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Nonlinear analysis of complex phenomena
in cardiological data

Nichtlineare Analyse komplexer Pianomene
in kardiologischen Datenreihen

Zusammenfassung Das Hauptanliegen dieses Beitrages ist es, verschie-
dene Anstze in der Herzfrequenz- und Blutdruckvariabilitau diskutieren

und damit das Verstanis der kardiovaskidan Regulation zu verbessern.
Wir betrachten Komplexitamal3e basierend auf der symbolischen Dyna-
mik, die renormierte Entropie und die ,finite-time* Wachstumsraten. Weiter-
hin werden die duale Sequenzmethode zur Bestimmung der Baroreflexsen-
sitivitdt sowie die Maximalkorrelationsmethode zur Sduag der nicht-
linearen Kopplung in bivariaten Daten vorgestellt. Letztere stellt eine
geeignete Methode zur Bestimmung der Kopplurigkstaind —richtung

dar. Herzfrequenz- und Blutdruckvariabitgdaten einer klinischen Pilotstu-
die und einer grof3angelegten klinischen Studie werden analysiert. Wir de-
monstrieren in diesem Beitrag, dass Methoden der nichtlinearen Dynamik
nitzlich sind fur die Risikostratifizierung nach Herzinfarkt, rfdie Vorher-
sage von lebensbedrohlichen Rhythmussigen sowie fu die Modellier-

ung der Herzfrequenz- und Blutdruckregulation. Diese Ergebnissaté&n

in der klinischen Diagnostik sowie “futherapeutische und fprantive
Zwecke von implantierbaren Defibrillatoren deichaten Generation von
Bedeutung sein.

Schlisselwaoter Herzfrequenzvariabilita- Blutdruckvariabilita —
Baroreflex — nichtlineare Kopplung — nichtlineare Dynamik —
implantierbarer Defibrillator

Summary The main intention of this contribution is to discuss different
nonlinear approaches to heart rate and blood pressure variability analysis
for a better understanding of the cardiovascular regulation. We investigate
measures of complexity which are based on symbolic dynamics, renorma-
lised entropy and the finite time growth rates. The dual sequence method to
estimate the baroreflex sensitivity and the maximal correlation method to
estimate the nonlinear coupling between time series are employed for ana-
lysing bivariate data. The latter appears to be a suitable method to estimate
the strength of the nonlinear coupling and the coupling direction. Heart rate
and blood pressure data from clinical pilot studies and from very large clin-
ical studies are analysed. We demonstrate that parameters from nonlinear
dynamics are useful for risk stratification after myocardial infarction, for
the prediction of life-threatening cardiac events even in short time sefies,
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and for modelling the relationshipbetweenheart rate and blood pressure
regulation. Thesefindings could be of importancefor clinical diagnostics,
in algorithmsfor risk stratification,and for therapeutiand preventivetools
of nextgeneratiorimplantablecardiovertedefibrillators.

Key words Heartratevariability — blood pressurevariability — barorefle
— nonlinearcoupling— nonlineardynamics— implantabledefibrillator

Introduction

Annually, in the United Statesap-
proximately 400000 peopledie due
to sudden cardiac death (4, 11).
Therefore,an accurateand reliable
identification of patientswho are at
high risk of suddencardiacdeathis
an importantand challengingprob-
lem. Heart rate variability (HRV)
parametersgalculatedirom the time
series of the beat-to-beatntervals,
have beenusedto predictthe mor
tality risk in patientswith structural
heartdisease426, 57). We havere-
cently demonstratethata multivari-
ate approachwith HRV parameters
including nonlinearmethodsas well
as the combination of HRV mea-
sureswith clinical parameterdike
the ejectionfraction, the complexity
of ventricular arrhythmias or the
signal-averagd electrocediogram
significantly improvesthe resultsof
risk stratification(59).

Physiological data very often
show complexstructureswhich can-
not be interprete immediately The
data we are analysing here are
mainly heartrate andblood pressure
variability (BPV) time series. Our
main intentionin this contributionis
to discuss different approachesto
obtain a betterunderstandingf the
underlying processes. In former
studieson the one hand linear data
analysis, especially correlation and
spectral analysis (21), and on the
other hand well-known nonlinear
parametersjike correlation dimen-
sion or Lyapunov exponents,were
used(2, 3, 17, 18, 27, 33). Among

pressurevariability analysis(25, 32,
35, 59, 60). No extensiveprospec-
tive study has been performedto
showthe efficacy of thesemethods.
The disadvantageof the linear
parametersis the limited informa-
tion about the underlying complex
system, whereasthe nonlinear de-
scription suffers from the curse of
dimensionality Mostly, therearenot
enoughpointsin the (often non-sta-
tionary) time seriesto reliably esti-
mate these nonlinear measures.
Therefore,we favour the measures

cessing of the data is presented
compreherigely.

The paper is organised as fol-
lows. In the Dataprocessingsection
we describethe preprocessingro-
cedure.ln sectionMethodswe pre-
sentparametergrom nonlineardata
analysis based on symbolic dy-
namics,renormalisedntropyand fi-
nite-time growth rates.Additionally;
the dual sequenceanalysis of the
spontaneoudaroreflexand the con-
cept of maximal correlationare in-
troduced,followed by the resultsof
the data analysesand a discussion
of our results.

Data preprocessing

The main objective in the analysis
of heartrate and blood pressureis

of complexity which characterise to investigatethe behaviourof the

guantitativelythe dynamicsevenin
rathershort time series(30, 59, 60,
68). The measure®f complexitywe
are usingin this paperare basedon
symbolic dynamics, renormalised
entropy and the finite time growth
rates. Another main point in this
contributionare methodsto analyse
bivariatedata. We describethe dual
sequencemethod to estimate the
baroreflexsensitivty and the maxi-
mal correlationmethodto measure
the coupling betweentime series.A
further interestingfield are synchro-
nous effects like cardiorespiraty
control (24, 52). The applicationof
new sophisticated synchroniation
methods(23, 50, 52, 55) seemsto
be very promisingto the heartrate
and blood pressurevariability data
sets,but this is beyondthe scopeof
this paper

The analysis of heart rate or
blood pressurevariability (BPV) is
often difficult dueto excessivearte-
facts and arrhythmias.While occa-
sional ectopic beatsare treatedsuc-

cardiovasculasystem.Therefore, it
is necessaryo excludenot only ar
tefacts(e.g. double recognitian, i.e.
R-peak and T-wave recognisedas
two beats)out alsobeatsnot coming
from the sinus node of the heart
(ventricular prematurecomplexes—
VPC). VPCs are not controlled by
the autonomous nervous system
and, thus, they are not part of the
autonomousregulation. Practically
this exclusion meansa filtering of
the time series. In this paper the
original time seriesare denotedas
the RR-serieqderivedfrom the RR-
intervals)andthe filtered time series
as NN-series (normal-tonormal-
beat-interval)

VPCsin thetachogramareusual-
ly characterisedby a very shortin-
terval followed by a very long RR-
interval (ventricular prematurebeat)
or, respectivelyonly by a very short
interval (superventriculampremature
beat). The 20% filter (19, 26, 72)
considersthesefacts; if the current
value of the tachogramdiffers more

the variety of nonlinearapproaches cessfully by most preprocessing than 20% from its predecessothe

there are only a few studieswhich
assesshe clinical usefulnes®f non-
linear measuregor high risk stratifi-
cation basedon heartrate or blood

methods more complexarrhythmias
or arrhythmiaswhich are similar to
normal HRV fluctuations may re-
main untreated. Therefore, prepro-

current value and its successoiare
marked as not normal. The advan-
tage of this filter is the very simple
rule; however the disadvatagesare
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rarely considered.VPCs with less
than 20% difference are not re-
movedfrom the seriesand may fal-
sify almostall HRV or BPV parame-
ters. The RR-intervalsrecognisedas
not normal are treatedin different
ways: either they are simply re-
moved from the seriesor linear or
spline interpolated(5, 31). The dis-
advantageof simply removing the

beatsis the lossof time dependence.

