N

N

Short-term control of the cardiovascular system:
modelling and signal analysis
Alessandro Monti, Claire Médigue, Michel Sorine

» To cite this version:

Alessandro Monti, Claire Médigue, Michel Sorine. Short-term control of the cardiovascular system:
modelling and signal analysis. [Research Report] RR-4427, INRIA. 2002. inria-00072161

HAL 1d: inria-00072161
https://inria.hal.science/inria-00072161
Submitted on 23 May 2006

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://inria.hal.science/inria-00072161
https://hal.archives-ouvertes.fr

ISRN INRIA/RT--0259--FR+ENG

ISSN 0249-6399

ZIINRIA

INSTITUT NATIONAL DE RECHERCHE EN INFORMATIQUE ET EN AUTOMATIQUE

Short-term control of the cardiovascular system:
modelling and signal analysis

Alessandro Monti — Claire Médigue — Michel Sorine

N° 4427
April 12, 2002

THEME 4

apport
derecherche







Zd I N RIA

ROCQUENCOURT

Short-term control of the cardiovascular system: modelling and
signal analysis

Alessandro Monti , Claire Médigue , Michel Sorine

Théme 4 — Simulation et optimisation
de systémes complexes
Projets SOSSO

Rapport de recherche n® 4427 — April 12, 2002 — 104 pages

Abstract: Our aim is to relate classical cardiovascular signal analysis to models of the cardiovascular
(CV) and control systems taking into account its multiple feedback loop organisation. We discuss knowl-
edges on the short-term control of CV system, focusing on the analysis of CV time-series and control of
arterial pressure and RR-interval. In the first and second sections, we introduce modelling concepts which
lead us to the definition of a possible decentralised control of CV system, with several baroreflex control
loops, and at a time-discrete approach for the estimation of their sensitivities. We consider two types
of vascular compartment: a passive one composed of elastin and collagen fibers, and an active one char-
acterised in addition by smooth muscle. Passive vascular compartment modelling leads us to introduce
the classical Windkessel model, widely applied for blood pressure curve analyses. We demonstrate that
Windkessel model can be derived from a distributed model of the vascular compartment by a three-point
discretisation of the one-dimensional partial differential equations of blood flow. We relate the definition
of the vascular resistance and compliance to physical peculiarities of the local vessel wall. Looking for
a possible mechano-chemical command of the heart function, we conceive a hierarchical control of the
heart, separating the mechanical from the chemical control of the cardiac pump. We model the aortic
and carotid baroreceptors, considering the three different steps of transduction: baroreceptor sensitiv-
ity to the inside pressure, pressure-deformation transduction process and deformation neural firing rate
transduction process. The model is based on accumulated physiological and histological evidences and
incorporates a local sympathetic feedback mechanism. We demonstrate that the knowledge of the history
of the time derivative of the vessel wall stress is rich enough to allow the estimation of the inner barore-
ceptor pressure without the need of a pressure set-point. Active vascular compartment modelling leads
us to consider blood pressure in the compartment as an output of the model. Whereas state variables are
blood volume of the vascular compartment, the strain and stress of smooth muscles which are controlled
by the autonomic nervous system (ANS) and by a local control of blood oxygenation. Finally, we conceive
the plan of a possible CV controller. In our point of view, the ANS regulates blood flow and pressure in
different parts of the CV system with local feedback loops supposed to be fast and efficient. We demon-
strate the necessary existence of negative and positive feedbacks: negative for blood pressure and/or flow,
positive for blood flow. In the third section, we introduce actual knowledges and clinical relevance of (i)
the origin of CV variability and (ii) of baroreflex mechanism, relating these concepts to CV modelling. In
the last sections, we develop classical methods of CV spectral and time varying analysis, applying them in
clinical conditions. A joint time-frequency distribution, the Smoothed Pseudo Wigner-Ville Distribution
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2 Monti & Médigue & Sorine

(SPWVD) and an harmonic analysis method, the Complex Demodulation (CDM), are evaluated on syn-
thetic and real CV time-series. We show the ability of this SPWVD-CDM to estimate the instantaneous
amplitude and frequency of CV oscillations and the instantaneous phase between respiratory and CV
oscillations.

Key-words: Cardiovascular System, Respiratory System, Frequency and Time-Frequency Analysis,
Biological Rhythms
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Controéle a court terme du systéme cardiovasculaire :
modélisation et analyse des signaux

Résumé : Notre objectif est de faire le lien entre le traitement du signal cardiovasculaire (CV) classique
et les modéles des sytémes CV et de leur contréle, en tenant compte de son organisation en multiples
boucles rétroactives. Nous discutons de ’état des connaissances sur le controle court terme du systéme
CV, en nous focalisant sur ’analyse des séries temporelles CV et le mécanisme de controle de la pression
artérielle et de l'intervalle RR.

En premiére et seconde parties, nous introduisons les concepts de modélisation qui conduisent a la dé-
finition d’un possible contréle décentralisé du systéme CV, avec plusieurs boucles baroréflexes, et & une
approche de lestimation de leur sensibilité en temps discret. Nous considérons deux types principaux de
compartiments vasculaires : compartiments passifs, constitués d’éléments élastiques et de fibres de colla-
géne et des compartiments actifs constitués en plus de muscles lisses. La modélisation des compartiments
passifs nous conduit & introduire le modéle classique de Windkessel, largement appliqué en clinique &
I’étude de la courbe de pression sanguine. Nous démontrons qu’il peut étre dérivé d’un modéle & para-
métres distribués du compartiment vasculaire, grace & une discrétisation sur trois points des équations
aux dérivées partielles décrivant I’écoulement mono-dimensionel du sang dans les vaisseaux. De plus, nous
relions les définitions de résistance et de compliance vasculaire aux caractéristiques physiques locales de la
paroi des vaisseaux. Nous introduisons une modélisation classique de la pompe cardiaque et nous propo-
sons une commande hiérarchisée de la fonction cardiaque en séparant commande chimique et mécanique.
Nous modélisons les barorécepteurs aortiques et carotidiens en considérant les trois principaux pas de
transduction de l'information : sensibilité des barorécepteurs & la pression sanguine, processus de trans-
duction pression-déformation et processus de transduction déformation-activité nerveuse. Le modéle a de
trés grandes connotations physiologiques et incorpore un mécanisme de régulation sympathique locale.
Nous démontrons que la connaissance de ’histoire de la dérivée temporelle de la déformation de la paroi
du barorécepteur est suffisamment riche d’information pour pouvoir reconstruire la pression & 'intérieur
du vaisseau, sans avoir besoin de connaitre une pression de référence. Nous proposons aussi une version
possible de cet estimateur. La modélisation des compartiments vasculaires actifs, nous conduit & considé-
rer la pression comme une sortie du modéle. Les variables d’états sont alors le volume sanguin vasculaire,
les contraintes et déformations des muscles lisses. Ceux-ci sont contrdlés par le systéme nerveux autonome
(SNA) mais aussi par la concentration locale en oxygéne des tissus. Ensuite, nous abordons la conception
d’un controleur du systéme CV. De notre point de vue, le SNA régle le débit et les pressions sanguines
aux différents endroits du systéme CV avec des boucles de rétroaction locales supposées rapides et ef-
ficaces. Nous démontrons ’existence nécessaire de boucles de rétroaction positive et négative: négatives
pour le débit sanguin et/ou la pression sanguine, positives pour le débit sanguin. En troisiéme partie,
nous introduisons I’état actuel des connaissances et la pertinence clinique de (i) l'origine de la variabilité
CV et (ii) du mécanisme baroréflexe, reliant ces concepts a ceux de la modélisation CV. En derniéres
parties, nous développons des méthodes classiques d’analyse spectrale et d’analyse temps-variant, que
nous appliquons & des conditions physio-pathologiques. Une distribution temps-fréquence, la Pseudo Dis-
tribution de Wigner-Ville Lissée (SPWVD) jointe & une méthode d’analyse harmonique, la Démodulation
Complexe (CDM), sont évaluées sur des séries CV synthétiques et réelles. Nous montrons la capacité de
la SPWVD-CDM 4 estimer les amplitudes et fréquences instantanées des oscillations CV et la phase
instantanée entre les oscillations CV et respiratoires.

Mots-clés : Systéme cardiovasculaire, Systéme respiratoire, Traitement de signal, Rythmes Biologiques
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1 Physiological and Modelling Introduction

1.1 Introduction

The function of the circulation is to supply tissues with oxygen, nutrients and to remove carbon dioxide
and other catabolits. The organs involved in this function are: the lungs which allow gas exchanges, the
heart which pumps blood and the vascular system which carries molecules to the tissues, see fig. (1).
The regulation of these exchanges is under hemodynamic mechanisms, which tend to keep physiological

Respiratory system

air i CNS
il o corter
o of the
Lungs T espi
. nervol
system

Pulmonary vascular system | 3
‘ T L center
3 ! of the

I I Heart b
Right Left I A
s Bea . cardiovascular
L- & R —
[l 1 p—

Cardiovascular system

Figure 1: Model of cardiorespiratory system. Different systems interact to supply tissues with oxygen:
respiratory, vascular (systemic and pulmonary), central nervous system and heart.

variables around a control level; these mechanisms have to adapt the cardiovascular system to changes
(orthostatisme as well as exercise). A strict homeostasis point of view reduces the complexity of the living
systems regulation. Variables involved in cardiovascular regulation, such as blood flow, blood pressure
level, oxygen blood concentration, are kept around their reference point by feedback control mechanisms,
as illustrated in fig. (18).

These control mechanisms have different dynamics and we are interested only in the short term
control, about a few minutes, of the cardiovascular system, which is assumed by the nervous system,
more precisely by its autonomic part (ANS). This short term control involves fast mechanisms of blood
flow and pressure regulation, the baroreceptor control loop, neglecting slower ones, such as hormonal
regulation. A good autonomic function is of crucial importance for life and is of great prognostic value
in many diseases.

INRIA



Modelling and Analysis of Cardiovascular system 7

1.2 Purposes of our studies: RR-interval, blood pressure variability and
baroreflex effector

The aim of this report is to discuss knowledges on the short-term control of cardiovascular system, focusing
on the analysis of cardiovascular time-series and on the arterial pressure RR-interval control mechanism.
Classical cardiovascular signal processing will be related to a cardiovascular model and to a reasonable
control law. The respiratory activity will be “applied” here as an external input to investigate the ANS
control of CV system. In addition, we developed a signal processing tool box (LARY CR, logiciel
d’analyse des rythmes - cardiovasculaires et respiratoire) in a scientific environment (SCILAB/SCICOS).
LARY CRis the object of the INRIA Technical Report n°259 ([95]). Classical signal processing methods,
such as spectral decomposition or time-frequency representations, are adapted to estimate respiratory
and cardiovascular interactions in various situations. Indeed, cardiovascular and respiratory rhythms
and their adaptation are studied under physiological (orthostatisme, sleep), pathological (chronic heart
failure, vasovagal syncope) and pharmacological conditions (activator /inhibitor of the ANS). Respiratory,
electrocardiographic (EKG) and arterial blood pressure (ABP) signals are easily and non invasively
recorded. But only cardiac beat to beat variables extracted from raw signals are used for the estimation
of baroreflex sensitivity and cardiovascular variability, as explained in section (3).

1.2.1 Cardiovascular and respiratory time series

A typical pattern of blood pressure, respiratory and electrocardiographic signals is shown in fig. (2). From
these signals, four time series are extrapolated: RR interval, systolic blood pressure (SBP), diastolic blood
pressure (DBP) and respiratory time series.

SBP, DBP peak time series

156.2 Blood Pressure signal (mmHg)

3 sBP sepP

106.9 —

DBP DBP time (s)
a.5 7.0

R peak time serie
EKG signal (a.u.)

1691

R R

time (s)

o phbilibihililih

—264aa
o 3.5 7.0

Respiratory activity
Respitrace signal (a.u.)

\/\/\//—\\/\/

3.5 7.0

8751

o Lyl bbbl

time (s
—11802 52

0

Figure 2: Blood pressure, electrocardiographic and respiratory raw signals obtained respectively by Fi-
napres, thoracic electrodes and Respitrace.

SBP and DBP rhythms are the successive amplitudes of blood pressure corresponding to mechanical
cardiac events: SBP is the maximum value of the pressure, corresponding to the ejection of the blood
into the aorta, DBP is the minimal value of the pressure, occurring during the cardiac diastole.

The respiratory rhythm is slower than the cardiac rhythm and a respiratory cycle can contain ap-
proximately from three to ten heart beats.

RR n° 4427
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Signal analysis in the time domain, frequency domain or in a joint time-frequency domain is therefore
applied to these time series as illustrated in the following chapters.

1.2.2 RR interval and blood pressure variability

It is well known that mean cardiovascular values can vary according to different physical conditions,
such as rest and exercise, but also cardiovascular values fluctuate under relative stable conditions. This
dynamic behaviour implies that cardiovascular mean values and variability have to be studied together
to reflect the autonomic nervous system (ANS) short-term control of the cardiovascular system. Car-
diovascular fluctuations can be studied through beat-to-beat arterial blood pressure and RR means and
variances and, as has more recently been done, through frequency domain analysis. RR power spectrum is
considered to be an effective non invasive measure for studying neural modulations of RR in many clinical
and research studies. The major interest in measuring cardiac nerve traffic is not surprising, considering

RR interval (ms)
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Figure 3: RR interval, SBP, DBP and respiratory time series with a 2 Hz resampling.

the great prognostic value of autonomic nervous system behaviour in normal and unhealthy subjects. But
more precise characterisations of RR control have been performed by relating RR variability (RRV) to
respiration and arterial blood pressure variability (BPV). Three major oscillatory components are usually
detectable in both RRV and BPV with more or less pronounced spectral peaks [2, 132, 115, 114]:

1. the highest, synchronous with respiration (the so called respiratory sinus arrhythmia, RSA, in RR
signal, and respiratory oscillations in blood pressure signal), is described as “high frequency’ (HF,
about 0.25Hz and varying with respiratory frequency);

2. the spectral peak in the middle, which corresponds to slow waves [71] (or Mayer waves) is described
as “low frequency’ (LF, about 0.1Hz). However, the central frequency of the LF component can
also vary considerably (from 0.04 to 0.13Hz) [46, 47].

3. the slowest, corresponding to the very slow waves is described as “very low frequency’ (VLF, from
0 to 0.04Hz).

We are interested only in LF and HF spectral peaks, which reflect short term control of the cardiovascular
system.

INRIA



Modelling and Analysis of Cardiovascular system 9

2 Cardiovascular system: models and signals

2.1 Cardiovascular system Modelling

The cardiovascular system consists of a complex double chamber pump (the heart), pumping a complex
fluid (the blood) into complex pipes (the blood vessels) organised into vascular compartments, as shown

in fig. (4).

System ¢ Vascul ar System
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—’@—” - Pap 4€£—’+ - UH
Pulmonary veins i
P,y y . Pulmonary arteries Vg . ,
< R
Ayp Aap o
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Figure 4: Diagram of the cardiovascular system. Hpg and Hj stand for the right and left part of the
heart, respectively. Vg and Vi are the volumes of the right and left ventricles, respectively, measured
by voloreceptors (VR). We do not know if voloreceptors are controlled by the ANS. Each vascular com-
partment is characterised by its local cross-sectional area-pressure relationship A, and its pressure Py
(z=A, C, He, ULa, ULv, T, TLL, ap, vp). The arterial pressure Pyr, measured at the upper limbs by
external devices, i.e. at the finger level by FINAPRES. P, (z=A, C, T, ap, vs) are the measured blood
pressure at differentm points in the cardiovascular system by ANS-controlled baroreceptors (BR). We do
not know if baroreceptor in the vs compartment is controlled by the ANS. This system is under control of
the ANS (inputs W, UWULvg, UWTLL,, WA,s UC,, UT,, Uap,), under respiratory mechanical influence (input
Pp, pulmonary pressure) and under local control of blood oxzygen concentration (input [Os]ge, [O2]viw,
[O2]rrL). The diodes and the resistances stand for a Q = |AP| /R characteristic where AP is the blood
pressure drop across the diode.
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In fig. (4), the systemic vascular system is split in three main parts evidencing the measures avail-
able by ANS to control the cardiovascular system. These measures are provided by aortic and carotid
baroreceptors, by low-pressure arterial pulmonary stretchreceptors, by stretchreceptors localised in the
thoracic aorta and in the ventricle walls. In addition, in classical clinical studies, a non invasive measure
of arterial blood pressure is taken on the upper limb arteries by FINAPRES device or other instruments.
Remark that:

1. head compartment is submitted to a local control of blood flow;
2. skeletal muscles are provided with local blood flow control mechanism.

Therefore, the control system is structured in various feedback loops which must efficiently cooperate.

2.1.1 Passive vascular compartment modelling

Several kinds of models have been proposed: some simulate the response of a distributed vascular system
model to a beat-to-beat blood pumping [152], see fig. (5). Other models simulate vascular system using

Py (2)
A,(AP,)

Figure 5: Distributed model of the x vascular compartment. P, is the input pressure, Q is the output
blood flow and A,(Py,z2) is the cross-sectional area-pressure relationship of the x vascular compartment.

lumped parameters. The most popular is the 2-element Windkessel model [159]. In this model the
whole arterial tree is modelled as an elastic chamber with a constant compliance (C=dV/dP, V being
systemic blood volume and P pressure) and a resistance (R) representing the total resistance of the
arterial tree, see fig. (6). Although the classic 2-WK model still finds application, both the magnitude

‘ Qa ‘ QA Zo
2T i + - a| — T + ]
2-WK model 3-WK model

Figure 6: Lumped model of vascular compartment.

and phase of its input impedance display significant discrepancies when compared to measured values
at high frequencies [159, 150]. To overcome to this limitation a 3-WK has been proposed including
the characteristic impedance of the ascending aorta (Z,) placed proximally to the 2-WK model. This
impedance can be a real number (merely a resistance effect) [159, 150] or a complex number (a parallel of
a resistance and a inductance) providing, in simulations, better results [151]. Finally, based on measured

INRIA



Modelling and Analysis of Cardiovascular system 11

pressure-volume relationship on blood vessels [76] a 3 non-linear WK model (Z, = Z,(P) and C = C(P))
has been proposed [170]. All these models have been applied to compute aortic flow from pressure curve
or to characterise the vascular system using very simple parameters.

To be more precise, we give the relationship between the 2-WK, 3-WK and distributed models. A
distributed model of vascular compartment can be defined as follows:

04, | 0Q, -0
ot 0z
2 1)
. 0Q: + g(&) _ A, 0P, 8eymp Qo
oot 0z \ A, p 0z p A,

This model is based on the one-dimensional flow equations resulting from the integration of the continuity
and momentum equations over the cross section of the vessel [152]. Where A, (P, z) is the cross-sectional
area of the vessel, Q. (P, z) the distributed blood flow in the vessel, ¢, coefficient of the inertia term
in shear stress model, ¢, coefficient of the viscous term in shear stress model, P,(z,t) is the distributed
pressure in the vessel, p is the blood density, p is the blood viscosity. The system of equations is completed
by a model of the local compliance of the vessels A, = I';(AP;), a “state equation”. An example of the
increasing monotonic function I'y, is:

A, (AP) ¥ T, (AP,) = A, [1+ Cy, AP, + C,, AP?] )

where AP, = P, — P, being P, the external pressure and A,  is the reference cross-sectional area
in the z vascular compartment [152]. Other kind of state equations have been proposed: a logarithmic
[135] or a tangent [76] pressure-area relationship, accounting for the nonlinear elastic behaviour of the
arterial wall. The distributed model could have, for example, the following (pressure-flow P-Q) boundary
conditions, as shown in fig. (5):

P|z:0 = PZ"

®
oP
A2(AP) o

1

)\p :Qw

z=L

Q|z:L =

It is also possible to consider other boundary conditions (P-P, Q-P, Q-Q, ...). Neglecting the inertial

a o (@2 :
terms ¢, —5;° and 52 (A—“) we can write:
x

A, 19 (,,0F
ot _Xﬁ(Aw 8z)_0
Qo= -} a2

where A = 8¢, 7 u. Taking into account the state equation (2), we have a simple partial differential
equation

0A,(P, —P,,) 8P, 108 (Ai(Pz—on) apw> o

OP, ot A0z oz 4)
Qo= — 3 A2(P, — P,,) %=
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Figure 7: Two-element vascular compartment model deduced by the distributed model, neglecting inertial
terms.

Taking into account only three points, see fig (5), the enter- with pressure P;,, the middle- P, and at
the exit-point with a blood flow @, discretisation of (4) leads to:
dA:c sz 1 Ai(Pz_Pwo)
ip, @& Az |9 T T aAs

(Pz - B ) =0
(5)
_A?c(Pz_Pwa)

in = P, — Py,
QZ )\ AZ ( v )
The vessel compliance defines the changes in the blood volume due to a given changes in the distending
pressure and in a distributed model can be expressed as C,,(AP,) = %(APZ). In a three-points model,

eq (5), the lumped compliance can be expressed as

dA,

C.(AP,) = Az JAP,

(AF:) (6)

The vessel resistance defines the drop in blood pressure across the vessel. In a three-points models it can
be expressed as

8T ¢y pp Az
Ry (AP;) = TA2(AP,) (7)

Therefore, principal vessel characteristics can be deduced from the cross-sectional area-pressure relation-
ship and a two-element vascular compartment model (RC-cell model) can be easily obtained by distributed
model neglecting the inertial terms. Taken into account eq. (6) and (7), eq. (5) becomes

4P, P, = Pu | _
CalPe = Pr)) " + |Q + i —p| =0
1 ®
in=————— (P, — P
Qm Rw(Pw_Pa:o) ( ’ Z)

Remark that
The usual description of the circulation leads to a clear separation between the resistance and compliance
functions of the different vessels. We recover this property noting that in large arteries and veins, the

resistive effects are smaller due to (7): only small pressure differences are needed to drive the cardiac
output through these vessels, while their changes in volume are highly significant. The main site of
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resistance is in the tissues themselves (primarily at the level of smallest arteries, the arterioles), where
the volume changes are less important but where large pressure drop are observed. In large vessels, the
resistance can be neglected, so P, = F;,. In arterioles, the blood volume changes can be neglected being
the input pressure filtered by upstream vascular compartiments, so Q; & Q;n-

Concerning the vascular compartiments, the ANS controls primary the external pressures (Pyrv,,
Prr1,) and in particular the volume of the systemic veins (systemic veins take into account the 70% of
total blood volume), and resistance of arterioles, as shown in fig. (4).

Finally, remark that classical 2-WK lumped model of the entire vascular compartiment, see fig. (6),
can be obtained by two RC-cell models in series when one neglects the aorta resistance, the peripheral
compliance and consider the output pressure of the second RC-cell equal to zero. The 3-WK model can be
deduced by RC-model taking into account the aorta resistance and neglecting the peripheral compliance.
In addition, taking into account the inertial term c, 99: in eq. (1) the corresponding model would

ot
include the inertance term recently added to the 3-WK model [151].

2.1.2 Heart Modelling

The heart can be considered as a double chamber pump that accepst fluid at low pressure (P;) and
transfers it into a region where the pressure is high (P, > P;). Thus, the heart performs works on the
fluid and the power of the pump can be estimate by the product @ (P> — P;), where Q is the fluid flow.
Consider, for example, the left ventricle. The left ventricle is equipped with an inflow (mitral) valve and an
outflow (aortic) valve. When the ventricle is relaxed (diastole) the inflow valve is open and the outflow
valve is closed. During this period of time, the left ventricle receives blood from the left atrium at a
pressure that is essentially that of the pulmonary veins, thus, for the left ventricle P, = Ppy = 5 mmHg,
see fig. (4). When the ventricle contracts (systole), the inflow valve closes and the outflow valve remains
closed (isovolumetric contraction) and opens (ejection) only when the pressure in the left ventricle is
greater than the pressure in the ascending aorta. Therefore, the left ventricle actively pumps blood into
the systemic arterial tree. Thus, for the left ventricle, P» = P4 =~ 100 mmHg. What determines the
output of the left ventricle under these conditions?

To answer to this question, recently, an heart model has been proposed [10]. This model is very
peculiar has it is derived from a micro (myofibres) to macro (muscular fibres) mathematical passage.
It intrinsically includes a lot of muscular characteristics and it is quite simple. For the left ventricle in
cylindrical geometry, it can be simplified to:

( iCCL =— (|uH| + |6CL|) kCL + kCLo |uH|+

Ocp =— (|UH| + |éCL|) Oc, + kepcp + 0cp, |UH|+

€er =—(2Qw+na)é., — w? €cp —do(ecy) (key o+ 0cp) + B — et
Vou,

g Vou, (9)
. 1 1
Vi, :R—lppv — Py, (VHL7OCL’ECL)|+ - R_l‘PHL (VHL7UCL7ECL) - PA|+
pv A
d
where Py, (VH, ,0c; ,€cr,) = kL% Ocr,
\ Hp

where

o k., is the total left ventricle muscular controlled stiffness;
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o, is the total left ventricle muscular controlled stress;

€., is the total left ventricle wall strain;

€., is the left ventricle wall speed;

do(ec,) is the lenght-tension relationship of the muscle fibers;
Py, is the left ventricle pressure;

Vh, is the left ventricle volume;

P,, and Ry, are shown in fig. (4);

ug (t) is the chemical command controlling the left ventricle contraction and d,(¢) appears as a
mechanical gain adaptation which takes into account the Starling effect, see fig (8). In fact the

do(e)

€

Figure 8: Mechanical command d,(g) of the heart to take into account the Starling effect.

