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This paper presents an advanced approach to modeling electrocardiogram signals by integrating amplitude-time
characteristics to obtain novel and informative features for cardiac diagnostics. Based on a systematic analysis of 426 scientific
publications from the Scopus database (2014-2024), we identified a significant transformation in methodological approaches from
classical signal processing to the implementation of modern artificial intelligence technologies. A geographical analysis of
publications revealed that India, the United States, and Germany led the research in this field, with 78, 64, and 37 publications,
respectively. The thematic distribution of works encompasses computer science (23.3%), engineering (22.4%), medicine (13.8%),
and related fields, highlighting the interdisciplinary nature of these studies. We identified key developmental directions in
electrocardiogram signal processing methods, including the improvement of filtering algorithms and data preprocessing, the
development of new methods for extracting informative features, and the creation of hybrid classification systems. Particular
attention was paid to integrating machine learning methods with traditional approaches to electrocardiogram signal analysis. The
research demonstrated that while convolutional neural networks exhibit high classification accuracy (>95%) for cardiac
arrhythmias, there remains a need for mathematical models that account for both rhythmic and morphological features of ECS
signals. We propose a model of cyclic discrete random process with a time rhythm function that incorporates amplitude values of
characteristic ECS peaks (P, Q, R, S, T). This model effectively captures the inherent cyclicity of ECS signals while accounting for
their stochastic variations and corresponding amplitude values of diagnostic waves. The model distinguishes between regular and
frregular cardiac rhythms. Experimental validation using ECS signals from healthy individuals and patients with extrasystole
demonstrates the model's sensitivity to changes in cardiovascular system states. The time rhythm function, considering amplitude,
exhibits distinctive patterns that effectively differentiate between normal and pathological conditions. The proposed mathematical
framework expands the analytical toolset for ECS signal processing and provides a foundation for developing new diagnostic
algorithms with enhanced accuracy for cardiac rhythm disorders.

Keywords: electrocardiogram modeling, cyclic random process, amplitude-time characteristics, cardiac signal analysis,
mathematical modeling, time rhythm function, cardiac diagnostics, ECS peak morphology, stochastic signal processing,
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analysis, signal classification, artificial intelligence (AL), machine learning system (MLS), neural network.

JTio60omup MOCIIA

TepHOMiNbCHKUIA HAI[IOHATBHIHA TEXHIYHUH YHIBepcUTET iMeHi [Bana [Tyitos

Amuspiit CBEPCTIOK

TepHOMiNbCHKUIA HALIOHATBHUE MeUMYHUH yHiBepcuTeT iMeHi 1. 5. ['opbaueBcbkoro

METOJIA KJTACU®IKAIII EJJEKTPOKAPJIIOCUTHAJIIB TA IX MATEMATUYHA
MOJAEJIb Y BUT'JIAAI HUKJIITYHOTI'O JUCKPETHOI'O BUITAAKOBOT'O
IMPOLECY

