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Abstract

Introduction. Non-linear methods of analysis have found widespread use in the heart rate variability (HRV) technology, when the
long-term HRV records are available. Using one of the effective nonlinear methods of analysis of HRV entropy for the standard 5-min
HRV records is suppressed by unsatisfactory accuracy of available methods in case of short records (usually, doctors have 300-600
RRs during standard 5-min HRV record), as well as complexity and ambiguity of choosing additional parameters for known methods
of calculating entropy ApEn, SampEn, MSE and etc.

The purpose of the work. Building a robust formula for calculating entropy (EnRE) with high accuracy for limited series of RR-
intervals observed in a standard 5-minute HRV record, i. e. with N~300—600. As well as demonstrating the capabilities of the EnRE
formula on a series of statistical distributions and in diagnosing the congestive heart failure.

Materials and Methods. We used MIT-BIH long-term HRV records for Normal Sinus Rhythm (NSR) and Congestive Heart Failure
(CHF). In order to analyze the accuracy of EnRE, we used the known statistical distributions (Normal, Uniform, Exponential, Lognormal,
Pareto) with their precise entropy values.

The results of the study. We have shown the effectiveness of the developed EnRE formula for time series of limited length
(N = 300 —600) using the example of various types of statistical distributions that simulate human HRV ranges, and also demonstrated
high accuracy of classification of cases of NSR and CHF for standard 5 min segments from MIT-BIH database of HRV records, using EnRE
and EnRE(sort).

Conclusion. Proposed in the article is generalized form for Robust Entropy Estimator, which allows, for time series of limited
length (IN = 300 —600), to calculate entropy value that differs from a precise one by 0,5-2,9%, as demonstrated for various random
distributions. On standard 5-min segments from MIT-BIH database of HRV records, we have shown the usage of EnRE and EnRE (sort)
for classification of cases of Normal Sinus Rhythm and Congestive Heart Failure with indicators of quality of division into groups:
Se=0,76; Sp=0,98; Acc=0,90.
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Introduction

The heart rate variability (HRV) is based on measuring (time)
intervals between R-peaks (of RR-intervals) of an electrocar-
diogram (ECG) and plotting a rhythmogram on their basis with
its subsequent analysis by various mathematical methods that
are classified as Time-Domain, Frequency-Domain and Nonlinear
[1, 2]. Using nonlinear methods in HRV and ECG analysis has
proven to be very advantageous, and they are reviewed in detail,
for example, in [3, 4]. Being constrained by a journal article’s
volume, we shall limit ourselves to the using of entropy in diag-
nostics of congestive heart failure (CHF). Congestive heart fail-
ure is a typical degeneration of the heart function characterized
by the reduced ability of the heart to pump blood efficiently
[5]. Itis a difficult condition to manage, as are the CHF patients
in clinical practice, having high mortality rate [6—10]. HRV analysis
has given an insight into understanding the abnormalities of con-
gestive heart failure, and can be used to identify the higher-risk
CHF patients [11-15].

Nowadays, entropy-based measures, such as the typical ap-
proximate entropy (ApEn) [16] and sample entropy (SampEn) [17],
are widely used in HRV analysis. SampEn is regarded as a modified

version of ApEn, intended to solve such shortcomings as bias
and relative inconsistency [17]. However, the traditional SampEn
method is single-scale based and, therefore, fails to account
for the multiple time scales inherent in cardiovascular systems
[18—20]. Multiscale entropy (MSE) method was proposed in [20]
and received much attention in the biomedical and mechani-
cal fields [21—23]. Further MSE developing was transformed
to multiscale multivariate entropy analysis [21, 23—26]. Existing
entropy-based CHF studies are referred to in [27] and demonstrate
high diagnostic effectiveness of entropy for HRV records with
duration of more than 1000 RRs, i.e. greatly exceeding standard
5-min HRV records.