Starling’s law of the heart is an expression of the length-tension relationship in the muscles. In
the ascending limb of the Starling curve, the more is filled the heart the more amount of blood the
pump will push out (a stable condition), on the other hand in the descending limb the more is filled
the heart the smaller amount of blood the pump will push out (an instable condition). Assuming
a separation of the mechanical and chemical command, we are lead to conceive a hierarchical
control of the heart. At the upper level ug(t) is the command which is applied to guarantee a well
oxygenation of the body tissue assuming a steady filling of the heart, i.e. the controller acts as the
heart pumps in a open loop system. At the lowest level, given a central command ug(t) and the
actual filling condition of the heart, d,(¢., ) regulates the command ug (t) to finally have the correct
heart command. Remark that, in the ventricular and atrium walls are located stretchreceptors that
can be used to estimate this d,(e.,) regulation.

Other models based on a time variant elastance [60] have been proposed, but they are reductionistic
and behavioural models. Moreover, model parameters have no direct physiological meaning but they are
chosen ad doc. An application of such models in a cardiovascular system can be found in [60, 160].

2.1.3 Baroreceptor Modelling

Physiology

When a change in carotid sinus (or in the aorta) arterial pressure occurs, the cross-sectional area of
the sinuses changes, whereby the viscoelastic walls is deformed (pressure-mechanical deformation). The
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receptors at the nerve endings are located in the lateral wall of the carotid sinus. The mechano-electrical
transduction takes place in these receptors themselves by a poorly understood coupling mechanism.
Hence, a change in pressure causes deformation in the spatial structure, which results in a change of
activity of the baroreceptor nerves. This activity is denoted the firing rate. Principal peculiarities of
carotid sinus baroreceptor response are the followings:

e firing rate increases with carotid pressure;

e response curves exhibit threshold (the positive and stable equilibrium value which the firing rate
approaches when no change in pressure appears) and saturation (maximum value of the firing
rate) in a sigmoidal shape and show asymmetric behaviour depending on the direction of pressure
changes;

o sufficiently fast decreases in pressure cause firing to drop even below the threshold value;

e a step change in pressure causes a step change in firing rate followed by resetting phenomenon, i.e.
a decay in firing rate towards the threshold value. Resetting is called adaptation;

¢ finally, observations indicate that the response curves for hypotensive sinus and hypertensive sinus
simply are translations to the left and right along the pressure axis, respectively, of the response
curve for normotensive sinus.

A more detailed summary of these peculiarities can be found in [73, 103, 112, 155, 164]. There has
been a large effort to model these nonlinear characteristics of the baroreceptors [112, 155], but all are
descriptive models. In fact, they do not separate the pressure-mechanical deformation of the carotid sinus
wall model from the mechano-electrical transduction in the receptors themselves. Moreover, any model
take into account the efferent sympathetic influence on baroreceptor activity, as discussed below. In [73],
a first step in this direction has been made without a clear formalisation of the model. We will overcome
this limitation developing a pressure-mechanical deformation model and analysing the possible usefulness
of the sympathetic feedback for baroreceptor activity control.

Modelling of the baroreceptor compartment

The carotid and aortic baroreceptors can be modelled as shown in fig. (9), the measured pressure does
not coincide to the pressure inside the blood vessels, as also well known in physiology [155]. In fact,
baroreceptors are sensibles to local vessel stretch (and they are usually called also mechanoreceptors),
therefore their characteristics are based on the local relationship between inside pressure and vessel cross
section strain. Applying eq. (8) to the vascular compartment upstream (z_) the baroreceptor, to the
baroreceptors (z;) and finally to the vascular compartment downstream the baroreceptors (x4 ), we have

Qinwb_ = Cacb_ wa_ + sz_ ) Qinmb_ R:I:b_ = -Pinmb_ - Pacb_
wa_ = C:Eb Pﬂvb + wa 3 wa_ wa = Pavb_ - sz (10)
sz = C:cb+ sz+ + sz+ ) sz sz+ = sz - sz+

dAq
where C, = Az Gpt, Ry, = Az o (gp%) and so on.
Th

Assuming that the baroreceptor lies in a very narrow zone, such as L,, — 0 in the fig. (9) then both
R,, — 0 and C,, — 0 since Az — 0. In this case

P,, — P,,_ = O(Az) (11)
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Q.’L‘b— Q.’L‘b Q.’L‘b+

Figure 9: Baroreceptor compartment modelling.

we will refer to this case as the zero order approximation of baroreceptor model. It is interesting to under-
line that considering a pure compliant model for the baroreceptor, one obtain the same approximation.

A first order approximation can be obtained assuming Az — 0 that implies Cy, R;, — 0, in this case
we have

Py, — (Py,_ — Rq, Qa,) = O(AZ?) (12)
taking into account eq. (10), we have a simple first order approximation of inside baroreceptor pressure:

Re, o,
K3

Mooy _
Ry, b

+ 0O(AZ?) (13)

R, :
P:cb =wa— (1 * R—b> + wa C:cz,_ wa_ -

Th—

This model relates the inside baroreceptor pressure F,, to the pressure in the upward vascular compart-
ment.

We consider now the mechanical deformation of the carotid sinus wall induced by intrasinus pressure
changes. The conception of a realistic model needs a deep knowledge of the carotid wall tissue structure
and characteristic.

Modelling of the pressure-deformation transduction process.
Assuming the following spatial arrangement of the receptors, as shown in fig. (10):

e the stretch-receptors are in the middle of the vessel wall, in fact the baroreceptor nerve terminals
are located along the media-adventitial border and in the deep layers of the adventitia of the sinus
wall [73].

e the vessel wall is constituted by both smooth muscles, collagens and elastic membrane constituting
three coats: intima, media and adventitia. The carotid sinus wall contains only small amounts
of smooth muscle but a high elastic content. The thin intima layer comprises endothelial cells,
and an internal elastic membrane. Tunic media comprises alternating layers of concentric elastic
membranes and longitudinal and circular smooth muscle cells. Thick adventitia layer comprises
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elastic and collagen fibers with external elastic membrane establishing the border between the
media and adventitia. The latter consists of a network of collagenous fibers within which smooth
muscle cells are interspersed in a parallel organisation and which encases the external elastic lamina.
The special arrangement of collagen and smooth muscle within the arterial wall forms a “jacket”
which controls the distensibility of the artery [73].

EXTERNAL

COMMON (¢ CAROTID

G
CAROTID .. .

%) INTERNAL
CAROTID

ADVENTITIA

EXTERNAL
ELASTIC
LAMINA

]— MEDIA

Figure 10: Spatial arrangement of baroreceptor (bottom) within the carotid sinus wall and their innerva-
tions, from [72, 73]. In [73], it was assumed that baroreceptor activity originates from receptors mechan-
ically linked to the three specific wall structures : elastin , collagen fibers and smooth muscles (receptors
outputs are respectively ne, neon, ne). The ANS control smooth muscle contraction by local sympathetic
efferent activity (baroreceptor smooth muscle input ug, with x = A, C, T, ap). We will demonstrate that
information provided by collagen and elastin receptors is sufficient for blood pressure tranduction process.

e the gross baroreceptor nerve is envisioned as consisting of a mixture of three fiber types A, B, and
C. Discharge patterns, threshold characteristic, adaptation dynamics and conduction velocity have
been studied. C-fibers have a slow conduction velocity (0.5 and 1.8 m/s~!), a lower discharge rate,
an high adaptation time-constant and a higher threshold pressure. In contrast, A-fibers have a
much higher conduction velocity, a higher discharge rate, a small adaptation time-constant and a
lower threshold pressure, [73, 112]. The relationship between discharge rate and nerve conduction is
outside the aim of this report, but by applying nerve modelling concepts, based on partial differential
equations and on Hodgkin-Heuxley formalism, it is possible to demonstrate that the higher is the
discharge rate the higher is the conduction velocity, i.e. the higher is the pressure error the faster
will be the response. Similarly to [73], we can assume that baroreceptor activity originates from:
(i) collagen receptors located within the adventitial collagenous fibers, n.o; in fig. (10) (ii) elastin
receptors located within the external elastic membrane, n, in fig. (10). We will demonstrate that
information provided by these receptors is sufficient for blood pressure transduction process. Smooth
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muscle receptors are not strictly necessary, therefore, they can provide complementary information
or they does not exist. Clear information about this topic is not available. Interestingly, there are
smooth muscles located within the adventitial smooth muscles which are innervated by sympathetic
efferents u. Stimulation of these efferents causes an increase in the baroreceptor nerve activity, a
decrease in the carotid sinus diameter and its elastic modulus. This effect is evident for intrasinus
pressure below 130 mmHg, above 130 mmHg this effect is largely reduced and it disappears at very
high intrasinus pressures.

Assuming the following functioning of the receptors:

these receptors are sensible to the time derivative of the stress. Some researchers assumed that they
are sensible to the strain and/or to the time derivative of the strain, [73]. In fact, assuming that (i)
locally, ionic channels are sensible to time derivative of the strain and (ii) local strain and fiber stress
are linearly related, we can related firing rate to the time derivative of the fiber stress. Therefore,
the two assumptions are not different. Regardless of receptor spatial location, stretch-receptors lie
in parallel with the wall structures whose deformation is being monitored.

at normal blood pressure the collagen fibers are not strained, i.e. they are buckled, and the elastic
modulus of the elastin tissue dominates in determining the shape of the carotid sinus pressure-
deformation curve.

as the intrasinus pressure increases above the normal blood pressure, “recrutement” of collagen
fibers causes an increase in the elastic modulus with a corresponding decrease in distensibility. This
means that the collagen fibers, which are buckled at low pressure, become taut as the sinus expands,
thereby taking up an increasing portion of the stress.

at considerably higher intrasinus pressure (hypertensive levels), the excessive stretching of the wall
also stretches the smooth muscles anchored to the collagen fibers as well as stretching the collagen
fibers.

the observed sigmoidal pressure-firing rate relationship seems to be more related to the deformation-
firing rate transduction process than to the pressure-deformation transduction process, [73];

the baroreceptor impulse has an inhibitory effect on the vasomotor center and on the sympathetic
outflow.

Elastin element modelling
We can write a linear stress-strain relationship for elastin fibers strain ¢, and stress o, [45]

e = He(ee) = kete (14)

Collagen fiber modelling
Strain-stress relation in collagen fibers can be modelled by a visco-elastic rate-independent differential
equation. In fact, the visco-elastic rate-independent salient feature of collagen fibers has been already
observed [45] and is taken into account from the beginning of the modelling procedure. For simulation
purposes, a model which is able to reproduce these observations can be constructed as follows. Defining
B = ¥(o) where ¥ : R — R is a monotonic function such as ¥(0) = 0, for collagen fiber modelling, we
propose

[L+sgn(BB)| (7. &+ 18le) = 22,8 + 782 [1—sgn(3 ) (15)
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where €, > 0 correspond to the maximal deformation, i.e. [e(t)] < &,. By eq. (15) we explicitly
separate the stretching/contracting (]3| ,/*) characteristic of collagen fibers from the relaxation (|5] \)
characteristic. In fact:

e dg

Jag = e e g P17
) (16)
E E

T_ |d6| - m |/B| \«

Eqg. (16) demonstrates the rate-independent property of eq. (15). By Fung’s terminology, eq. (16) is an
incremental constitutive law of viscoelasticity, [45].

—€o €o

Figure 11: Rate-independent § — € characteristic of collagen fibers as defined by eq. (16).

Fig. (11) shows two trajectories starting from the origin. Eq. (16) underlines the role of the 7, and
T_ parameters: 7, is a stress space-constant and regulates the exponential 3 — ¢ relationship, whereas 7_
is without unit and the greater it is the faster 8 tends to zero during relaxation. Both of them act for
large stress and strain values, whereas the monotonic function X(o) can be chosen to reproduce collagen
fiber o-¢ relationship for little stress and strain values. In fact, for little strain values, collagen fibers are

L4

Figure 12: Rate-independent o — ¢ characteristic of collagen fibers as defined by eq. (16). Continuous
lines stand for o = 3 choice, whereas dotted line stands for o = ,B(Hl)/(ﬁb +a’) (witha >0 and b > 1)
choice to have an exponential o-€ relationship for large o, € values and a backlash for small o, € values.
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characterised by a backlash corresponding to negligible strain values as they are buckled. Taking 8 = o
in eq. (15) this characteristic is not reproduced. Hence, thanks to the ¥(¢) monotonic function, we
can adapt eq. (15) to the stress-strain relationship for little o and e values maintaining an exponential
o-¢ relationship when ¢ approaching the maximal strain value ¢,, as already described for the parallel
element of the contractile element [96]. Fig. (12) shows two different trajectories in the o — ¢ plane when
we chose either 8 = o or 0 = ﬂ(b"'l)/ (8% + a®), with @ > 0 and b > 1. The second choice reproduces
better the backlash zone of the collagen fiber o — & characteristic than the first choice.

Smooth muscle modelling
A simplified version (without active relaxation) of the model of the contractive element, developped in
[10], is considered. It provides the o,, = Hy,(€z,us,) with z = A, C, T, ap, vs. We consider now one
contractile element in a general baroreceptor and, to simplify notations, we used a ¢ index for contractile
element variables. So the o, = H,(e,, uz,) relationship is:

k., = — (ug, + |Ec|) ke + keo Ug,
Ge =— (ugy + |Ec|) G + keée + Ocp Un, (17)
Oc :do(ec) (kc §0+&c)+néc

as already introduced for heart modelling, see paragraph (2.1.2).
Vessel wall modelling

The organisation of the elastin, collagen and contractive elements (fig. (13)) implies, for small defor-
mations and small membrane thickness, the following relationships

l_colh (]— + Ecolh) + l_collz (]- + 660”2) = l_e (]- + 56) (18@)
l_COHQ (1 + Ecollz) = l_c (1 + Ec) (18b) (18)
Ocolly (Bc + Bcollz) =0 ﬁc + Ocolly Bcollg (180)

where I, I, l.ou, (i=1, 2) are unstrained lengths of the elastin, contractive and collagen element, respec-
tively, and he, he, ’_lc0112 (i_Lco”1 = he + ’_lc0112 ) are the “constant” width of the elastin, contractive and
collagen layers, respectively. We assumed constant widths to simplify the model.

From the ANS point of view, the knowledge of collagen strains, i.e. €coi,, Ecoll,, and stress, i.e. oeory,
Ocoll; Of elastin strain, i.e. €., and of the command values u, allows the estimation of the other system
parameters, in particular the inner baroreceptor pressure P, :

27 [Ucolll (Bc + }_lcollg) + 0o Be]
P, = = P,
b le (1 + Ue/ke) + t (19)

where P,;; is an external pressure that can be considered as an external constant pertubation.

The strategic location of smooth muscles cells within the adventitial collagenous net, with their sympa-
thetic innervation, provides for a mechanism by which neural stimuli could alter the mechanical properties
of the sinus wall and the stress-strain relationship of the receptors involved. This mechanism can be used
by ANS to estimate the intrasinus blood pressure, as we will discuss in the following paragraphs.
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bar oreceptor element

pressure-deformation
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carotid sinus deformation-electrical | T
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Figure 13: Simplified model of spatial arrangement of elastin, collagen and smooth muscle elements within
the carotid sinus wall, illustrated in fig. (10). u,, (x = A, C, T, ap) is the local sympathetic control of
the slow and weak smooth muscles. n,, (x = A, C,T, ap) is the firing rate recorded on the baroreceptor
nerve.

Modelling of the deformation-firing rate transduction process

To model the deformation-firing rate transduction process, we used a simplified version of the model
proposed by Ottesen in [112] which related intrasinus pressure to neural activity (only two firing rate
ranges are considered here to code 6.0, and ). Assuming that stretchreceptors are sensibles to the
time derivative of the stress:

. _ . Neotly (Meolty —Meotly )

Tcollty = Keolly Tcolly I(Mcotlll/Q)z L — Teoll, (ncolh - Ncolh)

. - ne (Me—n 1 —

Ne = ke O 3(1(\46;2)26) - T_e(ne - N,) z=A,C,T,ap (20)

Ng, = kl Neolly + k2 Ne

where n denotes the time derivative of the firing rate n, ¢ the time derivative of the stress, k is a
proportional constant, M the maximal firing rate, 7 a characteristic time constant describing the resetting
and N the threshold, i.e. the positive and stable equilibrium value which the firing rate approaches when
no change in pressure appears. Remarks that eq. (20) has, implicitly, all the well known characteristics
of the baroreceptor response to blood pressure stimulation: asymmetric sigmoidal shape depending on
the direction of strain changes, resetting mechanisms and, finally, it does not depend of strain value,
therefore, it can be easily applied to normo-, hyper- or hypo-tensive subjects after a transient due to the
baroreceptor adaptation. Ottesen, using eq. (20), was able to reproduce classical experimental findings
concerning the blood pressure-baroreceptor nerve activity relationship. A question arises: if eq. (20)
really describe deformation-firing rate transduction process, how is it possible for the ANS to estimate
the inner pressure in the baroreceptor Py, ?
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Pressure estimation by a tonic control of weak, slow smooth muscle elements

The estimation is not a trivial task because, as indicated by (19), o.on, and o, are required, but as it
appears in (20), the output of the baroreceptor are ..y, and &.: there is not reference stress. In fact,
we will show that the presence of the stress deadzone in the o — ¢ collagen characteristic, makes possible
the estimation of the stresses for some particular time instants.

Looking at the scheme in fig. (13), we will demonstrate that ANS can estimate P,, — P, by the
knowledge of the history of ¢.oi,, dcon, and 6. and by a tonic control of weak, slow smooth muscle
elements. The tonic control made by the chemical control u. of smooth muscle consists of the u, = 0,
for high pressure values, and v = uJ*** > 0 for slow pressures values.

Estimation problem

e estimate collagen and elastin stresses ooy, (t), 0.(t) (and hence P,, — P,;;) from their time deriva-
tives G oty (t), 0e(t)-

Assumptions

e an alternance of diastolic (P,, < 0) and systolic (P,, > 0) phases takes place. We note T}, =
[tn, tnt1] SO that Ty, will represent diastolic phases and Ty,41 systolic phases,n =0, 1 ...

e collagen characteristic is idealized, as shown in fig. (14), and we assume that ANS has an a priori
estimation of k. and of &; (¢ =1, 2), the upper limits of the deadzone;

e 0. is nearly constant, in the following we suppose o. = . > 0. Then, by eq. (18c), dcon, =
ﬁcoll -
ﬁc+7bc3u2 Teolly 5

e we assume that there is always an instant in the recent past where collagen enters into the deadzone.
More precisely, noting

z(n) = max {ny|n, < n, deou, (tan,) < 0and It € Toy,,, deon, (t) = 0} (21)
we assume that sup,,(n — 2(n)) < +00. In the following, we will note:
ta2(n) = min {t|t € To,(n), Geon, (t) =0} (22)
Properties:
Vt 6e(t) # 0 and Geon, (t) = 0 (i =1, 2) = ocou, (t) Teou, (t) =0 (23)

Proof: 6, # 0 = €. # 0 = |€conty | + |€conr,| > 0, with (18¢). Then .oy, # 0 (i=1 or 2) and
Ocoll; = chall(scolli) Ecot; =0 = Héoll (8C0”i) =0=o0cu; =0 (izl or 2)'

Vn, Yt € Tap Po, () < 0= 6(t) <0 and Geon(t) <0 (24)

Proof: A;,(AP,,) and H,(e;) (x = e, coll) are monotonic functions.

Vn, Yt € Topnt1 Poy(t) > 0= 6o(t) > 0 and Goon(t) > 0 (25)
Proof: Az, (AP,,) and H,(e;) (x = e, coll) are monotonic functions.

Estimation of Py, (t) — Peyt
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Figure 14: Idealized o.o11 = Heot1(€con) relationship of collagen fibers.

P,,(t) — Pyt can be estimated by:

(

t
&colll (t) = &colll ({2z(n)) + [ o.—colll (t) dt
t2z(n)

L 6ut) = 6etanmy) + / Go(t) dt (26)

t22(n)

~ 5 _ 27 [&colh (t) (EC + }_7‘00”2) + &e(t) }_le]
P, (t) — Pexr = L (1+ 6e(t)/ke)

where

£. icol 1+ 17H_1 Oc +i502 ]_-{-2
Ge(Faz(m)) = ke < u (1+max (e, co{ll(o- ) i, (L+e,,) _1>

le
(27)

Geotty (Baz(n)) = e
colly\l2z(n)) — Oc Bc+ﬁcoll2
t5,(n) being given by (21) and (22).
Proof:

The ANS can estimate the time instant t,(,,) by eqs. (21) and (22), and then, by properties
(23)-(25), the stress and strain in all vascular elements are given by:

( Ecolly (t2z(n)) ~ max (EH- ) H;yllll (66))
Ecolly (t2z(n)) R Eyy

Ocolly (t2z(n)) RO, P —

L Ocolly (t22(n)) ~ 0

Hence, by the integration of the measurements and by eq. (19), (26) follows.
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Comments:

1. The estimation of P,, (t) — Pez: is based on the detection of “buckled collagen fiber” condition during
a local diastolic phase;

2. The oscillating behaviour of the inside blood pressure allows intrasinus blood pressure estimation,
in steady condition blood pressure estimation will be not possible.

3. The presence of elastin elements is not sufficient for blood pressure estimation, collagen fibers are
needed.

4. Blood pressure estimation is finally very simple and needs the knowledge of k., &, (i =1, 2), &,
and an accurate observation of the sign of ¢.,;; and the history of .,y and de.

5. Blood pressure estimation can be made by a very simple smooth muscle control law: . = 0 or
. = o™ > 0. By eq. (26) we can conclude that active blood pressure estimation (7, = o%%)
is useful only for high blood pressure values, whereas passive blood pressure estimation without
smooth muscle contraction (7. = 0) can be used for low blood pressure values, using eq. (27).

In the following, we assume that the ANS knows the arterial blood pressure P,, at the baroreceptor level.

2.1.4 Active vascular compartment modelling

We are now interested to model an active vascular compartment, as the one shown in fig (15). The aim
of this paragraph is to find a dynamical relationship between local cross-sectional area A, local pressure
difference P, — P, and local chemical command of smooth muscles u,, with z = ULv, TTL.

Figure 15: Simplified rheological model of a vascular compartment x. wu, is the chemical command of
smooth muscles. Py, is an external pressure that can be considered as an external constant perturbation.
P, is the blood pressure in the vascular compartment. A, is the cross-sectional area of the vascular
compartment. Assuming a constant length of the vascular compartment I, the volume of the = vascular
compartment is given by Vp = I, A,.

We assume that vascular wall structure is similar to baroreceptor wall structure, so the rheological
diagram shown in fig. (15) is the same of the one shown in fig. (13). To describe collagen, elastin
and smooth muscle elements, we considered the same stress-strain relationships introduced at paragraph
(2.1.3).

INRIA



Modelling and Analysis of Cardiovascular system 25

Considering eqgs. (17), (18), (19) and an idealized stress-strain model for collagen element, see fig.
(14), for example

Ecoll; — €it
Ocotl; = Heott; (€cott;) = keou; |6 it -1, i=1,2 with econ; < €0

Noting V, and [, the volume and length, respectively, of x vascular compartment, we can write:

(
47V,
e V:c = = -1
ee(Va) =4/ Zi
I
500!12(502) =7 (1 +8Cz) -1
lcollz
9 _ _
le le
Ecolll(megcm) =7 (1 +56(Vw)) - l— (1 +Ecm) -1
colly colly
Oc, (Vmaecm) = hcoz;‘.f:—hc Hcolll (Ecolll (Vmagcm)) - hiilz Hcollg (660”2 (Ecm))
\

Finally, a dynamic model of the active Windkessel compartment has four state variables: k., 6., €.,
V.. Considering P;, and @, as inputs, the model is:

ke, =—(up + |Ec.|) ke + Koo, Uz
UL—cm = - (uw + |Ecm|) Oc, + kcm €co T Ocp, Uz
. 1 ~
€ca = —{do(ec,) [ke, 0+ Gc,] — e (Varec,)}
Nz (28)

. A V2

= - - Pz zy€cy) — P’m, P:E — I —
7, Qu — [AP(Vase) = Pt Pu) gl

where AP, (V,,e.,) = 2 W{[hc + hCOllz] Hclolll[(fflgl ((‘37)?%)) + ke he £(Vz) }

if Q;y, is given instead of P;,, we can use

V2
zn:AP:c Vz; c _-Pz'n+Pmo —
Qin = [AP; (Vs ec,) ]SWCUME

Interestingly, blood pressure in the z active vascular compartment is an output variable and not a state
variable as in passive case. Remark the similitude between the heart model eq. (9) and this active
vascular compartment model eq. (28).
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2.2 Cardiovascular short-term control
2.2.1 Local control of vascular smooth muscles

There is a local control of cross-sectional area-pressure relationship as well known in physiology [53]. We
expressed it as a feedback law:

Uy = Ugp — [O2], x=ULv, TLL (29)

where wu, , is the reference values for smooth muscle chemical command in the z vascular compartment

vascular compartment
—
Zz

i

Figure 16: Simplified functional diagram of the interaction between local and central control of vascular
smooth muscle in a x vascular compartment. wug, is the reference values for smooth muscle chemical
command coming from the ANS. [Os2]; is a local information on ozygen concentration which affects
smooth muscle contraction. P, is an external pressure that can be considered as an external constant
perturbation. P, is the blood pressure in the vascular compartment.

provided by the a sympathetic efferent nerves of the ANS. But locally, to assure a good supply of oxygen
to working muscles [O2];, these set-points can be corrected or not. We represent this last mechanism
with a dependence upon [Oz], as shown in fig. (16) and in eq. (29).