Y craTTi npeacrasieHo BAOCKOHANEHM IAXIA 4O MOAE/IOBAHHS €/IEKTPOKaPAIOCUIHA/IB LL/ISXOM IHTErpaLii amr/iiTyaHo-
4aCOBUX XaPaKTEPUCTUK [J15 OTPUMAHHS HOBUX [HHOPMATUBHUX O3HAK ¥ KapAioaiarHoCTvyi. Ha OCHOBI cucTeMaTnyHoro aHamizy 426
HaykoBux rnybrikauii 3 6asu gavmx Scopus (2014-2024 pp.) BUSB/IEHO 3HaYHYy TPAHCE@OPMALIO METOLO/IOMNYHUX TAX0[IB B
K/IaCUYHOIO ONpPAaLIlOBAHHS CUIHA/IB [0 BIIPOBAKEHHS CyYaCHNX TEXHONIOMV LUTYYHOIo IHTENEKTY. [eorpagpiurmi anasi3 ry6riikalivi
BusBuB /1iaepcTBo IHAI (78 ny6nikauivi), CLUA (64 ny6rikauii) 1@ Himewdurm (37 ny6rikauyivi) y AOCTMKEHHSX LbOro Harpsmy.
TematudHmi po3rogin pobiT oXorvioe KoM 1oTePHI Hayku (23,3%), iHxerHepito (22,4%), meanumry (13,8%) 1a CyMikHi rasysi, 1o
TAKPECTIIOE  MDKAUCUMITTIHAPHY  XapaKTep JOCTKEHb., BU3HaYeHo OCHOBHI  Harnpsmu po3BUTKY METOAIB OrpauytoBaHHs
E/1EKTPOKAPAIOCHIHE/IIB: BAOCKOHA/IEHHS a/IrOPUTMIB QINIbTPAaLii Ta onepeaHsoi 06pobKu AaHnX, pO3pobKa HOBUX METOLIB
BUAINEHHS] [HQOPMATUBHUX O3HaK, CTBOPEHHS IOpUAHNX cucTem Kinacuikauii. OcobsmBy yBary npyagineHo iHTerpauii Meroqis
MALLUMHHOIO HaBYaHHS 3 TPaAMULIVIHUMY TTIAX04MM O aHa/l3y €/IEKTPOKAPAIOCHIHANIB. [JOCTIMKEHHS TOKa3a/10, Lo X048 3ropTKOB/
HEVIPOHHI MEDEXT AEMOHCTPYIOTH BUCOKY TOYHICTL KAacugikauii (>95%) cepuesnx aputMmivi, 3a/mLUacTsCs noTpeba B MateMaTnyHmx
MOJENISX, SKI BPaXOBYIOTb K PUTMIYHI, TaK i MOp@osioriyHi ocobmsocti EKC. 3arnporoHoBaHa MOAE/b LIMKIIYHOMO ANCKDETHOrO
BUINAAKOBOIo 1poLECY 3 @YHKLIIEID YacoBOro pUTMy, SKa BK/IIOYAE aMIvIiTy4HI 3HaYEHHSI XapakTepHux rikis EKC (P, Q, R, S, T). Lis
MOoJEIb ePEKTUBHO BIAOOPAXKAE MPUTaMaHHy curHasiam EKC UMKIIYHICTb, BPaxoByroYu rpu LbOMy iX CTOXacTuyqHi Bapiauii 1a
BIANOBIAHI  aMIVIITYAHI  3HAYEHHST  [IarHOCTUYHUX  [TiKIB.  MoJesib  pO3PIHSIE PEry/IspHi 74  HEPETY/IPHI  CEPLIEBI  puTMU
EkcriepumeHTasibHa nepesipka Ha EKC 340posux /i04e/ Ta NauieHTiB 3 eKCTPAacUCTONIERD JEMOHCTDYE YyTMBICTL MOAEN A0 3MIH
CTaHy cepLeBo-CyANHHOI cuctemu. QYHKLIS YaCOBOIro pUTMY 3 YpaxyBaHHIM aMIi/iiTyan AEMOHCTPYE YiTKi NaTepHY, SKi eQEKTUBHO
ANDEPERLIIOIOTE  HOPMAJIbHI  Ta@  NATO/OMYHI  CTaHW,  3arporoHOBaHMY  MATEMATUYHMM — anapar  pPO3LINPIOE  aHAITUYHI
IHCTPYMEHTapIV A/15 06pobku EKC i 3a6e3redye 0CHOBY A/15 PO3POOKM HOBUX a/IrOPUTMIB AiarHOCTUKU [TOPYLLIEHb CEPLIEBOIO PUTMY
3 [TABNILLEHOIO TOYHICTIO.

