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Introduction. The heart rate variability (HRV) is based on measuring (time) intervals between R-peaks
(of RR-intervals) of an electrocardiogram (ECG) and plotting a rhythmogram on their basis with its
subsequent analysis by various mathematical methods which are classified as Time-Domain (TD), Frequency-
Domain (FD) and Nonlinear [1, 2]. There are a number of popular Nonlinear methods used in HRV analysis,
such as entropy-based measures that mostly applied for TD. Spectral Entropy (SE) is using for Frequency-
Domain: it is defined to be the Shannon entropy of the power spectral density (PSD) of the data. An important
characteristic of Frequency-Domain studies is sympatho-vagal balance, which has been overlooked by
entropy-based analysis. This is due to the fact that good entropy analysis restricted the number of existing
HRYV data, which is shrinking in FD and also in total spectrum parts.

Aim of the research. The goal of this paper is to provide a reliable formula for calculating entropy
accurately for Frequency-domain of standard 5-min. HRV records and to show the advantages of such
approach for analyzing of sympatho-vagal balance for healthy subjects (NSR), Congestive Heart Failure
(CHF) and Atrial Fibrillation (AF) patients.

Materials and Methods. We used MIT-BIH long-term HRV records for Normal Sinus Rhythm (NSR),
Congestive Heart Failure (CHF) and Atrial Fibrillation (AF).

The generalized form of the Robust Entropy Estimator (EnRE) for Frequency-domain of standard 5-min.
HRYV records was proposed and the key EnRE futures was shown.

The difference between means of the two independent selections (NSR and CHF, before and after AF) has
been determined by a t-test for independent samples; discriminant analysis and statistical calculations have
been done by using the statistical package IBM SPSS 27.

The results of the study. We calculate entropy for all valuable for HRV spectral interval, namely 0—
0.4 Hz and to compare with existing results for Spectral Entropy: qualitatively we receive the same
distribution number as [14] and significant difference (p <0.001) between entropy averages for NSR and
CHF or AF patients.

We define low-frequencies (LF) power spectrum components in the range of 0.04-0.15 Hz and high-
frequencies (HF) power spectrum components in the range of 0.15-0.4 Hz [1]. The sympatho-vagal balance is
a simple ratio LF/HF [1]. Then, we define an entropy eLF of the LF power spectrum components, an entropy
eHF of the HF power spectrum components and entropy based sympatho-vagal balance as a ratio eLF/eHF.

The difference between NSR and CHF groups are significant in both cases LF/HF and eLF/eHF with
p <0.001, but in case of eLF/eHF the results are quite better (t =-4.8, compared to LF/HF where t = -4.4).
The discriminant analysis shows total classification accuracy for eLF/eHF in 79.3 % (x> = 19.4, p < 0.001)
and for LF/HF in 72.4 % (x* = 16.6, p < 0.001).

We applied entropy-based Frequencies-domain analyzing for AF patients and showed that ratio eLF/eHF
is significantly higher during AF than before AF (p <0.001). This is opposite to ordinary LF/HF where
difference is insignificant due to high variation of this ratio.

Conclusion. Proposed in the article is generalized form for Robust Entropy Estimator EnRE for
Frequencies-domain, which allows, for time series of a limited length (standard 5-min. records), to find
entropy value of HRV power spectrum (total spectrum, low- and high- frequencies bands).

Using the proposed EnRE for MIT-BIH database of HRV records, we show for standard 5 min. HRV
records the usage of EnRE of HRV power spectrum and entropy-based sympatho-vagal balance of Normal
Sinus Rhythm (NSR) and Congestive Heart Failure (CHF) cases. It is demonstrated, that, entropy-based
Frequencies-domain analyzing is applicable for case of Atrial Fibrillation (AF) even during AF episodes. We
showed the significant difference (p < 0.001) before and during AF for entropy of total spectrum, as well as
for sympatho-vagal balance in form of eLF/eHF.