Interpolating linearly may lead to
false decreasedariabilies, interpo-
lating with splines often fails in
time serieswith manyVPCs.

In the following a new adaptive
filtering algorithmis presentedvhich
is basedntheideaof theintervalfil-
ter describedin Wesselet al. (67).
The new filtering algorithm consists
of three sub-procedw@s: (i) the re-
moval of obviousrecognitionerrors,
(i) the adaptive percent-filter and
(iii) the adaptivecontrollingfilter.

» Obvious misrecognitionsare RR-
intervalsof length zero, beat-to-beat
intervals less than 200ms (human
refractory time) and pauses, i.e.
whenthe heartdoesnot pumpfor a
certain time. These pauses were
evaluatedwith every clinical Holter
system;therefore we do not consid-
er them.

* The adaptive filtering procedure
was developedbasedon the adap-
tive meanvalue i, andthe adaptive
standarddeviationg,. Firstly, to es-
timatethe basicvariability in the se-
ries a binomial-7-filiered series is
calculated.Given the tachogramx,,
X2,..., XN, the binomial filtered se-
riesis given by

Ha(n) :
:ua(n - 1) - c(,uu(n - 1) - [’1*1)
(2)

/‘a(”)z — Za(n) (3)

where ¢ is a controlling coeficient
c[0,1] and Z(n) is the adaptive
secondmoment

Ja(n) == 2A4(n—1)
- C(}La(n - 1) — -1 tn—l)
The exclusion rule of this filter

readsas follows: the RR-intervalx,

is classifiedasnot normal, if
P
T~ Xn—1

100
and

a.(n) :

(4)

|X” - X,1,|| >

(5)

+cr- 04

|xn - x/v’ > lpﬁxlv +¢r -0y

wherep is a proportionallimit (here
10%), ¢ -6, is a generalised3s-
rule, x,, is the last valid RR-interval
and ¢, is the averageds,. Values
recognisedas not normal are re-
placedwith a randomnumberfrom
[1a(n) — L0u(n), 1, (n) + Lau(n)] 1o
avoid false decreasedariabilities.

« Finally, as a precautionthe adap-
tive controlling procedurefollows.

From the resulting time series
X7, x%,x%, ... of the adaptive
il IR AR R B I p pel’-

cent-filter the binomial filtered se-
ries and the respective adaptive
mean value and standarddeviation
are again calculated.The value x°
is consideredo be not normalif

|x:? — p,(n)| > ¢ - 0a(n) + 03 ,

(6)

o Xp-3 + 6X”,2 + 15x1171 + Zoxn + 15xn+1 + 6xn+2 + Xn43

In 64

(1)

The filtered series ty,t,,...,tn re-
flects the global behaviourof sinus
node activity without the influence
of artefactsand VPCs. The adaptive
mean value u, and the adaptive
standarddeviation g, of the bino-
mial filtered seriesty, t,,...,ty are
definedas:

where ¢; is the filter coeficient
(here ¢;, =3.0) and g, standsfor a
basic variability (for HRV here
op=20ms). This basicvariability oy,
was introducedto reduce filtering
errorsfor time serieswith low varia-
bility (nearthe accuracyof RR-in-
terval detection).Not normal values

arereplacedwith the respectiveval-
uesof the binomialfiltered series.

The advantageof this adaptive
filtering procedureis the sponta-
neousadaptatiorof the filter coefi-
cientsdue to suddenchangedn the
series (e.g. sudden heart rate in-
crease).

Methods

In this sectionmethodsof nonlinear
data analysis are presented. The
subsectionsA—C refer to univariate
datarecords,whereasD and E are
aboutbivariatedataanalysis.

Symbolicdynamics

Symbolic dynamicswas introduced,
asfar aswe know, asearlyasHada-
mards (20) ideasto analysecompli-
catedsystemsn 1898.An important
point of this work was a simple de-
scription of the possible sequences
that can arise in geodesicflows on
surfacesof negative curvatue. He
introduceda finite set of forbidden
symbol pairs and defined possible
sequencess thosethat do not con-
tain any forbidden symbol pair.
Later on, Hedlund and Morse (40,
41) usedthis methodto prove the
existenceof periodic and other dy-
namicsin differentclassicaldynami-
cal systems.They showed that in
many circumstances finite descrip-
tion of a systems dynamicsis pos-
sible. Symbolic dynamicstoday re-
presentsa rapidly growing and es-
sential part of dynamical systems
analysisand its applicationto phy-
siology (7, 8, 14, 30, 60, 44,47, 48,
70)

Heart rate and blood pressure
variability reflect the complexinter
actions of many different control
loops of the cardiovasculasystem.
In relationto the complexity of the
sinus node activity modulation sys-
tem, a more predominantly non-
linear behaviourhasto be assumed.
Thus, the detailed description and
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Fig. 1 The procedureof datapreprocessing.
From the original time series(a) a binomial
filtered time series(b) is calculatedto esti-
mate the basic variability (compareEqg. (1)).
From the filtered time series(b) the adaptive
meanvalue (c) andthe adaptivestandardde-
viation (d) are estimatedto quantify local
changesin variability (compareEqgs.(2) and
(3)). With the exclusionrule givenin Eq. (5)
basedon proportionaldeviationsfrom prede-
cessorgmany VPCs and artefactscan be re-
moved from the original time series(e). Fi-
nally, using the adaptive controlling proce-
durefrom Eg. (6) almostall remainingdistur
bancescanbe eliminated(f)

Abb. 1 Die DatenvorverarbeitungVon der
originalenZeitreihe(a) wird einebinomialge-
filterte Reihe(b) zur Bestimmungder Grund-
variabilité berechnet(vgl. Formel (1)). Von
der gefiltertenZeitreihe(b) wird der adaptive

Mittelwert (c) und die adaptive Standardab- but the resulting Symbol sequences

weichung(d) zur Quantifizierungvon lokalen
Variabilitidsveranderungen bestimmt (vgl.
Formeln(2) und (3)). Mit der Ausschlussre-
gel, welche in Formel (5) gegebenist und
welche auf prozentualerAbweichungernvom
Vorgénger basiert,konnenviele Extrasystolen
und Artefakte beseitigt werden (€). Absch-
lieBend,unter Benutzungdes adaptivenkKon-
trollfilters ausFormel (6) kdnnennahezualle
restlichenStarungenbeseitigtwerden(f)

classification of dynamic changes

autonomicinteractiong30, 60). The

first step of this approachis the

transformatn of the time series
into symbolsequencewith symbols
from a given alphabet. Some de-

tailed informationis lost in this pro-

cess,but the coarsedynamicbehav-
iour can be analysed.Wackerbauer
et al. (65) usedthe methodolog of

symbolic dynamicsfor the analysis
of the logistic map wherea generic
partition is known. However for

physiologich time seriesanalysisa

more pragmaticapproachis neces-
sary The transform#ons into sym-

bols have to be chosenon a con-

text-dependenbasis. For this rea-

son, we developed measures of

complexity on the basis of such

context-depende transformations,
which have a close connectionto

physiologichk phenomenaand are

relatively easyto interpret.