Kto4oBi  C/10Ba: MOQE/NOBAHHS  €/IEKTPOKAPAIOCUIHaAB, MOQENb, AaHam3, Kaacugikalis, A[iarHOCTUKa, aaropuTM,
UUKTTIYHWA BUMEAKOBMH MPOLIEC, aMIIITYAHO-4YaCcOBi XapaKTEPHUCTHKY, aHasl3 KapaioCUIHa B, MaTeEMaTUYHE MOAE/IOBAHHS, YacoBa
QyHKUIS pUTMY, KapalogiarHoctuka, mopgosioria nikis EKC cToxactmyHa o6pobka CurHasis, BUSB/IEHHS CEPLIEBO-CYANHHUX
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3aXBOPIOBaHb, PO3ITI3HABAHHS 06pa3iB, CEpLEBa apuTMis, E€KCTPACUCTO/IIS, MOPYILIEHHS CEPLEBOrO PUTMY, GIOMEANYHM aHarli3
CUrHasIB, Kacuikalis CUrHasiB, WTyYHW IHTENEKT (AL), cuCTeMa MaLIMHHOO HaBYyaHHs (MLS), HeVpoHHa MEpEXa.

Introduction

In modern conditions of diagnosing cardiovascular diseases of mankind, the timeliness and efficiency of
the processing and analysis of electrocardio signals (ECS) is especially relevant. After all, cardiovascular diseases
have a high prevalence and a high mortality rate in the world [1]. The latest tools of machine learning and artificial
intelligence [2-6] open up new opportunities for improving methods for modeling, processing, and classifying
electrocardio signals [7, 8]. Therefore, a systematic analysis of modern scientific research in this area is of particular
importance to identify the main trends, promising directions, and methodological approaches to the analysis of CEN
[9, 10]. The purpose of this study is to conduct an analytical review of scientific publications on methods of
modeling, processing, and classification of electrocardio signals over the past ten years based on the data of the
scientometric database Scopus.

Related works

To conduct an analytical review of scientific publications indexed in the Scopus scientometric database,

regarding the analysis of methods for modeling, processing, and classifying ECS signals over the past ten years, a
request for an extended search was formed:
TITLE-ABS-KEY("cardiac  signal) AND  (TITLE-ABS-KEY(model* method) OR  TITLE-ABS-
KEY (*cardiogram) OR TITLE-ABS-KEY (forecasting) OR TITLE-ABS-KEY (automated process*) OR TITLE-
ABS-KEY (analysis) OR TITLE-ABS-KEY/(classification) OR TITLE-ABS-KEY(diagnostic) OR TITLE-ABS-
KEY(construction) OR TITLE-ABS-KEY (evaluation) OR TITLE-ABS-KEY(review) OR TITLE-ABS-
KEY("computer system™) OR TITLE-ABS-KEY("decision making™) OR TITLE-ABS-KEY ("expert system™))
AND PUBYEAR > 2013 AND PUBYEAR < 2025 AND (LIMIT-TO ( EXACTKEYWORD,"Signal Processing")
OR LIMIT-TO (EXACTKEYWORD,"Algorithm™) OR LIMIT-TO (EXACTKEYWORD,"Machine Learning") OR
LIMIT-TO (EXACTKEYWORD,"Signal Encoding”) OR LIMIT-TO (EXACTKEYWORD,"Algorithms") OR
LIMIT-TO (EXACTKEYWORD,"Electrocardiography”) OR LIMIT-TO (EXACTKEYWORD,"Convolutional
Neural Network"™) OR LIMIT-TO (EXACTKEYWORD,"Biomedical Signal Processing”) OR LIMIT-TO
(EXACTKEYWORD,"Convolutional Neural Networks") OR LIMIT-TO (EXACTKEYWORD,"Signal Detection™)
OR LIMIT-TO (EXACTKEYWORD,"Classification (of Information)™) OR LIMIT-TO
(EXACTKEYWORD,"Neural Networks") OR LIMIT-TO (EXACTKEYWORD,"Electrocardiogram™) OR LIMIT-
TO (EXACTKEYWORD,"Deep Neural Networks") OR LIMIT-TO (EXACTKEYWORD,"Heart") OR LIMIT-TO
(EXACTKEYWORD,"Numerical Methods") OR LIMIT-TO (EXACTKEYWORD,"Artificial Neural Network")
OR LIMIT-TO (EXACTKEYWORD,"Artificial Intelligence™) ) AND (LIMIT-TO (SUBJAREA,"COMP") OR
LIMIT-TO (SUBJAREA,"MEDI") OR LIMIT-TO (SUBJAREA,"ENGI") OR LIMIT-TO (SUBJAREA,"MATH")
OR LIMIT-TO (SUBJAREA/"NEUR"™ OR LIMIT-TO (SUBJAREA,'DECI') OR LIMIT-TO
(SUBJAREA,"HEAL") OR LIMIT-TO (SUBJAREA,"MULT"))

