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Introduction

The Oxford dictionary describes complexity as
strength connection between complex parts. Last decade
complexity analysis problem is very interesting in the
research fields spanning from software development to the
analysis of medical information.

Open source software (OSS) is a type of software that
has become increasingly prevalent over recent years. In
contrast to closed source software, in OSS the human
readabl e source code of the software program is distributed
along with the program itself. Matthijs den Besten et al.
suggest an agenda for the investigation of the complex
dynamic processes, notably teamwork, involved in the
design and devel opment of complex software products [1].

The design complexity stems from ill-defined, and
time varying design requirements, as well as voluminous
solution space. M. Bittermann et a. say that implications
of design decisions are hard to oversee for designers and
this is the case in particular with respect to decisions,
which influence perception related qualities of designs[2].

Jeffrey  Johnson  proposes  multilayer  and
multidimensional net to designing of complex systems.
The authors analyze projection mechanism of artificial
systems [3]. R. Lopez-Ruiz et a. suggest estimate the
complexity using statistical methods [4].

The main idea of this paper is to adapt Hankel matrix
to describe complexity of cardio signals and relations
between them. This technique was applied to cardio signals
of 85 people.

Theoretical Background

There were analyzed 3 different information carrying
cardiosignals:  electrocardiogram  (ECG), impedance
cardiogram (ICG) and seismocardiogram (SCG). All these
cardio signals origin are different: ECG shows electric
heart activity, ICG — hemodynamic activity disturbances
and SCG - mechanic activity changes. These three signals
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were recorded at the same time, so they describe the
activity of person heart from three different sides.

BN
Training data consist of vector p=(p;, Py Pn) s

n>k Then for every k and fixed pjit is possible to construct
the following matrix, witch called Hankel matrix:

Po P Py-1
H g _ P P2 Py (1)
P Pk Pak-2

If for a sequence of numbers p; exists a number m
such that condition
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m = max rangH
keN 9 0

is satisfied, then sequence p; has H-rank m. We find m,
that detH{™ =0 and detH{™" =0,vr e N [5].

The methods of the principal component analysis are
widely used in the applications where the quantity of the
process data and the number of the dimensions are very
large. These methods are mostly applied to the detection
and recognition tasks from the images [6]. Let as assume,
that G is a vector N, which is identica to rank of matrix .
The main aim of the principal component analysis to
describe P (P = G - mG) according equation:

P—mG = WUy +WoUy +...+ WUy , (3
where P — the vector G without mean value mG of learning
data set, w —the projection to the principal components and
u — the principal components. Every |; must be converted
to the G; vector. The average mG of the learning data is
computed as follow:

1 M
mG:ﬁ;Gi.

(4)



The average is subtracted from each test data of the
learning set:

R=G-G. (5)

The eigenvalues u of the AAT, where A = [Py, P,, ...
Puv], are computed from the covariance matrix. The size of
the covariance matrix of AAT is equal too NxNZ. It is too
large in respect of the computation and for the on-line
applications, i.e., the computation of eigenvalues can last
too long. Therefore, the well known mathematical
relationship between eigenvalues of matrix AA" and A'A is
used in order to reduce the computation ambit. The size of
the ATA covariance matrix is MxM. The relationship
between eigenvalues u of AA" and eigenvalues v of A'A is
written below:

U = Av . (6)

The Eigen vaues u;, are called the principal
components. The projection of any image of the learning
set to these principal components can give the coefficients
which will be unique for that image. Using several
principal components, which describe the highest variation
of the data set, the reconstruction of the image can be
achieved, and the classification task can be simplified too.
The principal components solve the problem of the
dimensionality. The reconstruction of the image is written
below:

K

j=1
where G,
principal components and w — the projection to the
principal components.

Any rank vector from the data set can be expressed
with unique vector of the projection coefficients for
analyzed image.

— the reconstructed rank vector using K

oM, (8)

where K — number of principal components which
describes the highest variation of the data set.

Theoretical distribution of different classes in the
space of the first 3 principal components is showed in the
Fig. 1.
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Fig. 1. Theoretica distribution of different classes in the space of
the first three principal components

The first three components describe 90% variance of the
data, so in this work will be used three principa
components only.

Results

92 persons were recruited for experiments. Persons
were deviated into 2 groups. A priory was known, that 85
of them had health distortions and others — hadn’'t any big
gripe about the health.

