P. The duration of
wave P increased in patients with any number of repetitions disease.

5 Conclusion

The algorithm of processing data based on the wavelet transformation of the signal was
presented in the paper. The main idea was to process the data - signals, for its subsequent
processing. The obtained results show that the proposed algorithm provides real efficiency in
the processing of primary signals for the task of isolating the detailing coefficients of the ECG
signal. The development perspective of this approach is the development of software modules
that allow you to configure the transformation parameters in the user interface, as well as the
improvement of the algorithm itself. The present approach and results can be implemented
in the ecg machines to provide an analytical report along with the patient’s ECG. Accurate
and reliable ECG analysis in the ECG machine is very much in demand today. The efficiency
of the developed diagnostic method was proved on the basis of numerical experiments. The
next stage in the development of the system will be optimization and testing on longer signals
to diagnose a wider range of diseases.
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