2.2.2 Beat-to-beat estimation of aortic blood flow

We relate the time-average aortic blood flow to time-discrete cardiovascular variables.
Considering the model of the heart introduced at paragraph (2.1.2), eq. (9), and the model of the
ascending aorta compartment introduced at paragraph (2.1.1), eq. (8):

|Pop—Puy |, |Pug—Pal,

Vi = Rop " Ra(Pa—Pa,)

(30)
Qa=—Ca(Pa—Pa,) Pa + |VL|_
We assume C4(AP) = Z4(AP) (for example T4(AP) = Ca, AP + Cy4, (AP)?, considering egs. (2)

and (6).
Assumption

e an alternance of blood ejecting (Vz < 0) and heart relaxing, filling, contracting (Vz > 0) phases
takes place. We note I;, = [tm,tm+1] (m =0, 1, ...) so that I,,, represent the m-th heart ejecting
phase, I5,,1+1 represent the m-th heart relaxing, filling and iso-volumic contracting phase;

e we assume, and physiologicaly have, that V¢, P,,(t) < Pa(t), i.e. blood pressure in the pulmonary
venous compartment P,,(t) is always smaller than the pressure in the ascending aorta compartment
Py;
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isovolumetric contraction isovolumetric relaxation
gection / heart filling

I1 Iz I3 I4

Figure 17: Idealised pressure curves in the left ventricle Py, and in the ascending aorta Pa. The cardiac
cycle is split in systolic and diastolic phases.

e HR,, = tay, — tam_o is the m-th heart rate;
° me = Pa(tarm) is the m-th aortic diastolic pressure;
o me = P4(tam+1) is the aortic pressure at the end of the m-th heart ejection;

o VL = Va(tam) is the blood volume in the ascending aorta compartment at the end of the m-th
isovolumetric phase;

o V4 =Vu(tams1) is the blood volume in the ascending aorta compartment at the end of the m-th
ejection;

o VP =Vp(tan) is the left ventricular volume at the end of the m-th isovolumetric phase;
. VLEm = VL(t2m+1) is the left ventricular volume at the end of the m-th ejection;

tom
Qa,, def HR,, Qa(t) dt is given by

tom—2
Quan=HRn {[CAPE _, ~Pa)PE _, —CuPP —Ps) PR |+VE_ -VE_} (1)
Proof

By definition, @ 4,, can be calculated as

tom—1 tom
Qa,, = HR,, / Qa(t) dt+/ Qa(t)dt

tam—2 tom—1

but Vt € Loy, Vi(t) > 0 and Vt € Ipi1, Vi(t) <0, and Ca(Pa — Pa,)Pa = Va, hence

Qua, = —HR,, / e (VA(t) + VL(t)) dt + / . Va(t) dt

tom—2 tom—1
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and, solving,
Qan =HRy [VE _, —VE +VE _ -VE ]

and expressing V. _and V? by T4(AP), we have eq. (31).

2.2.3 Feedbacks in cardiovascular short-term control

The autonomic nervous system regulates blood flow and arterial blood pressure through sympathetic and
parasympathetic neural innervation, u, and u, on fig. (18). Sympathetic and parasympathetic (vagal)
have an antagonistic effect on heart rate: the sympathetic is a slow accelerator and the parasympathetic
a fast inhibitor. Therefore, heart rate is the result of the autonomic balance on the cardiac pacemaker

sinusnerve (IX)  ™control

central respiratory mechanical
effect system effect
ANS efferent information
""" QX R R PROCESS
T =
| Information —= (D= control. 1T P EFFECTOR||ur _|Heart & Vascular—,
[ ; ontrol. s —
| Processing [——=®—= compartments
ng E/F . |way, uoy, uTy, Uapy, VESSELSﬁ P
Px, EFFECTOR | Uz g
Py
P

P,
vagus nerve (X) ap
P
afferent information
ventricular Vi, Ve
stretchreceptors
PUS

FEEDBACK SENSORS

Figure 18: Diagram of the feedback control loop in the cardiovascular system. Through the sympathetic
and parasympathetic neural innervation, us; and u,, the ANS control the cardiovascular system regulating
the heart function (rate HR, and stroke volume SVg) and the blood vessel resistance and compliance R,
and Cy ., respectively, through vessel constriction. Respiratory system has both a central and mechanical
effect on cardiovascular control. Mechanical effect is function of the pulmonary volume V,, and pulmonary
pressure P,. In our point of view, blood flow is the controlled variable, Qg the reference input for blood
flow regulation, E the error or actuating signal and Pa, Pc, P, and Pr are the aortic, the carotidian, the
pulmonary and the thoracic aortic blood pressure. Blood flow could be estimated by afferent information

coming from baroreceptors.

firing rate. In addition, the sympathetic component us has a slow cardiac contractive force effect and a
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slow vasoconstrictor effect on the vessels. Respiratory system has both a central and mechanical effect
on cardiovascular control. In fact in the nervous system the respiratory and cardiovascular centers may
interact each other (central effect) and the respiratory activity has a mechanical effect by stretching
and/or collapsing pulmonary and thoracic vessels, this is function of the pulmonary pressure P,.

We can describe the control of the cardiovascular system in the standard form of a physical feedback
system, as illustrated in fig. (18). The aortic blood pressure (P4) and the carotidian blood pressure (P¢)
are the measured variables in the high pressure circulatory system. Pr represents the blood pressure in
the thoracic aorta and Pp is the blood pressure (or the venous volume) measured by the low pressure
receptors. The aortic and carotid sinus baroreceptors, the thoracic aorta stretch-receptors and the low
pressure baroreceptors are the pressure sensors which generate the afferent neural information. The
cardiovascular system is the controlled process and the autonomic nervous system (ANS) is the controller.
In our point of view, the ANS may regulate blood flow in the different parts of the cardiovascular system,
in the head as well as in the general systemic part, maintaining a particular sensible blood pressure, i.e.
in the head, the lungs and the ascending aorta, within normal limits (P,,,,, < P, < P, .., x=A, C, P)
to avoid tissue damages and vessel collapses. In fact, blood flow (@) could be estimated by afferent
information and the ANS could control effectors in order to maintain small the difference (E) between
the estimated blood flow (Q,) and the reference value (Q,,), see fig. (18).

A proportional control law, as example, could model the mechano-chemical heart control in a dis-
tributed structure:

( _ E S
'LI/H,"+1 = — 04 eQan - 6$ |P$ - Pz'ma,a:

= 2 Ve [P - P2,

z=A,P z=A,P
ac
\ YWLVins = — == (APc — APgy) + Bc |PS = Po,..|, — o |Popm — P8 (32)
RC’ + +
ar
UTLLp . = — 5 (APr— APr) + Br |Pf — Pr,...|, — 77 |Pr.. — PF
{ Ry + +

where AP, = P4 — P,. The command u,; regulates the cardiac function to regulate the aortic blood
flow and to maintain pressure in the aorta and in the lungs within normal limits. Remark that the ANS
by the knowledge of P4(t) and Vi (¢) can estimate the error of blood flow regulation eg, in a beat-to-
beat basis, cf. eq. (31). Blood flow in the different blood compartment will be regulate by Ayry,,, and
Arrr, .., which in fact control the pressure difference in the vascular system and, obviously, this coincide
to regulate blood flow in the low frequency as Q = AP/R. The proposed control law is a distributed
control law, there is no single structure in the controller that can estimate the Ayrv,,, and Arrr, .,
command, as R; (x=C,T) is only known by local controller,whereas «, (x=C,T) is known only by the
central controller, but it it the result of the whole control structure. Intrinsically this control law make
a cooperation between the central and the local controllers: by increasing a, the central controller may
reduce the AP, — AP, increasing or decreasing the vasoconstriction which corresponds to a greater or
smaller blood flow into that blood compartment. On the other hand, by increasing R,, whenever local
blood compartment needs a smaller quantity of oxygen, the peripheral controller reduce the control of the
AP, — AP,, term reducing therefore the control action of blood flow regulation of the central controller.
We can find classical “positive” and “negative” feedback results :

Negative feedback and pressure control in the cardiovascular control system

The stimulation of the aortic (P4) and the carotid baroreceptors (P¢) induces a vagal
activation, see eq. (32), sympathetic inhibition, bradycardia, diminished cardiac contrac-
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tive force, vasodilatation on the vessels and a fall in mean blood pressure revealing a
multi-input multi-output blood pressure control feedback in the cardiovascular system.

Positive feedback and flow control in the cardiovascular control system

Malliani and co-workers, stretching the thoracic aorta (Pr), produced a significant in-
crease in both heart rate and blood pressure, revealing a positive reflex [84, 118]. In fact,
in a multi input-output control system the term positive or negative feedback is mean-
ingless: the input is not a single input; the reaction is not a single output therefore we
can not establish an a priori sign in a vectorial input-output relationship. In our point
of view, the function of the heart is to pump the blood into the vascular system and the
blood flow depends on the pressure difference between ventricular and aortic pressure
(usually called the after-load). It is likely that the function of the stretch receptors in
the thoracic aorta is to measure the pressure against which the heart has to pump the
blood. Then the role of the positive feedback is to control the heart function in order to
maintain the blood flow into the vascular system. Therefore, it is obvious that stretching
the thoracic aorta can induce reflex changes opposite to those which would be obtained by
stretching a carotid sinus [87]. By eq. (32), an increase in Pr yields to a vagal inhibition
and therefore an increase in heart rate and blood pressure.

In conclusion, assuming that ANS controls the blood flow in the cardiovascular system we are able to
explain the apparently contradictory results of these two experiences.

2.3 Measured Cardiovascular signals

The principal non invasive available signals of the cardiovascular system are:

e EKG (electrocardiographic signal).

The EKG represents the electrical events of depolarisation and repolarisation of the cardiac atrium
and ventricles, preceding the mechanical events of contraction and ejection of blood in arterial
vessels. To analyse the effects of the ANS on the sinus node, located in the atrium, the best way
should be to detect the P wave, corresponding to the atrium depolarisation. But the R peak,
corresponding to the maximum of the ventricular depolarisation, is the easiest event to detect and
usually accepted to represent the global effect of the ANS on the heart. So, the RR intervals series,
expressed in ms, represents the time interval length between two consecutive heart beats; its inverse,
the heart rate (HR) is expressed in beats/min.

Photo-plethysmography.
A lamp and a photocell are put at the internal side of a cuff, to measure local cardiovascular
parameters.

— volume assessment. If the pressure of the cuff is gradually increased or decreased, the vascular
volume changes in a characteristic way: at lower pressure only the low pressure compart-
ment collapses and at higher pressure (greater than 36 mmHg) arterial compartment collapses
linearly with the cuff pressure [128].

— pressure assessment - principle of FINAPRES measure (FINger Arterial PRESsure). The basic
parts of the instruments are a photoelectric plethysmograph equipped with a transparent
inflatable cuff and the pressure within which is controlled by an electro-pneumatic system
and a PID (Proportional, Integral and Derivator) controller. In this case the cuff pressure
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is controlled by the plethysmographic signal so that the vascular volume is clamped to a
pre-set value. Any deviation of vascular volume due to changes of intravascular pressures
are instantaneously compensated by automatic adjustment of the cuff pressure which thus
continuously and quantitatively follows the intravascular pressure [128].

¢ Impedance-plethysmography.

Tissue impedance is measured by passing a small constant alternating current (I) through the body
and measuring the voltage drop (V) produced as a product of R X I, since I is constant V is directly
proportional to R. A shift in the phase angle between the current and voltage defines reactance or
a complex impedance measurement including the dielectric non conducting space attributed to cell
membrane capacitance. The impedance of a geometrical system, in this case the human body, is
related to conductor length and geometrical size, its cross-sectional area and signal frequency. Using
a constant signal frequency and fairly constant configuration, the body’s impedance to current flow
can be related to its volume, since conductor volume equals the cross-sectional area x length or
height. When the resistivity of the conductive material is known then the electrical volume equals
the physical volume. Therefore, electrical bioimpedance measurements permit quantification of
blood flow as a result of changes in electrical conductivity of a body segment. The electrical
impedance technique for measuring cardiac output is based upon changes in thoracic electrical
impedance caused by cardiovascular activity [149, 167].

Echocardiography and Color Doppler Echocardiography

Two-dimensional echocardiography provides noninvasively dimensional and area measurements that
can be integrated into a variety of geometric models to calculate the volume of the organ, i.e. the
cardiac output. However, routine application of echocardiography has unfortunately been limited by
the need for off-line calibration, hand-drawn borders and computation. Accordingly, considerable
effort has been devoted to semiautomatic border detection [23, 105]. Moreover, color Doppler
method enables reliable determination of flow volumes across the atrioventricular valves [38, 37].

Respiratory activity
Oronasal thermistor, thoracic and abdominal movement sensors and finger oxymetry are the prin-
cipal measurements made to estimate the respiratory flow and volume.

2.4 Principal cardiovascular indexes for clinical decision making

Several cardiovascular indexes are nowadays estimated to evaluate clinical conditions of a patient, the

most important are the following:
e stroke volume

Cardiac output is an important hemodynamic variable continuously regulated by ANS.
The study of stroke volume reflex may provide useful tools to explore and evaluate
the ANS reflex mechanisms. It is studied in physiological experiments and it is mon-
itored in surgical and critical care patients. Several methods have been developed non-
invasively monitoring the cardiac output: echocardiography [23, 38, 37, 105]; impedance-
plethysmography [149, 167] or blood pressure curve (Modelflow or pulse analysis) [51, 55,
153, 154, 169, 171] methods. The major problem of the blood pressure method is the
necessity of a calibration, once for each patient, to obtain absolute values, and the reliabil-
ity under varying hemodynamic and pharmacological circumstances. All these methods
have been compared to invasive one such as thermodilution [29, 66] or estimation of the
cardiac output by Fick principle [42].
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e total peripheral resistance

The peripheral resistance effector is another of the mechanisms by which the ANS con-
trol cardiovascular system. In general, peripheral resistance is estimated by the flow to
pressure ratio in the aorta or by fitting a 3-WK model to the measured aortic pressure
and blood flow curves [158, 150].

e total arterial compliance

Total arterial compliance (C'r) of the systemic arterial tree is an important determinant of
the cardiac load. Alterations in the arterial compliance are linked to various physiological
or pathological conditions, and thus its estimation has long interested clinicians and
researchers of cardiovascular physiology. By definition, C'r defines the change in the
arterial blood volume due to a given change in the distending pressure. Its estimation is
very difficult as Cr depends strongly on pressure, so that there exists no single number
that can characterise arterial compliance over the whole physiological range. Nevertheless,
several methods have been proposed to estimate C'r. These methods are based either on
linear 2-WK model or linear and non-linear 3-WK model [21, 152, 150, 151, 158]. The
estimated values have been compared to real value by a simulated distributed vascular
system [150].

e Baroreflex sensitivity

The arterial blood pressure - RR interval neural reflex is the most studied ANS control
effector as both signals are easily non-invasively available. In addition, quantification
of the heart rate baroreflex has been useful in the study of pathological states such as
myocardial infarction, hypertension, congestive heart failure and dysautonomias.

e RR-interval and blood pressure variability

A reduced RR-interval and blood pressure variability is used as a prognostic markers for
heart diseases. In recent years, event quite simple analysis of the variability phenom-
ena, such as those offered by the use of standard deviation, frequency histograms, or
scattograms of discrete series events, have provided important information on pathophys-
iological processes like myocardial infarction and diabetic neuropathy.

Throughout this report we will introduce and discuss only the cardiovascular variability and the baroreflex
sensitivity concepts concentrating ourselves to only one of the baroreflex mechanisms used by the ANS
to control the cardiovascular system.
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3 Cardiovascular variability

3.1 Introduction

This section is meant to be a review of the major non-invasive spectral markers widely used in the
literature and in clinical studies to estimate the autonomic nervous system activity. We will introduce
the physiological basis and the experimental findings that corroborate the usefulness of these markers in
several physiological and pathological conditions.

In the literature, the cardiovascular system is usually studied from one of the two points of view:

e cardiac neural traffic. The heart period signal is studied and interpreted alone (adopting a neural
output point of view) using RR-interval oscillations as a non-invasive estimate of human cardiac
nerve outflow:

Katona and Jih [69] showed that in anesthetized dogs with constant breathing rates,
respiration-related peak-valley RR fluctuations (respiratory sinus arrhythmia) are linearly
related to vagal firing rates. On the basis of this empirical observation, RR interval
fluctuations have been promoted as an accurate non invasive quantitative estimate of
human vagal-cardiac nerve outflow traffic. In recent years, the time-domain method
used by Katona and Jih has been supplanted by frequency-domain methods. Power
spectral density (PSD) of HR variability (HRV) revealed spectral peaks which carry
information about sympatho/vagal interactions [2, 132, 115, 114]. Nowadays, several
spectral parameters are used to estimate the cardiac autonomic nervous system activity
leading researchers to contradicting results. Throughout this section, we will introduce
these spectral parameters discussing their assumptions and limitations.

e cardiac neural control. Since RR-interval is one of the control effector mechanisms by which au-
tonomic nervous system regulates blood flow and arterial blood pressure (ABP), heart period and
ABP signals are studied and interpreted together to make inferences on the controlling system
mechanisms (adopting a neural input/output point of view).

Smyth at al. [147] showed a linear correlationship between RR-interval and the SBP of the
preceding beat when pressure was elevated with bolus administration of phenylephrine.
The regression coefficient of the correlationship between RR and SBP was identified as
the baroreflex sensitivity (BRS) in ms of interval prolongation per mmHg of pressure rise.
This technique is currently the gold standard in baroreflex studies. Measurement of BRS
has gained considerable interest as a new clinical tool, since alterations in the baroreflex
control of heart period have been associated with an increased propensity for cardiac
mortality or sudden cardiac death. Nowadays, two different methods estimate baroreflex
sensitivity in time and in frequency domain. Throughout this section, we will introduce
these two methods discussing their assumptions and limitations.

Throughout this chapter both of these approaches will be used to develop these general concepts.

3.2 Origin of the cardiovascular oscillations
3.2.1 The Respiratory activity and the High Frequency Variability

Respiratory sinus arrhythmia (RSA) can be defined simply as the variations in the heart rate that occur
simultaneously with respiratory activity. Although a vast number of investigators have tried to unravel
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the precise mechanisms of RSA, so far its origins are still open to debate. It is likely that each of the
following mechanisms plays at least some part in generating RSA [142]:

e autonomic mechanisms

— mechanical mechanism. RSA could be mediated through the barorefler as a secondary effect
of mechanically induced respiratory ABP fluctuations:

As phrenic nerve signals are transformed into mechanical ventilation, respiration di-
rectly and indirectly influences arterial and central venous pressure and flows through
mechanical thoracic coupling changes in the right ventricular preload. These respiratory-
induced changes in arterial and central venous pressure must, in turn, influence the
afferent signals from the arterial and cardiopulmonary baroreceptors, respectively.

— central mechanism. RSA could be the result of a direct neural coupling of the respiratory
center and the vasomotor center:

Several studies demonstrated that a RSA synchronised to phrenic nerve activity, but
not necessarily with mechanical respiratory activity, exists in various animal prepara-
tions. Therefore the effects of afferent neural stimuli that result from the mechanical
influence of respiration on the lungs, the chest wall, the heart and the thoracic vascula-
ture are unable to account entirely for the presence of RSA. Two possible mechanisms
have been proposed to explain the central link between respiration and heart rate:

1. a direct central link between respiratory centers and the cardiovascular autonomic
center in the brain stem, such that cardiac neural efferent activity decreases, both
in the vagal and in the sympathetic branches, just prior to the onset of respiration.

2. a direct neural link between respiratory centers and the central sensitivity of the
arterial baroreflex, such that a pre-inspiratory decrease in sensitivity to barore-
ceptor afferent stimuli leads to a decrease in vagal efferent activity.

— stretch receptors mechanism. RSA origin may be due to a reflex involving the stimulation of
stretch receptors in the lungs and chest wall.

The stimulation of the stretch receptors in the lungs and the chest provokes an in-
hibitory effect on vagal outflow, and this inhibitory effect leads to a decrease in RR-
interval with inspiration.

¢ non autonomic mechanism: intracardiac mechanism

A part of RSA originates from an intracardiac mechanism, either an intracardiac reflex
or mechanical stretch of the sinus-atria node:

Though markedly reduced, RSA is still present even after combined pharmaco-
logical cardiac sympathetic and vagal blockade and its value is similar to that
reported in the transplanted denervated human heart.

RSA reflects the complex effects of central respiratory drive on the integration of autonomic afferent
signals and the production of autonomic efferent signals in the brain stem, and of respiratory mechanics
on the cardiovascular structures within the thorax. In addition this phenomenon is dependent on the
frequency and on the amplitude of respiration, as well as on the underlying autonomic state of the
organism.
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3.2.2 Low Frequency Variability

More or less periodical fluctuations in arterial blood pressure slower than respiratory rhythm were de-
scribed by Mayer in 1876. Despite a vast body of literature examining LF oscillations, their origins remain
poorly understood. In addition, the 0.1 Hz phenomenon is certainly not a stable oscillation, changing
both in amplitude (waxing and waning) and in frequency, see for example fig. (19).

power density (ms*2)

freq (Hz)

Figure 19: Frequency and amplitude instability in time of LF oscillation in RR-interval signal during o
600 tilt-up test and paced breathing at 0.25 Hz. Unpublished data.

Two possible mechanisms have been proposed to explain LF oscillations in RR interval:

o resonance mechanism. LF variability in cardiovascular signals may be due to a resonance charac-
teristic of the baroreflex mediated sympathetic vasoconstriction control loop.

aj-adrenergic blockade, inhibiting the baroreflex mediated sympathetic peripheral vaso-
constriction control loop, reduces LF variability in arterial blood pressure signal [116],
revealing thus the importance of this control mechanism on LF presence in cardiovascular
oscillations. Moreover, atrial pacing and combined pharmacological cardiac sympathetic
and vagal blockade confirm that the presence of LF variability in ABP is not dependent
on a similar variability in the RR signal [156].

In addition, several physiological non linear models suggest that LF oscillation in the RR
interval could be produced by a resonance phenomenon (at a frequency of =~ 0.1Hz) due
to the slow peripheral sympathetic control loop of vascular resistance in response to beat-
to-beat changes in ABP [15, 140, 157, 164]. In fact, considering a control loop, such as the

CONTROLLED
SYSTEM

CONTROLLER DELAY

NON LINEAR
FEEDBACK
SENSOR

Figure 20: Diagram of a feedback control loop characterised by a delayed regulatory action and a non
linear feedback sensor. When the controller functions, the system oscillates. The baroreflex mediated
sympathetic vasoconstriction control loop could be described in this form.
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one depicted in fig. (20), characterized by a delayed regulatory action on the controlled
system and by a non linear feedback sensor, the presence of an oscillation within the loop is
not an undesired noise, but the result of a working regulatory mechanism. The baroreflex
mediated sympathetic vasoconstriction control loop presents the same elements: a non
linear feedback sensor (the baroreceptors); a controller (the ANS) acting on the controlled
system (the cardiovascular system), only after a delayed reaction (the sluggish baroreflex
mediated sympathetic response).

o central mechanism. LF variability in cardiovascular signals could be due to a central rhythmic
modulation of neural activity.

Vagotomized, sinoaortic denervated and decerebrated cats present vasomotor and respi-
ratory rhythms in the discharge of medullary neurons involved in the regulation of the
cardiovascular system [99]. In addition, human patients with an LVAD (Left Ventricular
Assist Device) present a dominant LF oscillation in the RR interval despite the absence
of any LF and HF oscillations in blood pressure spectra [31].

In our view, LF oscillation in cardiovascular variability represents, in part, a central oscillation in auto-
nomic outflow and, in part, depends on the baroreflex vasomotion control loop.