KEY WORDS: hearth rate variability, entropy, frequency-domain, congestive heart failure, atrial
fibrillation
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INTRODUCTION

The heart rate variability (HRV) is based
on measuring (time) intervals between R-
peaks (of RR-intervals) of an electrocardio-
gram (ECG) and plotting a rhythmogram on
their basis with its subsequent analysis by
various mathematical methods that are
classified as Time-Domain (TD), Frequency-
Domain (FD) and Nonlinear [1, 2]. There are
a number of popular Nonlinear methods used
in HRV analysis, such as entropy-based
measures, like approximate entropy (ApEn)
[3] and sample entropy (SampEn) [4].
SampEn is regarded as a modified version of
ApEn, intended to solve such shortcomings as
bias and relative inconsistency [4]. However,
the traditional SampEn method is single-scale
based and, therefore, fails to account for the
multiple  time  scales  inherent  in
cardiovascular systems [5-7]. Multiscale
entropy (MSE) method was proposed in [7]
and received much attention in the
biomedical and mechanical fields [8-10].
Further MSE developing was transformed to
multiscale multivariate entropy analysis [8,
10-13]. These entropy-based measures are all
applied to original RRs, — that is mean their
implementation for Time-Domain. Other
hand the Spectral Entropy (SE) is using for
Frequency-Domain: it is defined to be the
Shannon entropy of the power spectral
density (PSD) of the data. In article [14] the
SE were estimated for healthy, thyroid and
depression subjects, as well as for patients
with Congestive Heart Failure (CHF) and
Atrial Fibrillation (AF). It was shown the
significant different of SE for all categories
and ordered to increase of SE are: depression,
thyroid, CHF, AF and healthy subjects. An
important  characteristic of  Frequency-

Domain studies is sympatho-vagal balance,
which has been overlooked by entropy-based
analysis. The reason for this was that good
entropy analysis restricted the number of
existing HRV data, which is shrinking in FD
and also in total spectrum parts.

Prevalence of the effective methodology
of entropy analysis of FD for standard 5-min
HRV records is suppressed by unsatisfactory
accuracy of available methods in case of short
records as we shown in [15]. Therefore, it
appears there is a necessity for building a
robust formula for calculating entropy for
each part of spectrum in Frequency-Domain
with required accuracy for a limited series of
RR-intervals observed in a standard 5-minute
HRV record.

MATERIALS AND METHODS

We used long-term HRV records by
Massachusetts Institute of Technology -
Boston’s Beth Israel Hospital (MIT-BIH)
from [16] (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 congestive heart
failure (NYHA classes I, Il, and I11). 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 Dbeat
annotations were obtained by automated
analysis with manual review and correction.
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The MIT-BIH Atrial Fibrillation (AF)
Database [17] was used for our entropy-based
analyzing with long and short RR’s subsets.
This database includes 25 long-term ECG
recordings of human subjects with atrial
fibrillation ~ (mostly  paroxysmal). The
individual recordings are each 10 hours in
duration, and contain two ECG signals each
sampled at 250 samples per second with 12-
bit resolution over a range of = 10 millivolts.
The original analog recordings were made at
Boston’s Beth Israel Hospital (now the Beth
Israel Deaconess Medical Center) using
ambulatory ECG recorders with a typical
recording bandwidth of approximately 0.1 Hz
to 40 Hz.

A generalized form of the Robust Entropy
Estimator (EnRE) for time series was
proposed in [15] and adopted for power
spectral density (PSD) of RR now:

_glg—mp 7k
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where MD is median of the sequence for B
value of PSD; D;;- distance between
B;and B;; A, |, m, k — estimated coefficients.
Search conditions for coefficients A, I, m, k is
the following:

1/ accurate approximation for known
distributions of a random value;

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 the following
coefficient values had been found: I =3, m =
1, k=2

The difference between means of the two
independent selections (NSR and CHF,
before and after AF) has been determined by
a t-test for independent samples; discriminant
analysis and statistical calculations have
been done by using the statistical package
IBM SPSS 27.

RESULTS AND DISCUSSION

First of all, let us calculate entropy for all
valuable for HRV spectral interval, namely
0-0.4Hz. That is give us possibility to
compare with existing results for Spectral
Entropy: qualitatively we receive the same
distribution number as [14] and significant
difference (p <0.001) between entropy
averages for NSR and CHF or AF patients.
Quantitatively our result is not exactly the
same to [14] because we used different
entropy measures: SE is based on Shannon
entropy and EnRE approximated the entropy
of distribution or differential entropy.