The results of an extended search in the Scopus scientometric database reflect a significant increase in the
number of publications over the past ten years (Fig. 1). The total number of publications over the past decade
amounted to 426 papers. The largest number of publications was in 2019 (47 papers), 2022 (49 papers), and 2024
(59 papers). ECS modeling, processing, and classification are done both by classical methods and with the help of
artificial intelligence.
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Fig. 1. Dynamics of publications in the Scopus scientometric database by years
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After conducting a comprehensive review and analysis of the most relevant articles on methods for
modeling, processing, and classifying cardiac signals, in particular electrocardiograms (ECS), the following can be
noted. In the article by Feng C., the author looked at deep learning algorithms for the classification of ECSs, which
he classified into three main types: convolutional neural networks, recurrent neural networks, and multimodal deep
learning [7].

Ardeti V. A., Kolluru V. R., Varghese G. T., & Patjoshi R. K. reviewed state-of-the-art ECS signal
processing techniques, ranging from traditional to Al-based approaches: using portable and wearable devices, the
Internet of Things (10T), and wireless technologies for remote patient monitoring [8].

The scientific paper by Fikri, M. R., Soesanti, I., & Nugroho, H. A. provides a comprehensive overview of
ECS signal classification methods, discussing the various steps involved, including preprocessing, feature
extraction, and classification methods such as MLP, K-NN, SVM, CNN, and RNN, and concluding that neural
network techniques such as CNN and RNN are the best and most popular for ECS classification due to their high
accuracy and low complexity [9].

Wasimuddin M., Elleithy K., Abuzneid A.-S., Faezipour M., & Abuzaghleh O. presented a comprehensive
review of the literature on real-time ECS signal acquisition, pre-recorded clinical ECS data, ECS signal processing
and denoise, detection of fiducial ECS points based on feature engineering and ECS signal classification, and
comparative discussions among the studies reviewed [10]. The classification of ECS heart contractions into normal
and abnormal was made by the authors using methods based on threshold values [19-20]. A modified adaptive
threshold approach based on Pan-Tompkins [21] was introduced in [22]. DWT is also used to classify ECSs using
Basic Component Analysis (PCA) and Independent Component Analysis (ICA) as described in [23]. However, the
Multi-Model Decision Learning (MDL) algorithm achieved a better sensitivity of 100% in classifying the ECS as
normal and abnormal when evaluated on the MIT-BIH arrhythmia dataset. However, the Multi-Model Decision
Learning (MDL) algorithm achieved a better sensitivity of 100% in classifying the ECS as normal and abnormal
when evaluated on the MIT-BIH arrhythmia dataset. These methods were summarized by Wasimuddin M., Elleithy
K., Abuzneid A.-S., Faezipour M., & Abuzaghleh O. in Table 1.