3.3 RR-variability and sympathovagal balance
3.3.1 Neural Pattern and spectral normalisation

For arterial baroreflex areas and the heart, the activation of either sympathetic or vagal outflow is
accompanied, in most physiological conditions, by the inhibition of the other. A stimulation of cardiac
sympathetic afferents induces a reflex sympathetic excitation and a vagal inhibition [88, 89, 87], whereas
the opposite effect is elicited by stimulating cardiac vagal afferents [144]. Sympathetic excitation and
simultaneous vagal inhibition, or vice versa, both modify cardiac performance and RR spectral pattern.
In cats a sympathetic excitation (obtained with a reduction in arterial pressure during inferior vena cava
occlusion) modified the relationship between the LF and HF components present in the sympathetic
discharge, increasing LF predominance over the HF component [100]. Conversely, during sympathetic
inhibition (obtained with a baroreceptor stimulation during aortic occlusion) the relationship clearly
shifted towards HF predominance [100]. Therefore, a “pattern” point of view was suggested: a reciprocal
relation between these two rhythms similar to that characterizing the sympathovagal neural interactions.
The core of the sympathovagal balance concept, seen as a reciprocal relation between these rhythms, is
that the two rhythms, the one a marker of excitation and intrinsic in sympathetic excitation (LF) and the
other a marker of inhibition and linked to vagal predominance (HF), would, in physiological conditions,
be organized in a reciprocal manner [85, 89, 98]. A balanced system may be a reasonable simplified model
of the complex controlling mechanisms of cardiovascular system which can be described using spectral
normalized index [114] computed as follows:

LFnupp = —+&F88 5100 HFnugrp = —2Lf82_ 5100 (33)

orr?>—VLFgp orr?—VLFRR

where HFgrp and LFRrp represent the power in LF and HF band of RR variability respectively, in
normalised units [nu] or in absolute units [ms?], ogr? in [ms?] represents the total power (or variance)
and VLFRgg in [ms?] indicates the power of the VLF component. The normalization procedure is only a
tool to explore the reciprocal relation between the two neural rhythms and the different spectral profiles or
“patterns” accompanying different states of sympathovagal interactions [86]. The simple “push-pull” model
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Rest | 90° tilt
vargg [ms?] | 1250 417
VLFgg [ms? | 600 110
LFRR [m32] 420 279
HFRR [m32] 255 21
LFnugg [nu] | 56 91
HFTLURR [nu] 36 7

Table 1: Spectral analysis of HRV in a young subject at rest and during 90° tilt. After the tilt, the total
power (i.e. variance, varggr) is markedly reduced and consequently LF and HF powers are both decreased

when expressed in absolute units. Normalized units (nu) show a difference in the spectral pattern, i.e in
the relation between LF and HF. From [86].

can be usefully employed to explain various phenomena: LFnugrg and HFnuggr components (together
with the ratio LFgrgr/H Fgrg). In all study conditions (infusion of nitroglycerine, tilt-up test, coronary
occlusion and so on), any increase in sympathetic neural activity is associated with a meaningful increase
in the LFnuggr component [22, 46, 82, 113, 137] and, moreover the LFnugp value does not decrease
with parasympathetic blocker [114, 137].

3.3.2 Absolute and normalised spectral values relationship

A clear difference between absolute and normalised units is shown in passive tilt tests, enhancing sym-
pathetic activity, as shown in table (1). The tilt-up is the first physiological test to shift sympathovagal
balance towards sympathetic excitation. The drastic changes in RR-spectral profile are, however, accom-
panied by a marked decrease in total power (corresponding to variance, RRy.-). When a sympathetic
excitation is accompanied by a reduction in variance, the absolute values of LFrg undergo contrasting
influences - as they tend to be decreased by the reduction in the variance, but also tend to be increased
by the greater concentration of power in the LFrg component, as reflected by its constant rise in n.u.
(LFnugg). Conversely, the HFgg component is decreased during tilt in both absolute and normalised
units [86].

Nowadays, non invasive estimation of cardiac nerves activity is mainly based upon results obtained
from RR relative spectral power - HFnugg, LFnugg, using equations (33). We list here the principal
findings in the literature that corroborate this choice:

e HFRp and LFRpg are correlated to the subject’s age; H Fnugg and LFnugg values are not [114, 80].

e LFgp is not greatly increased by tilt-up test; neural sympathetic activity and LFnugg value are
[30, 67].

o LFgp is greatly decreased by atropine, a vagal antagonist, [132]; LFnugg value is not [114, 137].

e HFgrp and LFRg are not correlated to tilt-up angle; neural sympathetic activity, HFnuggr and
LFnugg values are [101].

e HFgp and LFgp are correlated to ogr?; HFnuggr and LFnugg values are not [114].

e HFrp and LFgrp are constant between sleep stages; HFnugg value increases and sympathetic
neural activity and LFnugg value decreases passing from REM to non-REM sleep stages [104].
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Concluding, normalised units correctly represent the physiological sympathovagal reciprocal relation-
ship, whereas the meaning of spectral absolute values is until now not really understood and therefore
very often neglected in the literature.

3.3.3 meanggr and RR-variability relationship

meangg and RR-variability (RRV) depend both on the autonomic nervous system (ANS) and therefore
they are not independent, but provide different information on the ANS functioning. The following
experiments suggest that the spectral indexes alone do not completely describe the cardiac nervous
outflow:

e assessment of changes in sympathovagal interactions between sleep stages. During the night, sleep
follows several cycles, each comprising nocturnal awakening, light sleep, slow wave sleep and rapid
eye movement (REM) sleep stages. Our group showed no meangpg difference between sleep stages,
whereas RRV (if expressed in normalised units) underwent large changes passing from non-REM to
REM sleep [104]. In our view, this is evidence of the presence of two different regulatory mechanisms.

o assessment of parasympathetic tone in pharmacological studies. Cardiac parasympathetic tone is
defined as the difference between meangg, after eliminating cardiac sympathetic influences (with
propanolol) and meangg after a complete cardiac autonomic blockade, vagal and sympathetic
(with atropine and propanolol). Phenylephrine studies clearly show that the relationship between
cardiac parasympathetic tone and RRV may not be monotonic [50], therefore evaluating cardiac
parasympathetic tone using only RRV techniques should be undertaken cautiously. In addition, our
group, using atropine, found a different dynamic between the regulation of cardiac parasympathetic
tone and the regulation of the cardiac parasympathetic modulation of the RR-interval (expressed
as HFgg) [94]. Therefore, blocking the cardiac sympathetic branch, it is possible to dissociate the
regulation of meangg from that of RRV.

o assessment of sympathovagal interaction during paced respiration. Breathing rhythm, within a phys-
iological range, does not affect meangg, therefore it does not alter net level of cardiac autonomic
traffic [19, 52, 57, 93, 114, 127], but it has a strong effect on RRV. Therefore, it clearly appears that
RRYV can vary without changes in meanggr: the neural modulation of the RR interval can change,
whereas its overall tonic level remains constant.

o information provided by meangg in complementary to the information provided by spectral markers
HFnugrgr, LFnugg. Malliani recently found that - HFnugrgr, LFnugrg and meangg - are the
three variables with the highest information content in the two autonomic nervous profiles related
to posture [86]. When one of these three variables is not taken into account a part of information is
lost. Therefore, RRV neural control (measure of the sympathovagal modulation to the sinus node
activity) could be described using normalised units, whereas tonic neural control (global measure
of sympathovagal tone) could be described using meangg.

Previous examples support the idea that RR-variability and meangg are controlled by two different
mechanisms: normalised units represent the concept of a balance beam pivoted around its center, that
corresponds to meangg value.

INRIA



Modelling and Analysis of Cardiovascular system 39

3.4 Neural control of the Sino-atrial node: arterial blood pressure - heart period
reflex

3.4.1 Arterial blood pressure - heart period reflex: a primary reflex mechanism?

As previously introduced, see paragraph (1.2), the aim of this report is the study of only one of the
principal reflex mechanisms for the short-term control of the cardiovascular system. We will discuss on
the baroreflex sensitivity concept, its meaning, its quantification and its limitations, but now we have
to spend some words on the implications of this choice. Is it reasonable to discard the other reflex
mechanisms showed in fig. (18)? In our point of view, the ANS may regulate blood flow in the different
parts of the cardiovascular system, in the head as well as in the general systemic part, maintaining some
particular sensible blood pressures, i.e. in the head, the lungs and the ascending aorta, within normal
limits (Py,.,, < Py < Py, .., x=A, C, P) to avoid tissue damages and vessel collapses. In fact, blood flow
(Qz, x=A, C, T) could be estimated by afferent information and the ANS could control effectors in order to
maintain small the difference (E) between the estimated blood flow (Q);) and the reference value (Q,,,), see
fig. (18). The effector mechanism available by ANS to control in the short-term the cardiovascular system
are principally two: the heart function (stroke volume and heart rate) and peripherally vasoconstriction
(resistance and compliance). In fact, the control of the peripheral resistance and compliance by vascular
smooth muscles, see paragraph (2.2), is very slow when compared to the control of the cardiac function.
Therefore, exploiting this dynamical separation of the different reflexes, we can consider the vascular
control constant over the period of BRS estimation. Obviously this is true only for a brief lapse of time.
On the other hand, the control of the cardiac function concerns two important quantities: the heart
period (RR) and the stroke volume (SV), the two fastest reflex mechanisms. We had already remarked
that the mechano-chemical command w, in fig. (18) and eq. (9), which controls the heart contraction can
be explicitly split into the mechanical and chemical part, see paragraph (2.1.2). The chemical command
is responsible for RR control, whereas the mechanical command is responsible for SV control. Assuming
a fast and efficient local control of the Starling effect, the stroke volume is supposed to be determined
by pre-load filling conditions of the heart, i.e. diastolic volume Vp, , and measured by ventricular stretch
receptors. In this case, the control input is the mechano-chemical command u(¢) and RR-interval is its
period, fixed to Vp,/Qa,. - Since, the diastolic volume of the heart is function of the arterial blood
pressure, this leads to the arterial blood pressure RR baroreflex sensitivity which is classicaly studied by
signal processing techniques.

3.4.2 Definition of spectral baroreflex sensitivity

The instantaneous RR may be seen as the output variable of a very complex multi-feedback network,
continuously monitored and carefully regulated by the ANS. However, only limited inferences on the
controlling system mechanisms can be made regarding the spontaneous fluctuations in an output variable
alone. Determining a more accurate and detailed characterization of the system’s behavior requires
knowledge about the input perturbations that drive the system as well. With appropriate choices for
input and output signals we are able to investigate more extensively the ANS characteristics in regulating
cardiovascular system.

Considering the arterial blood pressure (ABP) as one of the inputs and RR-interval as one of the
outputs of baroreflex system, it is possible to define the partial controller gain or as commonly defined,
baroreflex sensitivity, between them. The term “baroreflex sensitivity” is based on the assumption that in
the high and low frequency bands only fast mechanisms of regulation are effective (such as baroreceptors),
whereas slower control mechanisms could be completely neglected (such as hormonal control).
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To account for reciprocal influences between ABP and RR, a closed-loop conceptual scheme of the
RR-ABP relationship, see figure (21), appears more appropriate than an open-loop scheme.

The two transfer functions Hpepmo and Hopner describe the simultaneous effects of RR on ABP and
of ABP on RR: Hpepo stands for the hemodynamic transfer function from RR to ABP, whereas H_,y,¢r
represents the overall neural feedback from ABP to RR. Respiration may enter the cardiovascular system
at two points:

o centrally (Rcentr), causing RSA directly and consequently through the hemodynamic transfer Hpemo
results in ABP fluctuations linked to respiratory activity.

o mechanically (Rmecn), causing respiratory ABP variations, which, through the feedback transfer
Heontr, leads to RSA.

Two sources of noise, nggr and nagp, are also indicated to describe the external inputs to the system
(such as small adjustments by the central command, mechanical disturbances or other input of the reflex
mechanism), to take into account all the possible sources that cause variability in the ABP and RR signals
independently of ABP, RR or respiratory activity.

exogenous input

"RR
RR
R H contr
centr
Cardiovascular system
ABP H exogenous i nput
hemo nApp
Rmech
central mechanical
effect effect

Respiratory activity

Figure 21: Simplified diagram of closed-loop neural reflex with only the control of the ABP made by
RR-interval. Hpemo is the hemodynamic transfer from (RRngr,Rcentr) and ABP and H.opnyr is the
neural feedback transfer from (ABPmapp,Rmecr) and RR. Depending on the entrance point of respiration
(central Reentr or mechanical Ryecn) and on the “amplitude” of the exogenous input nrr one can obtain
relatively unbiased estimates of either Hpemo 01 Heontr in closed-loop operation.

In general conditions, RR and ABP are the results of complex nonlinear dynamic systems, therefore
we can write:
RR = f(ABPa NRR, Rcentr)

ABP = g(RR, nABPaRmech)

We are interested here on the neural feedback functions from (ABPngg,Reentr) to RR. Applying the
harmonic balance method [166] (associating a describing function to each linearity present in the system),
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it is possible to find out the relationship between the principals components of the signals :

LFrg = LFf(meanapp, LFapp, HFapp,mean,ppn, LFpqp, HFppp, meang,..,,., LFR,...., HFg..,,.)

MRR>

HFRR:HFf(meanABp,LFABp,HFABp,meannRR,LF LFR HFR

nen> HFnpr, meang

centr? centr? centr)

In [164, 102, 103] this method has been applied in simplified model of the cardiovascular and autonomic
nervous systems defining a based model nonlinear baroreflex sensitivity.

On the other hand, assuming a linear input-output relationship in the baroreflex mechanism, an hypoth-
esis verified by coherence analysis in RR and SBP real time-series, the gain of the neural feedback from
ABP to RR can be expressed as:

RR + NRR + Rcentr
ABP ABP

Now, respiratory activity does not contribute to the LF component, therefore equation (34) could be
written, for the LF component, as:

Heontr = —

(34)

LFgr LF

LFy =— + —EE 35
contr LFABP LFABP ( )
where LF}, . takes into account the possible central origin of LF oscillations. Since external noises do

not contribute to the HF component, equation (34) could be written:

HF HF
HFHC(’"" — _ RR + Rce’nt’r‘ (36)
HFspp  HFspp
for the HF equation. When LF,, . /LFapp and HFg,_, , /[HFapp tend to zero, it is possible to estimate

the gain H_.,n of the neural regulation in both the HF and LF band:

e Estimating LFy,_ , from ABP and RR-interval signals is only possible when the influence of a
central LF oscillation on RR is small: LF,,, < LFgg, by equation (35). Therefore, it is possible
to estimate LF baroreflex gain value only if LF activity enters, for the most part, at the mechanical
hemodynamic side by the sympathetic vasomotor control loop.

e Estimating HFy,,,, from ABP and RR-interval signals is only possible when the central direct
influence of respiration on RR is small: HFj,, , < HFgg, by equation (36). Therefore, it is
possible to estimate HF gain value only if respiratory activity enters, for the most part, at the
mechanical hemodynamic side.

These hypotheses are very relevant for estimating the neural ABP-RR gain in closed loop circumstances:
if they are not satisfied, the estimate gain values will be biased.

Central versus Mechanical Respiratory Variability

The following relation must be satisfied in order to have an unbiased HF estimate baroreflex gain:

HFy HFspp
contr 1 37
HFg.... (37)

Akselrod et al. [1], using a combination of atrial pacing and autonomic blockade in dogs, found that
respiratory-related fluctuations of arterial pressure result from changes in heart rate (RSA). But differ-
ences between species in mean vagal tone and differences in central nervous modulation of vagal activity

RR n° 4427



42 Monti & Médigue € Sorine

by respiration are marked. Taylor and Eckberg using fixed-rate atrial pacing in humans have demon-
strated that the HF component in the RR-interval can actually contribute to HF oscillations in arterial
pressure [156]. Along the same line, Saul found that combined pharmacological cardiac sympathetic and
vagal blockade abolish most of the RR-variability and decrease HF4pp [140]. From these results, they
concluded that ABP variability is at least partly caused by RSA and not vice-versa and consequently
that a centrally mediated RSA must exist. In fact, the disappearance of resonance in the baroreflex
control system, by a pharmacologically blockage of RR~interval neural control, may sufficiently explain
a decrease in ABP modulation [157]. Therefore no conclusion about the validity or not of equation (37)
could be made by these experiments.

By modelling results, DeBoer concluded that, in humans, RSA resulted from mechanically-induced
fluctuations of arterial pressure [15]. In addition, Baselli and Faes conclude, from the identification process
of autoregressive models, that the amount of RSA centrally induced is less important than the baroreflex
induced [7, 41]. This validates, at least in part, equation (37) allowing the estimation of HFy,,,, from
ABP and RR-interval signals.

So far, because of the closed-loop nature of the interaction between RR and ABP, quantitative con-
clusions on the relative weight of the mechanical vs. the autonomic effects (RSA) of the respiration on
RR remain difficult to draw. Therefore, there is not an a priori answer to the question: the estimation
of HFg by equation (36) is significantly biased or not?

contr

Central versus reflex LF variability

The following relation must be satisfied in order to have an unbiased LF estimate baroreflex gain:

LFy LF,pp
contr 1
TPy > (38)

centr

Akselrod and Baselli made the simplifying hypothesis that all disturbances, in the LF band, enter the
system only at the ABP level through napp [1, 6] allowing, therefore, the estimation of LFy,_ ,, from
ABP and RR-interval signals. Also in this case, there is no a priori answer to the question whether the
estimation of LFy,_,,. by eq. (35) is significantly biased.

3.4.3 Baroreflex interpretation

The neural control of circulation has to be envisaged as a closed loop system in which multiple reflexes
contribute to what is called the baroreflex [86]. In our view, the so called baroreflex sensitivity (BRS)
must be seen as a partial gain of the complex neural regulatory network and it gives insights into the
relationship between heart period and arterial pressure variabilities.

3.4.4 Controlled variable: arterial blood pressure

It is widely recognized that the baroreceptors play a key role in the reflex regulation of the arterial blood
pressure (ABP) under normal and pathological conditions. Even if the baroreceptors are well suited to
following fast ABP changes within a single heart beat, in baroreceptor-RR studies, the detailed arterial
pressure wave is never assumed as input. Moreover, it appears from the literature that there is little
consensus about which beat-to-beat pressure parameters should be considered as the most appropri-
ate baroreceptor input pressure. Some researchers use a linear combination of systolic, diastolic and a
threshold pressure, others just take one parameter such as beat-to-beat mean arterial pressure or systolic
pressure [7, 15, 157, 140]. The picture becomes even more complicated when we take into account that
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there are several pressure sensitive receptors in human circulation and the interactions between them are
not clearly understood.

Nowadays, baroreflex sensitivity is calculated using the systolic blood pressure measured at the finger
level by Ohmeda Finapres (usually referred to as finger arterial pressure FAP) based on Penaz principle
[128] for the simply reason that it is the only blood pressure signal easily, continuously and non-invasively
measurable. The interpretation of baroreflex sensitivity based on the diastolic pressure is very difficult as
it is affected also by peripheral resistance and compliance regulation. In fact, the accuracy of non-invasive
FAP measure was tested by comparing it with intra-arterial pressure (IAP) measured in radial artery
[109, 111] and several critical reviews have discussed the reliability of this estimate [65]. Spectral analysis
demonstrated good reproducibility and coherence between the diastolic-, systolic-IAP and the diastolic-,
systolic-FAP fluctuations in both the LF and HF bands. But, for the assessment of beat-to-beat changes
in blood presure and assessment of blood pressure variability Finapres proved a reliable alternative for
invasive measurements when mean and diastolic pressure are concerned. Differences in systolic pressure
are larger and reach statistical significance but are not of clinical relevance [65]. Therefore, Finapres can
adequately assess both mean TAP values and TAP variability and it can be recommended as a reliable
substitute for intra-arterial recording when cardiovascular control mechanisms are studied by the most
frequently used methods, such as Fourier Transform. Nevertheless, there is a great difference between
finger, radial and aortic blood pressure [20]. In fact, propagation of the pressure wave towards the
periphery influences the pressure waves and thus the FAP-TAP differences, causing pulse wave distortion
and pressure gradient. Nevertheless, finapres waveform can be filtered to obtain brachial artery [17, 168]
or even ascending aortic pressure [68]. In this report, we will use systolic-FAP to assess the baroreflex
sensitivity.

3.4.5 Effector mechanism: Heart-Rate or RR-interval?

If the neural reflex, controlling cardiac pacemaker firing, linearly modulates interval lengths, the use of
the RR-interval as the output variable of the complex controlling mechanism would be the logical one.
However, if cardiac pacemaker behaves as a linear frequency modulator, the output signal should be the
heart rate (HR). Thus the fundamental question now is whether to use the RR-interval or HR. On the
one hand, it has been argued that the RR-interval representation is the most natural choice, because
it represents the ’basic’ data recorded for EKG measurement. On the other hand, it has been argued
that HR is more natural and easier to interpret in the general medical community. However, the choice
between interval and rate representation is not as arbitrary as it might seem and some points have to be
considered: inverting the RR intervals to get the instantaneous HR is obviously non-linear and the exact
nature of the neural modulation of the cardiac pacemaker activity still remains unclear.

Heart-Rate: Human cardiac pacemaker modelling

Very simplified models of the control of cardiovascular system by ANS will lead to the conclusion that
the real effector mechanism is the heart rate rather than heart period. They are based only on the SA
node control and ignore the heart physiology, contrary to the modelling of RR-interval.

The actual HR is determined by the cardiac pacemaker cells in the sinoatrial node. The SA-node
triggers every new heart beat by starting the depolarisation wave over the right atria. These pacemakers
cells are characterized by a spontaneous depolarisation. When the transmembrane potential has reached
a threshold level, a new action potential is initiated. Eliminating all autonomic influences by pharmaco-
logical agents results, in humans, in an estimate for the intrinsic pacemaker rate of 100 bpm (beats per
minute). Acetylcholine and noradrenaline are realised in the vicinity of the cardiac pacemaker cells by
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increased parasympathetic and sympathetic activity respectively. The neurotransmitters may influence

DIASTOLIC
depolarization

Figure 22: Schematic depolarisation pattern of SA-node cells. Different ways to alter pacemaker frequency:

A) increasing threshold potential Vyp,. B) decreasing the slope of depolarisation. C) increasing the negative
mazimum diastolic potential Viyae. From [58].

threshold potential, diastolic depolarisation rate, maximal diastolic potential, or all three, thereby chang-
ing the pulse frequency of the pacemaker cell [58], see fig. (22). Hyndman and Mohn presented a simple

reset

m(t) y(t)

+

J o)

Figure 23: Integral pulse frequency modulator (IPFM). The cardiac event e(t) is generated by integration

of the neural modulating signal m(t), yielding y(t). When y(t) reaches a threshold value yp, o spike is
generated and the integrator is reset to the mazimal diastolic potential Ypmaz-

Mhr -

model for the cardiac pacemaker, the Integral Pulse Frequency Modulator (IPFM), shown in fig. 23, in
order to determine the autonomic modulating signal from the cardiac event sequence [63]. Although the
pacemaker region is a cluster of cells, they modelled it as single effective cell, because the individual cells
are electrically synchronized. In addition, diastolic depolarisation was simulated by integrating a time
varying modulating function m(t) which includes all autonomic influence on the diastolic as well as a
constant input that assure the intrinsic pacemaker frequency. When the integrated signal y(t) exceeds

a threshold y:x, an impulse is generated and the integrator is reset to the maximal diastolic potential
Ymaz- Lherefore, assuming that at t=0 an impulse is generated, we can write:

mn=%M+A m(r)dr

Then, an impulse is generated when y(t) = yipr:

RR
Ythr = Ymaz + / m(T)dr
0

where RR is the time interval between two cardiac events or the actual pulse interval. Assuming a nearly
constant autonomic modulation of the diastolic slope within a heart beat, we can rewrite the previous
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equation as:
Ythr — Ymaz = M RR

In a linear control hypothesis of ABP, the autonomic neural modulation of the pacemaker activity will
be proportional to the ABP value:

HR= F . @

= ABP
Ythr — Ymaz Ythr — Ymazx

where k takes into account the intrinsic pacemaker rate and « the baroreceptor sensitivity to arterial
pressure. Therefore estimating the ABP-HR gain in bpm/mmHg would be the obvious choice.

This model does not take into account the heart physiology and the effector mechanism is not only
limited to RR interval, there are all: the pulsatile behaviour of the cardiac pump with its physiological
cycles.

Evidences reported in the literature for HR as a suitable effector mechanism

Ten Voorde reported two examples in favour of the hypothesis of linear frequency modulation [157] :

1. One example is taken from BRS measurements with the phenylephrine ramp method published by
Karemaker and Borst [16]: their pressure-interval relations were rather non-linear, but the transfer
from interval to rate, surprisingly leads to an almost perfectly linear fit between pressure and HR.