Table 1
Entropy of all spectral interval of HRV
Entropy Healthy (NSR) CHF AF
EnRE 1.77+04" 1.13+0.62 1.36 +0.09
SE [14] 1.95 0.85 1.15

According to [1] we define low-
frequencies (LF) power spectrum components
in the range of 0.04-0.15Hz and high-
frequencies (HF) power spectrum compo-
nents in the range of 0.15-0.4 Hz. The
sympatho-vagal balance is a simple ratio
LF/HF [1]. We calculate an entropy of LF
power spectrum components as eLF, entropy
of HF power spectrum components as eHF
and entropy based sympatho-vagal balance as
a ratio eLF/eHF.

Many authors emphasize the importance
of sympatho-vagal balance measures, but
statistical significance makes it difficult to
estimate the effects in CHF patients: for
example, in [18] showed that LF/HF is
significantly lower for CHF patients compare
with healthy subjects, but in compare with
[19], where difference in LF/HF between
CHF and NSR groups is insignificant due to
p=0.175. The results of calculations of
LF/HF and eLF/eHF for CHF and NSR
groups are shown on the Fig. 1.
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Fig. 1. Box & Whiskers plots of LF/HF and eLF/eHF for NSR and CHF groups

The difference between groups are
significant in both cases LF/HF and eLF/eHF
with p <0.001, but in case of eLF/eHF it is
something better with t =-4.8 in compare to
LF/HF where is t=-4.4. The discriminant
analysis shows total classification accuracy
for eLF/eHF in 79.3% (y° = 19.4, p < 0.001)

More interesting is applying such entropy-
based Frequencies-domain analyzing for AF
patients. There is an opinion that FD analysis
is unsuitable for AF and this is true in case of
LF/HF, because no significant difference
before and during AF due to high variation of
this ratio (see Fig. 2). The entropy-based ratio

and for LF/HF in 72.4% (X2 =16.6, eLLF/eHF is suitable much better for this case,
p < 0.001). — the eLF/eHF is significantly higher during
AF than before AF (p < 0.001).
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Fig. 2. Box & Whiskers plots of LF/HF and eLF/eHF for AF patents (before and during AF episodes)
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Fig. 3. Typical pattern of entropy of HRV power spectrum before and during atrial fibrillation

episode (MIT-BIH AF Database [16]).

The Fig.3. shows typical pattern of
entropy of HRV power spectrum evolution
before and during atrial fibrillation episode:
each epoch on the Fig. 3. consists of short
RRs records (N = 500); epoch with # 0’ is
the beginning of AF according to MIT-BIH
reference rhythm annotations. Entropy of
power spectrum does not have significant
difference from mean record value under
Normal rhythm intervals except 4-5 epochs
before and after AF episodes: entropy begin
significantly growth for about 20 minutes (or
4-5 epoch by N =500 RRs) before AF and
excides new maximal baseline during AF.
The new baseline level is significantly
different from previous one — before AF
(p <0.001).

Therefore, proposed generalized form for
Robust Entropy Estimator EnRE for HRV
power spectrum shows significant differences
(p<0.001) of total spectrum entropy and
entropy-based sympatho-vagal balance for
NSR and CHF groups in short records (N =
500), and presents additional advantages
provided by EnRE in case of patients with
atrial fibrillation.

CONCLUSIONS

Proposed in the article is generalized form
for Robust Entropy Estimator EnRE for

Frequencies-domain, which allows, for time
series of a limited length (standard 5-min.
records), to find entropy value of HRV power
spectrum (total spectrum, low- and high-
frequencies bands). Parameters in generalized
form for EnRE have been derived from the
following criteria:

1/ accurate approximation for known
distributions of a random 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.

Using the proposed EnRE for MIT-BIH
database of HRV records, we show for
standard 5 min. HRV records the usage of
EnRE of HRV power spectrum and entropy-
based sympatho-vagal balance of Normal
Sinus Rhythm (NSR) and Congestive Heart
Failure (CHF) cases. It is demonstrated, that,
entropy-based Frequencies-domain analyzing
is applicable for case of Atrial Fibrillation
(AF) even during AF episodes. We showed
the significant difference (p <0.001) before
and during AF for entropy of total spectrum,
as well as for sympatho-vagal balance in form
of eLF/eHF.
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EHTPOIIIA YACTOTHOI'O JOMEHY BAPIABEJIBHOCTI CEPIIEBOI'O PUTMY

A B.CDEF . . 7 AEF . rEF EF

Mapmunenko O. B. , Paiimonoi /1."", Bapci J.=", Manaposa JI. B.