Comparing different kinds of
symbol transformations,we found
that the use of four symbols,as ex-
plained in Eq.(7), was appropriate
for our purpose.

The time seriesxy, X, Xa, . .., Xy IS
transformed into the symbol se-
quences;, S, Sz, ---,Sv, §OA on the
basis of the alphabetA={0,1,2,3}.
The transforméon into symbolsre-
fers to three given levels where u
denotesthe meanbeat-to-beainter
val anda is a specialparametethat
we havechosen0.05; we testedsev-
eral valuesof a from 0.05to 0.08,

did not significantly differ (see
Fig. 2),

compromisebetween retaining im-
portant dynamical information and
of having robust statisticsto esti-
mate the probability distributon
(compareFig. 2).

We consider3 measure®f com-
plexity:
* The Shannonentropy H, calcu-
lated from the distribution p of
wordsis the classicmeasurdor the
complexityin time series:

H; >

WEWk p(w)>0

p(w)logp(w)

(8)
whereW* is the setof all words of
length k. Larger valuesof Shannon
entropy refer to higher complexity
in the corresponding tachograms
andlower valuesto lower ones.

* ‘Forbiddenwords’ in the distribu-
tion of words of length 3 are the
number of words which never (or

almostnever)occur A high number
of forbiddenwords reflectsa rather
regularbehaviourin the time series.
If the time seriesis highly complex
in the Shannoniarsensepnly a few

forbiddenwordsarefound.

* The parametefplvarlQ’ character
ising short phasesof low variability
from successivesymbolsof another
simplified alphabet B, consisting
only of symbols‘0’ and ‘1’. Here
‘0’ standsfor a small differencebe-
tween two successiveRR-intervals
(the resolution of the defibrillators
usedin this study), whereas'l’ re-

presentscaseswhen the difference
between two successiveRR-inter

0: U <x <
oy (I+au <x<
si(xi) = 2: (I—au <x<

3. 0 <x; <

(I+a)u

where i =1,2,3,...

(I —a)u

(7)

There are several quantities that

using time and frequencymeasures characterisesuch symbol strings.

is often not sufiicient. Therefore we
have introduced new methods of
nonlinear dynamics derived from
the symbolic dynamics to distin-
guish betweendifferent statesof the

We analysethe frequencydistribu-
tion of words of length 3, i.e. sub-
strings which consistof three adja-
centsymbolsleadingto a maximum
64 differentwords (bins). This is a

vals exceedsa certainlimit, specifi-
cally

1:
sn:{():

[x, — xp—1| > 10 ms
[x, — xp—1] < 10 ms

©)
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Fig.2 Symbolic dynamics—

the dependencen controlling parametera (see Eq.7). On the left side the original tachogramgnotations

AS, AW, HV, NW) are presentedollowed by the respectivevord distributionsfor controlling parametersa equalto 0.05,0.06 and0.08

Abb. 2 SymbolischeDynamik — die Abhangigkeit vom Kontrollparametea (vgl. Formel 7). Links sind die OriginaltachogramméBezeich-
nungenAS, AW, HV, NW) dagestellt,gefolgtvon dendazugehogen Wortverteilungerfiir denParametea gleich0,05,0,06 und 0,08

Words consistingof uniquetypesof
symbols (either all ‘0’ or all ‘1"
were counted.To obtain a statisti-
cally robust estimate of the word
distribution we chose words of
length six, defining a maximum of
64 differentwords. ‘Plvarl0’ repre-
sents the probability of the word
‘000000’ occurrenceand thus de-

tion to a given enegy. Saparin(51)
proposeda procedurefor calculating
this quantity from time seriesand
appliedit to the logistic map. Appli-
cations of renormalisedentropy to
physiologich data were previously
introduced(28, 30, 60, 67). As the
applicationto heartrate datamethod
suffers from potentiallack of repro-

tects even intermittently decreased ducibility, another method for the

HRV.

Renormalied entropy

Another nonlinear method which
might be capableof assessingom-
plex propertiesof cardiac periodo-
gramsis the ‘renormalid entropy
The basicidea is to determinethe
complexity of cardiacperiodograms
basedon a fixed reference.Based
on generalconsiderationgn thermo-
dynamics, Klimontovich suggested
comparingthe relative degreeof or-
der of two differentdistributionsby
renormalisingthe referencedistribu-

computationof renormalisedentro-
py RExr basedon an autoregressive
spectralestimationhasbeenrecently
developed66).

To comparethe relativedegreeof
order of two different distributions,
the referencedistribution is renor
malisedto a given enegy. The com-
plexity of any distribution in rela-
tion to a fixed referencedistributon
is estimatedby solving an integral
equation. Considering two tacho-
grams (time series of beat-to-beat
intervals) with the density distribu-
tion estimatesfy(x) and f;(x) and
using the estimatef,(x) as a refer
ence, the renormaliseddensity dis-

tribution f(x) of fy(x) is defined
as:

fox)! (10)
Jfo(x)

whereT is the solution of the inte-
gral equation

/lnfo(x)%(v)_f
(11)

The solution of Eg.(11) hasto be
determinednumerically The renor
malisedentropy RE of the distribu-
tion f1(x) is definedby the follow-
ing interchangingalgorithm, where
S(f(x)) is the Shannonentropy of

Jo(x) =

1) gy — 0

distributionf'(x), thatis
/ £(2) - Inf(x
(12)
Procedure:
» CalculateA; = S(fi(x))

—S(fo(x)) with the distribution
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0.01

s2Hz

0.0

T T
0.0 0.1 0.2

Fig. 3 The estimationof the tachogramdistributionis the basisfor calculatingrenormalised

0.5 Hz

entropy Here,the autoregressivepectraldistribution(dotted)togethemwith the calibrationpeak
at0.4Hz wasused Givenafixed referencalistribution,the complexityof all distributionswhich
shouldbe analysedwill be determinedelativeto this reference

Abb. 3 Die Schazung der Tachogrammverteilungient als Grundlagezur Berechnungder
renormierterEntropie.Hier wurdeeineautoregressiv8pektralschtzung (gepunktetunterEin-
satzeinesKalibrierungssignalbei 0,4 Hz benutztIst eineReferenzverteilunestgelegtsowird
die Komplexita jederzu untersuchende¥erteilungrelativ zu dieserReferenzbestimmt

as the reference(fy(x) is renor
malised). The value of T is de-
notedT,=T.

