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Abstra ct. In this paper we discussa model of the human cardiovas-
cular-respiratory control system. The mechanisms which control the
vertilation rate \L4 are fairly well understood and mathematical equa-
tions have been devised to describe this control. The cardiovascular
control system, on the other hand, involves a complex set of interrela-
tionships betweenheart rate, blood pressure,cardiac output, and blood
vesselresistance. At the current time no set of equations fully describes
these control relationships. In this paper we will approach the modeling
of the control system by viewing it as an optimal control problem. The
derived control will act to stabilize the system by moving the system
from a perturb ed state to a nal steady state in an optimal way. This
is a reasonable approach based on mathematical considerations as well
as being further motivated by the obsenation that many physiologists
cite optimization as a potential in uence in the evolution of biological
systems (see, e.g., Kenner [1] or Swan [2]). We presert a model devel-
oped in Timischl [3] and as an application of this model we will consider
the transition from the quiet awake state to stage4 (NREM) sleep. The
model can provide a basis for developing information on steady state
relations and also to study the nature of the controller and key con-
trolling inuences. The model provides an approach for studying the
complex physiological control mechanisms of the cardiovascular system
and possible paths of interaction between the cardiovascular and res-
piratory control systems. The in uence of optimalit y on physiological
control systems can also be examined.
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1. Intro duction. Control medanisms are integral to the function of the
cardiovascularand respiratory systems. The respiratory systemfunctions to
exchange metabolic byproducts, such as CO,, for O,, which is necessaryfor
metabolism. Gas excangeis accomplishedsolely by passiwe di usion across
the blood/gas barrier between capillaries and alveoli. Hence, it is essetial
to maintain a signi cant pressuregradiert acrossthis barrier under varying
load conditions. This is accomplishedby varying the vertilation rate \j
which is the rate at which fresh air is introduced into the alveoli. As a
result of this exchangethe blood leaving the lungs via the pulmonary veins
hasa high O, and alow CO, conceriration. The reverseexchangeoccursin
the tissueswhere metabolic activity utilizes O, and producesasa byproduct
CO..

The human respiratory control system varies the vertilation rate in re-
sponseto the levelsof CO, and O, in the body (via partial pressuresPy,,,
and Paoz)- This is referredto asthe chemical cortrol system (to distinguish
it from voluntary cortrol). The chemical cortrol system involves two sen-
sory siteswhich monitor the blood gaslevels producing a negative feedbak
control loop. This system plays the major role in vertilation cortrol during
periods of unconsciousnesssleep,and whenvoluntary cortrol is absen. The
control mechanism acts to maintain the blood levels of these gaseswithin
very narrow limits.

The cardiovascular system managesblood o w to various regions of the
body and its function dependson alarge number of factors including cardiac
output, blood pressure,cross-sectiorof arteries and partial pressuresof CO»
and O, in the blood. Blood ow is regulated by both global mectanisms
of control and by local cortrol medanisms in ead region. The cortrol
medanismswhich stabilize the system are quite complicated and not fully
understood. Arterial blood pressurePg,s is corntrolled via the baroreceptor
negative feedbad loop. This medanism in uences global cortrol (there is
alsolocal cortrol) of resistancein the blood vesselsas well as well as heart
rate H and stroke volume Vg, all of which are important factors impacting
cardiac output Q. Becauseof the complexity of interaction of the various
cortrol loops we will considera control derived from principles of optimal
control theory. For further details about the physiology of the cardiovascular
cortrol systemsee,e.g., Rowell [4].

The cardiovascular system is linked to the respiratory system via the
blood o w through the lungs and tissues. Oxygen transported to the tissues
depends on cardiac output Q (and blood ow F) to the pulmonary and
systemic circuits. Q is adjusted by varying H and Vg .

The respiratory quartities CO, and O, a ect the cardiovascularsystemin
anumber of ways. This modelincludesthe e ect of the venousconcerration
of O, on the resistanceof the systemicblood vessels.Furthermore, researt
indicatesthat Pa,, and P, a ect cardiacoutput and cortractilit y aswell
(see, e.g., Richardson et al. [5]). These e ects have not been considered
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in this model. There is somesyndronization of vertilatory and heart rate
frequenciesas well.

As alluded to above, in this analysis, we will model the complex inter-
actions in the cardiovascular-respiratory cortrol system using results from
optimal cortrol theory. The cardiovascular and respiratory control will be
represened by a linear feedba& control which minimizes a quadratic cost
functional. Motivation for the optimal approad is given in Section3. The
state equations draw extensiwely on the work of Khoo et al. [6], Grodins
and coworkers [7, 8, 9], and Kappel and coworkers [10, 11, 12].

This modeling approach was previously used by Timischl [3] to study
transition from rest to exerciseunder a constart ergometric workload and
the role of pulmonary circulatory resistanceduring exercise. The model can
be applied to study a number of cardiovascular parameters and quartities
which vary in ways not fully worked out or adequately measured. The
model can be usedto examine cardiac output, contractilit y, and systemic
and pulmonary vascular resistancechangesduring transition in functional
states and to explore connections between these and other quartities in
clinical conditions sud as congestiwe heart failure.

2. The model. The model describing the cardiovascular-respiratory sys-
tem is given by the following set of 13 di erential equations,

Vaco,Paco, ) = 86Fp(1)(Cuco, (1) Caco, (1) o)
+Va(O(Pico,  Paco, (1):

Vao,Pao, (1) = 86Fp(1)(Cro, () Cag, (1) @)
+ Va(t)(Piy, Pag,(1);

Vi, Cueo, () = MRco, + Fs()(Caco, (©)  Cupo, (0);  (3)

Vig,Cup,() = MRo,+ Fs()(Cap, () Cuo ) (&)

CasPas(t) = Qi(t) Fs(t); (5)

CisPus(t) = Fs(t)  Qr(t); (6)

CpPup(t) = Fp(t)  Qi(D); (7)

Sty = (), (8)

Se(t) = () )

) = () S+ H(); (10)

a() = ror(t) rSe(t) + (H(Y); (11)

H(t) = ui(t); (12)

Va(t) = ux(t): (13)

This conmbined model wasdeveloped and studied in Timischl [3]. A complete
list of symbolsis givenin Tables1 and 2.
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Table 1. Respiratory symbols

[ Symbol | Meaning | unit |
Caco2 concertration of bound and dissolved CO> in arterial blood Istpp | 1
CaOz concertration of bound and dissolved O» in arterial blood lstpp |1