A — XOHIIeTIIIis Ta AU3aiiH JociikeHHs; B — 30ip nannx; C — aHami3 Ta iHTEpIpeTanis AaHnx; D — HarmucaHHs CTatTTi;
E — penaryBanns crarti; F — octaTo4He 3aTBepKEHHS CTATT1

Beryn. BapiabensHicts cepueBoro putMmy (BCP) 6asyerscst Ha BUMIpIOBaHHI (YaCOBHX) iHTEPBaNiB MiX
R-nikamu (RR-inTepBainiB) enexrpokapaiorpamu (EKI') i moOynoBu Ha IX OCHOBI PUTMOTPaMH 3 IOJIAJIBIIUM
ii aHai30M PI3HUMM MaTeMaTUYHHMH METOJaMH, sKi kiacudikytorscs sk YacoBa obnacts (TD), yactorHa
obnacte (FD) 1 memniniiina [1, 2]. IcHye psii HONyJISIpHUX HEJIHIHHMX METOMIB, SIKI BUKOPHUCTOBYIOTHCS B
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ananizi BCP, nanpukian BUMIpIOBaHHS Ha OCHOBI €HTpOIIi, SIKI B OCHOBHOMY 3acTOCOBYIOThcs st TD.
CnexrpaibHa enrporisi (SE) BUKOPHCTOBYEThCS AJIsl 4acTOTHOI 0OJACTi: BOHA BHU3HAYAETHCS SIK SHTPOIIs
lllenHoHa crekTpanbHOi HiIbHOCTI mortyxHocTi (PSD) nanux. BaxinBoro XapaKTepHCTHKOI YaCTOTHHX
JIOCIIIJDKEHb € CHMIIaTO-BaraJivHUi OanlaHc, SIKMH paHille He BpaxOBYBaBCS B aHaji3l Ha OCHOBI €HTPOIIi.
[IprunHOIO HBOTO OYJI0 Te, MO SKICHUI EHTPONIHHUI aHai3 00MEXeHO KiIbKICTIO icHytounx nanux BCP, ski
3MeHIyThes y FD, a Takoxk y 4acTHHaxX 3arajbHOTO CIIEKTpY.

Merta. Meroto wmi€i craTTi € HajaHHsA HaAidHOT (OPMYJH Al TOYHOIO OOYMCIICHHS EHTPOMIl s
4acTOTHOI 00JacTi cTanaapTHUX S5 XxBwinH 3anucy BCP ta mokasatu mepeBaru Takoro miJxoJy JUIs aHailizy
CHMIIaTo-BarajpHoro Oamancy y 3mopoBux cy0’ektiB (NSR), mnamieHTiB 13 3acTiiHOIO CEpLEBOIO
HenocratHicTio (CHF) Ta dibpussimiero nepencepas (AF).

Marepianm i merogu. Mu BHKOPUCTOBYBaIU NOBrocTpokori 3amucu BCP 6asu manux MIT-BIH mis
HopManbsHOro cuHycoBoro putMmy (NSR), 3acriiiHoi cepueBoi HenoctatHocTi (CHF) 1 ibpuisiuii nepencepns
(AF).

Byna 3anpomnoHoBaHa y3araipHeHa (opMa HafiitHoTo oriHtoBadya enTpomii (EnRE) mis yacrotHoi obnacti
crangapTHux 5 xB. 3anuciB BCP i nmokasani kirouoBi o3Haku EnRE.

PisHuI Mixk cepeqHiMH 3HA4YCHHSAMHU JBOX HesanexHux BuOipok (NSR i CHF, no i micnis AF) Oyna
BU3HAYCHA t-TECTOM JUIsl HE3AJISKHMX BHUOIPOK; AMCKPUMIHAHTHUM aHaNi3 1 CTATHCTHYHI PO3PaxyHKH
BHUKOHAHO 3a JIOTIOMOTO00 cTatucTuyHoro nakery IBM SPSS 27.