Firstly the ECG was investigated and it shows the
electric heart activity. As we mentioned, it is possible to
construct Hankel matrix and describe electrical signal with
ranks of Hankel matrix. ECG signal defined by ranks is
showed in the Fig. 2, where ranks are on the Y axis and the
number of iterations on the X axis.
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Fig. 2. ECG signal defined by ranks

The higher rank value describes higher signal
complexity in certain interval. From numerica relation
between ranks and the computation step it can be clearly
visible that for the describing that the higher rank is needed
to describe higher variation of the signal (see Fig. 3)
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Fig. 3. The interval of 1 second of ECG signa evaluated with
ranks

Every ECG signal is personal therefore the amount of
ranks for the expression of all measured ECG signals is



also different to each person (see Fig. 4). The al sample
vectors in one class must have the same number of
elements for principal components analysis. The problem
appears with analysis when the vectors of rank values are
different sizes. The problem can be solved in two ways:
first, the vectors that have less number of elements then
certain threshold should be ignored in the future analyzing
or secondly, all data should be formatted with equal
number of elements according the shortest sample vector
in the training data. In this work we used the second
approach.
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Fig. 4. Rank vector differences of patients

The results of principal components analysis are
presented in Fig. 5, where the first principal component is
on the X axis, the second principal component is on the Y
axis and the third principal component is on the Z axis.
The first class is group of 85 people, which had health
distortions and second class — others, who hadn’t any big
gripe about the health. Three dimensional plot show that
there are two distinct regions.
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Fig. 5. Distribution of two classes in the space of the first three
principal components evaluated from ECG signal

The results shows that a certain hyper plane can be
drown which divides a space in two parts. Moreover, a
classification can be done from estimated the first 3
principal components.
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Fig. 6. Distribution of two classes in the space of the first three
principal components evaluated from ICG signa

The results of principal components anaysis
evaluated from SCG, that describe mechanic activity
charming are presented in Fig. 6 and results evaluated from
ICG, that describe hemodynamic activity disturbance are
presented in Fig. 7. Principal component analysis creates a
possibility to clustering two different classes. The finally
solution must be accepted according to analyzis results of
three signals, i.e., ECG, ICG and SCG. In this case those
three signals from the testing data gave similar resullts.

Fig. 7. Distribution of two classes in the space of the first three
principal components evaluated from SCG signal

Conclusions and future works

The results show that expressing cardiosignals with
Hankel matrix is useful for diagnostic purposes. It was
observed that the expression of all measured signalsis also
different to each person. ECG, ICG and SCG signals from
testing data gave the similar results. In combining principal
components analysis we could gain such features witch are
relatively discriminate and can be divided with certain
hyper plane.

Future works will involve the design of different
classifiers such as neural or geometrica for the
classification of illness. It was noticed that ranks can differ
by one rank, which can be the indicator of noise in the
signal. This observation must be checked by future
analysis.
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A big part of heart disease diagnostics criteria is collected by registration and analysis of cardio signals that show electric heart
activity disturbance (ECG) and hemodynamic and mechanic activity changes as impedance cardiograms (ICG) and seismocardiograms
(SCG). Therefore, a solution of problem of effective heart disease diagnostic is the creation of new cardiosignals analysis technologies.
In this paper, the ranks analysis method was applied to three cardio signals, because they reflect the electrical and mechanical work of
the human heart better as one ECG signal. This method helps to evaluate complexity, to analyze, how many components are needed to
record ECG, ICG and SCG. We found that QRS complex have more components than P and T waves. The main aim of this work is to
adapt principal components method to assessing and comparing the characteristics of hereinbefore signals. In combining principal
components analysis we can gain such features witch are relatively discriminate and could be divided with certain hyper plane. Ill. 7,
bibl. 7 (in English; summariesin English, Russian and Lithuanian).

I'. Kepmyaure, 3. HaBuukac, A. Baiinopac, JI. I'apracac, I'. SIpymsiBu4dioc. AHa/IM3 B3aUMOCBSI3H KapJHOCUTHAJI0B HA OCHOBE
matpui Iankens // DiexkTpoHuka u diekTporexnuka — Kaynac: Texnomaorus, 2008. — Ne 8(88). — C. 55-58.

