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Introduction

The primary function of the heart is supply of blood
and nutrients to the body. The regular beating or
contraction of a heart moves the blood throughout the
body. Each heartbeat is controlled by electrical impulses
and in normal heart these electrical impulses occur at
regular intervals, normally, the heart beats 60-100 times
per minute [4]. When something goes wrong with heart’'s
electrical system, a heart does not beat regularly. An
irregular beating results a rhythm disorder, or arrhythmia.
Arrhythmias could be frightening, but in many cases,
especidly in younger persons with normal underlying
hearts, they are not life threatening and can be effectively
treated with medications.

The design of effective heart disease diagnostic tools
is needed to help medical personal to investigate cardio
signals in details [7] [9] [10] [17] [21]. Construction of
auto regression model for RR sequences has been the most
widely accepted technique [14] [15]. Zemaityte,
Varoneckas and et al maintained that night sleep with
shifts of dleep stages and sustained fluctuations of
autonomic functions as temperature, blood pressure, heart
rate (HR), etc. can be analyzed as chaotic process [23].
Authors think that analysis of HR in terms of chaotic
dynamics might be useful for investigation of autonomic
HR control during sleep. Bonaduce et. a accepted, that
evaluation of autonomic heart rate (HR) control, measured
by means of HR variability, might be important
characteristic of cardiovascular function [1] [2]. Irregular
ventricular rate can lead progressively to the development
of cardiomyopathy with symptoms and signs of heart
failure. Because of disturbed haemodynamic, atrial
fibrillation and atria flutter are between of most usual
causes of thrombi-embolic events [20]. HR Poincare plots
might be as easy and informative method for visual
presentation of HR method for visual presentation of HR
variability changes during process of treatment [16].
Poincare plots based on RR interval sequences were shown
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to display patterns specific for normal sinus rhythm and for
HR disturbances [19] [22] too. Piskorski and Guzik
showed that there was a visible and statistically highly
significant asymmetry in Poincare plot, with an upper part,
corresponding to decelerations of heart rate, larger than
lower part, which corresponds to accelerations. The effect
was shown in one hundred 30 min long time series of RR
intervals derived from ECG recordings of 100 young (19-
32 years old) and healthy adults. After shuffling data to
random order asymmetry disappears, this shows that thisis
agenuine physiological phenomenon rather than an artifact
of the method [13].

The main idea of this paper is to adapt Hankel matrix
ranks to describe interpersonal and intrapersonal
relationship of cardio signals. Sequences of RR intervals
evaluated with ranks were used for Poincare plots. This

technique was applied for cardio signals of 85 persons.

The work is divided in three sections. The first
theoretical section describes mathematical reasoning of H
ranks evaluation. In the second section computational
results are showed. Conclusions delivered in the last
section.

Hankel matricesfor system identification

Three cardio signals were analyzed:
electrocardiogram (ECG), which reflects electric heart
activity; impedance cardiogram (ICG) - reveads
haemodynamic properties of the cardiovascular system;
seismocardiogram (SCG) that shows changes of heart
mechanic activity. These three signals were recorded
synchronoudly, so they describe activity of person heart
from three different sides.

Fig. 1 shows how data samples for analysis were
collected. RR interval was defined in ECG signal in the
first processing step. The others data samples from ICG
and SCG signals were extracted according defined RR
intervals.



Fig. 1. Data samples selected from ECG, ICG and SCG signas
according to RR intervals

Usually, in system identification Hankel matrices are
formed when given a seguence of output data and a
realization of an underlying state-space or hidden Markov
model is desired, but in this paper the ranks of Hankel
matrix will be used as features for system identification
purposes. Each RR interval of cardiosignal (ECG, ICG or

N
SCG) consists of vector p = (py, Py,---» Pr)» N>K. Then for

every k and fixed pj it is possible to construct the following
matrix, witch is called as Hankel matrix:

Po P Pr-1
H (l)( — p.l. p2 b pk . (1)
Pe-1 P« Pak-2

A Hankel matrix is a matrix that is symmetric and
constant across the anti-diagonals. Many alternative
methods exited to test rank of Hankel matrix. Barlett rank
of Hankel matrix estimation based on computation of
canonical correlations [3]. Schwarz suggested an
aternative penalty on increasing number of parameters of
criterion in searching of rank [18]. Comba-Mendez G. and
Kapetanos G. recently proposed statistical test of rank [5].
But the evaluation of H rank is complicated because of
Hankel matrix sizeisrarely given exactly, therefore it must
be computed. In this paper we using a determinant val ue of
Hankel matrix. If for a sequence of numbers p; exists a
number m such that condition

m= max rangH (()k) 2
keN

is satisfied, then sequence p; has H-rank m. It is possible
find m, that detH{™ =0 and detH{™" =0,vr e N [12].

The computational results of applied mathematical
reasoning are shown in the next section.

Computational results

All signals used in this work are obtained using
software of ECG analysis system “Kaunas — Load”,
developed in the Ingtitute of Cardiology. All signa
analysis techniques used in this paper are implemented on
a PC using custom software developed in Matlab R2007b.

Contingent of study consisted of 78 patients with heart
diseases and 7 persons who hadn't any big gripe about
health.

As was mentioned, it is possible to construct Hankel
matrix of RR and describe ECG, ICG or SCG signal with
ranks of Hankel matrix. The higher rank value describes
higher signal complexity in certain interval.
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Fig. 2. An interval of 1 second of ECG signal evaluated with
ranks

From numerical relation between ranks and
computation step can be clearly visible that for describing
of higher variation of signal the higher rank is needed.
ECG signal defined by ranks is showed in Fig. 2, where
ranksareon Y axis, and time - on X axis.

7,
6 - .
/‘_757 * * * >
:34* . . °
X
c 3 * . . 3
@
= 2 . *
1
0 T T T T T 1
0 1 2 3 4 5 6 7
rank(i)

Fig. 3. Aninterval of RR of ECG signa evaluated with ranks of
Poincare plot

The amount of ranks for expression of all measured
ECG signals is different because every ECG signal and
length of RR is personal to each person. Sequences of RR
intervals ranks were used for Poincare rank; and ranki,;
plots (Fig. 3, 4).
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Fig. 4. Poincare plot of RR interval of ECG signal evaluated with
ranks

RR ranks Poincare plot are easy and informative
method for visual presentation of RR ranks variability and



assessment of intrapersonal characteristics. Poincare plot
shows that ECG signal is very complex because this signal
is described with many different ranks (Fig. 3, 4).
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Fig. 5. 3D column plot compares 10 second (11 RR intervals)
ECG values across RR interval and across number of ranks

Results were visualized 3D column for particular
sequence of ranks of RR intervals (Fig. 5, 6).
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Fig. 6. 3D column plot compares 10 second (7 RR intervals)
ECG values across RR and across number of ranks

It was noticed that irrespective of RR interval length,
the main ranks of ECG are “3” and “2". Ranks “4”, “5” or
“6" characterize QRS complex (Fig. 5, 6).
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Fig. 7. 3D column plot compares 10 second (11 RR intervals)
ECG values across RR and across number of ranks of “healthy”
person

The main ranks of ECG of “healthy” person are “4” and

“5" (Fig. 7, 8). Results of Fig. 7 shows that rank counting

45

of expressing cardio signals with Hankel matrix can be
useful for diagnostic purposes.

ranks
Fig. 8. 3D column plot compares 10 second (8 RR intervals)
ECG vaues across RR and across number of ranks of “healthy”

person

An ICG signal consists of two major components:
one, reflecting respiratory movements and another,
reflecting a blood flow in a chest. Decomposition of this
signal into these two components could give a possibility
to perform the detail analysis of |CG shape[6].
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Fig.9 An interval of RR of ICG signa evaluated with ranks of

Poincare plot

1 2

Detail shape analysis of signal component caused by
blood flow could reveal more important information about
pump function of a heart and haemodynamics in general.
However, in usual way based on frequency range
separation of these two components is not optimal for this
signal and does not allow performing the detail analysis
[11].
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Fig. 10. Poincare plot of RR interval of ICG signal evauated
with ranks
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Fig. 11. 3D column plot compares 10 second (11 RR intervals)
ICG values across RR and across number of ranks