Table 1
Classification of ECS according to traditional algorithms
Class [Ref.] Algorithm Performance Metrics Dataset
Normal, Abnormal [24] Modified Tompkins 99,51%acc, 0,0049err
Normal, Abnormal [22] Adaptive-profiling 97,47%scc, 99,8%sen, 99,79%gpv, 0,0258err MITDB [27]
Normal, Abnormal [23] PCA, ICA 99,28%acc, 97,97%sen, 99,21ppv
Normal, Abnormal [25] MDL 93,33%5cc, 100%sen, 81,81%gpe. 90,47 %000
Normal, Abnormal [19] Threshold-based 97,6%4cc, 97,3%0sen, 98,8%spe PTBDB [28]
Normal, Ischemic [20] Threshold-based 98,12%gen, 98,16%spe ESCDB [29]
Normal, Abnormal [26] Regression 97%sen, 88%spe, 97 Y0ppv Sample Collection

The article by authors Martinek R., Ladrova M., Sidikova M., Jaros R., Behbehani K., Kahankova R., &
Kawala-Sterniuk A. provides a comprehensive overview of advanced signal processing techniques for cardiac
bioelectrical signals, spanning both classical and advanced approaches. Key methodological components include
digital filtering (both adaptive and non-adaptive), signal decomposition techniques such as wavelet transform and
blind source separation, and an overview of various signal processing techniques applicable for clinical use [11].

The article by Abdulla L. A., & Al-Ani M. S. provides a comprehensive overview of the most common
methods used to classify ECS signals, including ANN, CNN, DWT, SVM, and KNN, and discusses their
performance, advantages, and limitations. The methodology is to pre-process the ECS signal for noise removal using
methods such as low and high pass filters, extracting features from the ECS signal using discrete wavelet transform
(DWT), principal component analysis (PCA) and independent components (ICA), classifying ECS signals using a
variety of machine learning techniques, including artificial neural networks (ANNSs), convolutional neural networks
(CNNs), reference vector machines (SVM), decision trees (DT), k-nearest neighbors (KNN), and linear
discriminant analysis (LDA) [12].

The authors Lupenko S. A., Sverstiuk A. S., Stadnyk N. B., Zozulia A. M., and Orobchuk O. investigate
methods for modeling different types of cardiac signals (electrical, magnetic, and acoustic/mechanical) using the
theory of cyclic random functions. In particular, they apply a cyclic random process and a vector of cyclic
rhythmically related random processes. The study includes the development of a structure of statistical assessments
of the probabilistic characteristics of cardiac signals, spectral analysis of these signals, and the determination of
informative features for computer systems for functional diagnostics of heart conditions [13-14].

A study by Kapatsila, R., & Sverstiuk, A. is dedicated to the development of a decision tree-based system
for predicting cardiovascular disease. The model uses 12 key medical indicators, including demographics, ECS
results, and other physiological parameters. As a result, a correlation matrix of risk factors was created, a decision
tree was developed and tested, the quality of classification was assessed through an error matrix, and ROC analysis
showed high efficiency of the model (AUC = 0.9) [15].

The article by Mishra A., Bhusnur S., Mishra S. K., & Singh P. discusses a method for modeling ECS
using parametric quart splines to generate synthetic data. The study includes the classification of normal and
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abnormal sinus rhythms using three machine-learning techniques in the Orange environment. The assessment of the
quality of synthetic signals showed a high correlation coefficient (0.974) between synthetic and real signals [16].

Edla S., Kovvali N., & Papandreou-Suppappola A. developed a Bayesian classifier that achieved an
accuracy of 90% when using the adaptive method and 98% when applying IMM and SMCMC to classify different
types of arrhythmias [17].

The article Lytvynenko 1., Horkunenko A., Kuchvara O., Palaniza Y. presents an automated method of
ECS processing based on signal simulation as a cyclic random process. The developed system includes methods for
segmenting the ECS signal, estimation of rhythmic structure, and statistical data processing. The results obtained
indicate the reliability of the developed model and the possibility of its use in diagnostic systems to predict the risk
of cardiovascular diseases. Based on the proposed mathematical models and methods, the authors substantiate which
characteristics of signals are the most informative for diagnosing the state of the heart [18].