+ CalculateA, = S(fy(x))
—S(fi(x)) with the distribution
fi1(x) asthereferencef (x) is re-
normalised).The resulting T val-
ueis denotedT,=T.

 If T,>T,, the distributionfy(x) is
found to be the more disordered
one (in the senseof renormalised
entropy — i.s.re.) and the renor
malisedentropy RE is definedas
RE=A;. Otherwise(T,<T,) fi(x)
is the more disordereddistribu-
tion (i.s.re.) andthe renormalised
entropyis RE=—A..

Calculationof the renormaliseden-
tropy requiresestimatingthe tacho-
gram distributiors. Here we use an
autoregresse spectralestimationof
the filtered and interpolatedtacho-
gram. A known problemof autore-
gressivespectral estimationsis the
bias which might appeareven in
idealised circumstances.To over
come this problem a sinusoidalos-
cillation with a fixed amplitudeand
frequencywas addedto the time se-
ries. The amplitude of 40 ms was
chosento obtaina dominantpeakin
the spectralestimation,and the fre-
quencywas setto 0.4Hz, which is
the upper limit of the high fre-
quencyband (21) (compareFig. 3).

A spectraldensity estimationin the
interval [0,0.42]Hz was usedto in-
clude all physiologica modulations,
andthe calibrationpeak.Using a re-
ference tachogramfrom a healthy
subject with normal low and high
frequency modulatons the REar
methodis designedso that either a
decreasedHRV or a pathological
spectrumleadsto positive valuesof
renormaliseantropy

Finite time growth rates

Lyapunovexponentf a dynamical
systemreflect effective growth rates
of infinitesimaluncertaintie®ver an
infinite duration, yet, time series
analysisis restrictedto the analysis
of finite time seriesandthusit is dif-

ficult to determineLyapunovexpo-
nentsreliably (13, 29, 43, 53, 69).
Thereforewe concentratg on quan-
tifying the state-dependenshort-
term predictability through finite-

time growth rates. Note that these
differ from the finite-time Lyapunov
exponents(1, 10, 34, 71, 73) as
well as the finite-time growth rates
describedn (42), both of which re-
quire the knowledgeof the tangent
maps thus the equationsgoverning
the dynamics. In Ziehmannet al.

(73) the significant differencesbe-

tweenthesequantitiesare discussed.

Our finite-time growth ratesare ap-

proximationsbasedon the idea of

Wolf et al. (69). Firstly, pseudo-
phasespacesf the systemare con-

structed using delay coordinates
(54). Their dimensionis denotedby

n and the fixed delay by 7. Next,

for each point in this constructed
phasespaceXy = [Xyir, Xktor, - - -

xk+(n71)r]! k=0,... N — (I/l - I)T

of the measured tachogram
X =[x1,x2,...,xy] the nearest
neighbour X} is determined.X; is

defined as that state which hasthe

minimal Euclideandistanceto Xj.

| X, — X,|| denotes the Euclidean
distanceof the stateX, to X,, i.e.

”Xu - XVH

n—1 5
Z(xwrjr - xv+_[r)
J=1

Thenthe minimal distanced, to the
I stateis given by

(13)

d;, = min
{ll X — Xif
i=0,...,N—(n—1)r,
i = k[ > (n— 1)1},
k=0,....,N—(n—1)t
andthe nearesneighbourby
Yk = {Xmka - Xm” = dk}a
k=0,....,N—(n—1)t

(14)

(15)

Note that the time lag of the
nearest neighbour has to be
at least one window length, i.e.

|i — k| > (n— 1)t andwe only con-
sider points as neighbous if their
distanceto the base point is less
than 10% of the maximumdistance
betweenany two points. Next, we
analysethe evolution of the states
X and X during the time T. After

these T steps we obtain the
states X! = [Xks 71z, Xt T2, - - -

Xes74(no1):) and X! respectively
The distance between both states
| X! —X[|| representsthe diver

genceafter T evolution steps.From
the original distanceof both states
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and the distanceafter T stepswe
ct(allculatethe finite-time growth rate
;Ukn,f,T)_
l]({n,r,T)
Nl

T || Xk — Xkl
k=0,...,N—(n—1)t

A1) quantifies the local short-
term erdirT:tabiIityat the point X,. If
these 2" are greaterthan zero,
the distanceafter the evolutiontime
increasesptherwise,jt decreases
We calculatehefinite-timegrowth
ratesfor eachpointof thedelayphase
space,which leadsto a growth rate
time series """, Its average the

n,,

averagegrowthrate 7, o
1

(16)

/l(n.r,T) _
k N—-—mn-1r+1
N—(n—1)t (17)
v Z )v]((n.r,T)
k=0

guantifies a global short-term pre-
dictability. The dimensionn, i.e. the
length of the selectedtachogram,
part varied from 3 to 9. We chose
this rangeto coveran interval up to
9, which is a typical order of an
autoregress& model for short-term
HRV tachograms(67). The evolu-
tion time and the delay are defined
as T=1,2,3 and 7=1,2,3 respec-
tively.

Additionally, to reduce random
influences,we considera threeand
a five nearestneighbourapproach.
According to Eq. (15) we deter
mine the five nearestneighbours
IL, ..., I} of the point I, andevolve
all neighboursover the evolution
time T. The finite-time growth rates
for the three and the five nearest
neighbour approach are derived
from the averagedistancesbefore
and after the evolutiontime.

Dual sequencenethod
The dual sequencemethod (DSM)

(36, 37) was developedfor the esti-
mation of the spontaneas barore-

RR-interval [ms]

tachycardic fluctuation

bradycardic fluctuation

(vagal mediated)

systolic blood pressure [mmHg]

Fig. 4 The baroreflexregulatorybehaviour:the pointsreflect the correspondingliscretesys-
tolic blood pressureand RR-intervals,the regressiorlines demonstrateéhe estimationof the

real slopes(curves)

Abb. 4 Die Baroreflexregulationdie Punkterepraentiererdie entsprechendediskretensys-
tolischenBlutdruck- und RR-Intervall-\Wrte, die Regressionslinielemonstrierdie Schazung

derrealenAnstiege

flex sensitivity from the bivariate
heart rate and blood pressuredata.
Two kinds of RR-interval (beat-to-
beat interval) responseswere ana-
lysed: bradycardic (blood pressure
increase causes RR-interval in-

crease)ynd tachycardic(blood pres-
suredecreaseauseRR-intervalde-

crease)luctuations,where primarily

the bradycardic fluctuations repre-
sent the vagal spontaneus barore-
flex (12, 39). The analysisof the ta-

chycardicfluctuationsallows the in-

vestigationof the relation between
the vagally (bradycar@t) and sym-

pathetically (tachycardic) mediated
fluctuationsof heartrate.