Cvcoz concertration of bound and dissolved CO» in mixed venous Istrp |

blood entering the lungs
CUO2 concertration of bound and dissolved O3 in the mixed venous Istrp |

blood entering the lungs

MRco, | metabolic CO2 production rate Istpp min 1
MRo, | metabolic Oz consumption rate Istpp min 1
Paco, partial pressure of CO3 in arterial blood mmHg
Pao, partial pressure of O3 in arterial blood mmHg
Puwco, partial pressure of CO2 in mixed venous blood mmHg
Puvo, partial pressure of Oz in mixed venous blood mmHg
P partial pressure of inspired gas mmHg
B brain compartment -
Uz control function, uz = V4 lgtps  min 2
AV alveolar ventilation lgtps  min 1
Va time derivativ e of alveolar ventilation lgtps  min 2
VAc02 e ectiv e CO, storage volume of the lung compartment IgTPs
VAO2 e ectiv e Oy storage volume of the lung compartment IgTPS

VTCOZ e ectiv e tissue storage volume for CO» |
VT02 e ectiv e tissue storage volume for O» |
Ip, e | cuto thresholds mmHg

The respiratory componert is de ned by equations(1) to (4) and is based
on equations given in Khoo et al. [6]. The respiratory system is mod-
eled using two compartmerts: a lung compartment and a general tissue
compartment (seeFigure 1). The lung compartmen equations (1) and (2)
represen massbalance equations for CO, and Oy, respectively. Equations
(3) and (4) are the state equations, respectively, for CO, and O, in the
tissue compartment. The model incorporates alveolar minute vertilation
(e ectiv e vertilation) and thus doesnot re ect breath to breath e ects or
the modulation of rate and depth of breathing which canin uence stability
(seeBatzel and Tran [13, 14]). For the purposesof this general o w model,
the overall minute vertilation is su cien t.

The lung compartmernt alveolar blood gaslevels are assumedto be equi-
librated with the arterial levels and similarly the tissue compartmert blood
concernrations are assumedto be equilibrated with the venousconcertra-
tions. Other assumptionsare given in the appendix. For presen purposes
we do not include delays in the model.

The cardiovascular model equations are basedon the work of Grodins et
al. [7, 8, 9] and Kappel et al. [10, 15, 11] and Peer[12] and is described
by equations (5) to (11). The model consistsof two circuits (systemic and
pulmonary) which are arranged in series,and two pumps (left and right
vertricle). Figure 1 gives a block diagram for the model. The complex
of arteries and veins, arterioles, and capillary networks of ead circuit is
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Table 2. Cardiovascularsymbols

[ Symbol | Meaning | Unit
! coe cien t of S; in the dieren tial equation for ; min 2
- coe cien t of S, in the dieren tial equation for min 2
Apesk | Rs = ApeskCuo, mmHg min |
! coe cien t of H in the dieren tial equation for mmHg min 1
r coecien t of H in the dieren tial equation for mmHg min 1!
Cas compliance of the arterial part of the systemic circuit | mmHg 1!
Cap compliance of the arterial part of the pulmonary circuit | mmHg ?
Cus compliance of the venous part of the systemic circuit | mmHg 1!
Cup compliance of the venous part of the pulmonary circuit | mmHg ?
Fp blood o w perfusing the lung compartment | min 1
Fs blood o w perfusing the tissue compartment | min 1
H heart rate min 1t
! coecien t of ; in the dieren tial equation for min 1
r coe cien t of , in the dieren tial equation for min 1
Pas mean blood pressure in arterial region: systemic circuit mmHg
Pap mean blood pressure in arterial region: pulmonary circuit mmHg
Pys mean blood pressure in venous region: systemic circuit mmHg
Pup mean blood pressure in venous region: pulmonary circuit mmHg
Q, left cardiac output | min 1
Qr right cardiac output | min 1
Ry resistance in the peripheral region of the pulmonary circuit | mmHg min | !
R peripheral resistance in the systemic circuit mmHg min | 1
S, contractilit y of the left ventricle mmHg
S, contractilit y of the right ventricle mmHg
! derivative of S; mmHg min 1
- derivativ e of S, mmHg min 1
uz control function, u; = H min 2
Vatr,i strok e volume of the left ventricle |
Vs¢r,r | Stroke volume of the right ventricle |
Vo total blood volume |

lumped into three componerts: a single elastic artery, a single elastic vein,
and a single resistance vessel. We assumea unidirectional non-pulsatile

5

blood ow through the heart. Hence,blood ow and blood pressurehave to
be interpreted as mean values over the length of a pulse. Other important

assumptionsare provided in the appendix. Equations (5) and (6) are the

blood massbalance equationsin the systemic artery and vein componerts,
respectively. Equation (7) refersto the massbalance equation in the pul-

monary vein componert. Utilizing the assumptionof a xed blood volume
Vo, the equation for the pulmonary artery can be described by the algebraic

relation

Pap(t) = C%p(vo CasPas(t)  CusPus(t)  CypPyp(l)):

(14)
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Figure 1. Model block diagram

In equations (5) through (7) the dependenciesof blood ow F on blood

pressureare given by what is essetially Ohm's law
Pas(t)  Pus(t)

Fs(t) = ——=——"5 15

Rp ’

where P, is arterial blood pressure,P, is venouspressure,and R is vascular

resistance. Cardiac output Q is de ned as the mean blood ow over the

length of a pulse,

Fp(t) (16)

Q(t) = H(t)Va (1); (17)

whereH isthe heart rate and Vg is the stroke volume (here we have omitted
the subindices,sinceanalogousrelations hold for the right and left vertricle).
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A relationship betweenstroke volume and blood pressureis given in Kappel
and Peer[10Q]. It incorporatesthe Frank-Starling law and essetially re ects
the relation

cPy(t) .
Pa(t)
Here S denotesthe cortractilit y, Py is the venous lling pressure,P;, is the
arterial blood pressureopposing the ejection of blood. and c denotesthe
complianceof the relaxed vertricle. Equations (8) through (11) describe the
obsenation that the contractilit y S, respectively S; increasesif heart rate
increases(Bowditch e ect). This is modeledvia a secondorder di eren tial
equation. For details seeKappel and Peer[10].

Finally, equations(12) and (13) de ne the variation of heart rate H- and
the variation of vertilation rate Va ascortrol variables. The functions u4(t)
and ua(t) will be determined by an optimality criterion (see Section 3).
Note that Va(t) in the state equationsfor the lung compartment (1) and (2)
represers e ectiv e vertilation and re ects net vertilation after respiratory
dead spacee ects are taken into accourt.