Fig. 2 shows a word cloud that displays all the keywords of the authors of the Scopus database publications
on the topic under study.
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Fig. 2. Keyword cloud used in authors' posts

The number of papers per year by publication sources has been growing rapidly since 2022 in IEEE
Access, while Proceedings of The Annual International Conference of The IEEE Engineering in Medicine and
Biology, Society EMBS, Sensors, Sensors Switzerland, Biomedical Signal Processing and Control show a decline or
the same level (Fig. 3).

Documents per year by source

Compare the document counts for up to 10 sources. Compare sources and view CiteScore, S]R, and SNIP data

Documents

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Year

“®- Proceedings Of The Annual International Conference Of The IEEE Engineering In Medicine And Biology
Society EMBS

<+ [EEE Access <# Sensors =& Biomedical Signal Processing And Control <% Sensors Switzerland

Fig. 3. Number of documents per year by sources of publications
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As for the authors, such scientists as Mohanty M.N., Mohapatra S.K. — 7 publications each, Peris-
Lopez P. — 6 publications, Camara C. — 5 publications, Blanco-Velasco M., Castells F., Fonseca P., Gouveia C.,
Millet J. — 4 publications each and Bagheri N. — 3 publications (Fig. 4).

Documents by author

Compare the document counts for up to 15 authors.
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Fig. 4. Number of publications in the Scopus database by authors

The largest number of publications by country or territory belongs to India — 78, the USA — 64, Germany —
37, China — 30, the United Kingdom — 28, Italy — 26 and Spain — 25. Thus, mainly developed countries of the world
are conducting scientific developments in the prediction and treatment of cardiovascular diseases (Fig. 5).
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Fig. 5. Number of publications by country or territory

By types of documents, articles (57.5%), conference proceedings (36.2%) and review articles (4.0%)
prevailed among scientific papers (Fig. 6).

092 MDKHAPOJTHU HAYKOBUI KYPHAJT

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES», 2025, Ne 1



INTERNATIONAL SCIENTIFIC JOURNAL ISSN 2710-0766
«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES»

Documents by type

Retracted (0.2%)

Short Survey (0.2%)

Note (0.2%)

L

‘__/'-’
Letter (0.2%) ~ 4

Book Chapter (1.4%)

Review (4.0%)

Conference Pape... (36.2%) ~—

~ Article (57.5%)

Fig. 6. Number of works by type of publications

According to the subject area, publications were distributed: computer science — 23.3%, engineering —
22.4%, medicine — 13.8%, physics and astronomy — 7.0%, mathematics — 6.0%, biochemistry, genetics and
molecular biology — 5.9%, and neurology — 3.2% (Fig. 7).
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Fig. 7. Number of publications by subject area

In terms of the number of publications, Universidad Rey Juan Carlos, Siksha O Anusandhan Deemed to be
University — 8 documents each, and Universidad Carlos 111 de Madrid — 7 documents are in the lead (Fig. 8).

MDKHAPOJIHUI HAYKOBUI XYPHAJT 03

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES», 2025, Ne 1



INTERNATIONAL SCIENTIFIC JOURNAL ISSN 2710-0766
«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES»

Documents by affiliation

Compare the document counts for up to 15 affiliations.

Universidad Rey Juan Carlos

Siksha O Anusandhan Deemed to b...
Universidad Carlos 11T de Madrid [ s
Philips Research

University of Oxford

Hospital Clinico Universitario Virge...
Harvard Medical School

CNRS Centre National de la Recher...

Universitat Politécnica de Valéncia

Sichuan University

=
(=]
%]
w

4

[V}
[}
~1
o0
=]

Documents

Fig. 8. Number of publications by affiliation to organizations

Model of cyclic discrete random process with time rhythm function incorporating
Amplitude values of characteristic electrocardiogram peaks

Based on the systematic review of publications on electrocardiogram signal modeling and classification
presented above, we propose a model of a cyclic discrete random process with a time rhythm function that
incorporates the amplitude values of characteristic ECS peaks. This model accounts for both the time rhythmic
functions of ECS and the amplitude values of the P, Q, R, S, and T peaks.