2. A second example is taken from BRS measurements in a baroreflex study of the «a;-adrenoreceptor
blocker ketanserin. The author evoked a significant pressure rise (by phenylephrine) and fall (by
nitroprusside) reporting a BRS of 15.4 ms/mmHg and 5.7 ms/mmHg, respectively. Therefore taking
the RR-interval as output, the BRS estimate by a vasoconstrictor and a vasodilator differs by 170%.
However, expressing BRS in HR changes per mmHg, these BRS value became 0.83 bpm/mmHg
and 0.52 bpm/mmHg, respectively. A difference of 60%. Still asymmetric, but almost three time
less asymmetric that when BRS is expressed in intervals.

One other example is taken from invasive cardiac neural stimulation:

Levy and Zieske reported an hyperbolic relation between HR and cardiac vagus stimulation fre-
quency [79]. Then, other researchers suggested using the RR-interval to quantify efferent autonomic
effects [54, 123]. But, Rosemblueth in 1932 changed the frequency of stimulation of the sympathetic
(vagal) cardiac nerves and noted the increases (decreases) in HR. The response were quite linear,
in both cases, over a wide range of stimulation frequencies and over changes in HR of 50 bpm
(100 bpm). These above nonlinear effects appear to be often due to the interaction of sympathetic
and vagal effects on heart rate [78, 143].

RR-interval: Human cardiac phase modelling

Physiological models which describe the cardiac function and the different cardiac phases lead to
the conclusion that the real effector mechanism is the heart period rather than heart rate. In fact, the
recently developed model of the overall cardiovascular system lead us in this direction [10].

It is widely accepted that each cardiac phase is in fact controlled by ANS:

e preload period:
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The heart is filled by blood until a satisfying filling condition is reached (by using in-
formations coming from atria and ventricular stretch-receptors), the ANS control the
time-length of this phase.

e isovolumic contraction:

Assuming that ANS is able to control the dP/dt (the time derivative of the ventricular
pressure), for given preload and after load pressures, ANS control directly the length of
this cardiac phase.

e Atrio-Ventricular conduction time-delay
As the name suggests it is a time not an instantaneous frequency that is controlled.
¢ repolarisation period and cardiac muscle relaxation

Once again it is a period that is controlled.

Evidences reported in the literature for RR-interval as a suitable effector mechanism

In our knowledge, the only finding that corroborates RR-interval as the correct baroreflex output signal
that we found in literature was given by Smyth et al. in 1969 [147]. Nowadays, all published reports which
estimate BRS use RR-interval as output signal and express BRS as ms/mmHg [62, 120, 121, 122, 124, 147].

Concluding, modeling on physiological bases lead to the conclusion that the real effector mechanism
by which ANS control blood flow and pressure in the cardiovascular system is the RR-interval rather
than HR.

3.4.6 Pharmacological validation of spectral baroreflex sensitivity

Recently, it has been suggested that spectral analysis could provide a technique to non-invasively estimate
BRS by a spectral ratio of RR-interval to ABP variability at respiratory frequencies and in a band around
0.1 Hz, where ABP and RR show high coherence values. An experimental demonstration was therefore
applied to establish a clear link between spectral analysis and classical drug results. Robbe found a
high correlation (r=0.94) between the results of the spectral method, in the LF band, and the results of
phenylephrine method [138]. Pagani compared phenylephrine results to spectral results, in both the LF
and HF band, to estimate changes in autonomic regulation induced by training in mildly hypertensive
subjects [119]. He found a correlation between the two methods (r=0.60) and essentially the same gain
was found in the two different frequency bands, concluding that the two methods furnish complementary
information.

3.4.7 Sequential Baroreflex sensitivity

Bertinieri et al. studying the spontaneous baroreflex in cats, identified for one quarter of the total
cardiac cycles, sequences of three or more consecutive beats during which heart period and arterial
pressure underwent simultaneous increases or decreases [9]. These spontaneous sequences appeared to
reflect baroreflex mechanisms, as they were drastically reduced by sino-aortic desafferentation, therefore
they called them baroreflex sequences. Several researchers found, in humans, the so called non-baroreflex
sequence in which the RR interval and the systolic blood pressure (SBP) changed in opposite direction
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[62, 77, 124]. These authors hypothesized that these spontaneous non-baroreflex sequences were likely to
reflect the positive feedback mechanisms normally interacting with the negative feedback mechanisms.
Usually, three conditions must be satisfied before accepting any RR-SBP sequence as significant:

e a non interrupted rise or fall in both SBP and RR of 5 or more mmHg and of 3 or more bpm,
respectively;

e an absolute rate of change of SBP of at least 0.5 mmHg/s;
e a value of p < 0.05 for the linear regression of RR as a function of SBP.

Experimental comparison between the sequence method and the pharmacological gold standard had been
made. Parlow concluded that the sequence slope estimate provides a reliable, non-invasive assessment of
human vagal cardiac baroreflex sensitivity [124]. In addition, Iellamo showed that the sequence method
provides good BRS reproducibility under various stimuli differently affecting the neural control of circu-
lation [64].

3.4.8 Baroreflex sensitivity: Sequential or spectral method?

Several researchers found a close correlation between the two methods and concluded that they share
common elements and therefore are not exclusive [62, 111, 120].

The principal difference between them is their underlying assumptions about the physiology of the
baroreflex. The sequential method presumes that the activation of the baroreceptor is an adaptative and
intermittent mechanism [120]. The spectral method assumes a permanent association between ABP and
RR-interval over well defined frequency band, i.e. the LF and HF spectral components [120].

In our view, the baroreflex and non-baroreflex sequences are only the image of a dynamical system
characterised by a complex operator (commonly expressed in the form of gain and phase) that is function
of frequency. In fact, the origin of baroreflex and non-baroreflex sequences has to be found in the phase
function of baroreflex mechanism. If the baroreflex transfer function is a real positive gain, the phase
function would be zero in the entire frequency domain and non-baroreflex sequences could not be found.
On the other hand, if the baroreflex transfer function is a real negative gain, the phase function would be
equal to 7 in the entire frequency domain and only non-baroreflex sequences could be found. Therefore, a
baroreflex gain function which is a function of the frequency would produce baroreflex and non-baroreflex
sequences without the need of an intermittent control mechanism. Experimentally spontaneous baroreflex
and non-baroreflex sequences accounted for only 30% of all cardiac cycles occurring during study periods
[124, 62]. This could be the result of phase function depending on the frequency and of an input signal
composed of several frequency components, such as LF and HF components. In addition, the sequence
method does not take into account the dynamic of the baroreflex mechanism. Even if a rectilinear variation
in the input signal produces a rectilinear variation in the output signal [147], one can expect that the
slope of the relative variation depends on the speed of variation itself. It is obvious that a variation of
5% in the input signal in 4s (HF) set a control reaction that could be different from the one set when
an equivalent variation is produced in 10s (LF). The sequence method completely neglects dynamics.
Panerai found that low-pass filtering produced significantly smaller values of sequence-BRS but these
agreed with spectral-BRS from the LF band. Conversely, high-pass filtering did not affect the sequence-
BRS estimates but better agreement was obtained with spectral-BRS estimates based on the HF band
[120]. Therefore, sequence-BRS resumes in one measure the information on baroreflex characteristics
that, on the other hand, spectral-BRS provides by two different measures which intrinsically take into
account baroreflex dynamics. In addition, our group demonstrated that breathing frequency affects the
sequence-BRS estimate as well as the HF spectral-BRS [93].
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Therefore, to assess BRS we applied spectral method and in some case, such as in chronic heart failure
study, the two methods were compared.

Concluding, even if it is a very reductive concept, baroreflex sensitivity in the two frequency bands

provides very useful markers of the control of the cardiovascular system by ANS in both physiological
and pathological studies as we will demonstrate in the following sections.
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4 Spectral analysis of Low and High Frequency bands

4.1 Introduction

This section is meant to be a review of the algorithms applied to cardiovascular time-series to estimate
the non-invasive spectral markers previously introduced. We will define the frequency bands of interest
(HF and LF), the respiratory role in HF band definition and, finally, the respiratory and cardiovascular
parameters that will be applied in physiological and pathological studies as reported in the following
section.

RR, systolic- (SBP), diastolic- blood pressure (DBP) values and other related parameters are not constant
but change quite considerably on a beat-to-beat basis. The development of ABP and RR non invasive
continuous recording and of powerful methods for signal analysis, has allowed the study of this sponta-
neous variability. Short-term spectral analysis provides parameters able to analyze the properties of the
autonomic nervous system and gives significant indicators in physiological conditions (i.e. the response
to various provocative tests) in normal subjects, as well as in various pathologies (hypertension, heart
failure, etc.). It allows the decomposition of a signal into individual frequency components, establishing
the relative intensity of each and estimating baroreflex sensitivity in pre-selected frequency bands as we
will define in the following.

4.2 Classical Spectral Analysis
4.2.1 Preliminary signal processing

Short-term spectral analysis of cardiovascular signals considers stationary tracings of at least 128-256
consecutive beats (corresponding to 128-256 s). To reduce discarded periods because of noise or abrupt
signal variations, usually, a 50% overlapping function was applied on the 256 point-length buffer. The
overlapping at 50% and the Hanning window are currently the most commonly used preprocessing meth-
ods. Shorter time interval would considerably decrease the resolution of the spectrum, while a longer
duration may affect the stationarity of the time series. We extract the systolic and diastolic beat-to-beat
values from the pulsatile pressure recorded by Finapres and the beat-to-beat RR interval series are de-
rived from EKG. The respiratory signal is recorded to derive central respiratory frequency which defines
the high frequency band as explained below. These beat-to-beat signals are resampled by spline functions
at 2 Hz (or 4 Hz) obtaining discrete time series equidistantly spaced.

4.2.2 Single-channel analysis

Time analysis

Let 27" be the n-th sample of the 256 cardiovascular time series, resampled at 2 Hz. The cardiovas-
cular time series are pass-band filtered, eliminating all the frequency components outside the frequency
band of interest (0.05-0.40 Hz) such as linear trend and high frequency noise. We apply a Finite Impulse
Response (FIR) filter that has a constant delay (easily evaluated) in the entire frequency band allowing
the time relationship between all the cardiovascular signals to be kept. It is now possible to assess the
signal power (02,.w — Pyrr) in the considered frequency band:

N—
(z; — 7)°
0

[u

1
N «

=

2 2
Ograw — PVLF =0, =

RR n° 4427



50 Monti & Médigue & Sorine

where Z is the mean value of the pre-filtered time series z, in the analyzed period. This allows us to
assess, in the following, the normalized values as suggested by Malliani, see equation (33).

Time-series Spectral analysis

The discrete Fourier Transform (DFT) can be used to estimate the spectra. The Hanning weighting
function is applied to reduce side and main lobes of DFT filters without altering the locations of the
centers of the filter and reducing the leakage error.

Indicating by w; the i-th value of 256-Hanning window, the DFT used to obtain a discrete estimate
of the complex spectrum X (kAf) of a truncated series z,, is:

N-1
Complex Spectrum X (kAf) = Z x; wy e I2TRALT,
i=0

Where N=256 points, T, = 0.5 s is the time-step of the resampled data series , w; stands for i-th value
of 256-Hanning window and Af = 1/T = 0.008H z is the discrete frequency step (or spectral frequency
resolution).

From the above complex spectrum the two sided Amplitude Spectral Density Function (ASDF), in
short amplitude spectrum D, (kAf), is computed according to:

Amplitude Spectral Density Function D, (kAf) = |X(kAf)| = /XE(kASf) + X2(kAf)

X2 (kAf) and X?(kAf) represent the real and imaginary parts of the complex spectrum X (kAf) re-
spectively.

The two-sided Power Spectral Density Function (PSDF), or, in short, the power spectrum, or au-
tospectrum, in the discrete form is defined as:

Smoothed Power Spectral Density Dy, (kAf) = Dy(kAf)? = X3(kASf) + X3 (kAS)

The spectra were then averaged to reduce standard deviation. Spectral averaging can be obtained
by averaging a set of spectral estimates of disjoint sub-records of the same time length -i.e. Bartlett’s
procedure. Another approach to minimize the variance of the spectral estimate is to average over a
number of discrete spectral components. This method, simply called smoothing, is applied to all the
spectra calculated in our experimental studies.

M
2

Smoothed Power Spectral Density D, (kAf) = ﬁ D,.(kAS)
A

e

in which M is odd (we fixed M=5). A_smoothed spectral estimate will be denoted by an over-lined capital,
passing from D,, (unsmoothed) to D, (smoothed).

4.2.3 Multi-channel analysis

Cross spectral analysis

Consider now an ideal single input single output system, with input x(t), output y(t) and system
frequency response function Hy,(f), as shown in figure (24). For the two signals x(t) and y(t) the so
called Cross Spectral Density Function (CSDF) or cross-spectrum Dy, (kA f), is defined as follows:

Cross Spectral Density Dgy(kAf) = X*(EAf)Y (KAf) = Coy(EASf) — jQuy(KAS)
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x(t) y(®)
—_—— H Xy (f) =
X(f) Y ()

Figure 24: Ideal single-input single-output system, with transfer function Hyy(f).

where X*(kAf) is the complex conjugate of the spectrum X (kA f) and where C,y (kA f) and Q,y(kAf)
are the Coincident spectral density function and the Quadrature spectral density function. The unit of
the cross-spectrum is mmHg per ms if x and y are the ABP and RR-interval respectively.

For the single-input single-output system the following relationship between the transfer function and
the input and output power spectra exists:

2 Dyy(kAf)
| Hay(KAS)]” = m

(39)
The ratio of the input and output power spectra reveals only the gain factor of the transfer function
H,,(kAf) and no phase estimate can be obtained, equation (39). In the literature, the parameters
estimated by eq. (39) are referred to as « index (in both the LF and HF band) as introduced by Pagani
et al. [119].

On the other hand, the complex relation between the cross-spectrum D, (kAf) and the input power
spectrum D, (kA f) can be broken down into a pair of equations for both the gain and phase factors of
the system transfer function Hy, (kA f):

in: _  |Day(RAS)|

DA gain:  |Hyy(KAf)| = m
o Do (kA ) m [Dyy(kAS)]
phase: ®,,(kAf) = arctan Im Dy (KAJ)]

Re [Dey(kAS)]

It should be noted that the estimation of the gain factor with equation (40) is unbiased even if extraneous
noise, uncorrelated with the measured input, is present at the output. Whereas the gain estimation by
equation (39) will be always biased, except when the coherence function equals the unity. Recently, it
has been demonstrated that the o index (in both the LF and HF band) has a lower correlation with
phenylephrine estimate BRS than spectral-BRS estimate in LF band (no estimation in the HF band was
reported). In addition, the a index showed a greater bias than the spectral-BRS [83].

Defining the Smoothed Cross Spectral Density as :

M
2

Smoothed Cross Spectral Density D, (kAf) = W Z X*(EANY (KAY)
k=—

R

the gain factor |Hzy(kAf)| and the phase factor ®,,(kAf) are obtained by the following two relations:

|  |Day(KAS) \/ (Af) +Q2,(kA])
Gain Factor  |Hgy(kAf)| = sz kAS) D, (kAf)

Phase Factor ®,,(kAf) = arctan { %}
zy
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Note that all over-lined terms in these equations are smoothed spectral estimates. In the case of the
ABP-RR transfer, systolic ABP series can be considered as the (single) input and the RR series as the
output of the reflex system.

Coherence analysis

In analogy to the squared correlation coefficient R?, which gives the total amount of variance explained
by a linear regression model, a squared coherence function Wgy(kA f) can be defined. This powerful
function, which we will briefly denoted as the coherence function, is defined by squared amplitude of the
cross-spectrum, normalized by the power spectral of both input and output:

| Dy (kAS)|”
Da(FAF)Dyy (RAT)

Coherence Function ’ygy(kAf) =

The coherence function can be interpreted as the portion of the output which is linearly related to the
input spectrum. The function has values between 0 and 1, being 0 if the input and output signals are
fully uncorrelated. In practice a value greater than zero but less than unity can occur due to one or more
of the following reasons:

e a non-linear relation between input and output and/or time-varying system parameters;
o the presence of other uncorrelated inputs besides the considered input x(t);
e bias in the cross-spectral and auto-spectral estimates used to compute the cross-spectral function;

¢ time delay Ty between input and output signals in relation to the recorded length 7', causing a
relative bias of approximately Tq/T.

In almost all papers on BP-RR transfer function analysis a coherence value of 0.5 is taken as a border
value to accept the transfer function estimate as sufficiently reliable.

In this context the coherence of ABP and pulse interval can be taken as a quantitative measure for
the range of expected baroreceptor interactions. Baroreflex mechanism studies in the frequency domain
rely on the assumption that the cardiac branch of the baroreflex can only modulate RR within a certain
frequency range.

In conclusion, in order to study cause-effect relations coherence analysis cannot be neglected because
if coherence is not significant no cause-effect relation between the variables can be present. The reverse
is not true. Coherence is a measure of correlation in spectra. The presence of significant correlation does
not prove a cause-effect relationship between the variables.

4.2.4 Spectral analysis interpretation

The interpretation of a power spectrum is straightforward: it shows the amount of variation in the data
for each frequency. If the coherence is low for certain frequency, the gain and phase cannot be reliable
estimates. Thus, it is now possible to calculate the energy, gain and coherence in the low and high
frequency bands. The power spectral density of the preprocessed signals should be computed and the
area under the spectral density curve between two limits should be estimated providing the energy in the
low and high frequency bands. One problem remains: the frequency band definition.

INRIA



Modelling and Analysis of Cardiovascular system 53

4.3 Spectral Analysis Applied to Cardiovascular and Respiratory time series

4.3.1 Spectral band assessment

Respiration role and High Frequency band definition

The use of spectral analysis to describe central nervous system activity requires determining the
breathing activity to allow for the comparison of cardiovascular spectral components between different
periods. Several studies have shown that respiratory rate and tidal volume exert major influences on
RR-interval or HR fluctuations [3, 19], throughout all this report we will be concentrated only on the
breathing rate, leaving the tidal volume spontaneously regulated by the subjects. These studies are
important because if fluctuations of RR intervals are considered to be valid indexes of autonomic neural
traffic, then they should reflect such traffic faithfully and should not be greatly influenced by respiratory-
autonomic interactions unrelated to the net cardiac neural outflow. Brown [19] found that respiratory rate
and tidal volume strongly influence low and respiratory frequency RR-interval power but not the mean
RR value. Thus vagal activity during the respiratory cycles varied considerably, whereas the overall tonic
level remained constant. Other studies also document a dependence of RR-interval (or HR) fluctuations
such as those by Hirsch and Bishop [59] and also of ABP fluctuations, for instance Novak [108], on
respiratory parameters. Only when respiratory variables are statically controlled there is an evidence of
a reasonable correspondence between (-blocked heart period and respiratory sinus arrhythmia amplitude
[52]. Thus, respiratory parameters need to be controlled when using RSA amplitude as an index of cardiac
vagal tone.
That is why throughout our study we applied the following principles which are not usually taken into
account in the medical environment:

e analyses are made only on periods with regular breathing activity in order to have a well-defined
single spectral peak on respiratory SPSD;

e breathing rate was estimated by peak estimate on respiratory SPSD. This allows us to study, at
constant breathing rate, changes in cardiovascular spectral components induced by sleep stages
[104], by drug infusion [94] and by chronic heart failure disease [93]. In addition, by varying
breathing rate we were able to use respiratory activity as a probe to gain insight into cardiovascular
system variability and to test ANS effectiveness in physiological and pathological conditions [93, 92];

e the regularity of the breathing activity was estimated by a spectral dispersion index defined below;
¢ the HF band was centered on the current breathing rate;

e the HF band was defined with a narrow spectral bandwidth (0.06 Hz bandwidth) and hence the
energy in the HF band really represents the energy of cardiovascular spectral component which is
synchronous to respiration. Other spectral components are not taken into account in HF energy,
which would not be the case if a pre-defined frequency band was considered - as is usually done.

High Frequency band limitations

It is obvious that in reality respiratory activity is not regular. Some important physiological infor-
mation about ANS control of the cardiovascular system may be lost when we limit the analysis to only
regular breathing periods: our group in a sleep study [104], limited REM analysis to only tonic-REM
which is known to have more breathing instability than phasic-REM [4]. In addition, imposing an exoge-
nous breathing rate alters the natural regulation of the breathing rate and the interactions between the
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respiratory center and the cardiovascular center. In fact, voluntary breathing involves specific cortical
regions in the brain, which have been localized in humans [40]. Furthermore, robust connections exist
between the cerebral cortex, the brainstem respiratory motoneurons, and the hypothalamic area [33, 70],
a cardiovascular and respiratory integrative structure. Taken together, these neural findings reveal that
when we impose an exogenous breathing rate, the indexes estimated by cardiovascular signals can not be
considered as “spontaneous” indexes, but they depend on the paced breathing condition. On the other
hand, this experience provides useful indexes both in normal and pathological conditions, as showned by
our group [93].

Low Frequency band definition

Low frequency oscillation is not a steady state phenomenon, in fact without doubt it changes both
in amplitude and in frequency with time. In the literature, a frequency band has been provided as a
reference [0.04 Hz; 0.12 Hz] [44]. Throughout our studies, we chose a fixed LF window as suggested by
the research community.

4.3.2 Spectral parameters assessment

Respiratory parameters
We consider the breathing rate (BR) and the dispersion index (DI) of the respiratory spectrum, given
by FFT analysis. BR and DI are computed as follows:

Breathing rate BR = {kAf : Drespwesp(kAf) = mazx {Dresp’msp}}

>~ (kAf—BR)? Dyespresp(kAS) (41)
Dispersion index DI = kAJEAW =
> (kAf — BR)? Dyeap resp(BR)
kAfEAW

The BR corresponds to the frequency of the maximum in the respiratory SPSD, Dresp,msp(kA f). The
DI provides an estimation of the regularity of the breathing activity. DI assessment allows us to select
periods with a regular respiratory activity without apneas and abrupt changes in both breathing-rate
and -amplitude and to assess this regularity quantitatively. In medical environment, a Poincaré plot,
defined as a scatter plot of the current signal sample against the previous one, is usually used to provide
a qualitative picture of respiratory behavior. The DI may quantify the Poincaré qualitative estimation
of the presumed regularity of the spontaneous respiratory activity. The DI takes value between zero and
one and evaluates the dispersion of the respiratory spectrum around BR. The DI is equal to zero if the
breathing activity is merely sinusoidal and the respiratory SPSD completely concentrated around the
actual BR. The more regular the respiratory activity is, the more respiratory spectrum is concentrated
around BR, the more regular the ellipsoidal shape of the Poincaré plot is and the smaller the DI is (an
example of this comparison is shown in fig. (25) in a sleep study).

Cardiovascular parameters

Once the frequency bands have been defined (LF: 0.05-0.13Hz and HF: a 0.06Hz bandwidth around
the actual BR), we evaluate the signal energy and the mean coherence and baroreflex sensitivity in these
bands:
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Spectral components FBy =3} iajerB D,.(kAf)
> Dao(kAf)
Normalized spectral components F Bnu, = kAfEFE 3
o2 (42)
Coherence values cFBg, = ﬁ EkAfEFB ’ng(kAf)
Baroreflex sensitivity gFB; , = ﬁ ZkAfeFB |Hyy(EAS)]

where the frequency band FB can be HF or LF, £, is the bandwidth expressed in the number of
points that allows us to assess the mean coherence and the mean gain values in both the HF and LF bands.
The coherence function will be evaluated between: the RR-interval time series and the systolic (SBP) or
diastolic (DBP) pressure time series, and between the respiratory time series and the cardiovascular time
series. The correct interpretation of the Baroreflex sensitivity requires high coherence in these frequency
bands; therefore the calculation of gLF, , and gHF, , is made after verifying a high value (> 0.5) of
coherence in the LF and HF bands.
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5 Spectral analysis applied to physiological and pathological con-
ditions

5.1 Introduction

This section shows and discusses the results obtained by our group applying the spectral indexes previ-
ously described in both a physiological and a pathological study. We will demonstrate the usefulness of
baroreflex sensitivity estimation in both the HF and LF band and the utility of the use of respiratory
activity as a probe to gain insight into the functioning of the autonomic nervous system.