However, prevalence of the effective methodology of entropy
analysis for standard 5-min HRV records is suppressed by unsatis-
factory accuracy of available methods in case of short records:
usually, doctors have 300-600 RRs during a standard 5-min
HRV record; as well as complexity and ambiguity of choosing
additional parameters for ApEn, SampEn, MSE and etc. There-
fore, it appears there is a necessity for building a robust formula
for calculating entropy with required accuracy for a limited series
of RR-intervals observed in a standard 5-minute HRV record, i. e.
with N~ 300 — 600.
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Materials and Methods

We used long-term HRV records by Massachusetts Institute
of Technology — Boston’s Beth Israel Hospital (MIT-BIH) from
[28] (http:/ /www.physionet.org), a free-access, on-line archive
of physiological signals. Normal Sinus Rhythm (NSR) RR Interval
Database includes beat annotation files for 54 long-term ECG
recordings of subjects in normal sinus rhythm (30 men, aged 28,5
to 76, and 24 women, aged 58 to 73). Congestive Heart Failure
(CHF) RR Interval Database includes beat annotation files for 29
long-term ECG recordings of subjects aged 34 to 79, with con-
gestive heart failure (NYHA classes I, 1I, and Ill). Subjects include
8 men and 2 women; gender of the remaining 21 subjects is not
known. The original electrocardiography (ECG) signals for both
NSR and CHF RR interval databases were digitized at 128 Hz, and
the beat annotations were obtained by automated analysis with
manual review and correction.

We calculated entropy of limited time series by original formula
proposed by Claude Shennonin 1948 [29] and here called Empirical
Entropy (ENnEmp) due to time series limitations:

EnEmp = —ZZIP(XI.)]H(P(XI.)) Q)

The problem of using the formula (1) in practice is its low ac-
curacy for small number of points in a time series (e. g. N< 1000),
as well as slow descending to an accurate value with the increasing
length of sequence. Shownin tab. 2 is the dependency of accuracy
of calculating entropy according to formula (1) on the length
of a series for a case of normal distribution, and in tab. 3 — for cer-
tain other types of distribution of a random value. Parameters
of distribution for numerical analysis have been chosen according
to coverage by a modelled distribution of a range of values of RR-
intervals observed in a human (tab. 3). Accurate entropy values
for associated distributions are given in tab. 1.

Special attention is given to a case of normal distribution, be-
cause with a lack of pathological changes, sinus rhythm proves
to be rather close to normal distribution (see tab. 4a and tab. 4b).

Other distributions are considered as a necessary example
of using numerical formulas for analysis of a limited series, be-
cause it is impossible in every specific case to precisely match the
observed RR sequence with some definite random distribution.
We can acknowledge the impossibility of applying the formula
(1) to a short times series N< 1000. Therefore, it appears there
is a necessity for building a formula for calculating entropy with
required accuracy for a limited series of RR-intervals observed
in a standard 5-minute HRV record, i. e. with N~300 —600.

Tab. 1. Various probability distributions and correspondent Entropy [30].

Distribution

Probability density function

Entropy (En, nats)

Normal Distribution

f(x)= ! exp(—ﬂ)

Enzln(m)

oV2m 26°
X
Uniform Distribution f(x)= b a En=In(b-a)
Exponential Distribution 1(x)=Nexp(-Ax) En=1-In(})

2
In(x)—
Lognormal Distribution f(x)= exp —( ( )2 D) En:u+1n(\/2n62)
X027 20
" 1
Pareto Distribution f(x)= a‘fﬂ En= ]n(X_m)+1+_
X o o

Tab. 2. Dependence of Entropy estimation accuracy from the length of time series for Normal Distribution

(1=1000; =100).

Accuracy of Entropy estimation (Relative Error, %)

Length of sample (N)
Empirical Entropy (EnEmp) Robust Entropy Estimator (EnRE)
N=100 27,2 0,95
N=300 17,3 0,45
N=500 8.65 0,40
N=1000 4,80 0,36
N=5000 1,23 0,35
N=10000 0,66 0,35
N=20000 0,38 0.35
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Tab. 3. Dependence from the length of time series of Entropy estimation accuracy and Correlation
along simulated distribution parameters for various probability distributions.