The respiratory and cardiovascular submodelsare linked in the following
ways. The respiratory mass balance equations include expressionsfor the
blood ows Fs and Fp. The respiratory systemin turn in uences the car-
diovascular systemvia the local metabolic autoregulation. This is modeled
by the assumption that systemic resistanceRs depends on venous oxygen
conceriration C\,OZ,

Vsir (1) = S(t) (18)

Rs(t) = Apeskcvo2 (1); (19)

where Apes iS a parameter. Sometissuesrespond to Cveo, aS well but we
assumethe main contributor to systemresistanceis re ected in the above
equation. This relationship was originally introduced by Peskin [16]. It is
basedon a model for autoregulation rst deweloped by Huntsman et al. [17].
Relationship (19) was alsousedin Kappel and Peer[10] and related papers.
This equation expressesan important local cortrol mechanism for varying
vascularresistance. We considerglobal changesin Rg in a later section(Sec-
tion 6). Furthermore, the in uence of heart rate H and vertilation rate \a
on the systemis implemented through the control functions u; and u,. The
states Pgs, Pacoz, and PaOZ, a ect the dynamical behavior through the cost
functional. We note that blood gaspartial pressuresand concerrations are
interchangeableaccording to the disscciation formulas (seethe App endix).
We use concerirations in somestate equationsto simplify the form of the
eqguations.

3. The control mechanisms. Given the complex (and not fully eluci-
dated) interaction of the various cortrol loops, we have incorporated a uni-
ed stabilizing cortrol that is derived from optimal cortrol theory. We will
designthe cardiovascularand the respiratory cortrol systemsto transfer the
system from a steady state "initial disturbance" to the steady state " nal
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equilibrium™ in an optimal way to be de ned belov. Thus the cortrol will
be a stabilizing cortrol returning the systemto equilibrium and this math-
ematical formulation of the cortrol is incorporated into the model for this
purpose. This approad can provide information on the nature of the phys-
iological cortrol processaswell asto identify and study key cortrolling and
controlled quartities.

We note that such an approad in designinga stabilizing cortrol is rea-
sonablegiven that many physiologists consider optimization as a potential
basic in uence in the ewlution of biological systems(see, e.g., Kenner [1]
or Swan [2]). For example, minimum energy usageis a reasonabledesign
requiremert for a control system. The degreeand manner in which opti-
mization is re ected in designis an open question and thus the approac
taken here follows primarily from mathematical considerationsto dewelop a
stabilizing cortrol.

It is the task of the baroreceptor loop to stabilize the arterial systemic
pressureP,s around an equilibrium operating point denoted by Pl for nal
or target operating point. Further, it appearsthat a main goal of respiratory
cortrol is to keepCO, partial pressureascloseas possibleto an equilibrium
value denotedby PQCOZ and, to alesserextent, control O, to the equilibrium

PQOZ. We assumethat the variables P, Paco, and Pa,,, are returned to
their stable equilibrium values as e cien tly as possible but with the con-
straint that the cortrolling quartities, heart rate H and alveolar vertilation
Vs, must not be altered too fast, and that variations in these quartities
are not too extreme. This constraint correspondsto the requiremert that
the control e ort should be as small as possibleas well as physiologically
reasonable.In this way, the feedba& cortrol can be referred to not only as
a stabilizing but also as an optimizing cortrol.

When an initial disturbance occurs, H and \, are adjusted so that the
meanarterial blood pressurePgs, arterial partial pressuresof carbon dioxide
Paco,, and arterial oxygen P, (as well as the system as a whole) are
stabilized to their nal steady state operating points. The nal operating
point or nal steady state for a given physiological condition is de ned by
the choice of the parameters of the system for that condition. The initial
disturbance or initial condition is similarly de ned. Optimal function for
the cortrol is de ned via a cost functional. The transition from an initial
steady state disturbance to the nal steady state is optimal as de ned by
the cost functional which re ects the constraints mentioned above.

Mathematically, this can be formulated in the following way. We de-
termine cortrol functions u; and u, (that is, heart rate variation H and
variation of vertilation rate V,) sudc that the cost functional

Z 1
Gos(Pas(t)  Pie)® + Ge(Paco, () Pi.,,)? (20)

+ Go(Pay, (1) P£02)2 + quua(t)? + qpua(t)?  dt
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is minimized under the restriction of the model system

x(t) = g(x(t)) + Bu(t);  x(0) = x": (21)
The positive scalar coe cien ts gas, G, Go, th, and ¢p determine how much
weight is attached to ead cost componert term in the integrand. The
superscript "i" refersto the initial state or disturbance and superscript "f "
refersto the nal equilibrium or steady state of the system. Equation (21)
refers to the system equations (1) to (13) which is a nonlinear system of
thirteen di erential equationswith constart coe cien ts. Here x(t) 2 R13 is
given by

X(t) = (Pacoz;Paoz;CvCOZ;CVOZ;Pas;va;PVp;SI;Sr; 5 r;H;VA)T:

Table 3. Control parameters

[ Symbol | Meaning unit |

Oas weighting factor of P, in the cost functional mmHg ?

Je weighting factor of Paco, in the cost functional mmHg 2

Jo weighting factor of Pao, in the cost functional mmHg 2

o weighting factor of uy in the cost functional min 4

R weighting factor of u, in the cost functional min#4 IBTZF,S

Ui control function, u; = H min ?

Uz control function, uz = V4 lgtps  min 2

u(t) 2 R? denotesthe cortrol vector
u(t) = (ua(t);ua(t) " = (K5 Va)T:

We linearize the systemaround the nal state x! de ning alinear systemof
ODE's with initial condition x(0) = x'. Explicitly , we compute a feedbak
cortrol for the linearized system:

u(t) =  Fmx(t) (22)

where Fp, is the feedba& gain matrix. The calculated cortrol transfers
the linear system from the initial perturbation or state to the nal steady
state of the systemin the optimal way as de ned above. This control is
optimal for the linearized systemaround the nal steadystate x’ and when
implemented for the nonlinear systemis suboptimal in the senseof Russell
[18]. Table 3 refersto the parameterswhich appear in the cost functional.
In the next section, we will apply this conceptto the transition from resting
awakenesgo sleep. We will view the "awake state" asan initial perturbation
of the steady state "stage 4 sleep" For a survey of applications of optimal
cortrol theory in biomedicinesee,e.g., Swan [2] or Noordergraafand Melbin
[19]. For generalcortrol theory seeRussell[1§].

4. Sleep. We will now discussthe physiology of sleepand tha approad to
modeling sleep.
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4.1. Physiology of sleep. As one makesthe transition betweenthe rest-

ing awake state and stage4 sleep(non dreamingor NREM sleep)a number of
physiologicalchangesoccur which a ect the functioning of the cardiovascular-
respiratory cortrol system. The withdrawal of the so-called "wakefulness
stimulus" reducesthe e ectiv e responsivenessof the respiratory chemical
control systemto levels of CO, and O, in the blood. One aspect of this

reduced responsivenesscan be seenin the lower muscle tone during sleep
which a ects the reaction of the respiratory musclesto cortrol signals. As

a consequence), falls as onetransits to stage4 sleep. Seee.g., Krieger et
al. [20]. Metabolic rates are also reduced. See,e.g., Batzel and Tran [13]

or Khoo et al. [21] for further details. The net e ect is a decreasen Pao,

and an increasein Pq,,, . Furthermore, heart rate and blood pressurefall.