OcHOBHasi 4acTh CEpACYHBIX 3a00NEBAHUI JUATHOCTUPYIOTCS HA OCHOBE [IHATHOCTHYECKHX KPUTEPUEB, IMOTyYaeMBIX IpU
PEruCTpal ¥ aHAIU3€ KapJHOCUTHAJIOB, KOTOPHIE OTPA)KalOT PACTPOUCTBA INIEKTPUUIECKON, MEXAaHHMYECKOH M TeMOAMHAMHYECKON
CepACYHOM NEeATeNBbHOCTH, T. €. anekTpokapaunorpammsl — OKI', umnenanckapaunorpammsl — KT u ceiicmoxapanorpammsl — CKI'. Eme
6oibie 3(h(HEKTUBHOMY PEIICHHUIO MPOOIEMBI TUAarHOCTUKH CEepJeUHBIX 3a00JIeBaHuil CIIocOOCMTBYET pa3paboTKa HOBBIX TEXHOJOTHUI
a"Hamu3a. Llenms pabGoTel OBLIO afanTHPOBaTH pPAHTOBBI aHAIN3 MAaTpUL [aHKeNs Ul CONOCTABICHUS TPEX CHHXPOHHO
3apEeruCTPUPOBAHHBIX CHI'HAJIOB, OTPAXKAIOIINX YIEKTPHUIECKYIO0, TeMOIMHAMIYECKYIO M MEXaHHUECKYIO ASSTEIFHOCTh CepAla, KOTOPhIe
Ooyiee TOJHO OTPAKAIOT JAEATENBHOCTh cepana. C TOMONIBIO MHHOPOB MAaTpHIl [aHKens wucciaenoBagack KOMIUIEKCHOCTh
perucTpupoBaHHbIX curHanoB. OnpezneneHo, uto QRS kommiekc omuckiBaer Goinblie cocraBisiomux yeM P u T Bosnbl. IIpumenen
aHaJIN3 OCHOBHBIX KOMITIOHEHT JUIs OLEHKH U CPAaBHEHHS XapaKTEPUCTUK TPEX CUHXPOHHO 3aperucTpupoBanHbIx curHanos — OKI', UKT,
CKI. C nomomipio aHaJu3a OCHOBHBIX KOMIIOHEHT IOJNydeHa paszauyHas HHQOpMalMsa, OJHAKO OHa IIO3BOJIMJA DPAa3lIeNUTh
THIEPIUIOCKOCTBIO HCCIIEIOBAHHbIC TPYIITBI ManueHToB. Wi, 7, 616, 7 (Ha aHMIIHICKOM s3bIKe; pedheparhl Ha JIHTOBCKOM, aHTITMHCKOM
U PYCCKOM 513.).

G. Kersulyté, Z. Navickas, A. Vainoras, L. Gargasas, G. Jarusevi¢ius. Kardiosignaly rysio analize¢, paremta Hankelio
matricomis// Elektronikair elektrotechnika. — Kaunas: Technologija, 2008. — Nr. 8(88). — P. 55-58.

Didel¢ dalis sirdies ligu diagnostiniy kriterijy gaunama registruojant ir analizuojant kardiosignalus, kurie atspindi tiek Sirdies
eektrinés veiklos sutrikimus (EKG), tiek hemodinaminés bei mechaninés veiklos pokycius, t. y. impedanskardiograma (IKG) ir
seismokardiograma (SKG). Negana to, efektyvus biidas spresti sirdies ligy diagnostikos problemas — kurti naujas kardiosignalu analizés
technologijas. Darbo tikslas buvo pritaikyti rangu analize trims sinchroniskai uzregistruotiems kardiosignalams jvertinti bei palyginti,
nes jie atspindi Sirdies elektrinés, hemodinaminés bei mechaninés veiklos pokycius geriau nei vienas EKG signalas. Taip pat siame
darbe, naudojantis Henkelio minorais, tiriamas elektrokardiogramos, impedanskardiogramos ir seismogramos kompleksiskumas.
Nustatyta, kad QRS kompleksa apraso daugiau komponenciy nei P ir T bangas. Darbo tikslas buvo pritaikyti principiniy komponenciy
analizg trijy sinchroniskai uzregistruoty signaly — EKG, IKG ir SKG — charakteristikoms jvertinti ir palyginti. Principiniy komponenciy
analize pasiekiama santykinai skirtingainformacija, taciau paga ja galimadalyti tiriamuju grupes tam tikra hiperplokstuma. II. 7, bibl. 7
(anglu kalba; santraukos angly, rusy ir lietuviy k.).
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