Empirical Entropy (Enimp) Robust Entropy Estimator (EnRE)
Distribution Length
of sample Accuracy . Accuracy .
(Relative Error, %) Correlation (Relative Error, %) Correlation
N=100 29,99 0,46 1,58 0,95
Normal Distribution —
(M=1000, 6=100-200) | =500 1,51 0,945 0,51 0,987
N=1000 6,56 0,987 0,36 0,993
N =100 32,8 0,78 2,9 0,99
Uniform Distribution —
(a=100-1000: b=1500) N =500 13,40 0,973 2,89 0,998
N=1000 7,53 0,990 2,85 0,999
N =100 46,2 0,45 2,9 0,98
Exponential Distribution _
(1=0,0001-0,0011) N=500 28,38 0,903 2,83 0,997
N=1000 21,30 0,950 2,80 0,999
N =100 6,46 0,98 3,73 0,989
Lognormal Distribution _
(1=7: 3=0,002-0,012) N=500 1,62 0,997 1,43 0,998
N=1000 0,985 0,999 1,04 0,999
N=100 36,68 0,489 3,79 0,875
Pareto Distribution _
(0=2: s=1000-2000) N=500 20,38 0,867 2,93 0,97
N=1000 15,65 0,946 2,75 0,987

Tab. 4a. RR simulated by Normal distribution (L=1000; c=50).
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Tab. 4b. Real RR record (MIT Normal Sinus Rhythm RR Interval Database

by Physionet.org).
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Early in the last century, an Italian statistics professor Corrado
Gini had proposed a way to measure the inequality among values
of a frequency distribution (the Gini coefficient) [31]:

G=2NIZMZ,Z ZL (|X!’_XJ'D’ (2)

where M is a mean of x values. The Gini coefficient proved
to be very popular in economics and sociology, and there are at-
tempts to apply it to other areas as well, including HRV analyzing
[32]. The Gini coefficient is an instance of generalized inequality
index [33], and its alternative, as measure of deviation from ba-
lance — generalized entropy index — is derived from information
theory as a measure of redundancy in data [34]. There are known
limitations when using the Gini coefficient for data analysis: de-
pendence on additive change of mean; a small selection substan-
tially decreases the magnitude of the coefficient and etc.

Therefore, following the analysis of known definitions of mea-
sures of deviation from balance and degree of order, and follow-
ing the discussion with colleagues, professor A. Martynenko has
proposed generalized form for Robust Entropy Estimator (EnRE)
for heart rate variability:

(IR~ RR ||RR, —MD|)%‘

e
o)
where MD is median of RR values; D — distance between RR,
and RR; A, 1, m, k — estimated coefficients. Search conditions
for coefficients A, I, m, k are the following:

1) accurate approximation for known distributions of a ran-
dom value in ranges that represent models of RRs for heart rate
variability;

2) independence of EnRE from N for initial time series and
for series after sorting;

3) independence of EnRE from additive changes of mean.

After numerical researches, final results of which are presented

EnRE =1In

. (3)

A N N
zi:l 2]‘:1

N

in tab. 2 and tab. 3, the following coefficient values had been
found: A= E,I =3,m =1, k = 2. Letus note important chara-
cteristics of the found generalized form of EnRE and coefficients:

1) form of recording (3) and found coefficients /, m, k provide
independence from additive change of mean series and from mag-
nitude of selection N for basic series and for series after sorting;

2) value EnRE is sensitive to structural changes in series, such
as, for example, sorting which increases the degree of order
in series, decreasing the EnRE. This offers additional advantages
in research, as shown below for a case of NSR and CHF groups
classification;

3) readjusting coefficient A alone may be required to find
the best EnRE value in another range of change in parameters
of various random distributions, which can always be done using
the method of least squares.

Mostly, we have used measures common for medicine, sta-
tistical measures of the performance of a binary classification
test, — sensitivity (Se), specificity (Sp) and accuracy (Acc):

Se=TP/(TP+FN); Sp=TN/(TN+FP);
Acc=(TP+TN)/(TP+FN +FP+TN) (4)

where TP is the number of the CHF patients correctly classified
as the CHF group, TN is the number of the NSR subjects correctly
classified as the NSR group, FP is the number of the NSR subjects
falsely classified as the CHF group, and FN is the number of the
CHF patients falsely classified as the NSR group.

KniHi4Ha iHpopmaTuka i Tenemeamumna. 2019, 1.14, B1n.15.

The difference between means of the two independent selec-
tions (NSR and CHF) has been determined by a t-test for independ-
ent samples; the calculations for Discriminant Analysis have been
done using statistical package Statistica 10.