We applied the previously described spectral indexes in both physiological and pathological conditions :

e Sleep study

During the night, sleep follows several cycles of 90 minutes approximately, each compris-
ing, light sleep, slow wave sleep (SWS) and rapid eye movement (REM) sleep. Results of
sleep studies are often conflicting, but neither respiratory parameters, although breathing
activity considerably influences spectral power [3, 88|, nor time evolution all along the
night were taken into account. That is why we explored cardiovascular spectral compo-
nents and baroreflex sensitivity (BRS) in two ways: on the one hand, according to sleep
stages influence alone by averaging them over all the night, on the other hand, according
to the time course of the sleep, by analysing stage II cycle by cycle.

e Chronic Heart Failure Study

Autonomic nervous system dysfunction is common in patients with chronic heart fail-
ure (CHF) [43]. Indexes of autonomic imbalance and neurohormonal activation add
prognostic information to the left ventricular ejection fraction and predict early mortal-
ity [133, 139, 26]. Elucidation of the mechanisms underlying the genesis of autonomic
dysfunction in CHF is of crucial importance since autonomic dysregulation plays a key
role in the progression of the disease. Heart rate modulation via low and high pressure
baroreflexes is blunted in heart failure. This is ascribable to a combination of several
factors, including abnormalities at the cerebral level [126, 81|, a shift in sympathova-
gal interactions towards sympathetic excitation, and alterations at several input sites in
the peripheral system [97]. Various noninvasive methods based on spectral computation
of transfer functions [140] have been developed to evaluate baroreflex sensitivity. The
cross-spectral ratio or gain between heart rate and blood pressure oscillations determined
using a Fourier transform has been found reliable for evaluating baroreflex sensitivity
[111, 122, 119]. In addition, instant spectral methods such as time-frequency analyses
offer new possibilities for assessing the instantaneous response of cardiovascular oscilla-
tions to a varying breathing rate. We conducted the present study to evaluate with time
and spectral methods the modulating effects of voluntary breathing on the cardiovascular
system controller gain in CHF patients. Part of this work has been reported elsewhere
[91].
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W_st.L REM St.1I SWS
BR 24 (008) | .23 (.005) 23 (.008) 24 (.008)
DI 11840 (.008) | 1848 (.008) | .1594 (.002) F** | .1555 (.005)F **
¢HFyesprr | 61 (.04) 59 (04) 66 (03) * 68 (.03) *
cHF,.ppspr | 63 (04) | 60 (.04) { 67 (.03) ** 65 (.04) *
¢HFyesp.ppp | .54 (04) 51 (.03) 57 (.03) ** 59 (.03)

Table 2: Mean respiratory variable changes between sleep stages. Values are means (SEM). BR -breathing
frequency- [Hz[, DI -dispersion indez- in [0-1], cHF,cs,, CV -coherence between respiration and CV
signals in HF band- in [0-1]. Symbol legend: ¥ : REM vs W_St.1; § : W_St.1 vs St. II or SWS; *:
REM vs St. II or SWS. Degree of significance: p < 0.05, one symbol; p < 0.01, two symbols. From [104].

5.2 Spectral Analysis in Physiological Condition: Sleep study
5.2.1 Methods

Data acquisition.

Sleep analysis was visually made according to Rechtschaffen and Kales [136] and scored as stages I
(St.I), IT (St.II), III, IV and REM sleep. Nocturnal awakenings were defined as awakenings of at least 1
min duration occurring during the sleep period.

Periods selection

We selected only periods with regular breathing activity and a well-defined breathing rate, excluding
periods with abrupt changes of breathing rate or other breathing abnormalities. This selection probably
limited REM analysis to only tonic-REM which is known to have more breathing stability [4].

Averaged sleep stages analysis.
All periods of a given sleep stage were merged together, independently of sleep cycle, to analyse
between sleep-stages differences; concealing time evolution of the different stages during the night.

Specific sleep stage II analysis throughout the night.

St.IT evolution over the night was followed to analyse between sleep-cycles differences. First and last
cycle were compared to estimate the time course of CV and respiratory parameters throughout the night.
St.IT alone was analysable in this way, because always present from the first to the last cycle (stages
ITI-IV were at the beginning of the night and last REM was not always present).

Sleep stage classification.

We classified analysis periods as: nocturnal awakening and stage I (W _St.I), St.II, SWS (slow wave
sleep, stages III and IV), and REM. NREM refers to St.II and SWS, sleep stages refer to NREM and
REM sleep.

5.2.2 Results

Sleep stages comparison
Respiratory parameters (see table 2).
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W_Sil REM St. 1 SWS
meannr | 994 (18) | 1005 (33) | 1000 (36) 1011 (40)
meanggp 114 (5) 113 (4) 114 (4) 113 (3)
meanpsp | 68 (3) 70 (3) 69 (3) 69 (2)
Stdrr 61 (7) 50 (5) 55 (4) 40 (3) *8if
Stdspp | 7.37 (0.90) | 5.18 (0.41)71 | 5.51 (0.33) | 4.72 (0.28) §1T
Stdppr | 4.95 (0.84) | 3.19 (0.25)11 | 3.51 (0.31) § | 2.69 (0.19) §if

Table 3: Mean and standard deviation of RR, SBP and DBP. Mean and (SEM): meangg [ms]; meangp
[mmHg]. Standard deviation and (SEM): Stdggr [ms]; Stdpp [mmHg]. Symbol legend: 1 : REM versus
W _St.1;1: W_St.1 versus St. II or SWS; *: REM wversus St. I or SWS; § : St.II versus SWS. Degree
of significance: p < 0.05, one symbol; p < 0.01, two symbols. From [104].

In selected periods mean g g was constant across all sleep stages with a very small intra-individual Std,
around 0.016Hz (not shown). In fig. (25), the Poincaré plot (scatter plot of the respiratory signal against

W-st. | REM st st -1 siNnus test

A\ i
o an e JN ]

Figure 25: Poincaré plot (top part) and FFT spectrum of 2min recordings of breathing (2Hz resampled
signal in arbitrary units) in one subject during the 4 selected sleep periods: W _St.I (wakefulness and stage
I), REM sleep, stage II and stages III-IV. Comparison with a sinusoidal signal is shown on the right hand
side to underscore the qualitative feature of Poincaré plot and quantitative feature of dispersion index in
assessing regularity of breathing activity. Mean breathing rate is constant around 0.23-0.24 Hz, while
breathing dispersion index increases in W_St.I and REM sleep (DI=.1840 and DI=.1848 respectively)
compared to NREM sleep (DI=.1594 for St.II and DI=.1555 for St.III-IV) which is underscored by a
progressive increase in reqularity of Poincaré plot and by a progressive narrowing of respiratory power
spectra around actual breathing rate. From [104].

the previous one) and the spectrum of a typical respiratory signal and a sinusoidal signal are compared.
The more regular is respiratory activity, the more the respiratory spectrum is concentrated around BR
and the more regular is the ellipsoidal shape of the Poincaré plot. DI (lower in NREM) quantitatively
confirmed that breathing is more regular in NREM than in REM and W _St.I. Coherence values between
breathing and CV signals (greater in NREM) revealed a greater linear influence of the respiration on HF
components in NREM than in REM sleep.

Mean values and spectral components (see tables 3, 4 and 5).
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W_StI REM St. 1T SWS
HFpr 2.57 (1.11) 2.98 (1.22) 2.89 (1.09) 2.65 (1.06)
HFnugg 231(.04) 222(.04) 298(.04) **if -320(.06) *
HFsgp .0035 (.001) 10026 (.0008) | .0046 (.0003) | .0030 (.0011)
HFpgp | -00094 (.00028) | .00089 (-00003) | -00078 (.00026) | .00056 (.00018)
gHFspprr | 208 (3.92) 25.9 (3.92) { 24.3 (3.85) 255 (4.16) §
9HFpspre | 39.8 (8.05) 47.0 (8.16) 46.46 (5.28) 51.80 (7.70)f

Table 4: High frequency (HF) spectral components and gain for RR, SBP, DBP. Values are means (SEM).
HFgg [ms?/Hz], HFnugg in normalized unit [0-1], HFgp [mmHg? /Hz[, gHFgp rR -gain between BP
and RR in HF band- [ms/mmHyg]. Symbol legend: t : REM versus W_St.1; § : W_St.1 versus St. II
or SWS; *: REM versus St. II or SWS. Degree of significance: p < 0.05, one symbol; p < 0.01, two
symbols. From [104].

W_StI REM St. 11 SWS
LFrr 9. 22 ' (4.08) 8.71 (2.48) 7.00 (2.43) | 4.64 (1.45) *
LFnurs 76 (.04) 77 (.04) 70 (04) **{f | 67 (.06) **
LFspp 037 (0117 | 023 (.005) T 1019 (.004) 1022 (.004)
LFpgp | 0180 (.0057) | .0092 (.0020) { | .0074 (.0015)F | .0075 (.0014)
9LFspprr | 14.7 (242) | 17.7 (2.45) {1 | 15.64 (2.47) | 12.83 (1.40) **
9LFppprr | 21.8 (3.37) | 26.1 (3.55) 11 | 23.95 (3.84) | 22.16 (2.93) *

Table 5: Low frequency (LF) spectral components and gain for RR, SBP, DBP. Values are mean (SEM).
LFgg [ms?/Hz], LFnugg in normalized unit [0-1], LFgp [mmHg?/Hz]; gLFpp rr -gain between BP
and RR in LF band- [ms/mmHg[. Symbol legend: t : REM versus W_St.1; 1 : W_St.1 versus St. II
or SWS; *: REM wersus St. II or SWS. Degree of significance: p < 0.05, one symbol; p < 0.01, two
symbols. From [104].

There were no significant differences between sleep stages for mean values. HF showed a dissociation
between results expressed in absolute and normalised units: H Frgr had no change whatever the sleep
stage was, whereas HFnugrgr were lower in REM than in NREM. For LF, results agreed: LFpp was
higher in REM than in SWS, revealing a between sleep-stage difference. LEFgp were lower in REM than
in W_St.I, LFppp was lower in St.II than in W__St.I, showing a between wake-sleep difference.

Arterial baroreflex sensitivity (see tables 3 and 4).
gHFgp rr were higher in REM and SWS than in W_St.I, revealing a between wake-sleep difference;
whereas gLFpp rr were higher in REM than in SWS, showing a between sleep-stage difference.
Sleep stage II analysis during succeeding sleep cycles
Time course of CV and respiratory parameters in a typical subject is shown in fig. (26).

meangr and HF components increased whereas BR decreased progressively all along the night.
Changes in BRS varied between subjects, without a general pattern as shown in fig. (27).
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Figure 26: Cycle-by-cycle evolution (from cl to c4) of meangrr [ms], meangr [Hz], HFrr [ms®/Hz]
and HFsgp [mmHg?/Hz], in one typical subject during sleep stage II. Each data point represents an
average value over 2 min. Meangg progressively increases and simultaneously HFrr and HFspp rise
while meanppg slightly decreases. From [104].

First cycle Last cycle | Significance P value
MEAngR 979 (47) 1068 (44) ok
meanpr .23 (.008) .21 (.008) *
Meanspp 128.2 (5.37) 116.3 (5.86) .10
HFrr 1.82 (.76) 3.92 (1.54) ¥
HFnugrg | .300 (.260) | 0.405 (.239) 09
HFspp :0027 (.001) | .0060 (.002) *
HFpgp | .00047 (.00043) | .001 (.001) *
LFnugrpg .700 (.269) .595 (.239) .09
LFspp 021 (.012) 012 (.002) *
LFppp .006 (.005) .004 (.003) ok

Table 6: Mean variables during first and last cycles, in St. II, for 7 subjects. Values are mean (SEM).
meangr [ms], meanpr [Hz], meanspp [mmHg], HFrg [ms?/Hz|, HFnugg and LFnugg in [0-1]
HFgpp and LFgp [mmHg?/Hz]. Degree of significance: p < 0.05, one symbol; p < 0.01, two symbols;
numerical values are reported for p < 0.10. From [104].

First and last sleep cycle comparison.

CV parameter changes between first and last sleep cycles are reported in table (6) for 7 subjects.
meanggr and meanpg decreased significantly (note that meanpg decrease was very slight), meanggp
nearly significantly. Whatever the spectral component unit is, HF increased, (in particular, H Fgg and
HFpgp approximately doubled) showing a large between sleep-cycle difference. In the LF band, only
LFpp decreased significantly. Contrary to the others CV parameters, gHFpp,RR and gLFpp rr had
no changes (see fig. 27).
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Figure 27: Cycle-by-cycle evolution (from c1 to c¢4) of gHFpp rr [ms/mmHyg] for 3 subjects during sleep
stage II, evidencing the lack of a common pattern. Fach data point represents an average value over one
cycle. From [104].

5.2.3 Discussion

Cardiovascular (CV) variability and baroreflex sensitivity (BRS) depend on both stages and cycles or-
ganisation. CV variability is largely affected by sleep stage organisation: the greatest vagal activity
combined to the lowest vascular sympathetic activity is found in NREM; and also by the sleep cycle
organisation, the vagal activity increased and the vascular sympathetic activity decreased from the first
to the last cycle. We show that changes of CV spectral components are independent of mean BR. changes.
In addition, we confirm the greater respiratory stability and linear influence between breathing and CV
system during NREM than REM. BRS estimation in both LF and HF bands allows to unify previous
results obtained by drug and non invasive methods: BRS is greater in sleep than in nocturnal wake
and further increased in NREM. In sleep stages organisation, BRS has a band dependent behaviour: in
NREM, the high gH Fspp rr value combined to the low gLFspp rr value favour the short term control,
whereas in REM, the two BRS components are high, contributing together to the strongest control in
this state. Sleep cycle organisation does not clearly affect BRS, BRS varies without significant pattern
over the night, suggesting that other CV control mechanisms are predominant. Our results suggest that
both sleep-cycle organisation and BRS estimation in both LF and HF band should be taken into account
in sleep study analysis.

Respiration

The comparison of CV spectral components between different periods requires the determination
of BR. This way alone is able to dissociate CV spectral variations partially due to BR variations from
variations independent of it. mean g is the same across sleep stages, as in another analysis not concerned
by breathing selection [39]. In St.IT analysis over the night, meanpg has a very small decrease of 0.02Hz
(1.2 cycles/min), and, therefore, enable to explain the great HF differences between the first and last
cycles. In fact, the transfer function features from respiratory activity and RR and BP show that small
changes of BR around 0.23Hz could provide only small changes in CV spectral components [108, 141].
These two results show that CV spectral components changes are independent of BR changes.

The greater respiratory stability and linear influences between breathing and CV system in NREM
than in REM, found in [18, 90, 36] is confirmed by the analysis of the breathing dispersion and the
coherence between signals: DI is greater, HF coherence is smaller in REM than in NREM.

Sympathetic and parasympathetic activity
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Cardiac autonomic activity.

Sleep studies results are conflicting: meangg is higher and the RR-variability lower [106, 36, 172] in
NREM than in REM, but not always [5, 61, 148, 161]. Estimated vagal activity is found higher in NREM
than in REM [5, 8, 106, 36, 161] but not always [162, 163, 172]. Estimated cardiac sympathetic activity
is higher [5, 106, 36, 161, 162], smaller [8, 125] or equal [172] in REM than in NREM. These differences
could be due in part to the use of different variables to estimate the cardiac autonomic activity. Indeed
the use of mean gg and absolute spectral values (HFrg and LFgpg) [8, 162, 163, 172] or the use of relative
values (HFnugrgr, LFnugg) [5, 106, 36] and the power ratio LFgg/H Frgr [161] do not lead to the same
results as shown in the table 3. In our point of view, meanRR could better reflect changes in cardiac
autonomic tone as it is the result of the net opposite effects of the sympathetic and parasympathetic
tonic activity on the sinus node [49]. Conversely relative spectral power LFnurgr and HFnugg, could
better represent autonomic modulation of meanRR around a given autonomic tone [134, 94]. Together
they could provide different information on sympathovagal interactions [32]. The dissociation between
meanRR and RR variability in the sleep stage analysis is in agreement with the hypothesis of two
independent control mechanisms [134, 94]. The absence of change in meanRR could reflect an absence
of change in autonomic tone, whereas the higher value of HFnugg (lower for LEnugg) in NREM than
in nW-St.I and REM suggests a shift of the autonomic modulation towards a vagal predominance in
this state. On the contrary, a parallel evolution in meanggr and RR variability is found in the cycle-by-
cycle St.IT analysis. The increase in meanggr and H Fnugg and the decrease in LFnugg suggest that
the autonomic tone and modulation of RR are modified together towards a progressive relative greater
cardiac vagal activity along the night. Autonomic tone is more sleep-cycle than sleep-stage organisation
dependent, whereas autonomic modulation is influenced by both patterns.

Vascular sympathetic activity.

LFpp is similar between NREM and REM, contrary to sympathetic output to skeletal muscles blood
vessels which is markedly increased during REM at a level similar or even higher than during wakefulness
[148, 110, 61], as previously found [36]. This may be a consequence of the opposite sympathetic drives
found in animal studies: a decrease in the splanchnic and in renal circulation and an increase in the
skeletal muscle vessels occurring during REM [90, 125]. Cycle by cycle St.IT analysis shows an overall
decrease of sympathetic vascular activity. Therefore, vascular sympathetic activity is both wake-sleep
transition and sleep-cycle organisation dependent.

Baroreflex sensitivity

Smyth assessing drug-BRS concluded that BRS is higher in sleep (REM and NREM) than in nocturnal
wake (nW) [147] but, in later studies, this was only partially confirmed [18, 28]. More recently, Van De
Borne assessing spectral-BRS only in the low frequency band (¢LFspp rr) concluded that BRS is higher
in REM than in NREM and nW, but found no difference between nW and NREM sleep is not found [36].

Note that drug-BRS still represents the gold standard although it is an invasive method [83]. The
simultaneous assessment of gLFspp rr and gH Fspp rr could explain that Smyth and Van De Borne
results are not conflicting and that the non invasive spectral analysis gives the same results as obtained
by drug application. BRS evolution in low frequency, gLFspp,rr, is the same as assessed by Van De
Borne whereas BRS evolution in high frequency, gH Fspp, rr, is the same as assessed by Smyth. This
could be due to the fact that the sequence-BRS enlight especially short RR-SBP sequences reflecting
the short term control, as found in [62, 93, 120]. Thus, the simultaneous assessment of gLFspp rr and
gHFspp rr allows us to distinguish the relative part of the long and short term control in the baroreflex
loop.
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Sleep stage organisation differently affects short (¢H Fspp rr) and long term (9LFspp rr) control.
BRS increase from wake to sleep is principally due to short term control whereas the further BRS
increase from NREM to REM is principally due to long term control. REM has the greatest values for
9LFspp rr, as found in [18, 121, 147, 36], and for gH Fspp rg: this increased neural feedback could more
effectively buffer CV perturbations secondary to bursts of brainstem stimulation during phasic REM and
also could maintain a strong CV control during longer tonic REM periods. REM and nW-St.I represent
opposite situations: in REM, gHFspp rr and gLFspp rr are greater whereas BP global variance and
LFpp variability are lower than in nW-St.I, showing that in nW-St.I, the CV control is less involved in
buffering CV perturbations. In SWS, a great gH Fspp,rr and a low gLFspp rr seem to favour the short-
term control which is in agreement with the fact that CV control in SWS is mainly linked to respiratory
influence. BRS efficiency is a band dependent phenomenon, as, in every sleep stage, gH Fspp,rr is greater
than gLFspp,rr (P < 0.01, not shown); this is in agreement with Parati who observed that sequence-BRS
decreased as the time over which baroreceptor modulated the sinus node increased and concluded that
BRS is the most effective when engaged briefly [121]. No BRS pattern evolution throughout the night was
evidenced in gHFSBP,RR or in gLFSBP,RR, consistent with Parati’s results [121]. This suggests that the
BRS is not clearly influenced by sleep-cycle organisation and that other mechanisms are predominant on
the CV autonomic control throughout the night. Therefore, the H Foy increase and the LFpy decrease
during the night might be related to a reduced low-pass characteristic of vascular system due to a decrease
in total peripheral resistance, one of the mechanisms responsible for the blood pressure fall in sleep [18].
The different time evolution of BRS between subjects might be due to different resetting mechanisms of
the cardiac baroreflex, previously illustrated [147, 18].

5.3 Spectral Analysis in Pathological Condition: Chronic heart failure study
5.3.1 Methods

For five minutes, the subjects were trained to pace their breathing with a periodic auditory stimulus.
After a 15-minute rest, the recordings were performed during two, five-minute, random-order periods
of breathing paced at 0.25 Hz (15 breaths/min, which is close to the spontaneous breathing rate) and
0.15 Hz (9 breaths/min), respectively. During the paced-breathing periods, the subjects were allowed to
control the depth and shape of each breath so as to mantain normal alveolar ventilation.

5.3.2 Results

Controls

The mean RR interval , systolic pressure and the standard deviation (StD) of the SBP signal were
the same at the two breathing rates, see table (7). RR and SBP oscillations in the HF and LF domains
were increased at the slower breathing rate, P < 0.05 table (7). Coherence function values between the
RR interval and blood pressure oscillations were around 0.8-0.9, indicating a strong correlation between
the two parameters (data not shown). This allowed the spectral gain to be calculated.

At the slower breathing rate, the baroreflex gain increased in the HF domain, denoting a frequency-
dependent response, table (9), whereas the baroreflex gain remained unchanged in the LF domain.

The mean regression slope was higher at the slower breathing rate: 10 £+ 2.8 ms/mmHg at 0.25 Hz vs.
12 + 2.4 ms/mmHg at 0.15 Hz; a typical example is shown in fig. (28).

CHF patients
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Control (n=6) Heart Failure (n=7)
SB | CB SB | CB
[ BR(Mz) | 28 | 25 | .15 | 25 | 025 | 015 |

RR (ms) 779+94 | 768 £100 | 795 £100 || 80480 | 793 £ 73 | 790 + 68
StD RR (ms) 27 +20 21+9 40+20 * 17+ 12 15+8 18+12 %
SBP (mmHg) 114+20 | 108+14 110+ 14 || 118+ 13 | 119+ 11 | 114+ 14

StD SBP (mmHg) 3+1 4+1 4+1 4+1 32 4+2
DBP (mmHg) 63 +12 60 £ 10 60 £ 10 66 £ 12 65+ 12 64+13

StD DBP (mmHg) 2+0.5 2+05 2+05 2+1 2+1 2+1

Table 7: Data are expressed as mean £ StD. SB: spontaneous breathing. CB: controlled breathing. StD:
standard deviation. BR: breathing rate. Symbol key: x: p < 0.05 0.15 Hz vs. 0.25 Hz; : p < 0.05 Heart
Failure patients vs. control group during controlled breathing periods. From [93].

RR (ms)

1000 ~

0.25Hz

SBP

1 (mmHgQ)
40

Figure 28: Spontaneous cardiac baroreflex in the time domain in a control subject. At the slower breathing
rate, the baroreflex gain increased . From [93].

Frequency Domain Control (n=6) Heart Failure (n=7)
SB | CB SB | CB
HFRg 0.7+08 | 0.8+0.8 8§+9* 0.5+£05 07077 | 1.1+£1.7*}
LFgp 09+09|04+027|3+24* || 06+06| 04405 0.7+06 1
HFspp 10+9 6+3 20£10* 3+2 4+4 10+ 10 *§
LFspp 3+4 10+4 ¢ 207 % 9+7 5+51% 9+7
HFppp 1+£1 | 00+09 | 5£1* [ 05+£04] 1£31 4+5 "
LFpgp 6+ 4 4421 5+1* 749 1+1 2+0.8

Table 8: Data are expressed as mean+StD. SB: spontaneous breathing. CB: controlled breathing. Symbol
legend: *: p < 0.05 0.15 Hz vs. 0.25 Hz; 1: p < 0.05 Heart Failure patients vs. control during controlled
breathing periods; 1: p < 0.05 0.25 Hz controlled breathing vs. spontaneous breathing. From [93].
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Gain Control (n=6) Heart Failure (n=7)
(ms/mmHg) SB | CB SB | CB
gHFSBP,RR 10£5 1217 15+7* 6+3 6+5 4:‘:3*1:1:
9LFsppRrR 7+6 6+3 7+3 5+2 4+1 4+2%
gHFppprr || 2619 | 244+13 | 32£19* || 224+15 | 214+13 | 124+ 7 *}
9LFpBp RR 10+£6 12+9 14+7 8+2 7T+3 T£31%

Table 9: Data are expressed as mean=+StD. SB: spontaneous breathing. CB: controlled breathing. Symbol
key: x: p<0.05 0.15 Hz vs. 0.25 Hz; T p < 0.05, {1 p < 0.01 Heart Failure patients vs. control during
controlled breathing periods. From [93].

The mean RR interval, systolic pressure and the SD of the SBP signal were similar at the two breathing
rates, see table (7). HF oscillations of the RR interval and SBP were increased at the slower breathing
rate.

As compared to the control subjects, HF and LF oscillations of the RR interval and SBP oscillations
were attenuated but showed greater depression at the slower breathing rate. The marked increase in the
HF amplitude of SBP oscillations was accompanied by a slight increase in the HF peak of RR oscillations
at the slower breathing rate. Coherence function values between the RR interval and blood pressure
oscillations in the HF and LF domains were high, indicating that the baroreflex in the patients, although
blunted, was present. Consequently, we were able to calculate the BR gain. In the CHF patients, the

RR (ms)

1000 +

100

Figure 29: Spontaneous cardiac baroreflex in the time domain in a CHF subject. At the slower breathing
rate, the baroreflex gain decreased . From [93].

slower breathing rate was associated with a decrease in the gain between the RR interval and SBP in
the HF domain, table (9), whereas the opposite was seen in the control subjects. In the LF domain, the
BR gain was unchanged. The mean regression slope was less steep and decreased at the slower breathing
rate, a typical example is shown in fig. (29).
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5.3.3 Discussion

The main finding of this study is that voluntary breathing in CHF patients was associated with alterations
in the baroreflex gain of the cardiovascular system: slower paced-breathing decreased the BR gain in
CHF whereas the opposite was apparent in the control group. The reversal of the normal pattern of
breathing rate-driven BR gain change in the CHF patients suggests major dysfunction of the central
neural regulation of autonomic outflow.