Cardiac output generally falls though the degreeof decreasds variable and

general sympathetic activity is reduced. See,e.g., Somerset al. [22] and

Shepard[23].

4.2. Mo deling sleep. The stationary equationsfor the system(1) to (13)
determine a two-degreesof freedom set of steady states. Therefore we need
to choosethe steady state values of two state variables as parameters. In
general we choosevaluesfor P,.,,, and H. These quartities are chosenas
the parameters for the equilibria becauseP,,,, is tightly cortrolled inde-
pendenly of the special situation and H is easily and reliably measured.In
modeling the transition from the "resting awake" steady state to "stage 4
(NREM) sleep"the following stepsare carried out:

We rst compute the steady states "resting awake", x2, and "stage 4
sleep”, x5.
The steady state "sleep" is de ned by sucth parameter changesas:

{ lower O, demand (MRg,) and lower CO, (MRco,) production,

{ lower heart rate H,

{ higher P4, concerration in arterial blood.
We seekcortrol functions u; and u, which transfer system (21) from
the initial steady state "awake", x2, to the nal steady state "sleep”,
x5. To do this we considerthe linearized systemaround x* with initial
condition x(0) = x?, and the cost functional

1

Oas(Pas(t) Pasts)2 + q's(Paco2 (1) PaSLCOZ)Z (23)

+ Go(Pao, (1) P§OZ)2 + quua(t)? + pua(t)? dt:

(Again, superscript "a" and superscript "s" will refer to the steady
state values"awake" and "sleep", respectively.) We then compute the
control functions u; and u, sud that the cost functional is minimized
subject to the linearized system. This is accomplishedby solving an
assaiated algebraic matrix-Riccati equation whosesolution is usedto
derive the feedba& gain matrix asexpressedn Eq. (22). In particular,
u; and u, are given as feedbak control functions.
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This cortrol is usedto stabilize the nonlinear system(21). This cortrol
will be suboptimal in the senseof Russell[18].

In the next section we will presernt the simulation results based on this
approad.

5. Simulation results. All calculations use Mathematica 3.0 Tool boxes.
In the rst simulation we solve the stationary equations by choosing the
steady state valuesof P, ,, and H as parameters. We assumethat heart
rate falls from 75to 68 bpm and that Pa.,,, risesto 44 mmHg. The param-
eters chosenfor modeling sleepare listed in Table 4.

Table 4. Parametersfor modeling sleep

Parameter [ Awake | Sleep |

H 750 ] 68.0
Apesk 131.16 | 131.16
MRco, 0.244 | 0.208
MRo, 0.290 | 0.247
Paco, 400 | 440

The computed steady states for resting awake and stage4 sleepare listed
in Table 5. Thesevaluesare computed from the model using the chosenpa-
rametersfrom table 4. Parameter tables will always give the chosenparam-
eters usedfor modeling given conditions sud asthe awake state or NREM
sleepstate. Steady state tables give the steady states computed from the
model with the chosenparameters. Tables 12 to 14 in the appendix give
somecomparisonvaluesfrom the literature.

The weights in the cost functional are all set equal to the value one with
the exception of g,, the weighting factor of P, , which is setto 0.1. We use
di erent weights for CO, and O, for the following reasons.First, a deviation
of 1 mmHg in Paco, is a larger percertage changethan a 1 mmHg deviation
in Pa,,. Second,we consider the cortrol systemto have as its primary
function the cortrol of the P, levelin thesesimulations. Indeed,for levels
of Pao, in the range of the awake and sleepstates, the adult oxyhemoglobin
saturation curve indicates a signi cant resene of oxygen and the vertilatory
cortrol responseto P, is more pronouncedonly at lower levels of Py, .
This is also expressedin empirical relationships between Py, , Pa.,,, and

Vs given Wassermanet al. [24] or Khoo et al. [6] (seealso Section7 below).
In regardsto the other weights it appearsthat the systemreactsin a more
sensitive way to deviations in the other variablesthan to deviationsin Py, .
Becausewe lack more information, we take the sameweight for all variables
exceptPa,,, -

A parameter identi cation analysis would be neededto establish more
precise weightings among the cost functional componerts. Furthermore,
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Table 5. Steady states

Steady State | Awake | Sleep |

H 75.00 68.00
Pas 96.89 90.23
Pap 17.26 16.45
Pus 3.726 3.851
Pup 7.313 7.419
Paco, 40.0 44.0
Pao, 102.46 | 97.75
Puco, 47.42 | 50.96
Puo, 36.36 | 37.46
Q; 5.062 4.597
Qr 5.062 4.597
Rs 18.41 18.79
S; 72.00 65.28
S, 5.488 4.976
Ly 5.264 4.080
Vstri 0.06749 | 0.06760
Vst'r;r 0.06749 | 0.06760

for this simulation, we ignore the transition times neededto reduce the
metabolic rates during the transition to stage4 sleep. Therefore we assume
a step change of the metabolic rates.

In terms of the states of the system, the model predicts decreasesin
Pas and [y as experimertally obsened in the sleepstate (see,e.qg., Krieger
et al. [20Q], Phillipson and Bowes [25], Podszus[26], Mateika et al. [27], or
Somerset al. [22]). Further, the model predicts a decreasen Q assuggested
as a possibility in Shepard [23], Mancia [28], or Schneider et al. [29 and
contractilit y falls due to the drop in H in the Bowditch e ect. With the
metabolic rates given in the tables (respiratory quotient 0:86) Pa,,, falls by
4:5 mmHg while, for comparison,a respiratory quotient of 0:82in the model
producesadrop of 7:5 mmHg in P, . Thesevaluesare consistert with data
provided in Koo [30] et al., Phillipson [25], and Shepard [23]. The fall in
vertilation is a little higher than but consistent with data given in Krieger
et al. [20], Phillipson and Bowes[25]. and Trinder et al. [31].

The above model simulation does not exhibit, asreseart suggests(cf.,
eg., Mancia [28], Podszus[26], Bevier et al. [32], and Somerset al. [22)]),
that peripheral resistance,as well as, perhaps, stroke volume are reduced
during NREM-sleep. These e ects are due to changesin the sympathetic
nervous systemconrol medanism during sleep(cf., eg., Somerset al. [22)).
We considerin the next sectionthis aspect of the cardiovascular system.