Results and discussion

First of all, let us assess the accuracy of the proposed formula
(3) for calculation of entropy:

1) given in tab. 2 are the values of EnRE for various lengths
of series that represent a model of RR sequence by way of a
normal distribution. It is evident that even for N = 100, relative
error does not exceed 1%, while for N = 300 and more, the error
is less than 0,5%;

2) given in tab. 3 are the results of numerical simulation of RR
sequences of various length and by various types of random
distributions, and given for these results are error values in cal-
culating entropy and in correlation with precise values in case
of changing the distribution parameters. Let us note, that in all
cases for N = 500, relative error in calculating the precise value
of entropy does not exceed 3%, while the magnitude of correla-
tion is no worse than 0,97.

Givenin tab. 5 are mean values of difference for RR entropy in
the NSR group, calculated according to formula (1) and (3). Since
in the NSR group RR distributions are close enough to a normal
one (tab. 4), the difference between EnEmp and EnRE in case
of changing the length of an RR segment behaves similarly
to relative error of EnEmp in case of normal distribution (tab. 2).
Consequently, in case of real HRV records, we can just as well rely
on a conclusion derived from simulated distributions: it is impos-
sible to use EnEmp for short RR segments (N < 1000), while the
EnRE formula can be used for precise assessment of RR entropy,
even in case of short records (N=300—600).

Let us demonstrate the usage of EnRE for Detecting Congestive
Heart Failure in short segments (N = 500) by MIT-BIH RR database.
In [27], it has been shown that the minimal length of an RR-seg-
ment, for which it is possible to classify NSR and CHF groups
by way of Multiscale Entropy Analysis, is N = 1000. The perfor-
mance of such classification is: Se=0,70; Sp=0,76; Acc=0,74.
Given in tab. 6 are Mean and Standard deviation of EnRE for NSR
and CHF for basic RR-intervals and series after sorting (N = 500).
In both cases, the differences between groups are reliable to the
degree of p<107.

Let us make an assessment: how greatly can entropy of series
change after sorting in ascending order. For random series with
equally probable outcomes, when every following element can
be greater than, equal to, or less than the previous one, we have
the following maximal value of structural entropy

EnStr = —3-1111(1) = 1,099
3 3

After sorting without excluding the repetitions, when there are
two equally probable outcomes, every following element of series
is greater than or equal to the previous one, the maximal assess-
ment of entropy will be

EnStr = —2-1111(1) = 0,693
2 2

Finally, after sorting with excluding the repeating values, only
one outcome is possible — every following element will be strictly
greater than the previous one, and entropy will be equal to zero
EnStr=0.

Obviously, with real series, maximal assessments are not carried
out, and in our case we deal with mean values (tab. 6)
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Tab. 5. Dependence from the length of RR segment for mean difference
between EnEmp and EnRE (NSR group).

Length of RR Segment (N) Mean difference between EnEmp and EnRE
N=300 16%
N=500 14%
N=600 11,5%
N=2800 9%
N=1000 5%
N=2000 0,4%
Tab. 6. Mean and Standard deviation of EnRE for NSR and CHF (original and sorted data).
HRV Record Original RR Sorted Time Series
(N'= 500) EnRE p-value EnRE(sort) p-value
NSR 1,72+0,47 1,42+0,51
107 107
CHF 0,65%+0,76 0,55+0,81

NSR: EnRE — EnRE(sort)=0,3,
CHF: EnRE — EnRE(sort) =0,1,

which is expectedly less than maximal assessment of transition
from basic series to sorted one (without excluding the repetitions):
EnRE— EnRE(sort) =0,403. Let us note a smaller change in entropy
with sorting in case of a CHF group, than in case of an NSR, which
points to a significant difference of CHF outcomes from an equally
probable one (either greater than or equal to) and, as a conse-
quence, to a greater aggregation of data between each other.