Central mechanisms regulating cardiovascular and respiratory rhythms

Cardiovascular rhythms are modulated by central mechanisms and afferent inputs from arterial barore-
ceptors, chemoreceptors, cardiac receptors, and stretch receptors in the thorax, including the lungs. Dur-
ing spontaneous respiration in healthy subjects, the baroreflex and cardiopulmonary reflexes are involved
in the genesis of both HF and LF oscillations of heart rate and blood pressure [129]. In addition, the
central nervous system (CNS) has been shown to play a role in the genesis of oscillatory components in
cardiovascular rhythms [99, 117, 75, 31, 35]. Montano et al. demonstrated LF and HF components in the
discharge variability of brainstem neurons recorded in anesthetized and artificially ventilated cats with
sinoaortic deafferentation: an HF component synchronous with the artificial ventilation rate was observed
in the spectrum of neuronal discharge variability [99]. Pagani et al. showed that both LF and HF of the
RR interval can result from an autochthonous central rhythm, which influences autonomic output [117].
Simultaneous changes in rhythmic organization have been detected in brainstem neurons, respiration, the
cardiovascular system, and the EEG [75]. Voluntary breathing involves specific cortical regions in the
brain, which have been localized in humans [40]. The forebrain can transmit signals to the respiratory
system along an independent pathway, bypassing the automatic metabolic control center (spontaneous
breathing) in the brainstem [107]. Furthermore, robust connections exist between the cerebral cortex, the
brainstem respiratory motoneurons, and the hypothalamic area [33, 70], a cardiovascular and respiratory
integrative structure. In healthy subjects, high frequency BR gain is enhanced when the breathing rate
is slowed-down, i.e. there is an inverse relation between the baroreflex sensitivity and the respiratory rate
[130]. Greater tidal volume causes higher cardiac output and SBP oscillations, therefore justifying the
increase in the BR gain to buffer such oscillations. During voluntary breathing, the CNS also contributes
to the regulation of the peripheral BR controller gain [70].

Altered central nervous system processing in CHF patients

Autonomic modulation of cardiovascular variabilities in CHF is characterized by alterations at the
cerebral level [126, 81], sympathetic excitation and vagal withdrawal [43], and profound neurohormonal
derangements [26]. Arterial and cardiopulmonary baroreflex are also blunted and CNS abnormalities play
a major role in the impaired regulation of autonomic outflow in CHF patients [126, 81, 31, 35]. However,
the origin of these CNS alterations remains complex. Major changes in specific cerebral areas including
alterations in neuron activation occur, probably as a result of exaggerated sympathetic outflow [126].
Excessive circulating levels of catecholamines, angiotensin, or vasopressin may alter autonomic regulatory
function at the central level as well [126, 81]. It should be borne in mind that the patients studied were
not severe, as indicated by the clinical data and the preservation of LF RR interval oscillations [35].
Consistent with this fact, respiratory modulation of the baroreflex sensitivity was preserved. In CHF,
voluntary breathing has major effects on the controller gain of the cardiovascular system. This novel
finding reinforces the notion of a central impairment regulating autonomic outflow: using an instant non
linear time-domain method, i.e. the complex demodulation technique, we previously observed major
phase fluctuations between cardiovascular oscillations and respiration during volitional paced-breathing,
indicating a transient lack of synchronization between these physiological signals [92]. Various methods
for baroreflex assessment such as the phenylephrine method, the cross-spectral gain in the LF and HF
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domains, and sequential methods have been used to measure baroreflex sensitivity in CHF patients.
Although neither the phenylephrine method nor spectral analysis is ideal, the spectral gain and the
sequential methods have the enormous advantage of being safe for the patients [34, 27].
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6 Time-varying analysis

6.1 Introduction

This section is meant be a review of the principals chatacteristics of the Complex Demodulation (CDM)
and the Smoothed Pseudo Wigner-Ville distribution (SPWVD) and their application to cardiovascular
signal processing. We will demonstrated the complementary advantages that the two methods offer: in
one hand, the CDM algorithm gives a measure of the phase relationship between the respiratory activity
and the high frequency oscillation in the cardiovascular time series, a relationship not estimable by the
SPWVD technique. On the other hand, the SPWVD gives useful indexes, developped below, directly
related to the noise present in the signal and to the interaction between the different spectral components
present in the cardiovascular time-series, indexes not estimable by the CDM method. Therefore, together
they provide a reliable technique to assess the instantaneous spectral parameters in non-stationary car-
diovascular time-series.

Most physiological or pathological events occur in a narrow time span, and the ANS reacts very
quickly to regulate CV functions. The transient changes produced in the CV variability series remove
the assumption of stationarity even for short data.

Conventional PSD estimation is therefore unsuitable for these situations. If we look more carefully at
the frequency representation X (v) of a signal x(t), obtained by the Fourier transform (F):

X(v) = Fla(t)] = / ) e gy

—

we will note that X (v) can be seen as the coefficient function obtained by expanding the signal x(t) into
the family of infinity waves, exp {j27vt}, which are completely unlocalized in time. Thus, the spectrum
tells us which frequencies are present, together with their amplitude and phase, but not at which times
these frequencies occur.

Time-frequency joint distributions and harmonic analysis methods have recently appeared to have
most of the suitable characteristics to describe a non stationary time series.

6.2 Instantaneous frequency
6.2.1 Instantaneous frequency definition

The Instantaneous Frequency (IF) of a signal has been already widely investigate [12, 13], but we want
to point out here some aspects of the IF definition that will be very important in the suite.
Let us analyse the expression of a real signal:

s(t) = a(t) cos(2m fot + H(t)) (43)

where a(t) is amplitude and 8(t) = 27 f,t + ¢(t) is the phase of the signal, both of which vary as a
function of time t. Gabor proposed a method to generate a unique complex signal from a real one and
define the instantaneous frequency of a non stationary signal [48] as:

2(t)

s(t) + jH[s(t)]
(44)
a(t) el 9
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where z(t) is Gabor’s complex signal, s(t) is the real signal and H is the Hilbert transform, defined as

+oo _
s(t T)d
T™T

Hls(t)] = pov. / . (45)

—oQ

where p.v. denotes the Cauchy principal value of the integral. The signals, s(t) and H[s(t)], are often
said to be inquadrature, because in theory they are out of phase by /2.
Note that the following equation defined for a real signal:

a(t) cos 8(t) + jHa(t) cos B(t)] = a(t) e !V

can be verified if and only if the spectrum A(f) = F{a(t)} lies entirely in the region |f| < f, and the
spectrum F {cos 6(t)} exists outside this region (Bedrosian’s theorem for real signals, [24]). In the next
sections, we will note that amplitude and phase functions will be assumed to vary slowly over time. This
hypothesis allows the original signal to verify the condition of Bedrosian’s theorem, and therefore there
will be only one analytic signal and only one instantaneous frequency associated to a real signal.

6.2.2 Limitation of the instantaneous frequency concept

The analytic signal definition by equation (44) is not able to solve the intrinsic limitation of the concept of
instantaneous frequency, for example let us consider one simple real signal s(¢) and the analytical signal
associated to it:

2(t) = 21(t) + 2a(t) = ay 7@ AW/ | g, eilwotAw/2)t (46)

where w, = 27 f, and Aw = A f/(2x). If we express z(t) in terms of envelope a(t) and phase e/®(*) we
have

(—a1 + a2) sin(Aw/2)t

(a1 + a2) cos(Aw/2)t

®(t) = arctan

and now the instantaneous frequency is

1 d Af —a12 + a22
IF(t) = — — t)| = - 4
( ) - [arg Z( )] fo + D) a12 +a22 + 2a1as cos Awt ( 7)

The IF given by (47) varies with time, but excursion of f(t) about f, are not symmetrical; the “instan-
taneous frequency” is entirely upwards if a2 > aq, entirely downwards if a2 < a; and IF(t) = f, if
as = ajq.

However, in this example, we may argue that the analytic signal in (46) corresponds to the bicompo-
nent real signal s(t) = s1(¢t) + s2(¢) and we would like to obtain the instantaneous frequency of the two
components. Hence, the IF is not meaningful for s(t) but only for the single component signals s;(t) and
s2(t) taken separately.

Concluding, the notion of instantaneous frequency implicitly assumes that, at each time instant,
there exists only one frequency component. So, IF is not sufficient to represent all the non-stationarity
multicomponent signals. But, if further a priori information are available, either an harmonic analysis or
a time-frequency representation may be useful to characterise the signal’s evolution in both amplitude
and frequency in time.
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6.3 Harmonic analysis: Complex DeModulation
6.3.1 Principle of Complex DeModulation (CDM)

The CDM method has been widely investigated [11, 56, 57, 146, 145], but we point out some aspects
related to its application to cardiovascular time-series.

CDM provides a flexible approach to data with transient changes when the distribution of the frequency
components is o priori known, such as in cardiovascular time-series.

CDM may be seen as a local version of harmonic analysis: analogous to harmonic analysis in describing
amplitude and phase of an oscillation, and local in that the amplitude and phase are determined only
by the data in the neighborhood of t, rather than by the whole series. Let the real signal x(t) be a
narrow band with the center frequency (\,) larger than the bandwidth (BW) of its spectra X(f). Note
that this constraint has been shown to be necessary and sufficient to properly extract the envelope and
phase functions of x(t) with the use of complex demodulation [74]. Therefore, the time series z; includes
a component with an actual frequency A(¢) which changes slowly around a frequency of A, within the
range A, + A, then z; can be written as:

Ty = Qg COS(27T)\0 —+ q)t) + Z¢ (48)
with:
AE) € Ao = Auwi o + Au]  VE (49)

where a; and ®; are the slowly changing instantaneous amplitude and phase of the component of interest,
and z; is the residual time series including all other components and noises such as continuous component,
and trends. The difference between the actual frequency A and )\, is expressed as the slope of ®; versus
time:

1 d¥,
At)=Ao+ — — 50
() =dot 5= (50)
The aim of the analysis is to extract approximation of a; and ®; as functions of time.
Using the Hilbert transform (H), Gabor’s complex analogue of z; is:
X; = 2(t) + jH[z(t)] = ay T2 4 7, (51)

where Z; is Gabor’s complex signal of z;. Note that, by definition, the time series x; satisfies Bedrosian’s
theorem. Then let y; be the signal obtained by shifting all the frequencies in X; by —A,.

Y, = X, ej(—27r/\ot) =a eth + Z ej(—27rkot) (52)

From the frequency-domain point of view, the power spectrum of X; has a peak around a frequency of
Ao (within the range between A, + A, ), which represents the component of interest. As the result of
a leftward shift of all frequencies, this peak is moved to around zero frequency (within the frequency
range between +),,) in the power spectrum of Y;. Although the peaks of all other components in X; are
also moved leftward, those at an original frequency above A\, + A, do not reach zero frequency (remain
above )y ), and those below A, — Ay, including direct current trends component, move into the negative
part of the frequency axis (below —\,). Thus, a low-pass filter with a corner frequency of A\, excludes
all components except the component of interest and then the amplitude can be obtained as the signal
intensity of Y;. Therefore, if W; is the signal obtained by passing Y; through a low pass filter with a A,
cut-off frequency, we will have:

Wt = a ej @ (53)
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and then we can can obtain amplitude and frequency function as:
CDM IAmp = a = |Wy

. 54
¢, = arctanM >4

CDM _IPh real(I7)

Finally, because the slope of the phase versus time indicates the deviation of instantaneous operative
frequency from the reference frequency (50), the instantaneous frequency (IF}) of the component can be
obtained from )\, and the first order differentiation of ®; from the Eq. (54):

1 do

CDM_IF=IF, =X 4+ — —" (55)
27 dt

6.3.2 Application of the complex demodulation to cardiovascular signals

As we are only interested in the LF and HF peaks in CV signals, we filtered out the VLF component to
obtain a signal with few, well separated spectral components (if the breathing rate is greater than 0.15Hz),
as shown in fig. (30). The IF interpretation is meaningless since the signal is intrinsically bicomponent

PSD (mmHg 2)

- HF pesk

LF pesk

T ()
0.00 005 010 015 020 025 030 035 040 045

Figure 30: Ezample of spectral analysis (by FFT) of systolic blood pressure (SBP) signal. The spectrum
has two major well separated peaks, the LF and HF peak. Here, an instantaneous frequency interpretation
is meaningless, but on the other hand we can still define an instantaneous central frequency.

as in example (46).

By changing the central frequency , A, in eq. (50) and the cut-off frequency, A\, in eq. (49) of CDM
method, it is possible to repeat this procedure, analyzing all spectral components actually present. This
is the classical CDM procedure applied by Shin and Hayano [146, 145, 56, 57| who fixed A, = 0.09H z,
Aw = 0.06Hzand A\, =0.31Hz, A, = 0.15H 2 for the LF and HF components respectively. Unfortunately,
their method does not exploit the real actual breathing frequency that at least approximates the HF peak
position in the signal spectra, and they need “a priori” knowledge of the mean value of the breathing rate.
Therefore, the low-pass filter must have greater cut-off frequencie than is really needed.

Recently, Vermeiren used the actual breathing rate to improve the CDM method; this technique
was called modified CDM (mCDM) [165]. Therefore, the HF component of CV signals (HF¢oy) was
demodulated fixing A\, = BR(t) lowering the cut-off frequency of the low-pass filter to A\, = 0.04H 2.
This method greatly reduces noise effects and gives a better time resolution of amplitude variations in a
noisy environment. In addition, by mCDM, the phase ®;, assessed by equation (54), has a clear meaning:
it represents the real phase relation between respiratory and CV activity and not, as in the classical
CDM method, a phase relation between an “a priori” complex oscillator and H Fpy oscillations. The
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mCDM allows us to pass from a single channel analysis (output point of view), to a multichannel analysis
(input-output point of view), providing frequency and amplitude relationships between two signals.

The phase function, and its evolution over time, depends on both breathing rate and breathing-
cardiovascular interactions. To gain insight into CV and respiratory interactions we may impose a paced
breathing activity. Let us give a very simplified example to explain our conclusions. Let a(t) be the
input signal of a linear system with a transfer function H(f) and 3(t) the corresponding output signal, as
shown in fig. (31).

o(t) A(t)
a, cos(2m fot + ) H(f) b, cos(2m fot + 8)

Figure 31: Assuming a complex gain H(f) between an input signal at) and an output signal 5(t), their
phase difference depends on both the characteristics of the gain function H(f) and on the frequency f, of
the input signal.

The phase difference between a(t) and §(t) depends on the characteristics of the complex gain H(f)
(amplitude |H(f)|;—; and phase ZH(f);_; ) and also on the frequency f, of the input signal. In fact
6—~=LH(f);_;, where ZH(f);_, isthe argument of the gain assessed at f = f,. Assuming that a(t)
is the respiratory signal and that 3(¢) is the H Foy signals, then H(f) will represent the overall complex
interactions between respiratory and CV activity and f, will correspond to the breathing rate. By
pacing respiratory activity, phase variations will be attributed directly to the ZH(f) 7, time variations
independently of f, variations. So, in the HF band, the most important information on CV-respiratory
system organization and co-ordination will not be the frequency, but, obviously, the phase between the
respiratory signal, used as the reference signal, and the H Fpy. The phase could be seen as the difference
between the frequency of the respiratory signal (BR) and the frequency of the H Fy components; from
equation (50) we can write:

B, = 2r /0 IA(F) — AJ] dr = 2r /0 \(r) — BR(r)] dr (56)

where BR(7) is the instantaneous breathing rate. Therefore, a constant phase value in time would mean
complete co-ordination between respiratory activity and high frequency CV activity.

The only constraint to apply the CDM method is that x(t) has to be a narrow band type signal in the
sense that the bandwidth BW is small compared to A,. But any signal has energy outside the frequency
of interest A, = A,,. Thus, a reliable bandpass filter must be applied before the extraction of the envelope
and phase within the narrow frequency band of interest. We introduced two filters: the first one for LF
component analysis (from 0.04 up to 0.12Hz); the second one for HF component analysis (the HF band
has a narrow bandwidth centered around a fixed breathing rate). The whole signal processing schema is
shown in fig. (32).

6.3.3 Limitations of complex demodulation technique

The CDM technique is based on the assumption that only the component of interest is present within the
defined frequency band (f, & f,,) otherwise the algorithm would yield unpredictable and noised related
CDM IF and CDM IPh values. Therefore, to avoid this limitation, the CDM IF and CDM IPh
values were considered reliable only when the associated I Amp is greater than an a priori fixed threshold
value [57]. In one hand, this definition does not really take into account the noise present in the signal:
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Figure 32: Signal processing algorithm to apply the CDM technique to CV signals, implemented in
LARY_CR in the SCILAB-SCICOS environment ([95]). This flow chart shows the HF component pro-
cessing; for the LF component an a priori complex oscillator is used instead of the respiratory signal.

the CDM _IF and CDM _IPh estimate could be biased by a low signal-to-noise ratio and not only
by a low CDM _IAmp value. This is the case in some clinical deseases, such as chronic heart failure
(CHF) [92] and in some pharmacological studies, such as complete autonomic blockade [94], where CV
variability in the high- and low-frequency band is largely decreased. On the other hand, this definition
does not take into account that the HF and the LF oscillatory components may interact together, such
as when the breathing rate is slowed down to around 0.15 Hz. As CDM is not able to evaluate the
influence of noise on instantaneous parameter estimation and the interaction between the two frequency
components, we jointly use a time-frequency method, the smoothed pseudo Wigner-Ville distribution
(SPWVD). The SPWVD provides an approximation of the beat-to-beat relative contribution of the
noise to the instantaneous power of the signal and an approximation of the beat-to-beat spreading of
the instantaneous power distribution of the signal, respectively SPW _N., and SPWVD _IDisp as
defined below. This allows us to discard periods during which CDM IF and CDM IPh estimate
are not reliable due to a low signal-to-noise ratio and to a large interaction between the two frequency
components.

6.4 Time-frequency analysis: Smoothed Pseudo Wigner-Ville distribution
6.4.1 Definition of Smoothed Pseudo Wigner-Ville Distribution

A time-frequency energy distribution recently used in physiological signal analysis is the Smoothed Pseudo
Wigner-Ville distribution defined as:

+o0 +o0
SPWNM(n, w) = Z gu(m) Z h (k) z(n + k4 m)z*(n — k + m) e 92* (57)

m=—00 k=—o0

where N and M stand for the window sizes of hy and gas respectively. The window gar(m) determines
the number of spectra involved in the average and hence the effectiveness for cross term suppression. The
window hy (k) determines frequency smoothing of the SPWVD. Therefore, the two windows gps(m) and
hn (k) perform smoothing in the time and frequency directions, respectively.

Several studies have shown that averaging the spectra in the time direction is effective for reducing
cross terms and negative regions which usually characterize Wigner-Ville distribution. Unfortunately,
the marginal properties are no longer valid and, in particular, the time resolution is reduced [131]. In
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spite of this, in the case of signals with few, well separated components, such as CV variability series, see
fig. (30), the smoothing procedure is suitable for solving or at least reducing the interferences problem.
In the SPWVD a trade-off is required between the time-frequency resolution and the suppression of the
cross-term: the more you smooth in time and/or in frequency, the poorer the resolution in time and/or
frequency [131].

In computing the SPWVD, the discrete fourier tranform (DFT) is employed. For the DFT, the width
of the frequency bin is inversely proportional to the window size N, if no padding of zeros is employed,
i.e. the bin-width is given by

fo =0.5/N x f,
where f; is the frequency sampling. To assess the peak position with an error of 0.002 Hz we apply a zero

padding, as in the previous similations, using a frequency smoothing window B%’ ~(4) of T=1024 points
defined as:

) 0 4 = 1 . (T — N)/2
hyr() =4 hy(k) j = (T-N)/2+1 . (T-N)/2+N
0 j = (T-N)/2+N+1 . T

thus, with a frequency sampling of f; = 4Hz, the frequency resolution is
fo=05/Tx fs, =0.002 Hz

and eq. (57) becomes:

+oo +oo
SPWNTM(p ) = Z gu(m) Z B%V,T(k) z(n+k+m)z*(n —k+m)e I2k (58)

m=—00 k=—o0

6.4.2 Application of Smoothed Pseudo Wigner Ville to cardiovascular like time series

Significant improvement in the IF and TAmp estimate can be achieved if some a priori information
about the IF frequency domain or about the rate of variation in the IF and TAmp are available. This
information usually involves some assumption about the IF and TAmp being slowly varying, which can
be used to “smooth” (or postfilter) the sequence of IF and TAmp estimates, and also some assumption of
the frequency interval inside which IF can change, which can be used to prefilter the signal.

In the CV context we known a priori the frequency band of both the HF and LF components, and we
can exploit this knowledge to improve the TAmp and IF estimate by prefiltering the signal, as previously
described for the CDM algorithm.

Instantaneous frequency estimate
Instantaneous frequency (SPW _IF;,) could be estimated by first order moment of the SPWVD:

+o0
Z wSPWaf\;’T’M(n,w)

SPW _IF,,(n) = = (59)
z SPWEJ\;’T’M(n,w)

w=—0Q

Instantaneous amplitude estimate
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Even if in SPWVD marginal properties are no longer valid, we can use it to obtain useful approxima-
tions of HF and LF power (I Pow,,) in cardiorespiratory signals.

+o0
SPW _IPow,,(n) = Y SPWN"M(n,w) (60)

w=—00

Because CDM provides the magnitude of individual spectral components as amplitude values in time,
the power obtained by time-frequency analysis for each component was converted to the instantaneous

amplitude (IAmp) as follows:
IAmp,,(n) = \/IPow,,(n) a (61)

where « is a constant assessed by simulations.

Signal to noise ratio assessment

Given an ideal t-f distribution (TFD) which describes the energy density of a signal simultaneously
in time and in frequency, we could define an index to estimate the noise in a signal. If the oscillation
of interest lies within an a priori known frequency band (FB), and that the noise lies outside (FB), we
could prefiltering the signal and then estimate the relative contribution of the noise to the instantaneous
power of the signal as

NSR=1-— fueFB TFDy(t,v)dv _ quF_B TFD,(t,v)dv

JTFD,(t,v)dv |lz(t)|? (62)

where TFD,(t,v) stands for the TFD transform of the signal x(t). The Noise to Signal power Ratio
(NSR) takes value in [0,1], 0 when all the energy of the signal is inside the FB region and 1 in the
opposite situation. Therefore, we can estimate the noise power present in the signal by an ideal ¢-
f energy distribution and this is exactly what CDM fails to tell us. Unfortunately, such an ideal ¢-f
energy distribution does not exist [25] and hence NSR estimate is not possible. SPWVD cannot be
interpreted exactly as an energy distribution as it may assume negative values and a negative energy
value is meaningless. Therefore, applying eq. (62) to the SPWVD of an analytical signal x(t), the NSR
parameter can take negative values. Neverthless, an estimation of the noise present in the signal could
be obtanied as follow

Z SPWzA;’T’M(n, w)

wEFB

Z SPWé\;’T’M(n, w)

SPW Ney=|1— (63)

A very small frequency smoothing is needed so that the signal time-frequency representation really lies
within the predefined frequency band. Therefore, to estimate IAmp et Nest by SPWV algorithm, we
chose a frequency smoothing window of size N=T/2 in eq. (58). The SPWVD of a monocomponent
signal, linearly modulated in frequency is concentrated in one point [14, 25] and SPW _ N, is equal to 0
if this point belongs to the FB region, 1 otherwise. Oscillating cross-terms and negative regions imply that
SPW _N.s approximates the NSR index; an effective signal prefiltering and WVD smoothing become
very important for the SPW N, estimation. We will demonstrate that the smaller SPW N4 is, the
more reliable IF and IPh are.

Instantaneous dispersion

RR n° 4427



76 Monti & Médigue € Sorine

To estimate the spread in frequency of the SPWVD we could use a classical definition of variance
which, interestingly, corresponds to the third moment of a distribution:
+oo
Z w? SPWwA;’T’M(n,w)
SPW _Ivar(n) = w::; — SPW _IF(n) (64)
Z SPWmAf”T’M(n,w)

w=—00

Unfortunately, this “pseudo variance” has no reason to be positive everywhere since SPWVD also takes
negative values. Therefore SPW _Ivar,,(n) assessed by eq. (64) could not be interpreted as a dispersion
around SPW _IF; (n). To estimate the dispersion of the distribution of the signal energy, we defined
an index as follows:

Jf [W-IF;’;Om(n)]Z ‘SPWEJ\;,T,M(an)

SPW _IDisp,,(n) = “—=

+ o0 (65)

Z SPWEA;’T’M('I'L, w)

w=—0Q

The SPW _IDisp is always positive and equal to the SPW _Ivar if and only if SPWVD is positive.
The SPWVD of a monocomponent signal, linearly modulated in frequency is concentrated in one point
[14, 25] and, hence, the SPW _IDisp is equal to 0. For large SPW _IDisp values, IF estimates are
meaningless as the signal is not monocomponent. We will demonstrate that the smaller SPW IDisp is,
the more reliable IF and I Ph are.