Applying the DSM, the barore-
flex sensitivity slopes were deter
mined from three consecutiveblood
pressureand RR-intervalvalues(see
Fig.4). Sequencesof more than
three valueswere proved not to be
useful,becausef the shortduration
of spontaneos heartrate and blood
pressurefluctuatians, in contrastto
pharmacologidy induced changes
(46). The calculated slopes were
groupedinto defined slope classes.
Additionally, the total nhumber and
the percentagdo the total number
of all slopeswerecalculated.

Former studies showed that the
heartrate doesnot respondsimulta-
neouslyto the blood pressurefluc-
tuation. Obviously the heartratere-
sponsedependson the different ve-
locity of vagaland sympathetiaeg-

ulation (38, 39). In contrastto other

sequencanethods(6, 45), the time

seriesare shiftedto registerthe syn-
chronous and the postponedheart
rate responseon the sameBP fluc-
tuation.

The following parametergroups
are calculatedoy DSM:

* The total numberof slopesin the
different sectorswithin the time
series,

» The percentageof the slopesto
the total numberof slopesin the
differentsectors,

» The numbersof bradycardicand
tachycardicslopes,

» The shift operationfrom the first
to the third heartbeattriple and

» The averageslopesof all fluctua-
tions.

Theseparametersare calculatedfor

bradycardi@swell asfor tachycardic
fluctuationsup to a delay of 80 val-

ues to analysethe long-term and

maximal responseof the heartrate
to the sameblood pressureoscilla-

tion. Additionally, parameterdrom

HRV andBPV analysisarecalculated
to investigatea possiblecommonap-

plicationto risk stratification

Nonlinearregression
and optimal transformatins

Optimal transformatias and the as-
sociatedconceptof maximal corre-
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lation provide a nonparametc pro-
cedureto detectand determinenon-
linear relationshipsin bivariate data
sets.Let X and Y denotetwo zero-

meandatasetsand
R(X,Y) = LY] (18)
E[X?E[Y?]

their (normalised)linear correlation
coeficient, whereE[.] is the expec-
tation value. The basicidea of this
approachs to find suchtransforma
tions ©(Y) and @(X) thatthe abso-
lute value of the correlationcoefi-

cient betweenthe transformedvari-
ables is maximised. This leads to

the maximal correlation (16, 22,
49).

WX, Y):= sup [R(O(Y), D(X))|

(19)

The functions ©@(Y) and @(X) for
which the supremumis attainedare
called optimal transformations This
conceptgeneraliseshe linear corre-
lation, where the linear correlation
coeficient R(X,Y) quantifies only
linear dependencies

Y=aX+y (20)

while ¥ (X, Y) quantifiesnonlinear
dependenciesf the form

O(Y) = O(X) +1 (21)

Especially if thereis completesta-
tistical dependencég49), i.e. Y is a
function of X or vice versa, the
maximal correlation attains unity.
This is alsotrue for therelation(21)
with # = 0. Here we are mainly in-
terestedn the estimationof the op-
timal transformatios for the multi-
variateregressiorproblem

O(Y) =1 (X)) + ...
o)1y P

This is an additive model for the
(not necessarilyindependent)input
variables Y, X4,...,Xm The regres-
sion functionsinvolved can be esti-
mated as the optimal transforma
tions for the multivarigde problem
analogousto Eq. (19). To estimate
them nonparametricallywe use the

Table 1 The meanerror of HRV parameterdor two differentfiltering proceduregseetext)

anddifferentsuperimposedgignals

Tab.1 Der mittlere Fehlerder HRV-Parametefir zwei verschiedend-ilterprozedurer{vgl.

Text) und verschiedendéberlagerteSignale

Meanerror [%] Adaptivefilter 20% filter
VPC 100ms premature 5.99 13.55
VPC 200ms premature 5.27 18.68
VPC 300ms premature 6.34 16.43
Trigemini 300ms premature 8.10 57.89
Bigemini 300ms premature 17.64 92.36

Alternating Conditiond Expectation
(ACE) algorithm (9). This iterative

procedureis nonparameit because
the optimal transformatios are esti-

mated by local smoothing of the

datausingkernelestimatorsWe use

a modified algorithnt in which the

dataarerank-ordereceforethe op-

timal transformatias are estimated.
This makesthe result less sensitive
to the datadistribution.It shouldbe

mentionedthat optimal transforma

tions for multiplicative combinations
of variablesX,..., X; can be esti-

matedby forming

Xi:hi()?la"'ayl) (23)

wherethe h; arearbitraryfunctions.
The maximal correlationand op-
timal transformationshave beenap-
plied to identify delay (61) and par
tial differential equations (63). In
the applicationto differential equa-
tions, time derivativeshaveto be es-
timatedfrom the data. The effect of
noise on the estimated optimal
transformatins is not yet complete-
ly understoodOn the one hand,for
neglectableamounts of noise this
approachhas successfullybeen ap-
plied to experimentalphysical data
of differentorigin (62, 64), yielding
even quantitativelyaccurateresults.
On the otherhand,if noisecontami-
nationis strong,this methodshould
be used as an exploratory tool in
the processof model selection.To
minimise the influence of the noise

1 A MATLAB - and a C-programfor the
ACE algorithm can be obtained from the
authors or from the web page http:/
www.fdm.uni-freibug.de/~ hv/hvhtml.

on the results,the variablewith the
best signal-tonoise ratio, usually
the undifferentiated time series,
shouldbe chosenasY.

Results
Preprocesap

To testthe accuracyof the filtering

procedure, tachograms of normal
healthy personswere superimposg
by simulated ventricular premature
complexeqVPC) of differentkinds.
Applicable preprocessig procedues
should be able to remove these
superimposedsignalsto obtain ap-
proximately the same seriesas be-
fore. BesidessingularVPCs, several
complexesof trigeminus and bige-
minuswerealsosuperimposed\ext
the HRV parameterfrom the time

and frequency domain as well as
from nonlinear dynamicswere cal-

culated.The parameteraluesof the
original unfiltered time serieswere
comparedwith the valuesof the fil-

tered superimposg series. The
meanerror, givenin Tablel, is cal-

culatedas the meanvalue of the re-

lative errors of all parametersThe
relative error is the deviationof the
parametercalculated from the fil-

tered to the original unfiltered pa-
rametervalue. As one cansee,even
for trigeminus periodsthe adaptive
filtering procedureseemsto work

reliably. On the contrary the results
of the 20% filter demonstratethat
this filter is not suficient for an
accuratetime series analysis. The
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meanerror of the adaptivefilter in-
creasesapidly for episodesf bige-
minus — the filter should not be
usedin such cases.However with
this filtering procedurewe obtain
much better results; therefore, the
adaptivefiltering procedureis used
here.