Using discriminant analysis, let us assess the quality of division
into NSR and CHF groups and build classification functions:

1. When using one parameter of classification EnRE, we receive
the following indicators of quality of division into NSR and CHF
groups

Se=0,66; Sp=0,93; Acc=0,83

and classification function (1variable EnRE; Wilks’ Lambda: 0,56
approx. F (1,81)=62,43;, p<10~7):

NSR=4,96 * EnRE—4,71
CHF=1,87* EnRE—1,66

2. When using two parameters of classification EnRE
& EnRE(sort) for sorted series, we receive the following indicators
of quality of division into NSR and CHF groups

Se=0,76; Sp=0,98; Acc=0,90

and classification function (2 variables EnREand EnRE(sort); Wilks'
Lambda: 0,44; approx. F (2,80)=50,54; p<10~7):

NSR=19,28 * EnRE—13,85 * EnRE(sort) = 7,22
CHF=6,91* EnRE— 4,87 * EnRE(sort) —1,97

Therefore, proposed generalized form for Robust Entropy Esti-
mator (3) allows, with high accuracy, to divide NSR and CHF groups
in short records (N = 500), which had remained unachieved in [27]

by the way of Multiscale Entropy Analysis, and presents additional
advantages provided by EnRE in case of structural changes in series
(such as sorting). Quality of classification achieved by using two
variables EnREand EnRE(sort) is superior to results received in [27]
by way of Multiscale Entropy Analysis for RR segments with length
of N= 1000, N = 2000 and N = 5000.

Conclusions

Proposed in the article is generalized form for Robust Entropy
Estimator (3), which allows, for time series of a limited length
(N = 300—600), to find entropy value with high accuracy, which
has been demonstrated for various types of random distributions
(tab.1-tab. 3). Parameters in generalized form for Robust Entropy
Estimator (3) have been derived from the following criteria:

1) accurate approximation for known distributions of a ran-
dom value in ranges that represent models of RRs for heart rate
variability;

2) independence of EnRE from N for initial time series and
for series after sorting;

3) independence of EnRE from additive changes of mean.

Important characteristics of the found generalized form
of EnRE and coefficients are:

1) form of recording (3) and found coefficients I, m, k provide
independence from additive change of mean series and from mag-
nitude of selection N for basic series and for series after sorting;

2) value EnREis sensitive to structural changes in series, such as,
forexample, sorting which increases the degree of order in series,
decreasing the EnRE. This of fers additional advantages in research,
as shown for a case of NSR and CHF groups classification;

3) readjusting coefficient A alone may be required to find
the best EnRE value in another range of change in parameters
of various random distributions, which can always be done using
the method of least squares.

Using the proposed generalized form for Robust Entropy
Estimator (3) for MIT-BIH database of HRV records, we show
in short records (N =500) the usage of EnRE and EnRE(sort)
for classification of Normal Sinus Rhythm (NSR) and Congestive
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Heart Failure (CHF) cases. It is demonstrated, that, as opposed
to [27] where by way of Multiscale Entropy Analysis it was possible
to achieve division into NSR and CHF groups only from N = 1000
onwards, we have managed to perform said division for N = 500.
Accuracy of classification achieved by using two variables EnRE
and EnRE(sort) is superior to results received in [27] by way of Multi-
scale Entropy Analysis for RR segments with length of N = 1000,

N=

2000 and N = 5000.

The studies were carried out in compliance with international

bioethical standards and the provisions of the Helsinki Declaration
(as amended in 2013). The authors of the article, A. Martynenko,
G. Raimondi, N. Budreiko, confirm that they have no conflict
of interest.
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Pob6acTtHa hopmyna entpormii ana ananisy
BapiabenbHOCTI CEPIIEBOTO PUTMY

A. Martynenko’, G. Raimondi? N. Budreiko®

V. N. Karazin Kharkiv National University
?University of Roma «Sapienza»

Pesiome

Berymn. Heniniiini MeTonu aHanisy 3Haillm mmpoKe 3aCTOCYBAHHA B TEXHOJIOT BapiabenbHOCTi ceplieBoro purMy (BCP) rpu HasBHOCTI OBIUX
3ammciB BCP. Bukopwcratits ofHoro 3 epeKTMBHUX METOZIB HeMiHIHUX aHani3y BCP, — exTpormii ans ctaHpapTHUX 5-xB. 3armciB BCP crpumyeTtses
He3aJl0BUILHOW TOYHICTIO HAaABHUX METOZIB B Pasi KOPOTKUX 3amuciB (3a3Buyan, craHzapTHa 5 xB. 3armc BCP mictuts 300-600 komrnekcis RR),
a TaKOX CKJIA[HICTIO 1 HeOHO3HAYHICTIO BUOOPY A0HATKOBUX MAPAMETPIB 1A BilOMUX MeTOAiB 06uncienHs enrporrii ApEn, SampEn, MSE.