6. Inuence of the autonomic nervous system. We investigate the
in uence of the autonomic nervous system on resistanceand on stroke vol-
ume. As mertioned above, resear® suggeststhat peripheral resistanceand
perhaps stroke volume are reduced during NREM-sleep as a result of the
reduction of sympathetic nervous systemactivity (see[22]) in the transition
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from quiet awake to NREM sleep. The results obtained in the rst simu-
lation (Tables4 and 5) do not re ect this behavior though cortractilit y is
seento fall asa result of the reduction in H.

It is reasonableto expect that peripheral resistancefalls modestly with
the reduction in sympathetic activity and while the sympathetic activity
reduction shouldfurther reducecortractilit y and induceareduction in stroke
volume there are courter forceswhich can act to raise stroke volume. For
example, the increasein cardiac lling pressureand end diastolic volume
resulting from lying down would tend to increasestroke volume. In this
model, we will not include the in uence of position, but examine model
predictions from a reduction in contractilit y due to decreasedsympathetic
activity. Model simulation predicts a small drop in stroke volume which may
be courtered by positional in uences. The major in uence on the reduction
in Q will be asa result of the drop in H.

In the basic model, systemic resistanceis only adapted by local cortrol
medanisms. Global sympathetic in uence is xed by the parameter A pesy.
The local cortrol does not disappear during sleepbut the reduced global
sympathetic cortrol activity is likely to trigger a small reduction in the
global systemic resistance. We will consider Apesi in relation (19) as a
gain factor and reduceit to model the global sympathetic e ects countering
local e ects. A more complete model would include more detail for the two
cortributing componerts in R, onelocal, oneglobal. Here A e is reduced
by 5% (seeTables6 and 7).

The sympathetic system a ects cortractilit y by varying the calcium in-
ow into the cardiac muscle. In the following simulations, contractilit y pa-
rameters are reduced to model e ects of the sympathetic system activity
reduction during quiet sleep(seeTables6 and 7). The Bowditch e ect pa-
rameters | in equation (10) and  in equation (11) are reducedby 10%in
the NREM-steady state.

The above changes,along with the metabolic rates, are reducedstepwise.
While not physiologically correct, these step changesstill allow for a quali-
tativ e study of the dynamics. In Section8 we will considersimulations with
non step changesin the sleepparameters.

Table 6. Parametersvalues: autonomouse ects included

Parameter | Awake | Sleep |

Apesk 131.16 | 124.60
. 85.89 | 77.30
. 2.083 | 1.874

H 750 | 68.0

MRco, 0.244 | 0.208

MRo, 0.290 | 0.247

Paco, 400 | 440
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Table 7. Steady states: autonomouse ects included

Steady State | Awake | Sleep |

H 75.00 68.00
Pas 96.89 82.47
Pap 17.26 16.03
Pys 3.726 4.023
Pup 7.313 7.291
Paco, 40.0 440
Pao, 102.46 97.75
Puco, 47.42 51.19
Puo, 36.36 36.79
Qi 5.062 4.450
Qr 5.062 4.450
Rs 18.41 17.63
S; 72.00 58.75
Sy 5.488 4.478
\'2) 5.264 4.080
Vstr,l 0.06749 | 0.06544
Vst'r;r 0.06749 | 0.06544

With theseassumptions,the qualitativ e and quartitativ e changesin steady
state values (Table 7) between "resting awake" and "stage 4 sleep" as de-
rived from the model agree with reported behavior of the cardiovascular
system. See,eg., Mancia [28], Podszus[26], Somerset al. [22], and Mateika
et al. [27]. Using theseparameter valuesand steady states, we calculate the
controls u; and u,. The simulations in Figures 2{4 illustrate the behavior
of the systemasit stabilizes around x° starting from the awake state x2.

As in the calculations for steady states in the last section, the model
predicts decreasesn P,s and \ as experimertally obsened in the sleep
state (see,e.g., Krieger et al. [20], Phillipson [25], Podszus[26], Somerset
al. [22], and Mateika et al. [27]). As before,the model predicts decreases
in Q and cortractilit y. The drop in P4, and increasein Pa,,, is consistert
with data provided in Koo et al. [30], Phillipson [25], and Shepard[23]. The
model now re ects a drop in stroke volume and systemic resistance. The
model alsopredicts an increasefor P,s. SeeTables13and 14in the appendix
for a summary of state valuesfor the awake and NREM sleepstates.

In terms of the dynamical behavior, the model indicates that Vs and
Pao, fall below their nal steady states and slowly recover to their nal
values (seeFigure 2) and indicates a transient overshoot in P, (seeFigure
4). Thesesimulations predict a steady reduction in cardiovascular valuesin
the transition to "stage 4 sleep". The model shows qualitativ ely reasonable
behavior in the situations which are consideredand simulation dynamics
are also quartitativ ely in the right range. A more precisestatemert is not
possibleat the moment becausedynamical data obtained by tests for the
situations we consider are preserily not available. We note that there ex-
ists a variety of response combinations for various individuals requiring a
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parameter identi cation (which we will considerin future work) if specic
data is to be compared.

. . mm Hg
liters per minute
wN o ez
80
60 PVCO2
o PACQ2_ _
minutes PVO2
25 5 75 10 125 15 minutes

25 5 7.5 10 125 15

Figure 2. Respiratory dynamics

76 mm Hg
74
7 95
H

70 %
68 PAS
66 85
64 80
62

25 5 75 10 125 15 mnutes 25 5 75 10 125 15

Figure 3. Cardiovasculardynamics

liters per minute
5.2

aL PVP

minutes

minutes

25 5 75 10 125 15 25 5 75 10 125 15

Figure 4. Cardiovasculardynamics

For this simulation, as mertioned above, we ignore the transition times
neededto reducethe metabolic rates during the transition to "stage 4 sleep".
Therefore we assumea step change of the metabolic rates.

Finally, we note that if we assumethat the steady state valuesof cardiac
output Q are the samein both the resting awake and NREM-sleep states
(using Q as parameter instead of H) then the model predicts nonphysio-
logical behavior as can be seenin Table 8. We have also not changedthe
parameters | and  (10) and (11) in this case.
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Table 8. Steady states: Q assumed xed

[ Steady State | Awake | Sleep |

Q 5.062 5.062
H 75.03 79.50
Pas 96.99 97.32
Puo, 36.42 39.53
Rs 18.43 18.49
S; 72.03 68.69
N 0.06746 | 0.06367

Note that P, increasesin this caseby Ohm's law (15) becauseRs and
Qi increase.Now, Rs increasesbecauseP,,, increaseseven though the gain
Apesk has beenreducedin equation (19). In turn, Pvo, is higher because
of the assumedhigher value for Q; in equation 4. Heart rate H increases
for the following reasons. Stroke volume Vg, decreasesas a result of the
increasedP,s (Frank-Starling's law (18)). To compensatefor the decreased
stroke volume while maintaining a constart Q, heart rate must increasein
equation (17).