Building upon [30], we describe the fundamental properties of cyclic random processes, including the
definitions of the rhythm function and cyclic random processes with continuous parameters. In general, the
mathematical model of a cyclic signal represents a random process & (w, t), where ® €Q andt €R (&: R — L2(Q,
P)), defined on a probability space (@, F, P) and the set R of real numbers. The argument t can be interpreted
physically as a spatial or time coordinate, while the range represents a space of random variables defined on the
same probability space (Q, F, P).

The author [30] defines a discrete random process ¢ (w,t,;), w € 2,t,,; € D, which is called a cyclic
discrete random process if there exists a discrete function T(t,,;,n) that represents distances between in-phase
samples | and satisfies the conditions of a rhythm function, such that finite-dimensional vectors

(f(w, tmy1y ) €(@, tit, ) s (o, tmklk)) and & (w, tmy, + T(tmlll,n)), & (w, tmy1, T T(tmzlz,n)) -~
13 (w, Cmgtye T T(tmklk,n)), n €Z, for all integers £ > I are stochastically equivalent in the broad sense.

The domain D = {tml, meZ =1L, L= 2} is the domain of definition of the discrete cyclic random
process é(w, t,,;), where m is the cycle number of the cyclic random process, and | is the sample number of the
discrete random process within its m-th cycle [30].

Thus, for a discrete cyclic random process, the family of its distribution functions satisfies the following
equalities:

ka(xl,. ..,xk, tmlll" ey tmklk) = ka(xl,...,xk, tmlll + T(tmlll,n),..., tmklk + T(tmklk,n)), (1)
Xq, e X € Rt s o by, € D,n€eZkeN.

When conducting cardiac diagnostics, detailed analysis of time and amplitude changes in ECS parameters
is crucial. Therefore, we propose a model of cyclic discrete random process with a time rhythm function that
incorporates amplitude values of characteristic ECS peaks.

Our proposed model characterizes the ECS as a cyclic discrete random process ¢ (w, t,,;), w € 2,t,,; € D.
Here, t,,; refers to the extreme values of the characteristic peaks P, Q, R, S, T throughout the cardiac cycle, varying
according to the respective lead in either normal or pathological states: i = extremum {P (tmi, n); Q (tmi, N); R (tmi, N);
S (tmi, N); T (tmi, N)}. This methodology enables a mathematical representation of the natural cyclicity of ECS signals
while accounting for their stochastic variations along with the amplitude values of the analyzed signal peaks. A
crucial component of our model is the rhythm function, which encapsulates the amplitude values of the
characteristic ECS peaks T (t,,;, ). This function qualifies as a rhythm function when finite-dimensional vectors
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(f((u, tm1i1)’ f(C")’ tmziz)' e f(w’ ztmki}c)) i ¢ (w’ bmyiy T(tm1i1’ n))’ § (w' tmyi, +
T(tmziz,n)), o, & (a), tmgi + T (Empiyr n)) n € Z, for all integers k > I are stochastically equivalent in the broad

sense.
Thus, for the discrete cyclic random process, the family of its distribution functions satisfies the following
equalities:

ka(xl, oo X g1 o0 Eggiye) = Fy (xl, o X tmyiy F T (Emyiys ) oo gy, + T(tmkik,n)), @
X1, e, X € Ry i, coor by, € DneZkeN.

The function T(tn,;,,n) serves as a time rhythm function that incorporates amplitude values of
characteristic ECS peaks and defines the regular patterns of intervals between amplitude values of corresponding
ECS peaks. The proposed model distinguishes between regular and irregular cardiac rhythms: when T(tmkik,n) =
n - T(tm,q, ), it represents a cyclic process with regular rhythm that accounts for amplitude values of characteristic
ECS peaks, where as T(tmkik, n) # n - T (ty,,) cOrresponds to irregular rhythmic patterns.