Mera po6oru. [lo6ynosa pobactHoi hopmynu o6uucnerHs enrporii (EnRE) 3 BUCOKO10 TOUHICTIO /i 06MexeHoro psny RR-inTepsanis,
K1 cIocTepiralnThes B CTAaHAAPTHIN 5-xBWinHHOTO 3amucy HRV, To6T0 3 N~300 —600. A TaK0X A€MOHCTpPALis MOXIUBOCTEN hopMynu
EnRE Ha psApi CTaTUCTUYHUX PO3IOLINIB i B AiarHocTulli cepueBoi HELOCTATHOCTI.

Marepianu Ta meToau. Y crarTi 6yna BukopucraHa 6asa aanux MIT-BIH 3 Tpusanumu 3armmcamu BCP B pasi HOpManbHOro CUHYCOBOTO
purmy (NSR) i ipu cepuesiit HepocrarHocti (CHF). [ina aHanisy TounocTti EnRE BUKOPUCTOBYBALUCA BiZlOMi CTAaTUCTWYHI po3mozinu (Hop-
MasbHe, piBHOMIpHE, €KCIIOHEHLianbHe, 10rHopManbHe, [Iapero) 3 ix TOUHUMU 3HAYEHHAMMU EHTPOTII.

Pe3ynbraTu. Byna mokasaxa ebekTuBHicTb po3pobneroi popmynan EnRE ans TMMuacoBoro paay obmexeroi gosxuan (N = 300 — 600)
Ha [TpUKazi pisHUX BUAIB CTATUCTUIHMX PO3IIOAiNiB, 110 CUMYNIO0TH Aiama3oHu BCP ntofuHy, a TaKOX POJieMOHCTPOBAHA BUCOKA TOUHICTD
knacudikauii BUMafKiB HOPMILHOTO CUHYCOBOTO PUTMY 1 CEPLIEBOI0 HEOCTATATOMHOCTI /1 CTAHAAPTHUX 5 XB. CETMEHTIB 3 633y JaHUX
MIT-BIH 3amucis BCP 3 Bukopucrautam EnRE i EnRE (sort).

BucHoBku. Y crarti 3anponoHoBata pobacTHa bopmyna o6uncnenns enrponii (EnRE), aka [03BONAE A7 YaCOBOTO PARY 06MexeHoi
poBxuaK (N = 300 — 600) 3HAWTV 3HAUEHHA EHTPOTIi1, AKi BiApi3HAOTHCA Bif TouHOTO Ha 0,5—2,9%, 110 6y710 TPOAEMOHCTPOBAHO A1 Pi3HNUX
BUMAAKOBUX PO3mofinis. Ha craHpapTHUX 5 XB. cermexTax 3 6asv nanux MIT-BIH 3amucis BCP 6yno mokasaxo Bukopuctanua EnRE i EnRE
(sort) ans knacudikauii BUMagKis HOPMaAbHOTO CUHYCOBOTO PUTMY i ceplieBOi HEOCTATATHOCTI 3 MOKa3HWKAMU AKOCTI MTOAiNy Ha rpymu:
Se=0,76; Sp=0,98; Acc=0,90.

Kniouosi cnosa: sapiabenbHicmb cepyeso2o pummy,; eHmponis,; cepyesa HedoCmamHicme.

Pob6acTtHas Gpopmyna sHTPOIIUU AJiA aHaAU3a
BapuabenbHOCTU CepAeYHoro puTMma

A. Martynenko?, G. Raimondi? N. Budreiko®

V. N. Karazin Kharkiv National University
?University of Roma «Sapienza»

Pesiome

BBepenue. HennneliHble MeTOAH aHanu3a Halliu LIMPOKOe IPUMeHEHUE B TEXHOJIOIMU BapnabenbHOCT cepaeyHoro putma (BCP)
ITPU Haslnumum aiinHHbIX 3amuceit BCP. Mcmonb3osatune opHoro u3 3¢ heKTMBHLIX METOLOB HEAUHEWHEX aHanu3a BCP, — sHTpomuu gns
CTaHAAPTHBIX 5-MUH. 3anmucent BCP caepxuBaeTcsa Hey0BLETBOPUTENBHON TOUHOCTbIO UMEIOIUXCA METOA0B B C/ly4ae KOPOTKUX 3amucel
(0bbruHO, cTaHpapTHasA 5 MuH. 3ammch BCP copepxut 300-600 kommiekcoB RR), a TakKe CLOXHOCTbI0 M HEOAHO3HAUYHOCTbI0 BEHIOOPA
LOTIONIHUTENbHBIX ITapaMeTPOB 71 U3BECTHBIX METOZ0B BbIUMCIeHNA SHTponun ApEn, SampEn, MSE.