7. Eects of the Respiratory weights. Figures5{6 givethe comparisons
for Pag,, Paco,: Va, and H for two dierent weights for P, in the cost
functional. The dashedline represerts a weight g, = 0 (P4, uncortrolled)
and the solid line represerts go= 1 sothat the weights of Py, and Pa,,
are the same. All other cost functional weights also have value 1. The
simulations indicate that the initial dropsin s and Pa02 are much more
extremewhenP,,,, is not cortrolled. With equalweights on Py, and P,
the initial undershoot of the nal steady states is much less pronounced.
Simulations indicate that the undershoot is small for g, greater than 0.3.
Experimental data is neededto carry out a parameter identi cation which
would x the relative weights between the respiratory and cardiovascular
cost functional variable groupsaswell asrelative weights within ead group.
In the above simulations we consideredonly the relative weights within the
respiratory variables.

lit per min bpm
6
) 76
VA 74
= 72 H

70
68

minutes minutes
75 10 125 15 25 5 75 10 125 15

Figure 5. Controls compared-dashed:no P, cortrol
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mm Hg
10

minutes minutes

75 10 125 15 25 5 75 10 125 15

Figure 6. Controls compared-dashed: no Pao, cortrol

As discussedabove it is not unreasonableto assigna lower weigtt to Py, .

8. Dynamic comparison of optimal control and an empirical respi-
ratory control. To further considertheseissuesand to provide a compari-
sonto the results obtained above we consideras an alternative an empirical
cortrol for alveolar vertilation givenby Khoo et al. [6]. This equation incor-
porates well known features of the respiratory cortrol system. The cortrol
eqguation is given at steady state as

V() = Gye 2%02 D max(0;Pug,, () 1,)
+G.max(0; Ppg,, (1) K 1) (24)

In that paper, arelation betweenPaco2 and Pgco, (brain partial pressure
of carbon dioxide) was derived and usedin the cortrol equation and we use
it (aswell asadierential equationfor Pg, ) in what we referto asthe \a
empirical control model. G, and G, represert cortroller gain factors. The
symbols I, and I denote cuto thresholds and the respective vertilation
terms become zero when the quartities fall below the thresholds. K is
a constart in the steady state relation between P,.,, and Pg, . From
equation (24) and the parametersgiven in Table 9 it can be seenthat the
control consistsof two sensory systemswhich send information on partial
pressuresof O, and CO, in the blood to the cortrol processorlocated in
the brain. The rst term in equation (24) represerts the peripheral sensory
certer locatedin the carotid artery in the ned which respondsto both Py,
and P, . The secondterm in equation (24) represerts the certral sensory
certer located in the lower brain which responds essetially to CO» levels
entering the brain denotedby Pg,, .

The peripheral sensoryresponseto Pao, and Paco, is multiplicativ e with
the cortribution by P,,, becoming more pronouncedat lower P, levels.
The peripheral responserepresents a small part (10-25%) of the total ven-
tilatory responseat normal blood gaslevels.

Dead spacee ects are incorporated by choosing cortrol gains G. and G,
at reduced percertage valuese ectiv ely writing Ma = Kp Vg where \g is
minute vertilation. This formulation reducesvertilatory drive by a xed
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percertage and models changein vertilation aschangein rate of breathing.
See,e.g., Batzel and Tran (2000) [14].

We will now compare the behavior of the optimally derived Vs cortrol
and the control for My described by the empirical formula (24). We simulate
the casewith empirical control for \/a given in equation (24) by introducing
this formula into the state equations. We remove Py, , Pa.,,, and Va from
the cost functional and the optimal control then represets the cortrol for
the cardiovascular system only. Deviations in partial pressuresof oxygen
and carbon dioxide are compensatedfor using the empirical formula.

To model the transition to sleepwe include an expressiongiven by Khoo
et al. [33, 21] which incorporatesthe essetial featuresof the withdrawal of
the wakefulnessstimulus alluded to in the introduction. This formula for
the e ect on \l5 during sleepis given as

Vsieep(t) =  Gs(t)(Mawake(t)  Kashif t(1)): (25)

Note that \yeep = O if Vawake(t) Kshif t(t). The time dependenciesfor
Gs and K gyjf ¢ re ect the smooth changein theseparametersthat occursin

the transition from "awake" state to "stage 4 quiet sleep" state. Once stage
4 sleepis reated these values are constart. Vgwake represens the normal
responseto blood gaslevels which is attenuated during sleep. In generalwe
set the transit time to "stage 4 sleep” to be four minutes. Gg during the
awake state is 1 and reducessmoothly to 0.6 at stage4 sleep. K ghjf t begins
at 0 and increasesto 5 mmHg by stage4. The net e ect of the transition

to stage 4 sleepon the respiratory cortrol responseconsistsin a reduction
in the awake gain and a shift in the set point of the cortroller.

Table 9. \[a empirical control parametersfor modeling sleep

| Parameter | Awake [ Sleep |

Ge 1.44 1.44
Gp 30.24 | 30.24
Gs 1.0 0.6
K shift 0 45
lo 35.5 35.5
I p 35.5 35.5
H 75.0 68.0
MR co, 0.244 | 0.208
MRo, 0.290 | 0.247
S 4 transit - 4 min

The parameter values for these equations are given in Table 9. For the
transition simulations we assumea 4 minute transition to stage 4 sleep.
We will model the time dependert changesby expressionsincorporating
exponertial functions which decreasesmoothly in the transition between
awake and stage 4 sleep. By adjusting the parametersin these expressions
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onecan simulate an essetially linear decreaseover the ertire transition from
stagel to stage4 or bias the decreaseto the early stagesof sleep.

The reduction in sleepgain factor Gs during the transition to stage 4
sleepis modeled by an exponertial function which acts essetially linearly
betweenthe awake stageand stage4. The shift in the operating point K gt ¢
is reducedin a similar manner with most shift attained by the end of stage
1 sleep (approximately one fourth of the total transition time). We also
simulate a decreasdan the metabolic rates which is mostly completed by the
transition time to stage 2 sleepand also assumethe sametime dependert
decreasefor the changesin cortractilit y and systemicresistance. Of course,
now the systembecomesnonautonomous.

For comparison, we now simulate the casewith optimal cardiovascular
and optimal respiratory control presered in Section 6 with the sametime
dependert sleep parameter decreasefor metabolic rates and sympathetic
e ects. Though the systemis now nonautonomous,we still implement the
control functions u; and u, calculated for a time-independert linear system
around the nal steady state "stage 4 sleep”. This further reducesthe
optimality but the thereby obtained (suboptimal) cortrol still stabilizesthe
systemand is useful for dynamic studies.