In practical application, we analyzed ECS under conditions of normal cardiac function and in patients with
extrasystole using the cyclic discrete random process model with a time rhythm function that incorporates amplitude
values of characteristic electrocardiogram peaks. Figure 9 provides a graphical representation of a healthy patient’s
ECS (conditional normal). The time function (diagnosis: conditional normal) of the rhythm taking into account the
amplitude values of the characteristic peaks of ECS T(tme, 1) is shown in Figure 10, T(tmr, 1) in Figure 11, and T(tmr,
1) in Figure 12.
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Fig. 9. Graphical representation of the ECS of a healthy patient (diagnosis: conditional normal)
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Fig. 10. The time function of the rhythm taking into account the amplitude values of the characteristic peaks of ECS T(tmP, 1)
(diagnosis: conditional normal)
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Fig. 11. The time function of the rhythm taking into account the amplitude values of the characteristic peaks of ECS T(tmR, 1)
(diagnosis: conditional normal)
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Fig. 12. The time function of the rhythm taking into account the amplitude values of the characteristic peaks of ECS T(tmT, 1)
(diagnosis: conditional normal)

A graphical representation of the ECS from a patient with cardiac pathology (diagnosis: extrasystole) is
shown in Figure 13. The time function (diagnosis: extrasystole) of the rhythm taking into account the amplitude
values of the characteristic peaks of ECS T(tme, 1) is shown in Figure 14, T(tms, 1) in Figure 15, and T(twr, 1) in
Figure 16.
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Fig. 13. Graphical representation of the ECS of a patient with cardiac pathology (diagnosis: extrasystole)

926 MDKHAPOJTHU HAYKOBUI KYPHAJT

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES», 2025, Ne 1



INTERNATIONAL SCIENTIFIC JOURNAL ISSN 2710-0766
«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES»

0,8

0 20 40 60 80 100 120 140
m

Fig. 14. The time function of the rhythm taking into account the amplitude values of the characteristic peaks of ECS T(tmP, 1)
(diagnosis: extrasystole)
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Fig. 15. The time function of the rhythm taking into account the amplitude values of the characteristic peaks of ECS T(tmR, 1)
(diagnosis: extrasystole)
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Fig. 16. The time function of the rhythm taking into account the amplitude values of the characteristic peaks of ECS T(tmT, 1)
(diagnosis: extrasystole)
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Based on the analysis of the time rhythm function incorporating amplitude values of characteristic
electrocardiogram peaks, we can conclude that the proposed function demonstrates sensitivity to changes in the
human cardiovascular system in both normal and pathological states. The results obtained provide a foundation for
further scientific investigation of this rhythm function to identify informative diagnostic features of ECS within
information technology systems for expert analysis of morphological and rhythmic characteristics of cardiac signals.

Conclusions

A distinctive feature of the proposed model is the logical development of the author’s original concept [30],
specifically adapted for electrocardiogram signal analysis. The key modification involves replacing the sampling
index | with the index i, which corresponds to the extreme values of ECS peaks (P, Q, R, S, T), thereby linking the
mathematical model to specific physiological characteristics of the cardiac signal. The function T(t,,;,n) now
considers not only time but also the amplitude characteristics of ECS peaks, making the model more informative for
cardiac diagnostics. All fundamental mathematical properties of the cyclic random process (stochastic equivalence,
distribution functions) are preserved in the new model. Additionally, the model clearly distinguishes between
regular and irregular cardiac rhythms, which may have direct clinical applications.

Thus, the proposed model expands the mathematical tools available for electrocardiogram signal analysis,
especially in diagnosing cardiac rhythm disorders. It also establishes a foundation for the development of advanced
diagnostic algorithms that improve accuracy in detecting and classifying cardiac arrhythmias. Future work will
focus on extracting more informative diagnostic features from the proposed rhythm function and integrating this
approach with machine learning methods to create hybrid systems that utilize the strengths of both mathematical
modeling and artificial intelligence.
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