Ranks of RR interval of ICG corresponding to any
dot of interest on Poincare plot could be visualized too. In
Fig. 9 and Fig. 10, each rank of ICG RR interval was
plotted as a function of a previous rank of ICG RR
interval. ICG signal of “sick” person consists of two ranks
“4" and “5" only.
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Fig. 12. 3D column plot compare 10 second (7 RR intervals) ICG
values across RR and across number of ranks

It was noticed that irrespective of RR interval length,
main rank of ICG is “5" (Fig. 11, 12). It means that in
moment when ICG rank is “5”, ICG signal depends on
some body processes, such as breathing, physical readiness
or muscle tone, etc.
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Fig. 13. 3D column plot compare 10 second (11 RR intervals)
ICG values across RR and across number of ranks of “health”

person

Ranks result of “healthy” persons (hadn't any big
gripe about health) were different. The main ranks of ICG
of “health” personare“3” and “4” (Fig. 13).
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Fig. 14. Aninterval of RR of SCG signal evaluated with ranks of
Poincare plot

Seismocardiography is a non-invasive technique
developed for recording and analyzing of cardiac vibratory
activity [11]. Mathematical model of craniocaudal forces
developed by a mechanical activity of heart and blood flow
through great arteries has been described in many papers
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Fig. 15. Poincare plot of RR interval of SCG signa evauated
with ranks

Poincare plot shows that SCG is more complex
pattern than ICG (Fig. 9, 14, 15). The main ranks of SCG
of “sick” personsare“3", “4" or “5".
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Fig. 16. 3D column plot compares 10 second (11 RR intervals)
SCG values across RR and across number of ranks

It was noticed that irrespective of RR interval length,
the main rank of SCG is “4” for “sick” person (Fig. 16,
17).
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Fig. 17. 3D column plot compares 10 second (7 RR intervals)
SCG values across RR and across number of ranks

Ranks results of “healthy” persons were not different.
The main ranks of SCG of “health” person are “3” and “4”
too (Fig. 18).
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Fig. 18. 3D column plot compares 10 second (11 RR intervals)
SCG vaues across RR and across number of ranks of “healthy”
person

Conclusions

The amount of ranks for expression of all measured
signals is different because every signal and length of RR
is personal to each person. Poincare plot of RR ranksis an
easy and an informative method for visual presentation of
RR ranks variability and assessment of intrapersonal
characteristics. Results show that expressing of cardio
signals with Hankel matrix could be useful for diagnostic
purposes, because ranks counted in each RR interval
separate “healthy” and “sick” persons groups.
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G. Kersulyte, Z. Navickas, A. Vainoras, L. Gargasas. Calculation of the Hankel Matrix Ranks of Electric and Haemodynamic
Processesin the Heart // Electronics and Electrical Engineering. — Kaunas: Technologija, 2009. — No. 3(91). — P. 43-48.

Efficient diagnosis of cardiovascular system diseases could be gained by development of the new technologies for cardio signal
analysis. The aim of the work was to adapt the analysis of the ranks evaluating the RR intervals from three synchronously recorded
cardio signals — eectrocardiogram (ECG), impedance cardiogram (ICG) and seismocardiogram (SCG). The interpersonal and
intrapersonal analysis of ECG, ICG and SCG is performed basing on the ranks of Hankel matrix. The relatively different information is
evaluated from the analysis of ranks based on Poincare plots. The results show that expressing cardio signals with Hankel matrix could
be useful for development of diagnostic technologies, because ranks counted in each RR interval make possibilities for efficient
classification of “healthy” and “sick” persons groups. I11. 18, bibl. 19 (in English; summariesin English, Russian and Lithuanian).

I'. Kepurysaure, 3. HaBuukac, A. Baiinopac, JI. I'apracac. BeluucjieHue paHroB MaTtpuubl XaHkeas JJsl 3JIEKTPHYECKHX H
reMoJIMHAMHYECKHX MPOLECCOB cepaua // DIeKTpoHHKa U diekTpoTexHuka — Kaynac: Texnosaorust. 2009. — Ne 3(91) — P. 43-48.