Figures 7{10 give the comparisons for Pao,s Paco, Va and H. The
weights in the cost functional are those usedin the rst simulations.

mm Hg 1Tm Hg
44 105
100
42 95
PACO2 20
40 85 PAO2

minutes :
minutes
I 25 5 75 10 125 15 25 5 75 10 125 15

Figure 7. Respiratory dynamics: \\a empirical control

mm Hg
mm Hg 110
44 105
100
42 95
PACO2 20
85 PAO2
38 80
75
minutes i
minutes
[ 25 5 75 10 125 15 25 5 785 10 25 15

Figure 8. Respiratory dynamics: optimal cortrol

As can be seenfrom the simulations, the two cortrol models act essen-
tially the same. Figures 9{10 give the corresponding cortrol responsesto
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Figure 9. Control dynamics: \la empirical cortrol

bpm
76

74
72
70
68

66

minutes :
25 5 75 10 125 15 25 5 75 10 125 15 "

liters %er minute

Figure 10. Control dynamics: optimal cortrol

the sleepstate. The empirical control for V4 undershoots with the same
gualitativ e undershoot behavior as exhibited by the optimal model. The
overall dynamics for H do not changesigni cantly betweenthe two models
even though the respiratory variables are taken out of the cost functional
in the \la empirical case. Figures 11 to 14 give the transients of the other
important state variables as simulated by the optimal cortrol model.

With this modeling approad, it is possibleto explore various parameter
e ects on the changein time courses.Somereferencedata can be found in
Burgesset al. [34] and Trinder et al. [31]. Note that there is a cortinual
smooth decline in Vg, and Q, una ected by EEG sleepstage, while the
behavior for H is dierent in that the largest part of the decline occurred
during the initial stageof sleeponset. This behavior for H is consistert with
the results in Burgesset al. [34] whosedata suggeststhe samedispropor-
tionate drop in H during the initial phase of sleeponset or after arousal.
The smooth drop in Q and Vg is consistert with Bevier et al. [32] though
that study suggeststhis smooth drop occurs through the night. Further
researt is neededto sort out the in uences on Q during sleep, including
sympathetic e ects.

9. Interaction of the cardio vascular and respiratory weights in the
cost functional. The heart rate simulations indicate that the respiratory
and cardiovascular terms in the cost functional do not interact to a signi -
cant degree. To explore this issuewe vary the weights in the cost functional
for the casewhere both \\a and H are given by optimal cortrol.
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Figure 13. Control dynamics: optimal cortrol
liters per min mm Hg min per lit
18.75
minutes

3 minutes 05 1 15 2 25

Figure 14. Control dynamics: optimal cortrol

Starting from the normal weight distribution, if we take P55 as the pri-
mary cortrolled variable and set the weights of the blood gasesin the cost
functional equalto g. = g, = 0:01, we get time coursesas depicted by the
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dashedlines of Figures 15 and 16. On the other hand, if we set the weight

of P,s equal to gas = 0:01 with the respiratory blood gas weights normal

thereby making the blood gasesthe primary cortrolled variables, then we
derive time coursesas shavn by the dotted lines. The solid lines correspond
to the (already discussed)casewhere P,5 aswell as Paco, and Pa,, arenor-
mally controlled variables (g = tas = 1, g = 0:1). The gures for P45 and
H indicate that the near absenceof the blood gasesin the cost functional

haslittle in uence on the dynamics of P55 and H. Indeed, the dashedand
solid lines of Pys overlap. A symmetrical situation holds for the blood gases
when they are either the primary controlled valuesor normally controlled

as can be seenin solid and dotted line overlap in the gure for P, . In

the gure for vertilation rate we do seesomeinteraction in the initial phase
of the time course. As more interconnections betweenthe two subsystems
are included we would expect that more interaction will occur.

lit per min bpm
6

minutes

minutes
25 5 75 10 125 15 25 5 7.5 10 125 15

Figure 15. Inuence of the weighs

PAS

minutes

25 5 75 10 i35 15 minutes 25 5 75 10 125 15

Figure 16. Inuence of the weights

10. Conclusion. In this paper we have consideredthe adaptation of a
cardiovascular-respiratory model developed earlier by Timischl [3] and ap-
plied it to the transition from the awake to stage4 NREM sleepin humans.
In the earlier work the model was used to study the transition from rest
to non-aerobic exercisewith satisfactory results. The current study shaws
that the model also provides satisfactory predictions for the sleepcase. This
indicates that the model has the exibilit y to study various physiological
situations.
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In the discussionthe model was usedto investigate the interplay of the
various cortrol variables. A parameteridenti cation would allow for a fuller
analysis of these e ects. We have comparedthe dynamics predicted by the
optimal control approadc with the dynamics of a model incorporating an
Vs, empirical respiratory cortrol. The time coursesof the two models were
similar.
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APPENDIX
We assumethe following:

PA02 = Paoz’

PA002 - Pacoz1
PBCO2 = PBVCOZI

PT02 = PTVozs
PTCO2 = PTVCO21

wherev = mixed venousblood, T is tissue compartmert.

Further we assume:

The alveoli and pulmonary capillaries are single well-mixed spaces;
constart temperature, pressureand humidity are maintained in the gas
compartment;

gasexchangeis by di usion; vertilatory deadspaceis incorporated via
the optimal cortrol Vs for the optimal caseand cortrol gains G, and
G, for the empirical case(seetext);

the delay in the respiratory cortroller signalto e ector musclesis zero.
delay in the baroreceptor signal to the cortroller and from cortroller
to e ector musclesis zero.

transport delays to the respiratory sensors(and other delays) which
canbeimportant whensigni cant alterations from normal steady state
behavior occurs are not included in these simulations.

metabolic rates and other parametersare constart in a given state;
pH e ects on disscciation laws and other factors are ignored or incor-
porated into parameters;

acid/base bu ering, material transfer acrossthe blood brain barrier,
and tissue bu ering e ects are ignored;

no inter-cardiac shunting occurs;

intrathoracic pressureis ignored for this average o w model,
unidirectional non-pulsatile blood ow through the heart is assumed,
and, hence, blood ow and blood pressureare to be interpreted as
mean values over the length of a pulse;

xed blood volume Vg is assumed.