Symbolicdynamics
in a large clinical study

In an extensiveclinical studya mul-
tiparametric heart rate variability
analysiswas performed(59) to test
if a combinationof HRV measures
improvesthe resultof risk stratifica-
tion in patientsafter myocardialin-
farction. Standardtime domain, fre-
guency domain and symbolic dy-
namics measuresof HRV assess-
mentwere appliedto 572 survivors
of acute myocardial infarction. Of
them 43 died in the follow-up time
of two years. Besidessome linear
parametersalmost all parameters
from symbolic dynamics showed
significant differencesbetweenthe
follow-up survivors and the de-
ceased.A correlation analysiswas
performed (58) and showed that
HRV analysisbasedon symbolicdy-
namics is an independentassess-
mentand hasonly weakcorrelations
with time (0.38+0.13) and fre-
quency(0.27£0.14) domain param-
eters.Finally, for this populationwe
could show that a multiparanetric
approachwith the combination of
four parametergrom all domainsis
a betterpredictorof high arrhythmia

Renormalised Entropy REAR

0.3

0.2
0.14

-0.4
-0.5
-0.6
-0.7

< MV e

1.3 5 7
B healthy persons

9 1 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41

' O high risk patients

Fig.5 Resultsof renormalisedentropyin a clinical pilot study black barsrepresenthe con-
trol groupwhereaghe white barsreferto the cardiacpatients

Abb. 5 Die Ergebnisseder renormiertenEntropie in der klinischen Pilotstudie, schwarze
Balkenrepraentiererdie Kontrollgruppe, weiedie Herzpatienten

arrhythmias;10 of themwere survi-
vors of a suddencardiacarrestwho
receivedautomaticimplantabé defi-
brillators. From the group of healthy
subjectsthe most disorderedtacho-
gram (i.s.re.) was determird as the
reference for RE,g calculation
(REar=0 for healthy person no.
16). Figure 5 shows the result of
this clinical pilot study Renorma-
lised entropy REAg correctly classi-
fied 13 of 18 high risk patients
(greater than zero or under the
dashed line at -0.33). The pre-
viously introduced method (60)
classifiedcorrectly only 7 high risk
patients.

Finite-timegrowth rates
andsymbolicdynamics
in forecastingcardiacarrhythmias

Recentstudiesshowedthat HRV as-
sessesthe autonomic nervous sys-

risk than the standardmeasurement tem dysfunctionandis ableto iden-

of global heartratevariability.

Renormalied entropy
in aclinical pilot study

In a clinical pilot studythe renorma
lised entropy REsg Was applied to
data of 18 cardiac patientsand 23
healthysubjects.The cardiacpatient
group consisted of patients after
myocardial infarction with docu-
mented life threateningventricular

tify patientsat risk of suddencardi-
ac death (15, 21); however these
methodswere not developedo per
form short-termpredictions of ma-
lignant ventriculararrhythmias.The
objective of this study was to find
early signs of sustainedventricular
tachycardiéventricular  fibrillation
(VT/VF) in patients with an im-
planted cardiovertedefibrillator
(ICD). These devices are able to
safeguardoatientsby returningtheir
heartsto a normalrhythmvia strong

defibrillatory shocks; additionally
they store the 1000 beat-to-beatn-
tervalsimmediatelybeforethe onset
of a life-threataing arrhythmia.We
analysedthese1000 beat-to-beatn-
tervals of 17 chronic heart failure
ICD patientsbefore the onsetof a
life-threateing arrhythmiaand at a
control time, i.e. without VT/VF
event (68). To characteris these
rathershort data sets,we calculated
heart rate variability parameters
from time and frequency domain,
from symbolic dynamicsas well as
the finite-time growth rates. We
found that neitherthe time nor the
frequencydomain parametershow
significant differencesbetweenthe
VT/VF and the control time series.
As already visible in Fig.6, only
the mean beat-to-bat interval
showeda remarkablebut nonsignift
cantdifferencebetweerthe groups.
Two parametersfrom symbolic
dynamics, howevey as well as the
finite-time growth ratessignificantly
discriminateboth groups (see Table
2). The Shannon entropy of the
word distribution Hy is significantly
higherin the control group, whereas
the low-variablity measure
‘plvarlQ’ is larger in the VT/VF
group. Both parametersindicate a
partly decreasedeart rate variabil-
ity in the VT/VF group which can-
not be detectedwith the standard
deviation or other variability mea-
suresfrom time domain.lt is inter
esting to note that the forbidden
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Fig.6 The last 1000 beat-to-beaintervalsbeforea sustainedVT (a) andthe respectivecon-
trol time series(b) from the samepatient.To analysethe dynamicsjust beforean arrhythmia,
all beat-to-beatntervalsof the VT itself at the end of time series(a) are removedfrom the

tachograms

Abb. 6 Die letzten 1000 RR-Intervallevor
Kontrollzeitreihe(b) desselberPatientenUm

einer anhaltendervVT (a) und die zugehoige
die Dynamik kurz vor der Arrhythmie zu bes-

timmen,wurdenalle RR-Intervalleder VT selberam Endeder Zeitreihe(a) geltscht

Table 2 Resultsof finite-time growth rates
discriminatingthe controland VT/VF series

and of parametergrom symbolic dynamicsin

Tab.2 Ergebnissaer finite-time* Wachstumsratennd der Parameteder symbolischerDy-
namik bei der Trennungvon Kontroll- und VT/VF-Zeitreihen

VTIVF Control p
ISR 0.37+0.31 0.51+0.36 n.s.
JGLY 0.22+0.08 0.26+£0.05 <0.05
JOL1 0.11+0.03 0.13+0.02 <0.05
Forbiddenwords 32.26+10.50 32.16+£9.30 n.s.
Hi 2.13+0.59 2.43+0.43 <0.05
Plvar10 0.12+0.18 0.04+0.05 <0.05

word statistics fail to distinguish
both groups.The finite-time growth
rateswere calculatedfor a five-near
est-neighboursapproach. The pa-

rameter ")) denotesthe average

growth rate with a dimension of
3, lag 1, and evolution time 1;
A6 500D Yegpectivly. For di-
mensionn=3 there were no signifi-
cant differences,whereasthe aver
agegrowth ratesfor n=6 and 9 dif-
fered significantly in both groups.
For evolution times T=2,3 signifi-

cant differences disappeared for

n=6. Interestingly for all dimen-
sionsthe growth rateswerelargerin
the group of the control tachograms
thanin the VT/VF group,indicating
an enhancedpredictability or less
complex dynamics in the VT/VF
group. Additionally, we calculated
the averagegrowth ratesfor differ-
ent delay times 7=2,3, evolution
time T=1, andn=3,...,9. For t=2
we found a significantdifferencefor
n=6 (p=0.016). For =3 we only
recogniseda considerablebut non-
significantdifferencefor (p=0.052);

no further growth ratesshowedsig-
nificant differencedbetweerboth in-
vestigatedyroups.

Dual sequencenethodin patients
with dilatedcardiomyopathy

The barorefl& sensitivty (BRS) is
an important parameterto classify
patientswith reducedeft ventricular
function. This study aimedat inves-
tigating the BRS to differentiatebe-
tween patientswith dilated cardio-
myopathy (DCM) and healthy per
sons (controls) as well as to com-
pare the BRS with heart rate and
blood pressurevariability.