Complementarity of the two indexes

SPW N estimates the ratio between the energy of the signal in an a priori defined frequency band
and the total energy of the signal. SPW _IDisp estimates the spreading of the SPWVD in the frequency
direction, without a frequency band definition. Low SPW _N.. and high SPW _IDisp values could
reveal that a large FB contains all the energy of the widely spreaded spectrum of the signal (case of LF
band). Conversely, high SPW N, and low SPW _IDisp values could reveal that the spectral peak is
outside the frequency band. Hence, SPW _N.s and SPW _IDisp, jointly, are effective tools to validate
IF and IPh estimate.

SPW _Ns estimates the ratio between the energy of the signal in an a priori defined frequency band
and the total energy of the signal, whereas SPW _IDisp estimates the spreading of the SPWVD in the
frequency direction, without a frequency band definition. Therefore, given a very large FB definition,
such as in the LF band, SPW N, could be very low when the signal energy is really concentrated in
FB, whereas the SPW _IDisp could be very large making the I'F' of the signal meaningless. On the other
hand, the SPW _N.4 could be very large and the SPW _IDisp could be very small when the spectral
peak is outside the frequency band of interest, also in this case the IF of the signal is meaningless as it
does not correspond to the component of interest. Concluding, the SPW N4 and SPW _IDisp jointly
provide a quantitative method to validate the IF' and the I Ph estimate of a signal.

Smoothed Pseudo Wigner-Ville processing schema

The whole signal processing schema using the SPWYV technique is shown in fig 33. The WFIR band
pass filter could be set either to the LF band or to the HF band, estimating SPW _IF,,, SPW _IAmp,,,
SPW _IDisp,, and SPW _Nes in both frequency bands.
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Figure 33: Signal processing algorithm to apply the SPWVD technique to cardiovascular signals as per-
formed by LARY _CR in the SCILAB-SCICOS environment ([95]).

6.4.3 Smoothed Pseudo Wigner-Ville algorithm limitations

In the application of SPWVD to actual cardiovascular data, phase estimation presents a problem. The
IPh between two monocomponent signals, z; and y;, could be calculate as follows

t
&, = 2 / [[F, — IF,] dr + ®, (66)
0

where IF, and IFy are the instantaneous frequency of the two oscillations z; and y;, respectively. When
IF, and IF), are equals, the time-integral in eq. (66) is constant, revealing a constant phase relationship
between the two signals. SPWVD allows IF, and I'F, estimate but it is not suited for estimating ®. In
fact, having IAmp, (n) and IF;,(n), one could estimate the phase ¢, minimizing the error

+oo | 2
Z (xf(n) - IAmpzf (n) e](2 7T Ime(")+¢o))

n=—oo

This approach has not been developed in this report. Thus, by SPWVD it is possible to estimate phase
variations in time between two signals, for example between RRgr and the respiratory activity, but not
the absolute phase difference between the two signals. So, the SPWVD technique provides only phase-
shift over time between the two signals but not the absolute phase between them. Therefore the SPWVD
technique is useful to estimate time-varying amplitude, and frequency but it is suited to estimate the
phase relationship between two signals, such as the HFy and the respiratory activity.
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7 Time varying analysis applied to physiological and pathological
conditions

7.1 Introduction

This section shows and discuss the results obtained by our group applying the instantaneous spectral in-
dexes previously described in both RR-like time series, physiological and pathological study. We will show
the complementary caracteristics of SPWVD and CDM method and their usefulness for instantaneous
spectral estimate in different conditions.

e Validation of the joint SPWVD-CDM method

The SPWVD and CDM methods have been already used separately to estimate time-dependent
changes in the instantaneous amplitude (I Amp) and frequency (IF') of the oscillatory components
present in the CV time series [56, 57, 67, 92, 94, 131, 146, 145]. However, each of these methods has
limitations that a joint utilisation could largely reduce, due to their having interesting complemen-
tary features. CDM is suitable to assess the instantaneous phase (IPh) relationship between two
oscillations; SPWVD is suitable to assess the reliability of IF and IPh estimate. The aim of this
section is to validate the joint SPWVD-CDM method on simulations and physiological experiments.
We propose two indexes related to the noise present in the signal and to the dispersion of the power
spectrum in order to detect and quantify the time-changes in the CV variability, even when this
variability is greatly reduced, such as in autonomic blockade and ANS deficiency.

e Use of the joint SPWVD-CDM method in Pathological conditions

Autonomic nervous system dysfunction is common in patients with chronic heart failure (CHF) [43].
Elucidation of the mechanisms underlying dysautonomia in heart failure is of crucial importance for
risk stratification since impaired indexes of autonomic activity, such as heart rate variability and
baroreflex sensitivity, have been shown to predict mortality in CHF patients. Autonomic dysregula-
tion plays a key role in progression of the disease. Various noninvasive signal processing techniques
have been developed for analyzing cardiovascular oscillations. In the frequency domain, power
spectral analysis using Fast Fourier transform is the method most widely used in clinical studies.
However, it averages frequency and amplitude throughout the observation period and is therefore
reliable with an assumption of relative stationarity. Many situations of physiological interest require
instant analysis of cardiovascular autonomic control. Continuous and instantaneous assessments of
cardiovascular and respiratory oscillations [67, 91] provide interesting data on cardiorespiratory dy-
namics. Complex demodulation measures changes over time in amplitude, frequency, and phase of
oscillations in a frequency band of interest. Thus, it is well-suited to the investigation of unstable
oscillations [56]. The objective of the present study was to gain insight into cardiorespiratory system
dynamics in chronic heart failure patients by assessing continuously the instant amplitude, phase,
and frequency of cardiovascular oscillations during application of a forcing stimulus, i.e. respiration.

7.2 Evaluation of the methods
7.2.1 Evaluation of the instant parameter estimators based on synthetic signals

We compared the estimated parameters to the theoretical ones on several RR-like series testing the ability
of SPW N, and SPW __IDisp to detect unreliable IF and IPh estimates. The most representative
time-series are the following:
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. .Z'l(k) = 1000+ VLF; + AmprF Sin(QfLF(t) 7T k/4) + Ampgr Sin(2fHF(t) 7T k/4) + WGN;

— Amprr(t) and Ampgp(t) are the time varying amplitudes in the LF and HF bands;

— for(t) and fgp(t) are sinusoidally modulated LF and HF components, around 0.09 Hz with
amplitude 0.01 Hz and period 150 s for LF, around 0.25 Hz with amplitude 0.01 Hz and period
80 s for HF.

— VLF; is a bicomponent signal at frequency 0.03 Hz and 0.005 Hz of amplitude 0.6 s and 0.5 s
respectively;

— W(GN; is a white Gaussian noise with mean 0 s and standard deviation of 0.5 s.
o 15(k) =1000+ VLF, + Ampp sin(2fLp(t) mk/4) + Amprr sin(2fur(t) m k/4) + WGN-

— VLF; is a bicomponent signal at frequency 0.03 Hz and 0.005 Hz of amplitude 0.8 s and 0.9 s
respectively;
— WGN, is a white Gaussian noise with mean 0 s and standard deviation of 2 s.

In the z2(k) time-series, a greater VLF amplitude and WGN standard deviation produced a larger
noise contribution to signal variability. These time series concentrate their energy in the well-defined HF
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Figure 34: The two synthetic RR-like series, x1(k) on the top, x2(k) on the bottom.

and LF regions of the ¢-f plane. They simulate time-dependent changes in the frequency location and
amplitude of the respiratory sinus arrhythmia of an RR series during a 0.25 Hz paced breathing test
(Fig. 34). They simulate typical real CV time series in normal but also in reduced variability conditions
usually evidenced in autonomic deficiency.

7.2.2 Evaluation of the instant parameter estimators based on real CV data

ECG, blood pressure (Finapres) and respiratory (Respitrace Systems) signals were recorded at 500Hz
by a specific computer software (Acknowledge III, BIOPAC systems, USA). Signal processing was per-
formed with LARY CR, a physiological signal analysis software developed at INRIA, in the scientific
environment SCICOS-SCILAB. Rhythm detection was applied to raw CV signals: for RR, an adaptative
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threshold was applied to the derivative ECG; systolic (SBP) and diastolic (DBP) blood pressure were
determined with a variant of Pan’s algorithm, as described in [92, 94].

The joint SPWVD-CDM method was applied on several testing conditions to evaluate the influence
of different parameters (HF band definition, BR, CV variability) on the estimation of the instantaneous
spectral parameters:

1. During spontaneous breathing in normal subjects
Spontaneous breathing requires a wide HF band because of large changes in BR. The subjects were
recorded over a period of five minutes in quiet conditions.

2. During paced breathing in normal and CHF subjects

Paced breathing allows a narrow HF band definition centered around the actual breathing rate. BR
was fixed to 0.25 Hz and 0.15 Hz. The CHF subjects present a reduced variability. Subjects were
recorded during two periods of five minutes, corresponding to 0.25 Hz and 0.15 Hz BR.

3. During head-up tilt in normal subjects

The time-evolution of the CV variability during the transition from supine to standing is well known
[67, 131] and can be compared to SPWVD-CDM results. The subjects were recorded during two
periods of five minutes, first supine, then standing at 0.25 Hz paced breathing.

4. During autonomic blockade in normal subjects

The CV variability is largely reduced by a total autonomic blockade [94]. The subjects, under
atropine and bisopropol administration, were recorded during thirty minutes at 0.25 Hz paced
breathing.

7.2.3 Signal processing

The two methods were applied with the following parameters:

e Preliminary band-pass filters: the LF band was centered on 0.09 Hz (0.09 £+ 0.04 Hz, Task Force
definition [44]) and the HF band on 0.25 Hz (0.25+0.03 Hz) for RR-like series or the 0.25 Hz paced
breathing, on 0.15 Hz (0.15 £ 0.03 Hz) for the 0.15 Hz paced breathing or on 0.25 (0.25 £ 0.15 Hz,
Task Force definition [44]) for the spontaneous breathing.

o CDM: reference frequencies f, were 0.09 Hz for the LF band and the instantaneous BR for the HF
band. I'F was assessed with the actual modulating BR.

e SPWVD: frequency and time smoothing Hamming windows hy and gps, of 512 points and a 21
points, respectively.

7.3 Results

The joint SPWVD-CDM method provides an excellent performance for each test: outside the periods
of unreliable spectral estimate, corresponding to high SPW _N.s and SPW _IDisp values, they give
identical results in TAmp and I'F estimates, very close to real values in RR-like series, as shown in Fig.
(35).
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7.4 Evaluation of the instantaneous spectral parameters on synthetic signals

The TAmp falls in Fig. (35) are accompanied by an increase in SPW N4 and SPW __IDisp, cor-
responding to an unreliable I'F estimate. The noisier time series corresponds to higher SPW N,y
and SPW _IDisp estimates, Fig. (35b), and this increase is more visible when the IAmp is lower (by
comparing the first and the second part of Fig. (35b)).
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Figure 35: Estimation of the HF instantaneous parameters with CDM and SPWVD on the xz1(k), on the
left, and zo(k) time series, on the right. Dotted lines stand for real IAmp and IF values. Dashed lines
stand for IAmp and IF estimated by CDM method. Continuous lines stand for IAmp and I'F estimated
by SPWVD method. CDM and SPWVD results are equivalent.

7.5 Evaluation of the instantaneous spectral parameters on real CV time
series

7.5.1 During spontaneous breathing in normal subjects

The figure (36) displays general characteristics, found in all other tests (Fig. (38), (40), (41), (42)): high
SPW _Ngs and SPW _IDisp estimates correspond to a dissociation between SPW _IF and CDM _IF
values. Therefore, IF' estimate becomes unreliable. The I F' estimate is generally more biased in the LF
band than in the HF band.
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Figure 36: Estimation of the instantaneous parameters, IAmp and IF, with CDM and SPWVD on an

RR series in a normal subject during spontaneous breathing. Continuous lines stand for SPWVD and
dashed lines for CDM results.
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7.5.2 During paced breathing in normal subjects

In the HF band, paced breathing activity is reflected by regular I Amp and I'F' estimates; the I F' corre-
sponds exactly to the imposed respiratory rhythm (Fig. (38a) and (40a)). The very low SPW N, and
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Figure 37: Three-dimensional time dependent spectrum in the HF band of an RR series in a normal
subject during spontaneous breathing (a) and 0.25Hz paced breathing (b).

SPW _1Disp values reflect the perfect concentration of the SPWVD around the BR, shown at 0.25Hz
BR on Fig. (37b). The I Amp values are higher at 0.15Hz than at 0.25Hz BR, as already evidenced
[3, 92]. The three-dimensional representation of the SPWVD shows the differences between spontaneous
(Fig. (37a)) and paced breathing (Fig. (37b)): the higher spectral dispersion during spontaneous rather
than paced breathing explains the reduced reliability of I'F' estimate, as shown by figures (36a) and (38a).
In the LF band, the three-dimensional representation of the SPWVD does not show a clear difference
between spontaneous (Fig. (39a)) and paced breathing (Fig. (39b)). Nevertheless, for the same subject
under paced breathing, SPW N,y and SPW _IDisp estimates evidence differences between the 0.25Hz
and 0.15Hz BR: the I'F estimate is less accurate at 0.15Hz because of the proximity of the HF and LF
components, as shown by figures (38b) and (40b). 0.15Hz BR represents a limit condition for a reliable
IF estimate in the LF band.

7.5.3 During head-up tilt and autonomic blockade in normal subjects

With the head-up tilt test, the HF I Amp is high when the suject is supine then strongly reduced when
the subject is standing as already described [67, 131]; in parallel, the SPW N, and SPW _IDisp
estimates are higher for standing than for supine (Fig. (41a)). The two conditions, head-up tilt in the
standing position (Fig. (41a)) and autonomic blockade (Fig. (42a)), show that even with a low variability,
SPW N.g and SPW _IDisp are very small, allowing an I'F" estimate in the HF band.

7.5.4 During paced breathing in normal and Chronic Heart Failure subjects

A qualitative analysis of the regularity of the respiratory and of the HF component of SBP (HFsgp)
time series is provided by Poincaré plot, a scattered plot of the current sample against the previous one,
see Fig. (43). Normal subjects have a 1:1 coupling between their breathing rate and the imposed rhythm,
hence the limit cycle of their respiratory time series is very clear, see Fig. (43a) on the top. In addition,
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Figure 38: Estimation of the instantaneous spectral parameters, IAmp and IF, with CDM and SPWVD
on an RR series in a normal subject during 0.25Hz paced breathing. Continuous lines stand for SPWVD
and dashed lines for CDM results.
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Figure 39: Three-dimensional time dependent spectrum in the LF band of an RR series in a normal
subject during spontaneous breathing (a) and 0.25Hz paced breathing (b).
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Figure 40: Estimation of the instantaneous spectral parameters, IAmp and IF, with CDM and SPWVD
on an RR series in a normal subject during 0.15Hz paced breathing. Continuous lines stand for SPWVD
and dashed lines for CDM results.
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Figure 41: Estimation of the instantaneous spectral parameters, IAmp and IF, with CDM and SPWVD
on an RR series in a normal subject during head-up tilt test and 0.25Hz paced breathing. Continuous
lines stand for SPWVD and dashed lines for CDM results.
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Figure 42: Estimation of the instantaneous spectral parameters, IAmp and IF, with CDM and SPWVD
on an RR series in a normal subject under autonomic blockade and during 0.25Hz paced breathing.
Continuous lines stand for SPWVD and dashed lines for CDM results.
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Figure 43: Poincare plot of respiratory signal (on the top) and of the High Frequency component in
the systolic blood pressure signal (on the bottom) for a control subject (a) for a Chronic Heart Failure
subject (b) during the 0.15Hz imposed breathing rate period. Normal subject has a stable respiratory
and HFspp trajectory, whereas patient has an irregular respiratory and HFspp trajectory revealing

some difficulty to follow the imposed external rhythm.
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the limit cycle of the HFspp time series is similar to the respiratory time series one, see Fig. (43a)
on the bottom. In control subjects, the stability in the IPh reflects a good synchronisation between
breathing and the HF component of the CV series, Fig. (44a). On the other hand, CHF subjects are
not able to follow imposed breathing rhythm as reflected by a reduced regularity of the respiratory limit
cycle, see fig. (43b) on the top. Moreover, in CHF-subjects, HFspp time series is very irregular, with
largely reduced amplitude values and without an observable limit cycle, see fig. (43b) on the bottom.
This evidencies a lack of synchronisation between HFspp and respiratory time series in CHF subjects.
In CHF subjects, the IAmp is greatly reduced and presents sudden falls, Fig. (44b), corresponding to
shifts in IPh and great SPW N,y and SPW _IDisp values. In these periods, the meaningless IPh

m% 10y tAmp (mmHg)
bl b2 b3

6/ IPh (rad) 6 1Ph (rad)

0.1 \ Nest

0.0

t(s) t(s)

0.00 200 ’
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Figure 44: Estimation of the instantaneous spectral parameters, IAmp and IPh, on o SBP time series
in a normal subject (a) and a Chronic Heart Failure subject (b) during 0.15Hz paced breathing. b1 and
b2 correspond to periods with IPh shifts and I Amp falls while b3 corresponds to a period with IPh shifts
without T Amp falls.

shifts are explained by the total disappearance of the HF component in CV time series (periods b1, b2
in Fig. (44b)). In other periods large IPh shifts occur without IAmp falls or high SPW N,y and
SPW _IDisp values (period b3 in Fig. (44b)). IPh estimate is then reliable and can be interpreted:
the HF component still exists but respiratory and high frequency CV activity are desynchronised. This
test particularly shows the usefulness of the SPW N, and SPW _IDisp estimates to bring to light
dysfunctions in the autonomic nervous system, such as in CHF subjects.
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7.6 Discussion

7.6.1 Validation of the joint SPWVD-CDM method to assess instantaneous cardiovascular
parameters

The ability of the joint SPWVD-CDM method to detect abrupt changes in the instantaneous I Amp, IF
and I Ph in CV time series was validated in all tested conditions. We showed that the I Amp level is not
sensitive enough to assess the reliability of IF and I Ph as usually proposed [57], but that this reliability
is greatly improved by the joint use of the SPW _N,s and SPW _IDisp indexes.

Whenever I Amp falls, the SPW _N., and SPW _IDisp indexes are high, IF and IPh cannot be
interpreted because the HF component has completely disappeared from the CV time series (periods
bl, b2 in Fig. (44b)). But sometimes, reduced IAmp values are combined with low SPW N, and
SPW _IDisp values, allowing the IF and I Ph interpretation; typical examples are the standing position
of head-up tilt (Fig. (41a)) or autonomic blockade (Fig. (42a)) in the HF band. In the LF band,
non negligible I Amp values are often combined with high SPW N.s and SPW _IDisp values and the
SPWYVD is scattered over the frequency axis. In these cases, IF' and I Ph interpretation is meaningless.
Neverthless, in the LF band, IF' and IPh are more often reliable when breathing at 0.25 than 0.15 Hz,
(Figs. (38b) and (40b)). At 0.15 Hz breathing, HF and LF components interact with each other as
revealed by SPW N, and SPW _IDisp indexes but not by IAmp. In this case, the reliability of
instantaneous spectral estimators is reduced.

The performances are then generally better in the HF than LF band and furtherly improved by paced
breathing, as shown in Fig. (36a) and Fig. (38a).

In the LF band, the joint use of SPW N4 and SPW _IDisp shows that the interpretation of the
IF and IPh estimates should be discarded in many real-life situations. Conversely, in the HF band,
even in conditions of reduced variability induced by head-up tilt, pharmacological autonomic blockade
or autonomic desease, the joint use of SPW _N.s and SPW _1Disp shows the reliability of the IF and
IPh estimates.

7.6.2 Estimation of the Instantaneous Spectral Parameters

There is no single “best” method to assess the instantaneous spectral parameters in real CV time-series
as this choice depends on the parameters that one wants estimate, as shown in table (10).

Table 10: Schematic listing of best method to assess spectral instantaneous parameters.

| Method || Estimable Spectral parameters | Pro | Contra ||
CDM IAmp,IF ,IPh computationally not reliable
efficient IF and IPh estimate
SPWVD IAmp,IF ,IDisp,Nest reliable great computational
IF estimate load
SPWVD-CDM IAmp,IDisp,Nest,IF,IPh reliable IF great computational
and IPh estimate load

In fact, to estimate the TAmp parameter, both methods are very reliable in every condition and in
both the HF and LF bands, see Fig. (36)-(42). The CDM is preferable as the computational load required
by the SPWVD is much greater. The detection of reliable IF' and IPh estimate periods requires the
use of the SPWVD method by the means of an “a prior?” defined threshold value for SPW _Nest and
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SPW _IDisp parameters. The definition of this threshold value requires a trade-off between the whished
reliability and the necessity to keep time-significant periods for statistical purposes. A threshold equal
to 0.03 over a period of at least 30 seconds seemed well-suited, according to our simulations and real CV
data.

7.6.3 Time-varying analysis in Chronic Heart Failure subjects

A novel finding from our study is that during voluntary breathing in CHF patients, major phase fluc-
tuations occurred between cardiovascular oscillations and respiration, indicating transient lack of syn-
chronization between these physiological signals, see fig. (44). Also, the amplitude of high-frequency
cardiovascular oscillations in CHF patients showed larger changes when the breathing rate was slowed
down, as compared to controls, see fig. (43), for statistical results see [92]. This altered pattern of
cardiovascular oscillations during voluntary breathing suggests an impairment in the central regulation
of autonomic outflow in CHF patients. In humans, specific regions of the brain cortex have been shown
to be active during volitional breathing [40]. Furthermore robust connections exist between the cerebral
cortex, the brainstem respiratory motoneurons, and the hypothalamic area [33, 75], a cardiovascular and
respiratory integrative structure. Simultaneous changes in rhythmic organization have been demonstrated
in brainstem neurons, respiration, the cardiovascular system, and the EEG [75]. In our study, voluntary
breathing which involves cortical center in the brain, creates periodic forced stimulation of autonomic
outflow regulating cardiovascular oscillations. The role of the central nervous system in generating os-
cillatory components in cardiovascular rhythms has been emphasized recently [75, 99, 117]. Montano
et al. demonstrated LF and HF components in the discharge variability of brainstem neurons recorded
in anaesthetized and artificially ventilated cats with sinoaortic deafferentation [99]: an HF component
synchronous with the artificial ventilation rate was evidenced in the spectrum of neuronal discharge vari-
ability. Both LF and HF oscillations of the RR interval result in part from an autochthonous central
rhythm, which influences autonomic output [117]. The disturbances in cardiovascular oscillation patterns
observed in CHF patients during voluntary breathing suggest major dysfunction of the central mecha-
nisms regulating the autonomic outflow. Autonomic modulation of cardiovascular variabilities in CHF
is characterized by alterations at the cerebral level [126] , sympathovagal imbalance [43], and profound
neurohormonal derangements. Excessive circulating levels of catecholamines, angiotensin, or vasopressin
may alter autonomic regulatory function at the central level [126]. It should be noted that the patients
in our study did not have severe CHF, as indicated by the clinical data and the preservation of LF os-
cillations of cardiovascular variabilities. Consistent with this fact, respiratory modulation of autonomic
outflow was preserved. The importance in CHF of a primary impairment of a central mechanism regu-
lating autonomic function has been emphasized [31]. However, the origin of this impairment is complex.
The effects in our study of voluntary breathing, which has a major influence on autonomic regulation
of cardiovascular oscillations, supports the hypothesis of a central autonomic regulatory impairment in
CHF patients. Furthermore, under strictly controlled breathing conditions, the standard deviation of
the mean breathing rate was higher in the CHF patients than in the controls: this breathing pattern
variability on a breath-by-breath basis is in favor of a central alteration in respiratory drive as well.
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8 Conclusions and Perspectives

Throughout this report we were interested on frequency and time-frequency analysis of cardiovascular
and respiratory variability to study the control of the autonomic nervous system of the cardiovascular
system. Moreover, we concentrate our analysis on only one of the fourth principal reflexes carried out
by the nervous system, i.e. the arterial blood pressure - heart period reflex (ABP-RR reflex). Very
significant results have been obtained in different physiological and pathological conditions, but further
analyses are needed. A model-based signal processing could allow the study of the other effector reflexes:
arterial blood pressure-stroke volume, -peripheral resistance and -compliance, which can provide further
and complementary information on the ANS. In fact, sometimes the classical ABP-RR reflex may become
only a secondary reflex, as we suggested in the discussion about the evolution of cardiovascular signal
throughout the night, and other controlling mechanisms may take over. Therefore, an explicitely model-
based estimation of the other cardiovascular parameters is needed to have a better insight on the ANS
control of cardiovascular system in many real-life conditions.
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