The parametersfor , , and , aswell asthe compliancescas, Cap, Cys,
Cvp, G, and ¢; are chosenasin the paper by Kappel and Peer[10]. For the
S-shaped O, disscciation curve which relates blood gas concertrations to
partial pressureswe will usethe relation

Co,(t) = K1(1 e K2Po2l)2: (26)

This relation was also used by Fincham and Tehrani [35. Khoo et al. [6]
assumesa piecewiselinear relationship.
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For CO,, considering the narrow working range of Pco, we assumea
linear dependenceof Cco, on Pco,,

Cco,(t) = Kco,Pco,(t) + kco,: (27)

A linear relationship was also usedby Khoo et al. [6].

Other parameter and steady state valuesfrom the literature are given in
the following tables. Parametersnormally usedfor simulations are marked
with an asterisk.

Table 10. Parameter values (awake rest)

Parameter [ Value | Unit | Source |
G. 1.440* I=(min - mmHg) [6]
3.2 I=(min mmHg) [33]
Gp 30.240 * I=(min - mmHg) [6]
26.5 I=(min mmHg) [33]
le 355* mmHg [6, 33]
45.0 mmHg [21]
Ip 355* mmHg [6, 33]
38.0 mmHg [21]
K1 0.2 Istpp =l [35]
K2 0.046 mmHg 1! [35]
kco2 0.244 ISTPD =l [6]
Kco, 0.0065 * lstpp =(I mmHg) [6]
0.0057 lstep =(I  mmHg) [21]
mp 1400 g [36], p. 745
MRBCOZ 0.042 * ISTPD =min [33]
0.031 Istpp =(min kg brain tissue) [21]
0.050 ISTPD =min [7]
0.054 ISTPD =min [35]
MRCOZ 0.21 Istpp =min [21]
0.235* ISTPD =min [33]
0.200 ISTPD =min [37]
0.26 * ISTPD =min [36] P. 239
MR02 0.26 ISTPD =min [21]
0.290 * ISTPD =min [33]
0.240 ISTPD =min [37]
0.31 ISTPD =min [36] P. 239
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Table 11. Parameter values (awake rest)

Parameter | Value | Unit | Source
PIcoz 0 mmHg [6, 7]
P102 150 mmHg [6]
Patm 760 mmHg [6, 7]
Ry 0.965 mmHg min = [36] p. 233
1.4 mmHg min =l [36] p. 144
1.95* mmHg min = [3]
1.5-3.0 mmHg min =| [38]
RQ 0.88 - 7]
0.81 - [6, 33]
0.84 * - [36] p. 239
Vo, 25* IsTPs (6]
3.0 IsTPS [7]
0.5 IBTPS [39], P. 1011
Vaco, 3.2* IsTPS [6]
3.0 IsTPS [21, 7]
Vico, 15 [ [6, 21, 33]
Vo, 6* | [6, 21, 33]
1.55 [ [39], p. 1011
VBco, 0.9* | [33]
1.0 I 7
1.1 | [35]
Vi, 1.0 [ [7]
1.1 [ [35]
Vp 0.15 IgTPs [21], [36] p. 239
\p 2.4 IBTPS =min [36] p. 239
2.28 IBTPS =min [6]
Fp 0.5 I=(min kg brain tissue) | [21], [36], p. 745
0.75-0.8 * I=min [7, 35]
12-15% of Q I=min [4],p. 242
Table 12. Nominal steady state values (awake rest)

[ Quantity | Value [ Unit |  Source |
CG‘COZ 0.493 ISTPD =l [36], p. 253
Ca02 0.197 ISTPD =l [36], p. 253
CUCOQ 0.535 ISTPD =l [36], p. 253
CUOQ 0.147 | lstpp =l [36], p. 253

H 70 min 1 [36] p. 144
Pap 12 mmHg [36] p. 144
15 mmHg [40] p. 4
10-22 | mmHg | [38] Chptr. 8
Pas 100 mmHg [36] p. 144
93 mmHg [40] p. 4
Pup 5 mmHg [36] p. 144
8 mmHg [40] p. 4
Pys 2-4 mmHg [36] p. 144
5 mmHg [40] p. 4
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Table 13. Nominal steady state values (awake rest)
| Quantit y [ Value | Unit | Source |
Paco, 40 mmHg [39],p. 495, [36] p. 239
Pao, 104 mmHg [39],p. 494
100 mmHg [36] p. 239
Paco, 40 mmHg [39],p. 495, [36], p. 253
Pao, 95 mmHg [39],p. 494
90 mmHg [36], p. 253
Puco, 45 mmHg [39],p. 495
46 mmHg [36], p. 253
40-50 mmHg [38] Chptr. 8
Puo, 40 mmHg [39],p. 494, [36], p. 253
35-40 mmHg [38] Chptr. 8
Q= Qr= Fp=Fs 6 I=min [6, 7]
6.2 I=min [36] p. 239
5 I=min [36] p. 144
4-7 I=min [38] Chptr. 8
R 20. mmHg min = [36] p. 144
11-18 | mmHg min = [38] Chptr. 8
Yy 4.038 IBTPS =min [35]
5.6 Igtps =min [36] p. 239
\ég 8 IBTPS =min [36] P. 239
Vatrs 0.070 I [36] p. 144
Table 14. Nominal steady state values(NREM sleep)
| Quantit y | %change | Model Value |  Source
Paco, " 2-8 mmHg 44.0 mmHg [23]
PAoz # 3-11 mmHg 97.8 mmHg [23, 30]
Puco, "5% 51.2 mmHg estimate
Puo, "1% 36.8 mmHg estimate
g #14-19 % 6 IBTPS =min [23, 20]
Pas #517 % 82.5 mmHg [27, 23, 22]
H #10 % 68 mmHg [23, 22]
Q #0-10% 4.45 |I=min [23, 29]
Yy # 14-19 % 4.08 IBTPS =min [20]
M.R02 # 15 % 0.247 |STPD =min [21]
|\A—RCOZ #15% 0.208 ISTPD =min [21]
sympathetic activit y | # signi can tly - [22]
Rs #5-10 % 17.6 mmHg min = estimate
S; #5-15 % 58.8 mmHg estimate
Sy #5-15% 4.48 mmHg estimate
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Table 15. Miscellaneousparameters (awake values)

[ Quantity | Value | Unit | Source |

Vo 5.0 I [10]
Apesk 131.16 | mmHg min | 1 | [10]
. 89.47 min 2 [10]

- 28.46 min 2 [10]

. 85.89 mmHg min 1 [10]

- 2.08 mmHg min 1! [10]

! 37.33 min 1 [10]

- 11.88 min 1 [10]
Cap 0.03557 | mmHg 1! [10]
Cas 0.01002 | mmHg 1! [10]
Cop 0.1394 | mmHg ! [10]
Cus 0.643 | mmHg 1! [10]
C 0.01289 | mmHg ! [10]
Cr 0.06077 | mmHg 1! [10]