In 27 DCM patientsand 27 age
and gender matched controls the
electrocardiogrm, continuousblood
pressure, and respiration curves
were recorded.The dual sequence
method(DSM) includesthe analysis
of the spontaneoushlood pressure
fluctuations and the corresponding
RR-intervals of heart rate to esti-
mate the bradycardic baroreflex
fluctuationsas well as the opposite
tachycardidluctuations.We found a
reduced number of heart rate and
blood pressurefiuctuations in DCM
patients comparedto the controls
(DCM: male: 154.4£93.9, female:
93.7+40.5, controls: m: 245.5+
112.9,f: 150.6+55.8, p<0.05). The
averageslopein DCM patientswas
lower than in controls (DCM:
5.2+1.9,controls:8.0+5.4,p<0.05).

A correlation analysis was per
formed to investigatethe different
HRV, BPV and BRS parametergor
linear dependencg2l1, 60). In gen-
eral, the average correlation was
low betweenthe different parameter
sets (r=0.22). However several
highly correlated parameterswere
calculatedbetweenBRS and HRV
(time domain, frequency domain,
nonlinear dynamic), and between
BRS and BPV, respectively (only
frequencydomain).

Furthermore the stepwisediscri-
minant function analysiswas used
to find the optimal combinationsof
HRV, BPV and BRS parametergo
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Fig. 7 Resultsof the discriminantfunction

analysisusing different setsof 6 parameters.
The black markedbarscontainDSM parame-
ters

Abb. 7 Die Ergebnisseder Diskriminanza-

nalyse unter Verwendungvon verschiedenen investigateonly vagally (respiratory)

Sé&zen mit je 6 Parametern.Die schwarz
markierten Balken enthalten Parameterder
dualenSequenzmethode

differentiatebetweenDCM patients
and healthy persons.These combi-

heartrate, we adoptedthe view that
we do not know anythingaboutthe
dynamical description of the non-
linear processesthat describe the
time seriesof heartrate, x;, and of
blood pressurey;, and the coupling
betweenthem. In other words, we
usedthe statisticalprinciple of max-
imum a-priori uncertaintywhich is
the basisof many parameteestima-
tion methods.

However we need at least a
rough model assumption.Since the
dataare heavily high-pass-filtezd to

inducedfluctuations,Jong-rangecor
relations are filtered out and we
therefore assumethat the system
describing the change of heart
rate can be written as a map
X1 = Fi(x;) +n, where F; is an

nationsof parametersare presented arbitraryfunctiony and somenoise.

in Fig. 7.

A correct classification of 74—
86% was obtainedwith setsof six
parametersfrom HRV, BPV and
BRS. These parametersets contain
mainly threetypesof informationto
discriminatebetweenDCM patients
and healthypersons2) the high fre-
quencyin HRV, 2) the meanvalues
and low frequencyof BPV and 3)
the largestslopesand the numberof
BR fluctuations.

A setof six parameterfrom HRV
andBPV increasedhe correctclassi-
fication up to 88%. Furthermorethe
accuracyof classificatio could be
improved using additional BRS pa-
rameterslsing a setof six parame-
tersof BPV and BRS a correctclas-
sification of 94% was calculated,

Furthermore,we assumethat the
variable x is a scalar quantity; all
the following considerationsan be
easilyextendedo the higherdimen-
sional case. Since the method, as
appliedto heartrateand blood pres-
sure works well for the simplest
caseof scalarstatevariables,we do
not go into detail with respectto
this extension. Including the cou-
pling betweenx andy, the overall
systemis assumedo be

X1 = Fi(x) + FZ(-’Cr = Vi) + 1y
(24)
Ver1 = G1(v) + Ga(yr — x0) + ny
(25)

The functions F, and G, are cou-

whereasisinga setof six parameters pling functions that dependon the

of HRV and BRS the classification differencebetweenthe two systems,

accuracycould be improved up to

96%. The use of a six parameters modelling synchronising systems.

setof HRV, BRV and BRS did not
furtherimprovethecorrectclassifica-
tion greaterthan96%.

Optimaltransformatias
for revealingcouplingdirections

To learn somethingabout the cou-
pling betweenblood pressureand

an assumptionthat is often met in

Now, using the principle of maxi-
mum a-priori uncertainty the func-
tions F;, F,, G; and G, are esti-
mated from pairs of time series,
using the maximal correlationmeth-
od. We use a modified ACE-algo
rithm where the function @ in Eq.
(21) is fixed to be the identity func-
tion sincein the model(24,25) it is
not needed.

For each of the four analysed
pairs of heartrate and blood pres-
sure,we find a maximal correlation
very close to unity (¥>0.98) with
the chosensmoothing kernel. This
shows that the model can explain
mostof the varianceobservedn the
data; physiologically speakingthere
is nearly a one-to-onerelationship
between respiratory induced varia-
bility in blood pressureandin heart
rate. The results for the four ana-
lysed pairs of time seriesare de-
pictedin Fig. 8.

The functions F;, and G;, de-
scribing the dynamics of the un-
coupledsystemsare closeto linear
and are not shown. The coupling
functions F,(x, —y,), however
show a strong nonlinear behaviour
whereasthe functions G,(y, — x;)
arenearlyflat. Thisis a strongindi-
cation that, assumingthe crude as-
sumption of Egs. (24, 25) which
should be in first order a good
approximatio to the observed
dynamics,the heartrate is strongly
influencedby the blood pressurebut
not vice versa. Therefore,the total
system is highly skewed, or, in
other words, a drive-responsesys-
temwhereblood pressurds the dri-
ver and heartbeathe responseThis
is in agreementwith the widely
acceptedexplanationfor respiratory
sinusarrhythmiain heartrate,which
mostly reflects arterial baroreflex
buffering of respirationinduced ar
terial pressurdluctuations(56).

Discussion

We have introduced different non-
linear approachedo heartrate and
blood pressurevariability analysis
and their application to different
clinical studies.

Symbolic dynamicsis a useful
tool in severalfields of complexity
analysisin science We haveapplied
symbolic dynamicsmainly to char
acterisethe dynamicsof heart rate
variability Symbolsrepresentevels
of time differencesbetweensucces-
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Fig. 8 Top row: For the four analyseddatasetsthe estimatedcoupling function F,(x, — y,) from Eq. (24), describingthe influenceof blood
pressureon heartrate. Bottom row: The samefor the other coupling direction, i.e., the function G,(y; — x,) from Eqg. (25), describingthe
influenceof heartrateon blood pressureFor a bettercomparisonthe plotsin eachcolumn,correspondingo the samedataset,are normalised
so thata quantitativecomparisorof the two plotsin eachcolumncanbe performed.One noticesthatin the bottomrow the couplingfunctions
arealmostcompletelyflat; it seemgo be thatthereis no influenceof heartrateon blood pressure