Ilenb pa6orsi. [locTpoerne pobacTHoW HOPMynLL BHIYUCTIeHUA SHTponuu (EnRE) ¢ BLICOKOW TOMHOCTbIO [l OTPAHUYEHHOTO PAZA
RR-unTepBasnos, Hab104aeMLIX B CTAHAAPTHON 5-MuHyTHOMN 3armucu HRV, 1. e. ¢ N~ 300 —600. A TakKe JeMOHCTPALUA BO3MOXHOCTE
tbopmynet EnRE Ha pAle CTAaTUCTUYECKUX PACIIPeiefieH Uit U B [UarHOCTUKE CePAEeYHO Hel0OCTaTOYHOCTU.

Matepuanst u MeToabl. B craThe 6bi1a UCTonb30BaHa 6a3a aaxnbix MIT-BIH ¢ mponomkuTensbibiMu 3ammcamu BCP B ciyyae HOpMasbHOro
cunycosoro purMa (NSR) u ipu cepaeutoit Hefocraroyroctvt (CHF). [ina ananusa rouHoctvt EnRE UCTIONb30BaNIUCh U3BECTHLIE CTATUCTIYE-
CKVe pacrpezeneHus (HOPMalbHOe, pAaBHOMEPHOE, SKCIIOHEHLIMAbHOE, IOTHOPMallbHOe, [TapeTo) ¢ X TOUHLIMU 3HAYEHUAMWU SHTPOITUL.

Pesynbrarni. Brina mokasaHa sdgdexktuBHocTs paspaboranHon Gopmynst EnRE fnf BPEMEHHOTO PALA OTPAHUYEHHOW IIVNHLL
(N = 300 —600) Ha mpUMepe Pa3NUYHLIX BULOB CTATUCTUUECKUX PACIIPELENIeH I, CUMYIUPYIOIMX fuana3ons BCP uenosexa, a Takxe
MIPOZleMOHCTPUPOBAHA BLICOKAA TOYHOCTb Kaccudukaunm ciyyaeB HOpManbHOTO CUHYCOBOT'O PUTMA W CePLLeYHOW He,0CTaTaTOYHOCTU
LA CTaHAAPTHLIX 5 MUH. CETMEHTOB U3 6a3bl fanHbix MIT-BIH 3anuceit BCP ¢ ucnons3osauvem EnRE u EnRE (sort).

BoiBoabl. B cTaThe mpepioxena pobactian Gopmyna Biuucnenna sHTporuu (EnRE), KOTopas MO3BOJAET AJls BPEMEHHOTO0 PAZA Orpa-
HWYEeHHO aantsl (N = 300 — 600) HaiTU 3HAYEHWE SHTPOIIUM, OTANYAIOWNECA OT TOYHOTO Ha 0,5—2,9%, YTO ObIJ10 POJEMOHCTPUPOBAHO
L7151 Pa3IWYHbIX CYYAiHbIX pacrnpeaenennit. Ha cTaHpapTHBIX 5 MUH. cerMeHTax u3 6ass qanHbix MIT-BIH samuceit BCP Gbio mokasaHo
ncronb3oBaine EnRE w EnRE(sort) ana knaccudukaluuu ciyyaeB HOpMajbHOTO CUHYCOBOTO PUTMA U CEPLEYHOI HEJ0CTaTaTOYHOCTU
C TIOKa3aTeNAMU KauecTBa pasfesenusn Ha rpymnmst: Se=0,76; Sp=0,98; Acc=0,90.

Kniouessie cnosa: 3apua6eﬂbHocmb cepaeuHozo pumma; sSHmponus, cep@eqHaﬂ HedocmamouHoCMb.
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