Pe3yabTaT. My 00uMCIIIOBaIM EHTPOIIIIO JJIsl BCOTO crieKTpaibHoro inTepairy BCP, a came 0-0,4 ', i
MOPIBHIOBAIIM 3 iICHYIOUMMH Pe3YJIbTaTaMH JUIsl CIIEKTPaJIbHOI €HTPOIIT: SIKICHO MU OTPUMYEMO TaKe 3K YHCIIO
posmnoziny, sk y [14], 1 3Hauymy pisaumro (p < 0,001) Mk cepeaHiMu 3HayeHHsiMH eHTporii 1 NSR Tta
namienTis i3 CHF a6o AF.

Buznawaemo Hus3bkouactoTHi (LF) ckiangoBi cmektpa mnoryxHocti B miamazoni  0,04-0,15Tm i
BucokouactotHi (HF) xommoHeHTH criektpa motykHocTi B miama3zoni 0,15-0,4 I'n [1]. CummnaTo-BaranbHUR
Oamanc — ne npocre cmiBBigHomenHs LF/HF [1]. Mu 004YHMCII0EMO EHTPOIII0 KOMIIOHEHTIB CIEKTPY
notyxHocti LF six eLF, enrponito kommonentiB crnektpy nortyxuocti HF sk eHF i cumnaro-BaranbHuii
OasyaHc Ha OCHOBI eHTporii sik criBBigHOMIEeHHs eLF/eHF.

Pisauns mix rpynamu NSR i CHF e 3naunoro B 0o6ox unankax LF/HF i eLF/eHF 3 p < 0,001, ane y
Bunagky eLF/eHF ne nemo kpame 3 t=-4,8 nopisusino 3 LF/HF, ne t =-4,4. JluckpuMmiHaHTHUI aHai3
ToKasye 3araabHy TounicTs knacudikanii ams eLF/eHF y 79,3 % (x* = 19,4, p < 0,001) i must LE/HF y 72,4 %
(x* = 16,6, p < 0,001).

Mu 3actocyBajii YacTOTHHIM aHaji3 Ha OCHOBI eHTpomii ans mnauieHtiB 3 AF 1 nokasaum, 1o
criBBigHomenns eLF/eHF 3nauno ume mig yac AF, Hixk 10 AF (p <0,001). Ile npoTHIEKHO 3BHYAHOMY
HY/BY, ne Hemae cTaTHCTHYHOT 3HAUYLIOCTI Pi3HUII Yepe3 BEJIMKY Bapiallilo I[bOT0 CITiBBITHOIICHHSI.

BucHoBKH. Y cTarTi 3aponoHOBaHO y3araibHeHy (opmy HajiiiHoro ouiHoBada eHrponii EnRE 3amms
yacToTHOrO JjoMeHy BCP, mio mo3Bosse ajs 4acoBHX PsAiB OOMEXEHOT JTOBKHHHU (CTaHIapTHI S-XBHIMHHI
3aIiCH) 3HAXOIUTH 3HaYCHHsI eHTpoii criekTpa notyxHocTi BCP (3aranbHuil cniekTp, HU3bKa 1 BUCOKA CMYTH
4acToT).

BukopucroByroun 3anpornonosany ¢popmyny EnRE s MIT-BIH 6a3u nanux 3anucis BCP, mu noka3zanu
g cragaaptHux 5 xB. 3ammciB BCP BukopuctanmHs EnRE cmektpa motyxsocti BCP Ta cummato-
BaraJbHOTO OalaHCy Ha OCHOBI €HTPOMIi y BHIAIKax HOpMalbHOTo cuHycoBoro putMmy (NSR) i 3acriifHOi
cepuesoi HemocratHocTi (CHF). TIpomeMoHCTpOBaHO, MO EHTPOIINWHWMIA aHami3 y YacTOTHIH 0O0JacTi
3acTocoBaHMi s BumankiB (iOpwramii mepencepap (AF) mHapite mix wac emizomiB AF. Mu moxa3zamm
nmocToBipHy pizHHIIO (p < 0,001) M0 Ta mix wac AF i eHTpormii 3aralbHOTO CHEKTPY, a TAKOXK JJIST CHMITATO-
BarayibHOTO Oanancy y ¢opmi eLF/eHF.

KITIOY9O0BI CIIOBA: sapiabenvricmb cepyegoeo pummy, eHmponis, YaCmOmHUL OOMeH, 3ACmiliHol
cepyesoi neoocmamuocmi, Qibpunsayii nepedceposb
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