Abb. 8 ObereReihe:Fir die vier analysierterDatenstze sind die geschitzten Kopplungsfunktionen, (x, — y,) ausFormel(24) dagestellt,
sie beschreibemen Einfluss desBlutdrucksauf die HerzfrequenzUntere Reihe: DieselbeDarstellungfir die andereKopplungsrichtungd.h.
die Funktion G, (y; — x;) ausGl. (25), welcheden Einfluss der Herzfrequenzauf den Blutdruck darstellen.Damit man die Ergebnissebesser
vemgleichenkann, sind die Grafikenwelchezu einer Persongehaen normiert. Aus den Grafikenist zu ersehendassdie unterenKopplungs-
funktionenalle nahezuflach sind, dasbedeutetdasses wenig Einflussder Herzfequenauf den Blutdruck zu gebenscheint

sive beats. We showed that sym-
bolic dynamicsis an independent
method(low correlatonsto standard
time and frequency measuresynd
increaseghe predictive accuracyin
high risk stratification. Complexity
measuresbased on nonlinear dy-
namicsseparatédestbetweendiffer-
ent patient groups becauseof the
partly nonlinear behaviour of the
heartrate generation.The combina-
tion of parameterf time and fre-
quency domain and nonlinear dy-
namicsleadsto an optimal detection
rate of patientsafter myocardialin-
farction with high risk for sudden

cardiac death. Moreover symbolic
dynamicsis a methodwith a very
close connection to physiologich
phenomenand is relatively easyto
interpret.

The renormalisedentropymethod
RExr is designedn sucha way that
tachogramswith normal variability
and typical periodogams have neg-
ative values of RExg Either a de-
creasedHRV (under stressor even
at rest) or pathologicalspectralead
to positive valuesof RExr Patholo-
gical spectraare periodogramswith
dominant ULF, VLF or LF peaks.
Dominant ULF or VLF peaksare

seenin tachogramsvithout any res-
piratory modulatiors and without
any influenceof blood pressureeg-
ulation. DominantLF peaksare re-
cognisable in tachogramswithout
any long-term regulation and de-
creasedsagalactivity. The resultsof
the St. Geoge’s hospital postinfarc-
tion databasestudy (66) (not shown
here) confirmedthe hypothesisthat
the survivorson averagehavenega-
tive and the deceasedositive val-
ues of renormalisecentropy Calcu-
lating renormalisecentropyassumes
a fixed referencedistribution.In this
study the referencedistribution was
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selectedusing the interchangingal-
gorithm applied to the data of 23
healthypersonsin futureHRV stud-
ies, it needsto be investigatd if a
generalor a diseasalependentefer
encedistributionshouldbe chosen.
The aim of the forecastingstudy
was to find heart rate variability
changesjust before the onset of
ventriculartachycardiaor ventricular
fibrillation (VT/VF), i.e., to look for
someprecursotike activities before
this qualitative change. Two ap-
proachesfrom nonlinear dynamics
indeedexhibit significantchangesn
heart rate variability. methods of
symbolic dynamics and finite-time
growth rates.It is importantto note
that standardlinear techniquesare
not able to discriminate between
theseboth groups. From finite-time
growth rates we obtain significant
differencesbetweenthe VT/VF and
the control time seriesonly for rela-
tively high dimension (n>5). This
indicates that the changes are
mainly causedby sympathetiactiv-
ities of the autonomos nervoussys-
tem. Vagal activities would affect
smaller dimensions. These results
arein good agreementvith the phy-
siological fact that the sympathetic
activity increasedeforethe onsetof
VT. The significantly lower values
of the finite-time growth ratesin the
VT/VF group provide a possibility
to predicta VT/VF. The calculation
with different delayst for the em-
bedding has shown the importance
of analysingbeat-to-beavariability;
no successiveneartbeatsshould be
removed. For delays greater than
one, significant differencesin the
average growth rates decreased,
which showsthat the differencede-
tween the VT/VF time seriesand
the controls are causedby beat-to-
beatregulation Moreover this study
demonstratethe advantagef using
methods from nonlinear dynamics.
The evolution of points in phase
space provides deeperinsight into

dynamical aspectsof the cardiac
system Limitations of this studyare
the relatively small numberof time

series and the reduced statistical
analysis(no subdivisionsconcerning
age,sex,andheartdisease)For this

reasontheseresultshaveto be vali-

datedon a larger database.

The analysis of the baroreflex
sensitivity (BRS) is an established
method for improved classification
of differentcardiacdiseasesln con-
trastto standardBRS methods,the
dual sequencemethod (DSM) con-
sidersshifted bradycardiandtachy-
cardic fluctuatiors. The biosignals
of patientsare recordedat rest and
without any additional challenge
(e.g. applicationof drugs and other
stimuli). The analysis showed that
there are significant differencesbe-
tween DCM patients and healthy
personswith respectto the calcu-
lated parametersin DCM patients
and healthy personswe calculated
the mean values of heart rate and
blood pressureo determinethe dif-
ferencein the active range of the
blood pressure.The determination
of the active range of the blood
pressurethe value of the average
RR-interval of DCM patients, was
calculated to be 795.9t107.7ms.
This value is considerbly lower
than in the control group (862.4+
130.5ms, p<0.05). The values of
the averageblood pressurén DCM
patients and in healthy persons
behaveinversely to the heart rate
values (DCM: 101.5+19.6mmHg,
Controls: 112.9+25.7mmHg,
p<0.05). Hencewe can seethat the
autonomougegulationin DCM pa-
tients seemsto be more ineffective
thanin healthypersonsThis behav-
iour is characterisecby the lower
number of the baroreflex fluctua-
tions andby the lower averageslope
of BRS. In comparisonto the stan-
dard sequencemethod, the DSM
obtained an improved accuracy of
classification (84% versus 76%).

The considerationof DSM parame-
ters in combinationwith HRV and
BPV parameterdeadsto a signifi-
cantincreaseof discriminantpower
(96%). Summarigg, the dual se-
guencemethod increaseshe infor-
mationaboutthe cardiovasculasys-
tem.

Revealingthe coupling direction
andthe strengthof coupling via op-
timal transforméons is a new and
promisingapproachNo a priori as-
sumptionsaboutthe dynamicalsys-
tem that regulatesheart rate and
blood pressurehasto be made.In
this contributionfirst the respiratory
induced fluctuations were investi-
gated and long-range correlations
were filtered out. The resultsof the
four bivariate data sets analysed
here strongly indicate and confirm
the knowledge of respiratorysinus
arrhythmiain heartrate: it reflects
baroreflex buffering of respiration-
induced arterial pressure fluctua-
tions. In Taylor et al. (56) it was
alsoshownthatthereis aninfluence
of heart rate on blood pressure
variability. Therefore,we next have
to investigatethe influenceof high-
passfiltering to coupling directions.
However the approachintroduced
here seemsto be useful for deter
mining nonlinear coupling between
heartrate and blood pressureMore-
over, on a larger databasethe cou-
pling directionshave to be investi-
gatedmoreintensively

In conclusim, this paperdemon-
strated that parametersfrom non-
linear dynamicsare meaningfulfor
risk stratification after myocardial
infarction, for the predictionof VT/
VF eventsevenin short-termHRV
time seriesand for modellingthe re-
lationship between heart rate and
blood pressure variability These
findings seemto be of importance
for clinical diagnostics, in algo-
rithms for risk stratificationand to
improve the therapeuticand preven-
tive tools of nextgeneratiorlCDs.
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