OpHuM #3 crnocoboB pemieHus HpodiaeM 3GQGEKTHBHONW IHATHOCTHKU 3a00JIeBaHUN CEpIACYHO-COCYIHCTOI CHCTEMBI SIBISETCS
pa3paboTKa HOBBIX TEXHOJOTHH AJIS aHaNIM3a 3IEKTPHUECKUX CUTHANOB cepiaua. OCHOBHas Lielb pabOTHI 3aKIIOYanach B TOM, YTOOBI
MIPUCTIOCOONTH aHAJM3 PAHTOB ISl OLICHKU M COITOCTABICHUU TPEX CHHXPOHHO 3apeTHCTPHPOBAHHBIX AJIEKTPUIECKAX CUTHAIOB Cepila
— anekrpokapauorpammsl (OKI'), mmnenanc xapauorpammsl (MKT), ceiicmokapauorpammel (cKI') mpu uX pasneneHHH Ha OTPE3KH,
paBHBIe anuTenbHOCTH MHTepBasia RR. Ilpy momomy paHroB OBUIO MCCIENOBAHO MHTEPICPCOHANbHAS M MHTPANlepCOHANBHAS CBSI3b
OKT', uKI' u cKI' curnanos. Jlns 5ToH Lenu UCHONb30BaH aHanu3 [lomHKape KpUBBIX 110 paHraM M B UTOre HOJIy4eHa IOJIE3Has
JuarHoctuueckas uHpopmanus. IloiaydeHHble pe3ybTaTbl MO3BOJIAIOT CAENATh BBIBOJ, YTO BBIPAKCHHME 3JIEKTPUUCCKHX CHUTHAJIOB
cepJilia PaHrOM MaTpHILbl XaHKENs MOXKET OBITh MOJE3HBIM IJIsl pa3BUTHS JUAarHOCTUYECKUX TEXHOJOTUH, MOTOMY YTO TaKOE ONHCaHHE
unTepBana RR nossosster 3¢ GexTuBHO KiIaccuPUIUPOBATH IPYIIIBI IPAKTUYECKH 310POBBIX JHII U OOJBHBIX C NATOJIOTHEH CepledHO-
cocyauctoi cucremsl. M. 18, 6ubi. 19 (Ha aHTIIHICKOM sI3bIKe; pedeparsl Ha AHTIMICKOM, PYCCKOM H JINTOBCKOM SI3.).

G. Kersulyté, Z. Navickas, A. Vainoras, L.Gargasas. Hankelio matricy rangy skai¢iavimas elektriniams ir hemodinaminiams
sirdies procesams// Elektronikair elektrotechnika. — Kaunas: Technologija, 2009. — Nr. 3(91). — P. 43-48.

Vienas i$ efektyviy sirdies ligy diagnostikos problemy sprendimo bady — kurti naujas kardiosignaly analizés technologijas. Darbo
tikdas buvo pritaikyti rangu analize jvertinant bei lyginant tris sinchroniskai uzregistruotus Sirdies elektrinius signalus —
elektrokardiograma (EKG), impedanskardiograma (IKG) bei seismokardiograma (SKG), suskaidant juos RR intervalo ilgio atkarpomis.
Darbe paga rangus buvo tiriamas EKG, IKG ir SKG interpersonalinis ir intrapersonalinis sarysis. Sinchroniskai uzregistruoty EKG,
IKG ir SKG signaly interpersonalinéms ir intrapersonalinems charakteristikoms jvertinti taikyta Poincare kreiviy analizé pagal rangus
leido gauti diagnostikai naudingos informacijos. Gauti rezultatai rodo, kad sirdies signaly isreiskimas Hankelio matricos rangu gali
padeéti tobulinti diagnostines technologijas, nes toks RR intervaly aprasymas jgalina efektyviai klasifikuoti ,, sveiky” ir ,ligoniy“ grupes.
I1. 18, bibl. 19 (anglu kalba; santraukos angly, rusy ir lietuviy k.).
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